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Abstract 
This master thesis describes a research project that is carried out at Philips Healthcare in Best. The 

scope of the research project was the execution of repair of (sub)systems with structural dependent 

components over a finite service horizon. The components of a system are structurally dependent 

because when a system fails due to one of its components, repair must be executed at an other 

location then where the system is put in use. In this master thesis an opportunistic based maintenance 

strategy has been developed, that to our knowledge is different existing models, because it takes the 

finite horizon in account and is also applicable for systems with more than two components. Because 

the outcome of the developed strategy is dynamic over time, the strategy is tested using a simulation 

model. The results of the simulations show that the opportunistic based maintenance strategy will 

outperform a pure corrective maintenance strategy, but the cost savings that can be achieved will be 

dependent on the reliability of the components and the maintenance cost. When the reliability of the 

components is very high with respect to the service horizon the cost savings will be minimal. However, 

when the number of components with an increasing failure rate in the model increase, so do the cost 

savings that can be achieved.  
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Management Summary 
The project in this master thesis has been conducted at Philips Healthcare in Best. As a worldwide 

provider of medical systems for medical institutes, Philips Healthcare is responsible for the production, 

delivery, sales and maintenance of these systems. This project was executed at the hardware and 

operating systems department of Philips Healthcare. 

Introduction 
Philips Healthcare is responsible for the maintenance of X-Ray systems used for medical procedures 

worldwide. The X-Ray systems consist of multiple parts subject to failure of which some are repairable 

and some are not repairable. Part of the X-Ray systems are PCs, which are computers that control 

functionalities of the X-Ray systems. PCs are repairable subsystems of the X-Ray system and currently 

are only maintained using a failure based (corrective) maintenance approach. The main reason that 

PCs are only repaired on failure is that maintenance of PCs has to be executed at an external repair 

shop. However, recently Philips Healthcare is struggling with an increases failure rate of one the 

components inside the PC. Component L, has been failing many more times than initially predicted. 

Because of this, Philips Healthcare is looking for smarter maintenance policies to maintain the PCs. 

These policies should reduce cost, by for instance preventive maintenance actions, but the policy may 

not harm system availability. This led to the following research goal: 

Develop a maintenance policy that minimizes the cost related to maintenance activities of PCs at 

Philips Healthcare without damaging customer satisfaction. 

In maintenance literature a distinction is made between maintenance policies for three type of system 

classes of multi-component systems: economic dependence, structural dependence and stochastic 

dependence (Dekker, Wildeman and van der Duyn Schouten, 1997). PCs are subsystems for which the 

maintenance of its components can only be executed at an external repair shop. Thereby, if one of the 

components fail, the complete subsystem is sent to the repair shop. This makes PCs belong to the 

second group of multi-component systems, the structural dependent systems. According to Nicolai 

and Dekker (2008) there is large research gap for maintenance policies in this category. Literature 

review revealed that indeed very little papers could be found on the topic. However, Nicolai and 

Dekker (2008) promote that opportunistic based maintenance policies will probably perform well for 

systems with a structural dependency. Opportunistic based maintenance policies, prescribe preventive 

maintenance actions, but only when a special opportunity arrives. In the case of PC maintenance, 

preventive component replacement could be executed when the PC is at the repair shop for the 

corrective replacement of another failed component. We developed our own opportunistic based 

maintenance policy, which concentrates on a finite horizon and uses a one period look ahead view.  

Basically the opportunistic based maintenance policy prescribes that when a component fails of a 

multi-component system, we can consider 2𝑛−1 preventive replacement combinations of the non-

failed components. Then, the option with the least expected future cost per time unit, will minimize 

our expended maintenance cost. We can calculate the expected cost per time unit using our own 

developed mathematical model: 

𝑔 =

(∑ 𝑂𝐵𝑅𝑖 ∗ 𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖
𝑛
𝑖=1 + (1 − ∏

𝑅𝑖(𝑅𝑆𝑇 + 𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑅𝑖(𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))
𝑛
𝑖=1 ) 𝐶𝑐𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟)

(∫ ∏
𝑅𝑖(𝑡 + 𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑅𝑖(𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))
𝑛
𝑖=1 𝑑𝑡

𝑅𝑆𝑇
0

)

 (3.15) 
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Where, 

𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖 ∶= 𝐶𝑜𝑠𝑡 𝑝𝑟𝑒𝑣𝑒𝑛𝑡𝑖𝑣𝑒 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖  

𝐶𝑐𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟 ∶= 𝑅𝑒𝑝𝑎𝑖𝑟 𝑐𝑜𝑠𝑡 (𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑣𝑒 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑐𝑜𝑠𝑡) 

𝑛 ≔ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠  

𝑂𝐵𝑅𝑖 ≔
𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑖𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑖𝑠 𝑜𝑝𝑝𝑜𝑟𝑡𝑢𝑛𝑠𝑡𝑖𝑐 𝑏𝑎𝑠𝑒𝑑 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑑 (1 =

𝑦𝑒𝑠, 0 = 𝑛𝑜)  

𝑅𝑖(𝑇) ≔ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑡ℎ𝑎𝑡 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑓𝑎𝑖𝑙 𝑏𝑒𝑓𝑜𝑟𝑒 𝑡𝑖𝑚𝑒  𝑇 

𝑅𝑆𝑇 ∶= 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑇𝑖𝑚𝑒 

𝑥𝑖 ≔ 𝑇ℎ𝑒 𝑎𝑔𝑒 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑎𝑡 𝑡ℎ𝑒 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑚𝑜𝑚𝑒𝑛𝑡 

 

 

Results 
The opportunistic based maintenance policy is dependent on the five input parameters that influence 

the outcome: preventive maintenance cost, corrective maintenance cost, component reliability 

functions, remaining service time and current component age. With the use of a simulation model, we 

found that the potential benefit if the opportunistic based maintenance policy will be high if: 

 the preventive maintenance cost are relatively low to the corrective maintenance cost; 

 the component reliability is not too high or too low with respect to the length of the service 

horizon; 

 the number of components with an increasing failure rate increase.  

Especially in systems containing multiple components with an increasing failure rate, the use of the 

opportunistic based maintenance policy could lead to cost reductions of over 60% over the service 

horizon. Yet, in two-component cases with one exponential and one Weibull distributed component, 

the cost savings vary between 1% and 10%. Especially when the reliability of the components are high, 

the cost savings of the opportunistic based maintenance policy is low. A similar conclusion was drawn 

in Liang (1985). 

Other than focusing on the cost, we also had a look at the availability of systems, because the 

maintenance policy was not allowed to harm the availability. In fact, we found that the availability of 

systems is always higher when the opportunistic based maintenance policy is used. Also we found that 

when there are many systems in the field, the spread in availability between the systems is smaller 

when the opportunistic based maintenance policy is used. This is interesting as this implies that we 

can better estimate the future behavior of an average system when using an opportunistic based 

maintenance policy. 

Case study Philips Healthcare 
An attempt at a case study to execute the opportunistic based maintenance policy has been made for 

Philips Healthcare and its multi-component PCs. Unfortunately, insufficient data was available on the 

failure rates or reliability function of the components to conduct a case study containing multiple 

components. However, for the Component L data was available and for the rest of the PC it was 

estimated that the PC could possibly be approximated by an exponential distribution, such that we 

could conduct a case study for a two-component model. 
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From the two-component case study that has been conducted, it was concluded that an opportunistic 

based replacement policy may reduce maintenance cost with 4 to 6.5 percent over 12 years of 

maintenance cost. In absolute terms, these cost savings will Philips Healthcare help cut maintenance 

cost with approximately $300k to $500k. Moreover, in general we revealed that the benefit of the 

opportunistic based replacement model will be even greater if there are multiple components with an 

increasing failure rate. As the expectation is that besides Component L, also the Component F, 

Component I and Component M will have failure distributions that are increasing over time, the benefit 

of the opportunistic based replacement model could even be greater than is currently estimated. As 

the component price of Component M is only $0.60, you might even want to decide to always replace 

component M when corrective maintenance is performed.  

Conclusion and recommendations 
It is concluded that the opportunistic based maintenance policy developed in this research could be 
beneficial for systems with structural dependent components and for Philips Healthcare. However, to 
implement the opportunistic based maintenance policy, companies need specific information 
management systems that keep track of the age, usage or other deterioration parameters of the 
components. Currently for Philips Healthcare we have to conclude that there are two important parts 
in the process missing for the implementation to be successful. The first is that Philips Healthcare has 
insufficient information on the reliability functions of components. The second is that Philips 
Healthcare does not have an information management system that keeps track of the ages of the 
components. The latter, could be implemented relatively easy as it requires monitoring individual PCs 
via their unique ID code, which already stickered on the side of PCs, including a barcode. The first 
requires some human effort. However, we revealed the cost savings of the case study of a two-
component system will total over $300k. For multi-component systems, it is expected that the cost 
savings will even be greater. Therefore if the effort to assess the component reliability functions and 
implement the opportunistic based maintenance policy afterwards is less than $300k, it is worth full 
for Philips Healthcare to invest in this maintenance policy. 
 

Academic Relevance 
Literature on maintenance policies consist of many models which are mainly focused on multi-

component systems with economic or stochastic dependence. According to Nicolai and Dekker (2008) 

there is a gap for maintenance policies that can be applied for multi-component systems that have a 

structural maintenance dependency. With this research project we aim to contribute to the academic 

literature with the development of an opportunistic based maintenance policy that is unique because 

it takes into account the finite horizon of system operations. Moreover, the research is also unique in 

the way that maintenance is not executed on site, but at an external repair location. Thereby, the 

maintenance activities are executed in a closed loop cycle, where systems and subsystems are not one-

on-one connected. A subsystem could at first installation be installed at customer A, but after failure 

and repair later be used as a spare part for customer Y. Therefore, the results of the opportunistic 

based maintenance policy give unique insights in the maintenance of structural dependent 

components.  
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1 Introduction and Research Questions 
In the starting chapter of this report, an introduction is given to the company background of Philips 

Healthcare and part of the maintenance process of interventional X-Ray systems. In section 1.2, we 

discuss the problem statement that led to the execution of this research project. In section 1.3 the 

research design is given and this chapter is ended with a short note on the structure of the remainder 

of this report in section 1.4.  

1.1 Research Environment 

1.1.1 Company Background 
Royal Philips, commonly known as Philips, was founded in 1891 by the Dutch Philips family. Starting as 

a family business, Philips has ever grown from the moment of establishment. As of today, Philips is 

known worldwide as a diversified technology company focusing on, and being a market leader in, 

various product categories. The annual report of Philips for the year 2013 stated that sales figures rose 

to an amount of 23.3 billion euro and Philips currently employs approximately 115,000 employees with 

sales and services in more than 100 countries. Philips divides its operations among three divisions: 

Lighting, Healthcare and Consumer Lifestyle. As of the end of 2014 Philips announced that the 

company will be split into two separate businesses: Philips Lighting and Philips HealthTech 

(combination of the Healthcare and Consumer Lifestyle division). 

The research conducted in this paper is conducted at Philips Healthcare in Best. Philips Healthcare 

focusses on developing innovative products that improve patient outcomes, provide more and better 

value and expand access to care in any way. Together with General Electric and Siemens, Philips is a 

world leading company in the healthcare sector. The division of Philips Healthcare itself is divided into 

smaller business groups. Since the establishment of the Healthcare Information Solutions & Service 

business group in January 2014, the Healthcare division knows five strategic business groups. The other 

four business groups are:  

- Imaging systems 

- Patient Care & Clinical Informatics 

- Home Healthcare Solutions 

- Customer Services 

At the plant in Best the focus is on two main product groups. These product groups are magnetic 

resonance imaging (MRI) and interventional X-Ray (iXR). Both product groups are categorized under 

the business group Imaging Systems (IS). For both product groups it applies that Philips Healthcare 

Best makes the design plans, does the manufacturing and tests the systems before use. Although 

Philips manufactures the complete X-Ray systems, many subunits are produced by external parties. 

For instance, almost all the hardware components used in iXR systems, Philips has outsourced the 

production to external suppliers and it is on the plant were all components get assembled together 

into a system ready to be sold. 

1.1.2 Interventional X-Ray Systems 
Since Wilhelm Roentgen discovered X-Ray in 1895, X-Ray has been used for (bio)medical imaging 

worldwide. An X-Ray image is created by radiating a desired part of the body and then capturing the 

remaining radiation at the opposite side of the body part by using an X-Ray detector. At first X-Ray was 

applied for diagnostic treatments such as the analysis of bone fractures. However ever since the 

discovery of X-Ray, the technology had been developed at a very rapid speed and today X-Ray is not 

only used for diagnostic treatments but also for minimally invasive interventional treatments. These  
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interventional treatments are performed during live operations that require fast image processing, 

high quality imaging and reliable equipment.  

As said, the Philips Healthcare plant in Best is a manufacturer of interventional X-Ray (iXR) systems. 

Interventional X-Ray systems are complex systems used in hospital operation rooms for both 

diagnostic and interventional treatments. In Figures 1.1 and 1.2 an overview of the clinical setting of 

the operation and control rooms are given.  

 

 

 

 

 

 

Figure 1.1: Clinical setting overview  
(image adopted from Albers, 2010) 

Figure 1.2: Image of the Allura XPER FD 20 

 

The iXR systems that Philips manufactures are composed of one or two C-arms, which contain the 

source of radiation on the one side of the arm and on the other side it contains the radiation detector. 

The C-arms are able to rotate around the patient table to capture images of the right part of the 

patient’s body. When the detector captures the radiation that is send from the source, it is processed 

into an image which will be displayed on the monitors present in the operation room and the control 

room. In the operation room a doctor uses the live images for his procedure, in the control room the 

images are used for diagnostic viewing. Images will also be saved in the database of hospitals, known 

as PACS (Picture Archiving and Communication Systems), for later purposes. In Figure 1.3 an overview 

of the dataflow is given. 
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Figure 1.3: Dataflow of the imaging process (image was adopted from Korikkar, 2013) 

Before 2010 it was common to use custom and dedicated hardware designs in the field of X-ray imaging 

to control all the functionalities. However, these dedicated designs lack desired flexibility and they 

provide limited possibility for reuse in future products. Moreover, designing custom and dedicated 

hardware designs require high investments, which cannot always be justified in low-volume markets.  

Since 2010, the functionalities of the interventional X-Ray systems are controlled by more general 

purpose server PCs. Server PCs are complex electronic equipment, which are installed outside the 

operation room in the technical room. The technical room is the place where the server PCs are lined 

up in M-cabinets along with a cooling system. The use of server PCs in X-ray imaging emerge from the 

growth of general PC technology for the customer market and to overcome the disadvantages of 

custom hardware designs. 

Depending on the type of iXR system a hospital has, multiple PCs to control different functionalities 

are installed. Some PCs are present in all types of iXR systems because they control the basic functions 

of interventional surgery, other PCs are only installed if optional functions are purchased. The basic 

PCs all iXR systems contain are the Host PC, the Image Processing PC, the TSM PC and the GEO PC. 

Host PC 
The host PC is connected with all other PCs and responsible for customer and PC interaction. Also 

the host PC is connected with the hospital’s PACS. As Korikkar (2013) indicates, the host PC can be 

seen as the heart of the entire system. 

Image Processing PC 
Image processing (IP) PCs make sure that the images are displayed correctly on the monitors 

through extensive image processing technology. Korikkar (2013) describes these PCs as the brains 

of the system. Monoplane systems (systems with one C-arm) contain one IP PC, biplane systems 

(2 C-arms) have two IP PCs installed. 

The host PC and the IP PC are the most powerful computers and are considered the core of the 

interventional X-ray systems. These PCs run on the same platforms and, particularly in the first 

system releases, have the highest interconnectedness of all PCs.  
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Touch Screen Module PC 
The Touch Screen Module (TSM) PCs control the user interface and allows the client to select 

among different operating procedures.   

Geometry PC 
The geometry (GEO) PC operates the moving parts of the iXR system, such as the patient table and 

the C-arm.  

Optional a client can extend the functionalities of the iXR system with some additional features. For 

instance, FlexVision is the display of multiple live images on one large flat screen monitor. To make use 

of FlexVision an extra-large flat screen monitor is installed and an additional FlexVision (FV) PC needs 

to be installed to process the images on this monitor.  

Another option is the application of XtraVision (XV) which enables the measurement and creation of 

3D reconstructions of vessel and soft tissue. The XtraVision application is controlled by an XtraVision 

(XV) PC. 

1.1.3 X-Ray maintenance cycle 
The maintenance of interventional X-Ray systems and its server PCs consists of two strategies: 

planned/preventive maintenance (PM) and corrective maintenance (CM). PM is scheduled 

maintenance on a timely basis which on average is performed every 6 months. During PM 

predetermined checks on the status of an X-Ray system are performed and, when required, the 

necessary corrections are made. The specified checks are mainly based on experience. For some 

components it is known that they degrade over time and need to be adjusted to restore performance. 

For example, an important part of PM is the recalibration of the X-ray tube.  

The main part of all maintenance activities related to X-Ray systems consists of unplanned repair 

actions, i.e. corrective maintenance (CM). For the service organization of Philips Healthcare it means 

that it needs to be able to cope with these unplanned requests for support, managing their field service 

engineers (FSEs) and spare parts.  

Whenever an X-Ray system fails, a Field Service Engineer (FSE) will be sent to visit the hospital and 

diagnose the problem. If the field service engineer has found the origin of the problem the FSE orders 

a (working) spare part from stock. When the FSE receives the spare part, the FSE visits the hospital for 

the second time and replaces the failed component with the working spare part.  

The costs that are related with CM are high, as Philips Healthcare need to account costs of spare parts, 

cost of labour and travel costs when CM is needed. Therefore, the occurrence of sudden failures and 

the application of CM pressures the income from service contracts, and in addition also has a negative 

impact on customer satisfaction.  
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In this research we focus on server PCs. Server PCs 

are repairable spare parts, the CM activities 

related to PCs are not finished by replacing a 

failed PC with a spare part. After failure, a PC is 

sent to an external repair shop where the server 

PC is repaired by a third party. When the PC 

arrives at repair shop, the third party opens the 

body of the failed PC and checks which 

component inside the PC’s body has caused the 

PC to fail. If the failed component is found, the 

failed component is taken out of the PC and is 

replaced with a new component. The failed 

component is disposed and the PC box will be 

closed, tested and sent back to Philips Healthcare. 

Once the PC arrives back at Philips Healthcare, the 

PC is stocked into the pool of spare parts. The 

repair cycle is illustrated by figure 1.4. 

1.2 Problem Statement 
In the current repair cycle of PCs that Philips Healthcare has, no attention is being paid to the wear-

out of components over the life cycle of the product. In the current repair cycle, failed PCs will be 

restored to a working state by minimal replacement. Where, minimal replacement indicates that only 

the failed component is replaced from the failed PC and all other components are left in their current 

state. As a consequence, when the repair shop sends a repaired PC back to Philips, multiple 

components inside the PC have aged. In figure 1.5 an illustrative example shows the execution of the 

minimal replacement of failed components within a PC. In this example we see a PC that has failed for 

the first time in year 3. The third party who is responsible to bring back the PC into a working state 

opens the PC at repair shop and in this example finds out that the hexagon component of the PC has 

failed. The hexagon component is replaced by a new component at minimal replacement. The PC that 

Philips receives back, will have a new hexagon component with an age of 0 years, whereas all the other 

components are 3 years old.  

 

Figure 1.5: Component age after repair. Example first failure in year 3. 

As Philips Healthcare receives the PC back, it will stock the PC in a spare parts location. Over time, 

when other server PCs in the field fail, the PC from figure 1.5 will be used as a spare part to replace 

one of these failed PCs. When the PC is installed again, the PC itself will fail somewhere in time again. 

Assume that the next component failure occurs 2 years after the PC was installed. The PC will be 

restored to a working state by minimal replacement again and the PC that will be returned into the 

stock of spare parts is the end result of figure 1.6.  

 

Figure 1.4: The repair cycle of PCs 
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Figure 1.6: Second component failure at age 5 

Although always has been assumed that the PCs that Philips Healthcare uses for the control of their 

interventional X-Ray systems would at least have a constant failure behaviour for 5 years, recent 

studies have revealed that there are actually some issues by which the failure behaviour is worse than 

thought. For example, the Component L that is installed inside PCs and which is used for 

communication between PCs is failing at a much higher pace than expected. Philips Healthcare 

monitors such information and uses it to prevent such behaviour in the future. For instance, in newer 

PC designs the Component L is no longer used for communications between PCs. However, in the 

maintenance process of PCs with an old design, the information is not yet used properly.   

The number of failures that Component  L caused are really a burden on the performance of the PCs. 

Philips Healthcare wants to assess the possibility that preventive maintenance actions could be 

beneficial to the maintenance strategy of PCs. Especially to turn down maintenance cost and also to 

spent less time on corrective maintenance visits. Thus far however, Philips Healthcare does not have 

a maintenance policy that assesses a system’s state and executes maintenance activities accordingly. 

1.3 Research Design 

1.3.1 Research Goal 
Philips is looking a quantitative analysis of various maintenance policies that assesses the impact on 

the cost if the policies was implemented. The goal of this research is that Philips can implement a 

maintenance policies that minimizes their cost related to maintenance activities. The importance of 

the policies is that the policies should minimize the cost, but the policies may also not decrease the 

availability of a customer’s system.   

The above leads to the following research goal: 

Develop a maintenance policy that minimizes the cost related to maintenance activities of PCs at 

Philips Healthcare without damaging customer satisfaction. 

1.3.2 Research Questions 
Based on the research goal, the following research question of this project have been defined: 

(1) Which maintenance policies could be defined that could be applied within the maintenance 

process of PCs of Philips Healthcare? 

(2) How could an opportunistic based maintenance policy be designed such that they fit the 

maintenance process of Philips Healthcare? 

(3) What are the potential benefits of the opportunistic based maintenance policy? 

(4) What is the potential benefit of the maintenance policy for Philips Healthcare? 

(5) How could the opportunistic based maintenance policy be implemented? 
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1.3.3 Deliverables 
In order to fulfill the research goal and answer the research questions, the deliverable of this research 

project is a simulation tool that is able to simulate the maintenance activities of Philips Healthcare that 

determine the cost and the availability of systems under the execution of various maintenance policies.  

1.3.4 Research Methodology 
The methodology that will be used to conduct the research of this paper is based on the research 

model developed by Sagasti and Mitroff (1973) and Mitroff et al. (1974). The research model was 

originally used to describe the various phases of Operations Research (OR) activities (Sagasti and 

Mitroff, 1973), but was extended by Mitroff et al. (1974) to show how it can cover a broader range of 

scientific research. The model was developed for researchers to take a “whole systems” view.  

 

Figure 1.7: Research model of Sagasti and Mitroff (1973) 

The model, displayed in figure 1.7 above, consists of four phases that are all related with each other: 

Conceptualization, Modeling, Model Solving and Implementation. The different phases are described 

by Sagasti and Mitroff (1973) by the following definitions: 

Conceptualization  

The conceptualization phase is the phase where a conceptual model of the problem is drawn. The 

conceptual model is an abstract representation of the reality, as the researcher has to decide which 

aspects are relevant and irrelevant to the problem and which variables should be included in the 

model.   

Modeling 

Building a quantitative model is the main topic of the modelling phase. In this phase, causal 

relationships between the variables have to be defined precisely. The quantitative model should be a 

formal representation of both the reality and the conceptual model, in the shape of a scientific model. 
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Model Solving 

In this phase, the scientific model that a researcher has developed is solved for the situation of the 

research. Mathematics and the use of data are given a dominant role during this phase. This phase 

results in an output of the scientific model which is referred to as the solution. Based on the solution 

that is found, conclusion can be drawn and recommendations can be given. 

Implementation 

The implementation phase is the phase where the actual conclusions and recommendations are 

discussed and where the solution is linked back to the reality.  

Mitroff et al. (1974) point out that the model they developed has no clear start or end point and each 

phase could be used as a starting point of research as long as a researcher is aware of the specific parts 

of the process. At different steps in this research, different phases will play an important role when it 

comes to finding an answer to the research questions. However, from the point of view of this 

research, it is very convenient to start with the problem situation followed by the design of a 

conceptual model and scientific model and finish the research with recommendations. 

1.4 Report Structure 
This first chapter was provided to give an introduction to the research project, by introducing the 

research environment, the problem statement and the research design. In chapter 2, we will present 

maintenance policies for multi-component systems with structural dependent components and 

evaluate which we will include in the research project. In chapter 3, a mathematical model is developed 

for the application of an opportunistic based maintenance policy for multi-component systems. First 

the model is developed for a two-component system, later the model is extended with a heuristic for 

the application of the model in 𝑛(>two)-component systems. In chapter 4, we hypothesize on the 

expected results of the application of the opportunistic based maintenance policy. Then in chapter 5, 

a simulation model is developed, which will be used in chapter 6 to verify the correctness of the 

hypotheses of chapter 4. Then in chapters 7 and 8 we will perform a case study for Philips Healthcare, 

where we use real data to test the opportunistic based maintenance policy. In chapter 9, we describe 

what is needed to actually implement the opportunistic based maintenance policy. Finally, the report 

is ended in chapter 10 with conclusions and recommendations for both Philips Healthcare as the 

academic community.   
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2. Maintenance policies for multi-component systems 

2.1 Classification of multi-component systems 
The interest of our research goes out to the maintenance of PCs, the related cost and the availability 

of the systems. As described in the introduction, PCs are repairable subsystems that control 

functionalities of X-Ray systems used in hospitals. PCs themselves are multi-component systems. 

However, there are many sorts of multi-component systems. In this paragraph we focus on the 

classification of different sorts if multi-component systems, so that we can focus on the right 

maintenance policies in the paragraphs that follow. 

Dekker, Wildeman and van der Duyn Schouten (1997) describe that the interaction of components of 

systems with multi-component can be classified into three groups: economic dependence, structural 

dependence and stochastic dependence. Economic dependence implies that costs can be saved if 

multiple components are maintained together rather than if each of them is maintained individually. 

This is mainly caused by maintenance setup cost. Structural dependence means that multiple 

components form a physical connection and thereby cannot be maintained apart from each other. 

Stochastic dependence implies that the state of the components influences the state of other 

components. Dekker et al. (1997) conclude that most maintenance policies for multi-component 

systems only focus on one of the dependencies as combining two or more will make models too 

complicated to analyse or solve. In our situation, the maintenance of PCs is related to two of the 

classes. First, the components inside the PC are structural dependent. PCs will be repaired as a sub-

system at a repair shop and here there is opportunity to maintain multiple components of the PCs. 

Second, economic dependence of maintenance could exist at the hospital, where complete PCs could 

be maintained. Due to the complexity it would enhance when focusing on both problems together, we 

have to deal with these problems separately. It has been chosen to focus this paper on the repair of 

PC components, which have a structural dependency because a PC can only be repaired at an external 

repair shop.  

Nicolai and Dekker (2008) published a review of available literature on maintenance policies for multi-

component systems. To their knowledge only a few papers have been published on in the field of 

structural dependence. In their article Nicolai and Dekker (2008) suggest that due to the structural 

dependency of components, the components are also maintenance dependent. The failure of one 

component offers the opportunity to replace other components. They expects that opportunistic 

based maintenance policies will perform well on systems with structural dependency. Also they state 

that preventive maintenance policies could be beneficial as well, when maintenance activities of the 

structural dependent components are grouped. In this remainder of this chapter we will review some 

maintenance policies which could be used for the maintenance of PCs and its components. 

2.2 Corrective maintenance policy 
Corrective maintenance policies are the eldest and simplest policies. Corrective maintenance (CM) 

describes the maintenance actions that are triggered by the occurrence of a failure. They can be 

triggered by the failure of individual components or by a complete breakdown of the system. The 

trigger of corrective maintenance actions describes both the advantage and disadvantage of corrective 

policies. The advantage is that parts are only replaced when they are completely worn out and thus 

the maximum use out of a part has been made. The disadvantage is that these types of maintenance 

actions are unplanned and unforeseen. This can lead to failures at critical moments, large unavailability 

times of the systems until repair and increased cost. Corrective maintenance policies are thus best 

fitted in situations where the consequences of failure are not critical, where the repair cost will be 

relatively low and the safety risks are low as well (Wang, 2002). 
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Although CM is only applied after a failure has occurred, CM does not necessarily mean that all actions 

are repair actions. CM also includes restore or replacement actions (Wang, 2002). Because of the 

responsive nature of corrective maintenance actions, they are also addressed to as reactive 

maintenance actions.  

The expected cost per time unit of a corrective maintenance policy can be derived by calculating the 

expected cycle length until the next failure and all cost related to one cycle length. The expected cycle 

length in a corrective maintenance policy is equal to the mean time to failure (MTTF) of a system and 

the expected cycle cost is equal to the cost related to repair. In mathematical terms the expected cost 

per unit time are expressed as: 

𝐸[𝐶𝑜𝑠𝑡 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑡𝑖𝑚𝑒] =
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐶𝑦𝑐𝑙𝑒 𝐶𝑜𝑠𝑡

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐶𝑦𝑐𝑙𝑒 𝐿𝑒𝑛𝑔𝑡ℎ
=

𝐶𝑜𝑠𝑡 𝑜𝑓 𝑅𝑒𝑝𝑎𝑖𝑟

𝑀𝑇𝑇𝐹
 (2.1) 

2.3 Opportunistic Based Maintenance 
As suggested by Nicolai and Dekker (2008) opportunistic based maintenance policies could be working 

well in maintenance problems with structural dependent components. Opportunistic based 

maintenance is a special case of preventive maintenance, where a component or system is only 

preventively maintained if there is an opportunity moment. This opportunity moment can for instance 

be the execution of corrective maintenance of other component. According to Nicolai and Dekker 

(2008) there is one paper that stands out in the field of structural dependency which is from Sasieni 

(1956). In this article Sasieni (1956) examined a machine that produces tyres on two production lines 

using production bladders. However, if one of the production bladders fails, both production lines are 

down because the machine needs to be stripped down completely in order to maintain one bladder. 

Sasieni (1956) optimizes the maintenance of the machine by a combination of two policies. The first 

policy is a condition-based maintenance policy which determines an optimal replacement policy for 

both bladders if the machine has produced more than 𝑚 tyres. When 𝑚 tyres are produces, the 

machine is stripped down and both bladders are preventively replaced. The second policy is an 

opportunistic policy which enhances that if one of the bladders fail, it is optimal to preventively replace 

the other bladder if more than 𝑛 tyres (≤ 𝑚) have been produced at that time. The optimal values of 

𝑚 and 𝑛 can be found by minimizing the lowest cost per unit time considering the various cost 

parameters. In order to find the optimal values Sasieni (1956) uses Markov chains.  

2.4 Applicability of the discussed maintenance policies for structural dependent 

systems 

2.4.1 Corrective maintenance 
Currently, Philips has no clearly defined maintenance policy in place for the maintenance of failed PCs. 

Philips waits with the execution of maintenance activities until it is necessary. When a system in the 

field fails due to a PC failure, Philips repairs the systems back into working condition on call. The current 

flow of actions implies that the maintenance policy that Philips follows thus can be seen as a corrective 

maintenance policy. This policy is evaluated because it is a representation of the current execution of 

maintenance by Philips Healthcare. 

2.4.2 Opportunistic based maintenance 
Due to the structural dependency of the components that are nested within a PC, there is definitely 

room to explore the effect of opportunistic based maintenance policies for Philips Healthcare. 

However, the maintenance of subsystems (PCs in the case of Philips Healthcare) occurs in a closed loop 

maintenance cycle. Within this closed loop maintenance cycle, subsystems are not one-on-one 

connected with the main system. Thereby it could be that a subsystem is initially installed in the main 
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system of customer A, however after the subsystem failed and was repaired, the subsystem may return 

as a spare part for customer Y. None of the models discussed in the previous paragraphs directly fits 

the maintenance situation of Philips Healthcare. Therefore we will develop an opportunistic based 

maintenance policy ourselves. Although the available literature provide little maintenance policies for 

structural dependent systems, opportunistic based maintenance policies are not entirely strange to 

maintenance literature. Specifically for economic dependent systems, opportunistic based 

maintenance policies have been studied more often.  The literature available on opportunistic based 

maintenance policies for economic dependent systems may give us insights and directions for our own 

to be developed model.  

2.5 Opportunistic based maintenance policies for economic dependent systems 
Berg (1976) and Berg (1978) proposed an opportunistic based maintenance policy for a two-

component system. Although Berg (1976) used two identical components with an exponential failure 

distribution, preventive maintenance could be beneficial in his research due to replacement rewards 

that were diminishing with age. In example, the machine’s output is influenced by component 

deterioration. Thus, although the failure rate is constant over time, machine output is not. Berg (1976) 

and Berg (1978) proved that the opportunistic based maintenance policy was optimal if a component 

was replaced if its age exceeded the control limit 𝑑∗. 

A similar study was done in Liang (1985). In this article the opportunistic-based maintenance policy 

was referred to as piggyback maintenance. Liang (1985) studied the opportunity of maintaining a two-

component systems, where if either of the components had failed, the other component could be 

preventively maintained. Liang (1985) concluded that if the failure rate of the individual components 

are low, the piggyback maintenance policy is not optimal and it is better to implement an individual 

age replacement policy. 

Van der Duyn Schouten and Vanneste (1990) use a (𝑛, 𝑁)-policy for the preventive and opportunistic 

replacement of components in a two component system. Thereby, preventive maintenance is 

executed if one of the components exceed the control limit 𝑁 and corrective maintenance is executed 

if one of the components fails. If at the preventive or corrective maintenance moment of one 

component, the other component exceeds control limit 𝑛, then this component is also preventively 

replaced, profit the shared maintenance setup cost. Van der Duyn Schouten and Vanneste (1990) 

proved that their results were near optimal. 

Van der Duyn Schouten, van Vlijmen and Vos de Wael (1998) investigate the opportunistic replacement 
of traffic lights in Amsterdam. When one of the light bulbs of a traffic light fails, an engineer has to 
replace the failed light bulb. The preventive replacement of the other light bulbs is allowed if the age 
of the light bulb exceeds the control limit. 
 
Yantao Lui (2014) combines an opportunistic based maintenance policy with an individual age 

replacement policy for the maintenance of a two component system. Yantao Lui (2014) uses two 

control limits: 𝑡𝑂𝑅 for the age of the component after which preventive replacement at an opportunity 

moment is allowed and 𝑡𝑝 for the age for which preventive maintenance is schedule. Here applies that 

𝑡𝑂𝑅 < 𝑡𝑃. Using semi-Markov decision process algorithms Yantao Lui (2014) finds the optimal values 

for his control limits. This approach of two control limits seems equal to van der Duyn Schouten and 

Vanneste (1990). 

Popular are also combined condition based maintenance and opportunistic based maintenance 

policies. Castanier, Grall and Bérenguer (2005) propose a two-component system, where each 

component deteriorates. The component conditions could be monitored by non-periodic inspections. 
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With every inspection or component replacement set-up cost are accounted. However, when actions 

are performed on both components, the set-up cost is can be shared. They developed a stochastic 

model to assess the performance of the maintenance policy.  

Among other papers that investigate a combination of condition based maintenance and opportunistic 

based maintenance are: Tian and Liao (2011), which group multiple preventive replacements when 

one components has to be preventively replacement, Koochaki, et al. (2012) and  Zhou, Xi, and Lee 

(2006) 

The proposed opportunistic maintenance policies for economic dependent systems, could help in 

developing an opportunistic model for the maintenance of PCs. The research papers of Liang (1985) 

and Van der Duyn Schouten, van Vlijmen and Vos de Wael (1998) in particular have our interest, as 

these papers investigate the additional replacement of a component when another component has 

failed already. Conditional based maintenance is becoming more popular at Philips Healthcare, 

especially for distant system monitoring, but on PC component level this is not available. Therefore, 

the papers investigating these seem of less interest to our situation. 
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3. Development of an opportunistic based replacement policy for a 

system with structural dependent components at unscheduled 

maintenance moments 
Most opportunistic based maintenance policies that have been studied so far, rely on two important 

assumptions that maintenance is carried out on site and on an infinite horizon (e.g. Sasieni (1956), 

Berg (1976), Berg (1978), Liang (1985)). In our case we want to evaluate the execution of opportunistic 

based maintenance in a closed-loop repair cycle under a finite time horizon. To investigate the effects 

of an opportunistic based maintenance policy in such a setting, we have to develop a model that can 

be executed under these circumstance.  

Because of the structural dependency of components and the fact that component replacements are 

executed at an external repair shop, preventive replacements of individual components are hard to 

schedule. The basic idea of opportunistic replacement in this case is that a preventive replacement of 

a component can be executed at an opportunity moment. Here, the opportunity moment to 

preventively replace components arrives when another component fails. At the moment of a 

component failure, the system must be send to the repair shop and the system must be opened to 

replace the failed component with a new component. While the system is opened in the repair shop, 

one has easy access to preventively replace non-failed components as well.  

When an opportunity moment arrives, it still has to be decided whether preventive replacement of a 

component will be beneficial. It can be calculated whether preventive replacement is beneficial by 

comparing the expected cost per time unit of various replacement options you have. In a two-

component system the options of the opportunistic maintenance policy are reduced to only two 

options. Because one of the two components has failed, the options for opportunistic replacement are 

either (1) replace the non-failed component or (2) do not replace the non-failed component. 

The preventive replacement of a component at an opportunity moment will have effect on the future 

failure behaviour of the system. The preventive replacement of a component will increase the 

reliability of the systems and thereby also the life expectancy of the system until the next failure. 

However, the preventive replacement of a component will also lead to an increase in the current 

expenditure of cost. To compare both options, we therefor need to compare both options on an equal 

scale.  

Comparing the options of preventive replacement can be done by comparing the expected future cost 

per time unit. Using Renewal Reward Approximation, the expected future cost per time unit are 

expressed as the expected future cycle cost (FCC) divided by the expected future cycle length (CL). The 

expected future cost per time unit will be expressed by the variable 𝑔.  

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑓𝑢𝑡𝑢𝑟𝑒 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑡𝑖𝑚𝑒 𝑢𝑛𝑖𝑡: 𝑔 =
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐹𝑢𝑡𝑢𝑟𝑒 𝐶𝑦𝑐𝑙𝑒 𝐶𝑜𝑠𝑡

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐶𝑦𝑐𝑙𝑒 𝐿𝑒𝑛𝑔𝑡ℎ
=

𝐸[𝐹𝐶𝐶]

𝐸[𝐶𝐿]
 (3.1) 

The calculation of the expected FCC and the expected CL depend on process characteristics. In section 

3.1 we will therefore first present assumption we have made, followed by an explanation of how the 

expected FCC and the expected CL can be calculated in sections 3.2 and 3.3. We will end with a general 

model in section 3.4. 
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3.1 Assumptions 
The following assumptions are made with regards to the development of the mathematical model for 

the application of the opportunistic based maintenance policy: 

1. The components in a system operate in series: the failure of any component, will lead to a system 

failure;  

2. The components fail mutually independently;  

3. The components are structural dependent;  

4. Components will only fail during system operations; 

5. The service horizon is finite; 

6. Maintenance is executed at an external location; 

7. Failed components will be replaced with new components; 

8. A preventive replacement will replace the current component in the system with an identical but 

new component; 

9. Both corrective and preventive maintenance actions are always successful; 

10. Spare parts at the component level are managed by the repair shop and assumed always available; 

3.2 Expected Cycle Length  
One cycle of system operations starts when a system is (re)installed in the field and a cycle ends when 

either (1) the service horizon ends or (2) when the next failure occurs before the end of the service 

horizon. The expected length of the cycle can then be calculated by deriving the expected time until 

the next failure or the expectation that cycle will be ended because the end of horizon is reached.  

The expectation that a cycle is ended because the end of the horizon is reached, is when no failure has 

occurred between the current decision moment (𝑇𝑛𝑜𝑤) and the end of the service horizon (𝐸𝑂𝑆). We 

will refer to time between 𝑇𝑛𝑜𝑤 and 𝐸𝑂𝑆 as the remaining service time, denoted by 𝑅𝑆𝑇. The length 

of the cycle when no failure has occurred in the 𝑅𝑆𝑇 is equal to the length of the 𝑅𝑆𝑇. Not all systems 

will reach the EOS without failing. The probability that a system will not fail in the 𝑅𝑆𝑇, is calculated 

by the reliability function of the system. Then, the expected cycle length due to reaching the end of 

the service horizon in calculated by: 

A cycle may also end because another failure occurs within the 𝑅𝑆𝑇. The expected time until the next 

failure is a well-known parameter in reliability theory and is often expressed at the Mean Time To 

Failure or in short MTTF. The MTTF can be calculated by adding all probabilities that an item, 

component or system will become a specific age, multiplied by that age. As the first part of the 

multiplication is equal to the failure probability density function, this means that to calculate the MTTF 

we can integrate the multiplication 𝑓(𝑡) ∗ 𝑡 . Because the failure needs to occur within the remaining 

service time, the expected cycle length (CL) of cycle that ends with a failure is calculated by: 

∫ 𝑡𝑓𝑠𝑦𝑠(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

 (3.3) 

Combining (3.2) and (3.3), results in the expected CL of a system in a finite horizon. The expected CL is 

expressed in (3.4). 

𝐸[𝐶𝐿] = ∫ 𝑡𝑓𝑠𝑦𝑠(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

+ (𝑅𝑆𝑇)𝑅𝑠𝑦𝑠(𝑅𝑆𝑇) (3.4) 

𝑅𝑆𝑇 ∗ 𝑅𝑠𝑦𝑠(𝑅𝑆𝑇) (3.2) 
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Because the reliability function and the failure probability density function of the system are 

dependent on the individual components, there is need to rewrite equation (3.4) in terms of 

component reliability or failure functions. For the system reliability function, this task is fairly simple, 

as it is the product of all the component reliability functions. For the system’s failure probability density 

function it is much harder to rewrite it in terms of component failure and reliability functions. 

Therefore we first rewrite equation (3.4) in other terms.  

The difficult part of the equation, is the first part of the expected cycle length equation. As said, this 

term is difficult because of the failure probability density function part. From reliability theory we have 

learned that 𝑓(𝑡) =
𝑑𝐹(𝑡)

𝑑𝑡
 and also 𝐹(𝑡) = 1 − 𝑅(𝑡). Therefore we can express 

𝑑𝐹(𝑡)

𝑑𝑡
𝑎𝑠 −

𝑑𝑅(𝑡)

𝑑𝑡
 and we 

can rewrite 𝑓(𝑡) as −
𝑑𝑅(𝑡)

𝑑𝑡
. 

𝐸[𝐶𝐿] = ∫ 𝑡 (−
𝑑𝑅𝑠𝑦𝑠(𝑡)

𝑑𝑡
) 𝑑𝑡

𝑅𝑆𝑇

0

+ (𝑅𝑆𝑇)𝑅𝑠𝑦𝑠(𝑅𝑆𝑇) 

 

(3.5) 

This integral in the expression can be rewritten using partial integration. The rule of partial integration 

is a theorem that makes use of the derivative and antiderivative of a product function as explained in 

equation 1. The product function in our equation is 𝑡 ∗ (−
𝑑𝑅𝑠𝑦𝑠(𝑡)

𝑑𝑡
) and we can use the rule of partial 

integration to state that: 

𝑓(𝑥) = 𝑡 and 𝑓′(𝑥) = 1 

𝑔′(𝑥) = −
𝑑𝑅𝑠𝑦𝑠(𝑡)

𝑑𝑡
 and 𝑔(𝑥) = −𝑅𝑠𝑦𝑠(𝑡) 

Implementing the rule of partial integration into (3.5), gives us (3.6). 

𝐸[𝐶𝐿] = [𝑡 ∗ (−𝑅𝑠𝑦𝑠(𝑡))]
0

𝑅𝑆𝑇
− ∫ 1 ∗ (−𝑅𝑠𝑦𝑠(𝑡)) 𝑑𝑡

𝑅𝑆𝑇

0

+ (𝑅𝑆𝑇)𝑅𝑠𝑦𝑠(𝑅𝑆𝑇) 

 

(3.6) 

The first term has two values that need to be subtracted from each other. At 𝑡 = 𝑅𝑆𝑇 the term 

becomes (𝑅𝑆𝑇) ∗ (−𝑅𝑠𝑦𝑠(𝐸𝑅𝑆𝑇)) and at 𝑡 = 0 the term 𝑡 ∗ (−𝑅𝑠𝑦𝑠(𝑡)) is 0, so only the first term 

remains. The second term is a subtraction of the integral of negative the reliability function. 

Subtracting a negative term, is similar to adding a positive term, which we also rewrite in equation 7. 

𝐸[𝐶𝐿] = (𝑅𝑆𝑇) ∗ (−𝑅𝑠𝑦𝑠(𝑅𝑆𝑇)) + ∫ 𝑅𝑠𝑦𝑠(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

+ (𝑅𝑆𝑇)𝑅𝑠𝑦𝑠(𝑅𝑆𝑇) 

 

(3.7) 

The negative term (𝑅𝑆𝑇) ∗ (−𝑅𝑠𝑦𝑠(𝑅𝑆𝑇)) and the positive term (𝑅𝑆𝑇)𝑅𝑠𝑦𝑠(𝑅𝑆𝑇)  can be crossed off 

against each other, which makes it such that there is exactly one integral left that calculates the 

expected cycle length as expressed in equation (3.8). 

𝐸[𝐶𝐿] = ∫ 𝑅𝑠𝑦𝑠(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

 (3.8) 

The system’s reliability function can be expressed in terms of component reliabilities. The benefit of 

expressing the system’s reliability in terms of component reliabilities is that we are able to truncate 

the component reliability function according to how much a component has aged at that moment. For 

∫ 𝑓(𝑥)𝑔′(𝑥)𝑑𝑥 = [𝑓(𝑥)𝑔(𝑥)]𝑎
𝑏 − ∫ 𝑓′(𝑥)𝑔(𝑥)𝑑𝑥

𝑏

𝑎

𝑏

𝑎

 

Figure 3.2: Rule of Partial Integration 
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components that have failure rates which are increasing over time this is particularly interestingly as 

the probability of surviving two years in a row when new is higher than the probability of surviving two 

years in a row whilst the component is five years old already. Therefore, the expected cycle length can 

be best expressed as in (3.9), where 𝑅𝑖(𝑡 + 𝑥𝑖|𝑥𝑖) is the reliability function of component 𝑖, given its 

current age 𝑥𝑖.   

𝐸[𝐶𝐿] = ∫ ∏ 𝑅𝑖(𝑡 + 𝑥𝑖|𝑥𝑖)

𝑛

𝑖=1

𝑑𝑡
𝑅𝑆𝑇

0

= ∫ ∏
𝑅𝑖(𝑡 + 𝑥𝑖)

𝑅𝑖(𝑥𝑖)

𝑛

𝑖=1

𝑑𝑡
𝑅𝑆𝑇

0

 (3.9) 

3.3 Expected Future Cycle Cost 
One cycle in this research consists of the time a system stays in working conditions between 

(re)installation and the next cycle stop. The next cycle stop can be triggered by the end of the service 

horizon (𝐸𝑂𝑆) or by the occurrence of a failure. Because there is no preventive maintenance 

scheduled in between two failures, the costs of a cycle are expended at the beginning and the end of 

a cycle.  

 

We can define two types of costs in a cycle. The first cost are the fixed cost to repair a system after a 

failure occurred. Depending on the maintenance process of a company the fixed repair cost may 

include all sorts of cost that have to be expended in order to restore a system like the cost of labour, 

spare parts and logistics. Due to the finite horizon, a cycle could be ended by either a failure or because 

the EOS is reached. When the EOS is reached without a failure, the fixed repair cost will not have to be 

paid in the future. However, when a failure causes the cycle to end, the fixed repair cost will have to 

be paid. The expected future cycle cost (FCC) related to a failure are then expressed by: 

𝐹𝑠𝑦𝑠(𝑅𝑆𝑇)𝐶𝑐𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟   

(1 − 𝑅𝑠𝑦𝑠(𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟  (3.10) 

 

The second cost expended in a cycle are the variable cost related to the preventive replacement of 

non-failed components. The preventive replacement cost at an opportunity moment will include two 

types of cost: (1) component cost and (2) additional labour cost. The expenditure of preventive 

replacement cost depends on which components will be replaced in an option. Therefore, we 

introduce a variable 𝑂𝐵𝑅𝑖. The variable 𝑂𝐵𝑅𝑖  is a binary variable that indicates whether component 𝑖 

is preventively replaced at an opportunity moment. When the value of 𝑂𝐵𝑅𝑖 is 1, then component 𝑖 is 

preventively replaced, and when the value is 0, the component is not. The variable preventive 

replacement cost in a cycle are then equal to: 

∑ 𝐶𝑝𝑟𝑒𝑣.𝑟𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖 ∗ 𝑂𝐵𝑅𝑖

𝑛

𝑖=1

  (3.11) 

 

Combining (3.10) and (3.11) gives the total expected FCC.  

  

𝐸[𝐹𝐶𝐶] = ∑ 𝐶𝑝𝑟𝑒𝑣.𝑟𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖 ∗ 𝑂𝐵𝑅𝑖

𝑛

𝑖=1

+ (1 − 𝑅𝑠𝑦𝑠(𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟  (3.12) 
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3.4 General opportunistic based maintenance policy for multi-component (𝑛 ≥ 2) 

systems 
Equation (3.1) is the general model format to derive the expected future cost per time unit. This 

equation depends on the expected future cycle cost (FCC) and expected cycle length (CL). In general 

the expected FCC can be derived from equation (3.12). When there are 𝑛 components, that each fail 

mutually independently, it is easy to see that formula (3.12) can be transposed into: 

𝐸[𝐹𝐶𝐶] = ∑ 𝑂𝐵𝑅𝑖 ∗ 𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖

𝑛

𝑖=1

+ (1 − ∏
𝑅𝑖(𝑅𝑆𝑇 + 𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑅𝑖(𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑛

𝑖=1

) 𝐶𝑐𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟 (3.13) 

The expected CL, as derived in equation (3.9) could also be written in a general format for multi-

component (𝑛 ≥ 2) systems. 

𝐸[𝐶𝐿] = ∫ ∏
𝑅𝑖(𝑡 + 𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑅𝑖(𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑛

𝑖=1

𝑑𝑡
𝑅𝑆𝑇

0

 (3.14) 

Combining equations (3.13) and (3.14) results in equation (3.15), which is the general formula to 

calculate the expected future cost per time unit. 

𝑔 =

(∑ 𝑂𝐵𝑅𝑖 ∗ 𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖
𝑛
𝑖=1 + (1 − ∏

𝑅𝑖(𝑅𝑆𝑇 + 𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑅𝑖(𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))
𝑛
𝑖=1 ) 𝐶𝑐𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟)

(∫ ∏
𝑅𝑖(𝑡 + 𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑅𝑖(𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))
𝑛
𝑖=1 𝑑𝑡

𝑅𝑆𝑇
0

)

 (3.15) 

Where, 

𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖 ∶= 𝐶𝑜𝑠𝑡 𝑝𝑟𝑒𝑣𝑒𝑛𝑡𝑖𝑣𝑒 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖  

𝐶𝑐𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟 ∶= 𝑅𝑒𝑝𝑎𝑖𝑟 𝑐𝑜𝑠𝑡 (𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑣𝑒 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑐𝑜𝑠𝑡) 

𝑛 ≔ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠  

𝑂𝐵𝑅𝑖 ≔

𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑖𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑖𝑠 𝑜𝑝𝑝𝑜𝑟𝑡𝑢𝑛𝑠𝑡𝑖𝑐 𝑏𝑎𝑠𝑒𝑑 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑑 (1 =

𝑦𝑒𝑠, 0 = 𝑛𝑜)  

𝑅𝑖(𝑇) ≔ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑡ℎ𝑎𝑡 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑓𝑎𝑖𝑙 𝑏𝑒𝑓𝑜𝑟𝑒 𝑡𝑖𝑚𝑒  𝑇 

𝑅𝑆𝑇 ∶= 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑇𝑖𝑚𝑒 

𝑥𝑖 ≔ 𝑇ℎ𝑒 𝑎𝑔𝑒 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑎𝑡 𝑡ℎ𝑒 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑚𝑜𝑚𝑒𝑛𝑡 
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4. Expected results of the application of the opportunistic based 

replacement policy 
Because of the complexity of multi-component systems, most research papers study two-component 

systems. Although the aim of this research is to develop a maintenance policy for a multi-component 

system with more than two-components, we start by the application of the developed opportunistic 

based maintenance policy for two-component systems in this chapter. In section 4.6, we will extend 

the opportunistic based maintenance policy with a heuristic to evaluate multi-component (𝑛 > 2) 

systems. 

4.1 Scenarios at an opportunistic decision moment for two-component systems 
For two-component systems, an opportunistic decision moment arrives when one of the component 

fails. At the decision moment, the model has to decide between two future scenarios: (1) only replace 

the failed component or (2) replace the failed component plus the non-failed component. In the next 

two scenarios, we assume that component 1 has failed at 𝑇𝑛𝑜𝑤, which is 𝑅𝑆𝑇 time units from the end 

of the service horizon. The opportunistic based maintenance policy has to decide whether component 

2 should be preventively replaced or not.  

Scenario 1: Replace only the failed component 1 

When only the failed component 1 is replaced, the expected future cycle cost are calculated as was in 

(3.13): 

𝐸[𝐹𝐶𝐶]1 = (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2)
) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝 

 

The expected cycle length has to be calculated as was prescribed by (3.14): 

𝐸[𝐶𝐿]1 = ∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2)
𝑑𝑡

𝑅𝑆𝑇

0

 
 

The expected cost per time unit is than left by calculating: 

𝑔1(𝑅𝑆𝑇, 𝑥2) =
𝐸[𝐹𝐶𝐶]1

𝐸[𝐶𝐿]1
=

(1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2)
) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2)
𝑑𝑡

𝑅𝑆𝑇
0

 (4.1) 

 

Scenario 2: Replace the failed component 1 & preventively replace the non-failed component 2 

When both components are replaced, the expected future cycle cost are calculated as was in (3.13): 

𝐸[𝐹𝐶𝐶]2 = 𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) 𝐶𝑟𝑒𝑝𝑎𝑖𝑟  

Now that both components are replaced, the expected cycle length is calculated using the input that 

both components are new: 

𝐸[𝐶𝐿]2 = ∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

 
 

The expected cost per time unit is than left by calculating: 
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𝑔2(𝑅𝑆𝑇) =
𝐸[𝐶𝐶]2

𝐸[𝐶𝐿]2
=

𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

 (4.2) 

 

4.2 Optimal replacement strategy at an opportunistic decision moment for two-

component systems 
The best replacement strategy at an opportunistic decision moment results from a comparison 

between the outcome of 𝑔1(𝑅𝑆𝑇, 𝑥2) and 𝑔2(𝑅𝑆𝑇) and choosing whichever has the lowest expected 

future cost per time unit. As can be seen in (4.1) and (4.2), the value for 𝑔 (the expected future cost 

per time unit) is a dynamic value, dependent on the remaining service time (𝑅𝑆𝑇) and the age of 

component 2 (𝑥2). However, the age of component 2 only plays a role in scenario 1 and not in scenario 

2.  At the arrival of an opportunistic decision moment, the value of the 𝑅𝑆𝑇 is known. Hence, when a 

failure occurs we know the current time and we know when the end of the service horizon is planned. 

Therefore, at an opportunistic decision moment, the difference in outcome between 𝑔1(𝑅𝑆𝑇, 𝑥2) and 

𝑔2(𝑅𝑆𝑇) is solely dependent on 𝑥2, given that all other parameters are fixed and known in advance. 

Now let us define 𝑥2
∗ as the threshold age of component 2, for which the model would be indifferent 

between 𝑔1(𝑅𝑆𝑇, 𝑥2
∗) and 𝑔2(𝑅𝑆𝑇). In that case it must hold that 𝑔1(𝑅𝑆𝑇, 𝑥2

∗) = 𝑔2(𝑅𝑆𝑇). Then, the 

threshold age 𝑥2
∗ can then be calculated by solving: 

𝑔1(𝑅𝑆𝑇, 𝑥2
∗) = 𝑔2(𝑅𝑆𝑇)  

(1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2

∗ )

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗)

) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2

∗)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗)

𝑑𝑡
𝑅𝑆𝑇

0

=
𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

 (4.3) 

For the execution of preventive maintenance it must hold that component 2 has an increasing failure 

rate. Therefore it must hold that if 𝑥2 > 𝑥2
∗ then also 𝑔1(𝑅𝑆𝑇, 𝑥2) > 𝑔1(𝑅𝑆𝑇, 𝑥2

∗) and also 

𝑔1(𝑅𝑆𝑇, 𝑥2) > 𝑔2(𝑅𝑆𝑇). This means that preventive replacement of component 2 must be executed, 

when the age of component 2 is higher than the threshold age at an opportunity moment that is 𝑅𝑆𝑇 

time units from the 𝐸𝑂𝑆.  

The occurrence of a failure, is a random event. The moment of failure (𝑇𝑛𝑜𝑤), therefore is an 

unscheduled moment in time and therefore 𝑅𝑆𝑇 is dynamic over time. When 𝑅𝑆𝑇 changes, so do the 

outcomes of 𝑔1(𝑅𝑆𝑇, 𝑥2) and 𝑔2(𝑅𝑆𝑇). The threshold age 𝑥2
∗ for which the opportunistic based 

maintenance policy will be indifferent between both scenarios, will then also be dynamic over time.  

For two-component systems we could derive a 2D-relationship between the threshold age and the 

remaining service time as is done in figure 4.1. In practice, the figure could be used to evaluate the 

preventive replacement of components. If at a decision moment 𝑅𝑆𝑇 time units from the end of 

service horizon, the component age 𝑥2 > 𝑥2
∗ then preventive replacement of the component should 

be executed.  
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Figure 4. 1: 2D relationship between component threshold age and the remaining service time 

4.3 Influence of the input parameters on the optimal replacement strategy for two-

component systems 
In the previous section, we already had a sneak preview, of how the remaining service time has 

influence on the threshold age. If the remaining service time is small, the component age needs to be 

really high or the component will not be replaced. The general opportunistic based maintenance policy 

that has been developed, is besides the remaining service time dependent on numerous other input 

variable. Recall formula (3.15) and see that this formula is dependent on component reliability 

functions, component age, remaining service time, repair cost and the preventive replacement cost of 

the components.  

𝑔 =

(∑ 𝑂𝐵𝑅𝑖 ∗ 𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖
𝑛
𝑖=1 + (1 − ∏

𝑅𝑖(𝑅𝑆𝑇 + 𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑅𝑖(𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))
𝑛
𝑖=1 ) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝)

(∫ ∏
𝑅𝑖(𝑡 + 𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))

𝑅𝑖(𝑥𝑖 − (𝑂𝐵𝑅𝑖 ∗ 𝑥𝑖))
𝑛
𝑖=1 𝑑𝑡

𝑅𝑆𝑇
0

)

  

  

In this section we discuss the influence of each of these parameters on the outcome of the 

opportunistic maintenance decision to execute a preventive replacement. We evaluate the 

opportunistic based maintenance policy on a two component situation and evaluate how the threshold 

age 𝑥𝑖
∗changes when the variable of interest changes. To evaluate the opportunistic model continue 

our assumption from the beginning of the chapter that component 1 failed, and we are interested in 

when we should allow preventive replacement of component 2. 𝑔1(𝑅𝑆𝑇, 𝑥2) is the expected future 

cost per time unit of not replacing component 2 and 𝑔2(𝑅𝑆𝑇) is the expected future cost per time unit 

of preventively replacing component 2. Then the opportunistic replacement will take place if condition 

(4.4) is met. 

𝑔1(𝑅𝑆𝑇, 𝑥2)  > 𝑔2(𝑅𝑆𝑇) (4.4) 

(1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2)
) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2)
𝑑𝑡

𝑅𝑆𝑇
0

>
𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
𝑅𝑆𝑇

0
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In section 4.2, it was stated that (4.4) will hold for all 𝑥2 > 𝑥2
∗, where 𝑥2

∗ is the threshold age for 

which 𝑔1(𝑅𝑆𝑇, 𝑥2
∗) = 𝑔2(𝑅𝑆𝑇) holds. In the next five paragraphs, we assume that the starting 

situation is the state for which the values for all variables are chosen such that 𝑔1(𝑅𝑆𝑇, 𝑥2
∗) =

𝑔2(𝑅𝑆𝑇) holds (see equation 4.3).  

4.3.1 Effect of the fixed CM cost on threshold age 𝑥2
∗   

When the fixed corrective maintenance cost of a failure increase by a ΔCcorr.repair, the expected future 

cycle cost on both sides of the equation increase. However, the equality situation in 4.3 will change to 

the inequality:  

(1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2

∗ )

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗ )

) (1 + Δ)𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2

∗ )

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗ )

𝑑𝑡
𝑅𝑆𝑇

0

>
𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) (1 + Δ)𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

  

Because: 

(1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2

∗)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗)

) (1 + Δ)𝐶𝑐𝑜𝑟.𝑟𝑒𝑝 > (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) (1 + Δ)𝐶𝑐𝑜𝑟.𝑟𝑒𝑝  

Therefore, on the right hand side of the inequality, the relative influence of the repair cost increase 

less than on the left hand side. If the fixed repair cost increase (decrease), the optimal value for 𝑥2
∗ for 

which both sides of the equations will be equal again will be lower (higher).  

 

Figure 4.2: Relationship between component threshold age and the corrective maintenance setup cost 

4.3.2 Effect of the preventive replacement cost on threshold age 𝑥2
∗   

When the preventive replacement cost of a failure increase by a ΔCPrev.Repl.comp.2, the expected future 

cycle cost on the right hand sides of the equation 4.3 increase, while they remain equal on the left 

hand side of the equation. Thus the following will happen if all other parameters remain equal: 

(1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2

∗ )

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗ )

) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2

∗ )

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗ )

𝑑𝑡
𝑅𝑆𝑇

0

<
(1 + Δ)𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

  

Therefore, on the right hand side of the inequality, the relative influence of the preventive replacement 

cost increase more than on the left hand side. If the preventive replacement cost increase (decrease), 

the optimal value for 𝑥2
∗ for which both sides of the equations will be equal again will be higher (lower).  
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Figure 4.3:Relationship between component threshold age and the preventive replacement cost  

4.3.3 Effect of the component reliability of component 1 on threshold age 𝑥2
∗   

When the component reliability of component 1 increases such that Δ𝑅𝑐𝑜𝑚𝑝.1(𝑇) > 𝑅𝑐𝑜𝑚𝑝.1(𝑇) for all 

values of 𝑇, all parts on both hand side of the equation are effected except the preventive replacement 

cost. Thereby, the expected cycle length increases on both sides of the equation and the relative 

influence of the fixed repair cost will decrease on both sides. The preventive replacement cost of 

component 2 are however not effected. Therefore when the component reliability of component 1 

increases and all other variables stay constant, the equality will shift to the inequality: 

(1 − Δ𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2

∗)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗)

) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ Δ𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2

∗)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗)

𝑑𝑡
𝑅𝑆𝑇

0

<
𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − Δ𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ Δ𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

  

In order to restore the optimal value of 𝑥2
∗, such that the two sides of the equation will become equal 

again, 𝑥2
∗  needs to decrease. Thus, if the reliability of component 1 increase (decrease), the optimal 

value for 𝑥2
∗ for which both sides of the equations will be equal will be lower (higher).  

 

Figure 4.4:Relationship between component threshold age and the reliability of the failed component 
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4.3.4 Effect of the component reliability of component 2 on threshold age 𝑥2
∗   

When the component reliability of component 2 increases over time such that Δ𝑅𝑐𝑜𝑚𝑝.2(𝑇) >

𝑅𝑐𝑜𝑚𝑝.2(𝑇) for all values of 𝑇, all parts on both hand side of the equation are effected except the 

preventive replacement cost.  Thereby, it does not become instantly clear which side of the equation 

will increase more. Intuitively however we expect that the left hand side increase faster. We 

investigated this by simulation and indeed it became clear that when the component reliability of 

component 2 increases the equality will shift to the inequality: 

(1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗
Δ𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇 + 𝑥2

∗)

Δ𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗)

) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗
Δ𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2

∗ )

Δ𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗)

𝑑𝑡
𝑅𝑆𝑇

0

>
𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑐𝑜𝑚𝑝.1(𝑅𝑆𝑇) ∗ Δ𝑅𝑐𝑜𝑚𝑝.2(𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗ Δ𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
𝑅𝑆𝑇

0

  

In order to restore the optimal value of 𝑥2
∗, such that the two sides of the equation will become equal 

again, 𝑥2
∗  needs to decrease. Thus, if the reliability of component 2 increase (decrease), the optimal 

value for 𝑥2
∗ for which both sides of the equations will be equal will be higher (lower).  

 

Figure 4.5:Relationship between component threshold age and the component's own reliability 

4.3.5 Effect of the remaining service time on threshold age 𝑥2
∗   

The effect of the remaining service time has already been shown in figure 4.1. In this figure we can 

clearly see that when the remaining service time increases by Δ𝑅𝑆𝑇, optimal threshold age 𝑥2
∗ 

decreases. Thus when 𝑅𝑆𝑇 in equation (4.3) increases by Δ𝑅𝑆𝑇, it will become the following inequality:  

(1 − 𝑅𝑐𝑜𝑚𝑝.1((1 + Δ)𝑅𝑆𝑇) ∗
𝑅𝑐𝑜𝑚𝑝.2((1 + Δ)𝑅𝑆𝑇 + 𝑥2

∗ )

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗ )

) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗
𝑅𝑐𝑜𝑚𝑝.2(𝑡 + 𝑥2

∗)

𝑅𝑐𝑜𝑚𝑝.2(𝑥2
∗)

𝑑𝑡
(1+Δ)𝑅𝑆𝑇

0

<
𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑐𝑜𝑚𝑝.1((1 + Δ)𝑅𝑆𝑇) ∗ 𝑅𝑐𝑜𝑚𝑝.2((1 + Δ)𝑅𝑆𝑇)) 𝐶𝑐𝑜𝑟.𝑟𝑒𝑝

∫ 𝑅𝑐𝑜𝑚𝑝.1(𝑡) ∗ 𝑅𝑐𝑜𝑚𝑝.2(𝑡)𝑑𝑡
(1+Δ)𝑅𝑆𝑇

0

  

We can conclude that when the remaining service time increases (decreases), the optimal value for 𝑥2
∗ 

needs to decrease (increase).  

4.4 Expected results of the application of the opportunistic based replacement model 

for two-component systems 
The opportunistic based maintenance policy is developed for systems with structural component 

dependency in a finite horizon with decision moments at unscheduled maintenance moments. 

Through the previous chapters, we have gathered some understanding of when the model advices 

preventive replacements, but the actual benefit of the model has not been presented. The actual 

benefit of applying the opportunistic based replacement model will vary between different situations. 
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To investigate the benefit of the model under different circumstances we will have to use discrete 

simulation. Prior to simulation we will derive several hypotheses based on the current information we 

have on the model. These hypotheses are investigated for several reasons, which are explained with 

the given hypothesis.  

Based on section 4.2.1: When the fixed repair cost of a maintenance cycle are high, the threshold age 

for which the opportunistic based replacement model will allow preventive replacements is low. For 

one part this means that more preventive replacements are executed at unscheduled corrective 

maintenance moments. For a second part, this means that the probability increases that a future 

failure is avoided. This behaviour of the model leads to hypothesis 1. 

Hypothesis 1: The percentage cost savings of the opportunistic based replacement model compared 

with a corrective maintenance policy increase when fixed corrective replacement cost increase. 

Based on section 4.2.2: When the preventive replacement cost of components in a maintenance cycle 

are high, the threshold age to preventively replace a component increase. Then, over the complete 

service horizon, the opportunistic based maintenance policy will schedule less preventive component 

replacements. This leads to our second hypothesis:  

Hypothesis 2: The percentage cost savings of the opportunistic based replacement model compared 

with a pure corrective replacement model will decrease when the preventive replacement cost 

increase. 

Based on section 4.2.3: When there is a two component systems of which one component has a 

constant failure rate and one component has an increasing failure rate and the reliability of the 

component with the constant failure rate is high, the threshold age for preventively replacing 

component 2 at an opportunity moment decreases. Thereby, the opportunistic based maintenance 

policy will relatively allow more preventive replacements at the decision moment. However, when the 

reliability of component 1 increases, the number of opportunity moments will decrease. This leads us 

to hypothesis 3:   

Hypothesis 3: The percentage cost savings of an opportunistic based maintenance policy compared 

with a corrective maintenance policy are parabola over a changing reliability of a component with a 

constant failure rate in a two component system. 

Based on section 4.2.4: In two component systems, an opportunity for preventive replacement arrives 

for one component when the other fails. When the reliability of the non-failed component is relatively 

high, the opportunistic based maintenance policy will schedule relatively few preventive replacements 

at the decision moment. In two-component systems, where one component has an exponential failure 

rate and the second component has an increasing failure rate, this means that is if the reliability if the 

second component increases, less preventive replacements are executed. This leads to hypothesis 

number 4. 

Hypothesis 4: The percentage cost savings of an opportunistic based replacement policy compared 

with a corrective replacement policy are expected to decrease when the reliability of the component 

with the increasing failure rate becomes higher.  

Based on section 4.2.5: When the service horizon reaches the end, the threshold age for preventive 

replacement increases very rapidly. Thereby relatively few preventive replacements will be executed 

in the end of the horizon. Thereby  
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Hypothesis 5: When the total service horizon, covers a relatively short time period, the opportunistic 

based maintenance policy will achieve little cost savings over a corrective maintenance policy. 

However, when the service horizon increases, the cost savings of the opportunity based 

maintenance policy will initially increase, but after a certain service horizon the cost savings will 

stabilize. 

4.5 Opportunistic model scenarios of multi-component (𝑛 ≥ 2) systems. 
In the two-component system setting we used thus far, we saw that there are two scenarios possible 

after a component breaks down: replace the broken component and leave the other component 

untouched or replace both components. The decision to replace a component was dependent on the 

input variables, the remaining service time and the component age at the decision moment. The 

opportunistic based maintenance policy calculated the expected future cost per time unit of the two 

scenarios through equations (3.16) and (3.17). The optimal solution follows from the scenario that 

results in the lowest expected future cost per time unit. 

In multicomponent systems, the number of scenarios increases. In a three-component system with 

components A, B and C, each one of the components may fail at a certain point in time. The number 

of possible replacement scenarios increases from 2 options in a two-component system to 4 options 

in a three component system. In figure 4.6, all options are illustrated for a three-component system 

when component C breaks down.  

 

Figure 4.6:Number of scenarios in a three component system 

In general, if a system has 𝑁 components and one of the components fails, for each of the non-failed 

components there are two 2 possible options: replace the component or leave the old component in 

operations. Combining all these options for all 𝑁 − 1 non-failed components gives a total of 2𝑁−1 

different combinations of components that are replaced and not replaced. The optimal strategy will 

be to follow the route that results in the lowest cost per time unit. Although the number of scenarios 

increases exponentially, the formula to calculate the expected future cycle cost of each scenario 

remains in the standard format that was presented in equation (3.15).  
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4.6 A heuristic extension for the application of the opportunistic based replacement 

model on a multi-component (𝑛 ≥ 2) systems  
In the two component scenario, finding the optimal strategy at an opportunistic decision moment, 

could be found by comparing the results of the 2 future scenarios. As we explained, when the number 

of components increases to 𝑁, the number of future scenarios increases to 2𝑁−1. When 𝑁 grows large, 

evaluating all future scenarios will be a too much time consuming task. 

As finding the optimal strategy in multi-component systems will be a time-consuming task, if the 

number of components becomes large, there is demand for a heuristic approach to evaluate future 

scenarios as we will not be able to evaluate all of them.  

To limit the total number of possible combinations we have come up with a heuristic approach. The 

approach can be categorized as a greedy algorithm. When the system is a set of 𝑁 components 

{1, … , 𝑛} and component 𝑗 ∈ 𝑁 fails, the heuristic will calculate the base cost per time unit which is 

the cost per time unit when only the failed component 𝑗 is replaced. Then for each component 𝑖 ∈

𝑁\{𝑗} the heuristic will calculate of the cost per time unit if component 𝑖 is replaced along with 

component 𝑗 but all other components are not replaced. If none of the outcomes result in a decrease 

in cost per time unit, the heuristic stops and none additional components are replaced. If one or more 

of the outcomes result in a decrease of cost, the heuristic chooses the best solution and sets 

component 𝑖 to be replaced together with the failed component 𝑗. The result of the replacement 

combination of component 𝑖 and the failed component 𝑗 is set as the new base cost per time unit. Then 

the heuristic will start again over and calculate the cost per time unit if component 𝑘 ∈ 𝑁\{𝑖, 𝑗} is 

replaced additionally to the current set {𝑖, 𝑗} but all other components are not replaced. Again, if none 

of the results improve the current cost per time unit the heuristic stops and the best solution is chosen 

to be to replace components 𝑖 and 𝑗. However, if one or more of the outcomes result in a decrease of 

cost, the heuristic chooses the best solution and sets component 𝑘 to be replaced together with the 

set of components {𝑖, 𝑗}. Then the solution {𝑖, 𝑗, 𝑘} will be set as the base cost per time unit and the 

heuristic will heuristic will continue comparing the cost per time unit, etcetera. The heuristic will 

continue until it is stopped because (1) none of the solutions improve the base cost per time unit and 

the base option is selected as the best strategy to execute or (2) until all components are selected such 

that the least cost per time unit are expected when all components 𝑛 ∈ 𝑁 are replaced.  

An example of the application of the heuristic is displayed in figure 4.7. First, component 1 has failed 

and there is an opportunistic decision moment to replace one or multiple of the other components. In 

the first step, the heuristic found the smallest expected future cycle cost, if component 4 would be 

opportunistically replaced. Component 4 is added to the replaced parts and the heuristic will evaluate 

whether additional replacement of the components {2,3} and {5,6, … , 𝑛} is beneficially. The heuristic 

may continue until step (𝑁 − 1) where all components will be opportunistically replaced except for 

the last component under consideration.  

By applying the heuristic the number of solutions that is evaluated is reduced from 2𝑁−1 to a maximum 

of ∑ 𝑁 − 𝑖𝑁−1
𝑖=1  and a minimum of 𝑁 − 1 if the heuristic is stopped after the first round of calculations. 

The application of the opportunistic based replacement policy in combination with the heuristic will 

never result in worse cost per time unit than a corrective replacement policy. As the heuristic compares 

the current cost per time unit with the cost per time unit of replacing one additional component over 

and over. However, the heuristic could miss out on the optimal solution. For instance, if component 𝑗 

fails and the heuristic concludes that none of the components 𝑖 ∈ 𝑁\{𝑗} results in a reduction of cost, 

the heuristic stops and only component 𝑗 is replaced. However, a combination of replacing both 

component 𝑖 and 𝑘 along with component 𝑗 could have resulted in a cost reduction, whilst this solution 
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Figure 4.7: An illustrative example of the heursitic approach 

is not considered by the heuristic. The effect of applying the heuristic is that in multicomponent 

systems where the number of components are high, the calculation time will be reduced substantially.  
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4.7 Expected results of the application of the opportunistic based replacement model 

for multi-component (𝑛 ≥ 2) systems 
In sections 4.3 we discussed the influence of the different model parameters on the outcome of the 

opportunistic based replacement model. When the number of components increases, so do the 

number of model parameters. Recall equation (3.15) and see that when the number of components 

increases from 2 to 3, an additional reliability function joins the equation and an extra variable 𝑥3 is 

created. When component 1 fails, the age of the third component will influence the decision to 

preventively replace component 2. In example, when component 3 is just new, preventively replacing 

component 2 could be justified. However, had component 3 been several years old, preventively 

replacing component 2 could not be a good decision. Mapping the optimal replacement strategy using 

threshold ages will be near impossible for multi-component systems. For three-component systems, 

the threshold age will already be dependent on 3D-maps. In general, with every component added, 

the optimal threshold age of a component will be increased with one dimension. Moreover, the 

decision to preventively replace a component will be effected by the decision that will be taken for 

another component.  

4.7.1 One component with an increasing failure rate, 𝑚 components with constant failure 

rates 
There are exceptions for which multi-component systems could be approximated by two-component 

systems. When there is only one component with an increasing failure rate and 𝑚 components with a 

constant failure rate, we can treat the multi-component system as a two-component system. Upon 

failure of any component, none of the components with a constant failure rate will ever be 

preventively replaced. For the component with an increasing failure rate the expected results will be 

similar as discussed in section 4.4. 

4.7.2 More than two components with an increasing failure rate 
The expected results of the application of the opportunistic based replacement model are harder to 

predict, because the preventive replacement of components will be very dependent on which kind of 

components are in a system. However, by using our intuition we can derive a final hypothesis. If the 

number of components in a system increase, the number of components that could be replaced at an 

unscheduled corrective maintenance moments will increase. Preventive replacements will also lead to 

less corrective replacements in the long run, because the expected time to the next failure will 

increase. Therefore: 

Hypothesis 6: The percentage cost savings of the opportunistic based replacement model compared 

to a corrective based replacement model will increase with the number of components with an 

increasing failure rate increasing.  
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5. Simulation model 
Because of the many uncertainties in the process we are investigating there is need for a simulation 

model. First of all, we have to deal with a finite horizon. In section 4.3 we saw that the remaining 

service time will be of influence on the decision to execute preventive replacement. As the decision is 

dynamic over time, we require simulation to evaluate the results.  

Second, the maintenance process of server PC failure, maintenance and repair that has been described 

in the introduction of this document, is a process that is dependent on random events. To recreate 

these random events, simulation is a good tool to help with that.  

Thirdly, the maintenance policy is closed looped, where failed parts return as spare parts and spare 

parts return as operating parts in the field. However, PCs are not assigned to one X-Ray system over 

the complete lifetime. Thus, in advance it is impossible to tell how the PCs will be switched between 

X-Ray systems. 

Gaining insight in how the input parameters effect the outcome, therefore has to be done by 

developing a simulation model, because a simulation model will provide insight in the behaviour of the 

system under investigation (Griep and Flapper, 1987).  

5.1 Choice of simulation program 
In this research project we have chosen to write a simulation model from scratch in the Visual Basic 

Application that is embedded with Microsoft Excel. The choice for this computer program is twofold: 

(1) Visual Basic Application allows us to replicate the maintenance process to our own needs.  

(2) The Visual Basic Application is available to Philips Healthcare as well, so after finishing this 

project, Philips will still be able to use the simulation model. 

5.2 Output 
The research goal is to explore the cost benefits of the applications of the developed opportunistic 

based maintenance policy in chapter 3. The output of the simulation model should thus at least 

measure the cost of the maintenance policy. Second, we are also interested in the availability of 

systems. In the research goal it has been defined that customer satisfaction may not be harmed by the 

implementation of a maintenance policy. Thus the output that we are interested in are the 

maintenance cost separated into fixed repair cost and variable preventive replacement cost, system 

availability and system failures over the life cycle of an X-ray system.  

5.3 Simulation model required input data 
The simulation model requires input data on specific parameters in order to run successfully. The 

simulation model tries to replicate the maintenance process of Philips Healthcare. Hereby the model 

requires input data based on how the actual maintenance process operates. As we are replicating a 

closed-loop maintenance cycle we need to have input on: 

 Cost parameters: Corrective Maintenance cost, Preventive Maintenance cost, etc. 

 Process delay parameters: Repair times, Shipment times, etc. 

 Spare Part Management: Stock levels, return flow, etc. 

 Installed Base: Number of systems 

The estimation of these input parameters are all discussed in chapter 7. 
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5.4 Simulation steps 
A schematic overview of the simulation steps is provided in Figure 5.1. 

Hereafter an explanation of the simulation steps is provided. 

At the start of simulation, the model is provided with user input data. The 

input parameters of the simulation model include the number of X-Ray 

systems that will be installed in the field, the type of PCs that are installed 

within the systems, the component details of the PCs and several cost and 

delay parameters that are associated with the maintenance cycle of PCs. 

Based on the number of systems in the model and the type of PCs that are 

part of the simulation, the model will be initialized. Then, based on the 

component details of the PCs for which the simulation model will run, the 

simulation model will generate the first times to failure of all components, 

PCs and systems by drawing random values from the cumulative failure 

distribution. How this works is explained in Appendix B. 

After the first failures of all systems have been generated, the simulation 

model will find which system will actually fail the first and which PC has 

caused the failure. By this event the maintenance process will be triggered. 

The failed PC will be taken out of the system and will be replaced with the PC 

that is first in row of the spare part pool. This will all happen with the delay 

of the expected time to diagnosis, expected to receive spare part and the 

expected time to install new PC, and if necessary if a spare part is not directly 

available with the time of that it took for the next PC to be available 

(backordering time). The system’s next time to failure will be the time of 

replacement plus the time to failure that has been generated for the spare 

part PC. The failed PC will be send back to the repair shop and here the PC 

will be repaired. Dependent on the simulation run, if applicable the 

opportunistic based maintenance policy will be ran to possibly preventively 

replace additional non-failed components.  

When the opportunistic based maintenance policy is activated, the model 

first calculates the expected future cost per time unit of only replacing the 

failed component. The model calculates the expected future cycle cost by 

taking the probability that the system will again before the end of the service 

horizon and multiplies it by the expected cost of repair. Which include the 

cost of wages, shipment and repair setup (as will be later discussed in chapter 

7). The expected cycle length is a little more difficult to calculate using VBA. 

There is no built in function to evaluate integrals, which thus asked for a 

different approach. In Appendix B, we explain how we use Riemann sums to 

calculate the expected cycle length in our simulation model. After the expected cycle length has been 

calculated, the expected future cycle cost of this repair are saved as the minimal cost policy. Then the 

model proceeds and will evaluate whether the preventive replacement of an additional component is 

beneficial. This is done through the heuristic approach as discussed in section 4.6. The model will stop 

when it has found the combination of components that have to be replaced preventively that 

minimizes the expected future cost per time unit. The  

After it has been decided which components of the PC have to be replaced, new failure events for the 

replaced components of the PC will be generated and the PC will be released back into the pool of 

Figure 5. 1:Simulation steps 
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spare parts after the delay of time to repair and transportation. Finally, in the cost and availability 

sheet, the output parameters are updated. 

After these simulation steps have been followed, the simulation model checks whether the end-of-

service time has been passed. If this is not true, the model will start over by searching the next failure 

between all system failures. The simulation steps that have previously been described will be retaken. 

However, if the real time of simulation has passed the end-of-service time, the simulation model is 

stopped and all output is generated and shown on screen.  

5.4 Simulation runs 
The simulation model generate failures of X-Ray systems using random draws from probability density 

functions. Based on the random draws the simulation model makes, output is generated and results 

are given. The variability of the random draws results in variability of the outcome of performance 

measures used in the simulation. Making recommendation and conclusions from a single simulation 

run is therefore inappropriate to do (Chung, 2003). Increasing the number of simulation runs by 

repeating the simulation multiple time increases the available output data. If the number of repetitions 

and outcomes are sufficient, more reliable recommendations and conclusions can be made. Of course, 

the number of simulation could be repeated endlessly, but this would be a waste of computational 

time. The question is to determine the optimal number of simulation runs that will result in an outcome 

within a desired precision.  

Chung (2003) provides guidelines in how to determine the number of simulation run repetitions that 

is necessary. The first step is to run the simulation an initial amount of ten times. From these ten runs, 

it is necessary to determine the mean and the standard deviation. The mean of 𝑛 number of runs can 

be calculated by 𝑋𝑛
̅̅̅̅ =

1

𝑛
∑ 𝑋𝑖

𝑛
𝑖=1  and the standard deviation of these runs by 𝑆𝑛 = √∑ (𝑋𝑖−𝑋𝑛̅̅ ̅̅ )𝑛

𝑖=1
2

𝑛−1
. These 

values have to be used to calculate the standard error of the data. The standard error is expressed as: 

𝑆𝐸 =
𝑆𝑛 ∗ 𝑡

1−
𝛼
2

,𝑛−1

√𝑛
 (4.1) 

Where 𝑡1−
𝛼

2
,𝑛−1 is the t-distribution for 1 −

𝛼

2
 and 𝑛 − 1 degrees of freedom, with 𝛼 as the desired 

confidence interval.  

The standard error will help us calculate the number of simulation runs, as the standard error should 

be relatively small in comparison with the sample mean. The relative precision of simulation is 

expressed as: 

𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑆𝐸

𝑋𝑛
̅̅̅̅

 (4.2) 

Then the optimal number of simulation runs (�̂�) can be calculated by rearranging the parameters such 

that: 

�̂� = (
𝑆𝑛 ∗ 𝑡

1−
𝛼
2

,𝑛−1

𝑋𝑛
̅̅̅̅ ∗ 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

)

2

 (4.3) 

According to Chung (2003), a common used value for the desired relative precision for simulation is 

equal to 10% or 0.10. However, Chung (2003) states that Law and Kelton (2000) have provided 

mathematical proof that for calculating the optimal number of simulation runs with a desired relative 

precision of 0.10, it is better to use a value of 0.09 rather than 0.10. 
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5.5 Computational time 
The computational time is very much affected by the number of failures that occurs during one 

simulation. For the two-component model the computational time of the simulation takes 

approximately 30 seconds for the simulation of the corrective maintenance policy and 460 seconds for 

the opportunistic based maintenance policy.  

Moreover, the number of components influences the speed of the simulation also notably. The 

number of options expands rapidly (as explained in sections 3.5 and 3.6) and even with the heuristic 

in place, the computational time is great. Although, the fact that the computational time of the 

simulation is large this is not too much of a burden. What we are really interested in is the speed by 

which the opportunistic based maintenance decision model makes its calculations for a single case. 

This is because the simulation is used to provide us information on how much cost savings could be 

achieved if the opportunistic based maintenance policy is implemented and if we have information on 

this, it is only the opportunistic based maintenance decision model that would be implemented within 

the repair process. 

5.6 Verification and validation of the simulation model 
Verification of the simulation model is part of the process to determine whether the model is 

implemented correctly into the simulation model. In other word, verification is the process of assessing 

if the model is built correctly (Chung, 2003). Validation of the simulation model is part of the process 

to determine if the correct model is built (Chung, 2003).  

According to Sargant (2005) there are four basic approaches to determine whether a simulation model 

is valid. The first is to let the creator or development team of the simulation model itself decide 

whether the model is valid. Second, the creator of the simulation model could ask the end-user(s) of 

the simulation model to join the development and determine the validity of the model. Thirdly, the 

model’s validity could assessed by a third party who is not involved in either developing or using the 

model in the future. The last approach is using a scoring model, which assesses the validity of the 

simulation model over scores on various categories.  Unfortunately each of these approaches has its 

limitations.  

Among the validation techniques discussed in Sargant (2005) we found Animation and Visual Checks, 

and assessing the simulation model by comparing results generated by the simulation model with 

analytically derived results. The reason to build a simulation model in this research was because it was 

too complex to derive analytical results. However, in order to verify the correctness of the simulation 

model, we could use some sets of values for the input parameters, for which it will be easy to obtain 

the analytical results. We have chosen to verify our simulation with a simple case. See Appendix XXX 

for the validation of the simulation model under deterministic failing components. 

Animation and Visual Checks are described as visualizing what is happening. Animation may include 

graphically showing a part moving from one location to another location in the model. Visual Checks 

include stepping step by step through the model events in the model. Animation may be a bit too much 

for our model, but visual checks should be executed to validate our model. The simulation model is 

written in VBA from scratch, meaning that every line of code and every event is written by hand. We 

ran the model hundreds of times while developing and usually developing parts of the process module 

by module. Every module has been run multiple time step by step and the complete final model has 

also been simulated step by step. Thereby we conclude that the simulation model is the correct 

replication of the conceptual closed-loop maintenance policy.  
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6. Simulation results of the application of the opportunistic based 

replacement policy 
In chapter 4, we made several hypothetical statements about the behaviour of the opportunistic based 

maintenance strategy and the results we would expect to achieve when applying an opportunistic 

based maintenance strategy. In this chapter, we show the results of the application of the 

opportunistic based maintenance strategy and compare these with our hypotheses.  

6.1 Input parameters for the application of the opportunistic based replacement policy 

in two-component systems 
To run our simulation model we need to use some base parameters. The base parameters in this 

section are randomly selected to test the application of the policy on two-component systems. We 

used the following parameter settings to run our simulation: 

GENERAL PARAMETERS   

NUMBER OF SYSTEMS IN THE FIELD  100  

NUMBER OF REPAIRABLE SUBSYSTEMS PER SYSTEM 1  

NUMBER OF SUBSYSTEMS AS SPARE PARTS IN STOCK 12  

NUMBER OF COMPONENTS IN SUBSYSTEM SUBJECT 
TO FAILURE 

2  

   

LENGTH OF THE SERVICE HORIZON  12 years 

NUMBER OF WORKING DAYS IN ONE YEAR  250 days 

NUMBER OF WORKING HOURS IN ONE DAY 10 hours 

   

COMPONENT PARAMETERS   

COMPONENT 1   

EXPONENTIAL DISTRIBUTION FUNCTION 0.05 Failures 
per year 
(𝜆) 

COST OF CORRECTIVE REPLACEMENT AT REPAIR SHOP 700 Euros 

COST OF PREVENTIVE REPLACEMENT AT REPAIR SHOP 400 Euros 

   

COMPONENT 2   

WEIBULL DISTRIBUTION FUNCTION 2.42 Shape 
parameter 
𝛽 

 5.43 Scale 
parameter 
𝜂 

COST OF CORRECTIVE REPLACEMENT AT REPAIR SHOP 700 Euros 

COST OF PREVENTIVE REPLACEMENT AT REPAIR SHOP 250 Euros 

   

PROCESS DELAY PARAMETERS   

ESTIMATED TIME TO DIAGNOSE PROBLEM 4 hours 

ESTIMATED TIME FOR SPARE PART TO ARRIVE AFTER 
ORDER 

5 days 

ESTIMATED TIME TO REPLACE AND INSTALL 
SUBSYSTEM 

10 hours 
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ESTIMATED TIME TO REPAIR SUBSYSTEM AFTER 
FAILURE 

60 days 

   
COST PARAMETERS   

HOURLY WAGE FIELD SERVICE ENGINEER 100 Euros 

SHIPMENT COST  300 Euros 

TOTAL CORRECTIVE MAINTENANCE COST* 2400 Euros 

*€100 X 14 HOURS + €300 + €700   

As can be noted from the input parameters, the two-component systems consists of one component 

with a constant failure rate and one component with an increasing failure rate. As the opportunistic 

based maintenance policy is used, only component 2 could be preventively replaced after a subsystem 

is send to the repair shop due to a failure of component 1. 

6.2 Simulated results of the application of the opportunistic based replacement policy 

in two-component systems 
To test the hypotheses we are made in chapter 4, we are very much interested in varying some of the 

input parameters.  In this section we will discuss the results per hypothesis and explain which input 

parameter we varied. For all of the other input parameters applies that we use the settings as 

presented in section 6.1. 

6.2.1 Hypothesis 1 
The percentage cost savings of the opportunistic based replacement model compared with a 

corrective maintenance policy increase when fixed corrective replacement cost increase. 

To test hypothesis 1, we have varied the corrective maintenance cost to replace component 2 upon 

failure. The fixed repair cost are a combination of labour wages, shipments and a repair fee. In our 

simulation model, we only varied the repair fees for component 2, as changing the labour wages or 

shipment cost would also influence the corrective maintenance cost of component 1. The simulation 

results are in presented in Appendix E. As we can see in the table in Appendix E, the relative cost 

savings expressed in the percentage cost savings of the opportunistic based replacement policy over 

the corrective replacement policy indeed increases when the corrective replacement cost increase.  

6.2.2 Hypothesis 2  
The percentage cost savings of the opportunistic based replacement policy compared with a pure 

corrective replacement policy will decrease when the preventive replacement cost increase. 

To test hypothesis 2, we have varied the preventive replacement cost. As we have learned, the 

preventive replacement cost are a combination of component prices and if applicable additional labour 

wages. In our simulation model, we varied the total preventive replacement cost between 1 Euro and 

700 Euros. The simulation results are presented in Appendix F. The simulation results indeed verifies 

the hypothesis that when the preventive replacement cost increase, the relative cost savings decrease. 

The simulation reveals that when the preventive replacement cost increase, the number of preventive 

replacements decrease. In example, when the preventive replacement cost were only 1 Euro, every 

opportunity moment was used to preventively replace a component. When the preventive 

replacement cost were 700 Euros approximately 75% of the opportunistic moments are used to 

preventively replace a component. Two things here lead to a decrease in cost savings when the 

preventive maintenance cost increase: (1) less opportunity moments are used for preventive 

replacements and (2) the times when preventive replacement is executed the price is higher. 
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6.2.3 Hypothesis 3  
The percentage cost savings of an opportunistic based maintenance policy compared with a 

corrective maintenance policy are parabola over a changing reliability of a component with a 

constant failure rate in a two component system. 

To test the hypothesis, we varied the constant failure rate of component 1 between 1% and 75% per 

year. The simulation results are in presented in Appendix G. The simulation results, confirm what we 

hypothesized. When the reliability of the exponential component is high (thus 𝜆 is low at 1% 

failures/year), the relative cost savings are low. Yet, when the reliability is very low (75% failures/year) 

the average cost savings are also low. In between, the effect of the component reliability indeed shows 

a parabola pattern, due to the reasons described in section 4.4. 

6.2.4 Hypothesis 4  
The percentage cost savings of an opportunistic based replacement policy compared with a 

corrective replacement policy are expected to decrease when the reliability of the component with 

the increasing failure rate becomes higher. 

Hypothesis 4 states that if the Weibull component will have an increased reliability, the relative cost 

savings of the opportunistic based replacement policy will be less than if the reliability is low. By varying 

the reliability of the Weibull component in the simulation model, while leaving all other parameters 

constant, we could verify the correctness of the hypothesis. The results of the simulation are presented 

in the table in Appendix H. As we see the component reliability increase, the relative cost savings of 

implementing the opportunistic based replacement policy first increase and after a certain point they 

start decreasing. The fact is, if the component reliability is really low, then so many failures will occur, 

even opportunistic replacements will not have a big effect on the total maintenance cost anymore. 

Thus, the reliability of component 2 has approximately a parabola effect on the percentage cost 

savings, just like the reliability of component 1. Hypothesis 4 is hereby rejected. 

6.2.5 Hypothesis 5  
When the total service horizon, covers a relatively short time period, the opportunistic based 

maintenance policy will achieve little cost savings over a corrective maintenance policy. However, 

when the service horizon increases, the cost savings of the opportunity based maintenance policy 

will initially increase, but after a certain service horizon the cost savings will stabilize.   

In appendix I, the results are shown of the execution of the simulation model with varying service 
lengths. As the first 4 results verify, when the service horizon is small, the opportunistic based 
maintenance policy will achieve little cost savings. In fact, when the service horizon is only 1 or 2 years 
for the given parameter settings, even no preventive replacement is executed at all. This conclusion 
also implies that when the reliability of a component is extremely high with respect to the service 
length, relatively few to no preventive replacements are executed (aligned with our findings in section 
6.2.4). When the service horizon is becoming very long, we indeed see that the increase in percentage 
cost savings of the policy comes to a halt. In the long run, the cost savings of the opportunistic based 
replacement policy will vary somewhere between 4 and 8 percent. 
 

6.3 Simulated results of the application of the opportunistic based replacement policy 

in multi-component (𝑛 > 2) systems 
The expected results of the application of the opportunistic based replacement policy on multi-

component (𝑛 > 2) systems are more complex. However, we hypothesized that the percentage cost 

savings of the opportunistic based replacement model compared to a corrective based replacement 

model will increase with the number of components with an increasing failure rate increasing.  
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To test the hypothesis, we have at random created systems with multiple components that fail 

according to an increasing failure rate. In Appendix J, the results indicate that indeed when it comes 

to multi-components systems the cost savings are much higher than when a system only has one 

component failing according to a Weibull distribution. In the remainder of this section some more 

insights are provided in how we came to the results of Appendix J. 

First we start by describing the input parameters we used for the different multi-component systems. 

As a start, we extended the two-component system into a three-component system by adding an extra 

Weibull distributed component 3.  

Component 
Number ID 

Component 
Failure 
Distribution 

Component 
TTF 
Parameter 1 

Component 
TTF 
Parameter 2 

Component 
Price 

Repair 
Setup Cost 

  𝛽 𝜂 € € 

Component 1 Exponential 0.03 2.52 400.00 700.00 

Component 2 Weibull 5.43 2.52 250.00 700.00 

Component 3 Weibull 12 2.52 120.00 700.00 
Table 6. 1: Component input information 

As could be seen in Appendix J, now that the system consist of two components, the percentage cost 

savings of the opportunistic model rises very quickly compared to the two component model. This 

could be explained because many more preventive replacement actions have been executed, which 

caused more than 25% decrease in corrective failures.  

 Corrective Replacement Policy  

Component Name Component 1 Component 2 Component 3 Total 

#times Cause of 
Failure 

26 190 86 302 

#times 
Opportunisticly 
Replaced 

0 0 0 0 

 Opportunistic Based Replacement policy  

Component Name Component 1 Component 2 Component 3 Total 

#times Cause of 
Failure 

34 178 15 227 

#times 
Opportunisticly 
Replaced 

0 47 192 239 

Table 6. 2: Component replacement statistics of the 3-component system simulation 

Hereafter, we want to increase the number of components in a system to further check the hypothesis. 

For each simulation in Appendix J, we extended the system with one-component. In the table below 

all components that were added to the simulation are given. To be clear, the simulation with the four-

component system, consisted of the first four components, the simulation with the five-component 

system, consisted of the first five components, etcetera. 

Component 
Number ID 

Component 
Failure 
Distribution 

Component 
TTF 
Parameter 1 

Component 
TTF 
Parameter 2 

Component 
Price 

Repair 
Setup Cost 

  𝛽 𝜂 € € 

Component 1 Exponential 0.03 2.52 400.00 700.00 
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Component 2 Weibull 5.43 2.52 250.00 700.00 

Component 3 Weibull 12 2.52 120.00 700.00 

Component 4 Weibull 25 2.52 1.00 700.00 

Component 5 Weibull 15 1.5 80.00 700.00 

Component 6 Weibull 25 1.5 70.00 700.00 

Component 7 Weibull 6 4 30.00 700.00 

Table 6. 3: Component input information for multi-component system simulations 

Although the number of components vary from one system to the other, the conclusions for all systems 

are generalizable. With each component is added, the total system reliability is getting worse. Under 

a corrective replacement policy this simply means the expected maintenance cost will rise. For the 

other components, the preventive maintenance cost are relatively low (< €250) to the corrective 

replacement cost (€2400). Even when we take all Weibull distributed components together, the 

replacement cost are only €551, far less than the corrective replacement cost. This means that at every 

failure, almost every time all Weibull components are preventively replaced. See for instance the 

number of replacements in the 7 component simulation in tables 6.4 and 6.5 below. 

Corrective Replacement Policy  

Component 
Name 

Compon
ent 1 

Compon
ent 2 

Compon
ent 3 

Compon
ent 4 

Compon
ent 5 

Compon
ent 6 

Compon
ent 7 

Total 

#times Cause of 
Failure 

34 182 67 18 50 30 165 546 

#times 
Opportunisticly 
Replaced 

0 0 0 0 0 0 0 0 

Table 6. 4: Total component replacements under a corrective replacement policy 

Opportunistic replacement Policy   

Component 
Name 

Compon
ent 1 

Compon
ent 2 

Compon
ent 3 

Compon
ent 4 

Compon
ent 5 

Compon
ent 6 

Compo
nent 7 

Total 

#times Cause of 
Failure 

23 133 22 3 23 18 66 288 

#times 
Opportunisticly 
Replaced 

0 146 228 275 234 166 215 1264 

Table 6. 5: total component replacements under an opportunistic based replacement policy 

Although the conclusion is an intuitive one, if the systems reliability decreases and the number of 

components increases, the opportunistic replacement policy will increasingly perform better than a 

corrective replacement policy.  

Until now we assumed that preventive replacement of components only comes at a cost of the 

component price. This received no surprising results. What will be interesting to investigate is what 

will happen with the model, if the repair shop would ask additional labour wages per preventive 

replacement. In order to do so, we completely copy the setting of the 7 component system, but this 

time the preventive replacement of each component is charged with an additional €500. Thus, if two 

components are preventively replaced it will cost €1000. The economic results of this simulation are 

in table 6.6 and the component replacements are in table 6.7.  
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Number of 
components  

Number of 
simulation 

runs 

Total cost of 
simulation 
using a CM 

policy 

Total cost of 
simulation 
using the 

OBM policy 

Absolute 
cost savings 
of the OBM 

policy versus  
a CM policy 

Percentage Cost Savings OBM model 
over CM Model 

Average 
Availability 
Uplift, OBM 
model over 
CM Model 

𝑵 𝑛 € € € 
(𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙 –  𝐶𝑜𝑠𝑡 𝑂𝐵𝑀 𝑀𝑜𝑑𝑒𝑙)

𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙
 

Availability 
OBM Model – 

Availability 
CM Model 

7 10 1,317,600 1,199,891 117,709 9.81 % 0.54 % 

Table 6. 6: Cost comparison of the simulation 

Opportunistic replacement Policy   

Component 
Name 

Compon
ent 1 

Compon
ent 2 

Compon
ent 3 

Compon
ent 4 

Compon
ent 5 

Compon
ent 6 

Compo
nent 7 

Total 

#times Cause of 
Failure 

41 120 36 17 50 21 81 366 

#times 
Opportunisticly 
Replaced 

0 213 105 1 1 0 252 572 

Table 6. 7: Information on component replacement 

As expected, the opportunistic based replacement policy now has less cost savings than in the previous 

simulation without extra preventive replacement cost. Yet, the most interesting results we can gain by 

looking at the preventive component replacements. Now that we have extra preventive component 

replacement cost, we see that there is a large difference between which component is preventively 

replaced and which is not. Component 7 and 2 are replaced at many opportunity moments, followed 

by component 3. Components 4, 5 and 6 are now practically not preventively replaced anymore. If we 

take a look back at table 6.3, we see that components 7, 2 and 3 have the worst reliability functions. 

Therefore we may conclude that in this specific case, the component reliability has a larger influence 

on the preventive replacement of a component than the preventive cost parameters. This may be 

explained because the preventive maintenance cost still lie very close to each other (they vary between 

€501 and €750).   
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7. Case study Philips Healthcare 
It should be noted that all numbers, tables and figures in this chapter are modified for confidentiality 

reasons. None represent the real cost and time delay of Philips Healthcare. 

The opportunistic based replacement policy that has been developed in chapter 3, could be applied on 

various cases where structural component dependency plays a part. In this chapter, we will apply the 

model in a case study for Philips Healthcare.  

 

For Philips Healthcare we conduct a case study by applying the opportunistic based maintenance policy 

on the maintenance of PCs as part of the maintenance process of interventional X-Ray systems. As 

discussed in the introduction of this research, PCs are repairable subsystems that control the 

interventional X-Ray systems. Interventional X-Ray systems contain various PCs, but in this research 

we limit ourselves to the maintenance of the Host PC and IP PC. There are two types of X-Ray systems, 

the monoplane systems and the biplane system. Monoplane systems contain exactly one Host PC and 

one IP PC, Biplane systems contain one Host PC and two IP PCs. Furthermore, the IP PCs used in both 

systems are similar, but the Host PCs in both systems are slightly different. The decomposition of the 

different PCs are given in table 7.1. 

Host PC type 1 Host PC type 2 IP PC 

Component A Component A Component A 

Component B Component B 2x Component B 

Component C 2x Component C 2x Component C 

Component D Component D Component D 

Component E Component E Component E 

Component F Component F Component F 

3x Component G 3x Component G 6x Component G 

Component H Component H  

Component I 2x Component I 2x Component I 

Component J Component J 3x Component J 

Component K Component K Component K 

Component L Component L Component L 

Component M Component M Component M 
Table 7.8: Decomposition of server PCs 

For the components in the PC applies that they are structurally dependent, such that repair if either of 

these components fail, the complete PC needs to be sent to the repair shop. When a failed PC arrives 

in the repair shop, the opportunistic based replacement policy could be applied to evaluate if it will be 

beneficial to replace any of the non-failed components in addition to the component that led to the 

PC failure.  

 

Now we would like to recall from chapter 3 that the opportunistic based replacement policy aims to 

optimize its decision to preventively replace a component by comparing the expected cost per unit 

time of replacing additional components with the expected cost per unit time of not replacing the 

component. The expected cost per time unit for both situations are derived by dividing the cycle cost 

with the cycle length. At an opportunistic maintenance moment, the best solution is to choose the 

option that results in the lowest cost per time unit. To apply the opportunistic based replacement 

policy for this Philips Healthcare case study, we need to find the correct input data for our model. In 

the remainder of this chapter we will discuss the input data of Philips Healthcare with respect to the 
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Expected Future Cycle Cost (7.1), Expected Cycle Length (7.2), Process Delays (7.3), System Availability 

(7.4) and Spare Part Management (7.5). 

7.1 Expected Future Cycle Cost 
From equation (3.21) we learned that the future cost spend between two failures are all related to the 

repair of the next failure at the end of the cycle. Under a corrective based maintenance policy, the cost 

would include only “fixed setup cost”. These setup cost, however, include multiple cost aspects of the 

repair cycle a failed PC walks through. This will be explained in more detail in section 7.1.1 and the 

sections following. Under an opportunistic based maintenance policy besides the setup cost, we also 

find variable cost related to the preventive replacement of non-failed components, those will be 

explained in section 7.1.2. In the coming sections we will give detail to the input parameters that 

eventually will determine if opportunistic replacement of PC components is beneficial.  

 

Note: In calculating the expected future cycle cost, a great part of the cost is dependent on the 

probability that the system will fail before the end of the horizon. This probability is dependent on the 

component reliability functions. These are not discussed in this section, but in section 7.2.  

7.1.1 Setup Cost 
It should be noted that all numbers, tables and figures in this chapter are modified for confidentiality 

reasons. None represent the real cost and time delay of Philips Healthcare. 

The setup cost of maintenance in the case of Philips Healthcare, contains a broad set of cost. The 

maintenance process follows a sequence of steps which all have some specific cost. When a failure 

occurs, the following maintenance activities are triggered: 

(i) Diagnosis of failure: when a failure occurs, a field service engineer is send to diagnose the 

cause of failure.  

(ii) Shipment of spare part: when the cause of failure has been found, a spare PC is ordered 

for the failed PC. 

(iii) Replacement of PCs: when the spare PC arrives, the failed PC is replaced by the spare PC. 

(iv) Shipment of failed part: the failed PC is sent to the repair shop. 

(v) Repair: The failed PC is repaired by replacing the failed component inside the PC box. 

(vi) Shipment of repaired part: the repaired PC is shipped back to Philips to be a spare part for 

another failure. 

We can group activities (i) and (iii) as maintenance service visit activities, activities (ii), (iv) and (vi) are 

shipment activities and (v) is a repair activity. Below we will for each of these groups discuss the related 

costs. 

7.1.1.1 Maintenance service visit costs 
The maintenance service visit cost for server PCs are solely activated by failures and the cost are 

determined by the related labour actions that are taken by Field Service Engineers (FSEs). The cost of 

a diagnostic service visit are determined by a FSE travelling to a customer and diagnosing the problem. 

Both actions require wage costs of the FSE. The cost of a diagnostic service can be calculated by: 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝐷𝑖𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑉𝑖𝑠𝑖𝑡 = (𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒 + 𝑇𝑖𝑚𝑒 𝑡𝑜 𝐷𝑖𝑎𝑔𝑛𝑜𝑠𝑒) ∗ 𝐹𝑆𝐸 𝑊𝑎𝑔𝑒 (7.1) 

Similarly, the cost of replacing a failed PC on site come at the cost of the wages of a FSE again. The 

actual time a FSE is busy with replacing a PC is the sum of the time he spends on traveling to the 

customer, the time it takes to replace and install the new PC for the failed PC.  
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𝐶𝑜𝑠𝑡 𝑜𝑓 𝑃𝐶 𝑅𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑉𝑖𝑠𝑖𝑡

= (𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒 + 𝑇𝑖𝑚𝑒 𝑡𝑜 𝑅𝑒𝑝𝑙𝑎𝑐𝑒 𝑎𝑛𝑑 𝐼𝑛𝑠𝑡𝑎𝑙𝑙 𝑃𝐶) ∗ 𝐹𝑆𝐸 𝑊𝑎𝑔𝑒 
(7.2) 

The travel time for a FSE from its base location to a customer will differ from one hospital to another. 

Some FSEs are situated on a hospitals site, whereas some hospitals are located a little isolated from 

the nearest FSE. Similarly, the wage of a FSE is partly determined by regional influences, i.e. an 

European FSE has a higher pay wage than an Asian FSE. It would be valuable to include the different 

distances and wage cost within the Expected Cost Cycle of the Opportunistic Maintenance Decision 

Model if it is predetermined whether a PC is destined for a particular customer. However, given the 

behaviour of the PC cycle, it is unknown which hospital will need the next PC from stock. Therefore, as 

an input for the OMD model the cost of a diagnostic service visit and the cost of a PC replacement visit 

needs to be estimated and should be used as an expected value.  

7.1.1.1.1 Wages 
Installed base data and historic repair data, downloaded from the AsShipped and FieldDataView 

databases of Philips Healthcare include information on cost spend on corrective maintenance actions, 

travel times, customer locations and system types. The information we have used for this research are 

the information on the installed base and repair data of all interventional X-Ray systems that were 

equipped with Nehalem, Nehalem Rev I or Nehalem Rev II PCs. The collected data contains information 

on maintenance actions executed between 2011 and the beginning of 2015. The installed base of 

systems, which were indicated to be in operations, totalled 3674 systems located in 24 different 

countries. By far the most systems have been installed in the United States of America, 1297 in total. 

The failures that were traced as PC failures included 2407 failures, of which not all information related 

to these failures is always complete.  

From the failure information, we found a way to trace the Field Service Engineer’s hourly wages. In the 

information sheet hours spend on travelling and corrective maintenance is reported as well as the 

travel expenses and the cost related to the corrective maintenance. These expenses were founded to 

be one-on-one related to the FSE’s workhours. Thus, by dividing the expenses by the hours spend on 

corrective maintenance and/or his travel time, we find the hourly wage of the FSE. It has been found 

that there were 2231 lines of data for which we could trace the hourly wage. It turned out that there 

is a large spread in wages paid across the PC replacement cases. In Figure 7.1 we find the hourly wage 

on the X-axis and on the Y-axis we find the number of times it appeared in the records. The average 

the FSE wage per hour we found is approximately equal to $60 per hour, but there is a large spread.  

 

           Figure 7.1: Hourly wage of Field Service Engineers reported in the FieldDataView database 
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To find out whether the $60 dollar per hour is a good indication of FSE wages in our simulation, we 

have made 5 wages groups: low wage countries (<30$/hour), moderately low wage countries (30-

48$/hour), average wage countries (48-60$/hour), moderately high wage countries (60-78$/hour), and 

high wage countries (>78$/hour). We found out that we could relate the following countries to the 

following groups: 

 High wage countries: Japan, Norway, Sweden, Denmark, Australia, New Zealand 

 Moderate high wage countries: USA, Germany, Netherlands, UK, Switzerland, Austria, 

Belgium, Canada and Ireland, France, Russia and Spain 

 Average wage countries: Brazil, Italy, Singapore, Thailand 

 Moderate low wage countries: China, Hong Kong, Mexico, South Korea, and Taiwan 

 Low wage countries: India, Indonesia, Malaysia, Philippines 

Then we looked at the number of failures that were reported in each of the wage groups and the 

percentage of failures that occurred in each wage group. Second, we looked at the total installed base 

and their location. In table 7.2 we see the reported failures and in table 7.3 we see the installed base 

numbers. As can be seen the percentages of failures in each of the groups is approximately equal 

distributed to the number of systems in the installed base. In the future we might thus suspect that 

the average executed maintenance hours among the various wage groups will remain equally 

distributed. Thereby the hourly wage can be predicted by taking the average of $60 per hour as the 

wages will be different among countries, but this also levels itself due to the spread of the installed 

base. Moreover, internally Philips Healthcare also works with an average wage of $60 per hour to 

calculate other models. 
 

 Number of 
failures per 
wage group 

Percentage of 
failures in 
wage group 

Low Wage 
Countries 

182 8% 

Moderate Low 
Wage 

541 24% 

Average Wage 
Countries 

119 5% 

Moderate High 
Wage Countries 

1235 55% 

High Wage 
Countries 

154 7% 

Total Failures 
reported 

2231 100% 

 

 Number of 
systems in 
Installed 
Base 

Percentage of 
installed base in 
wage group 

Low Wage 
Countries 

287 8% 

Moderate Low 
Wage 

730 20% 

Average Wage 
Countries 

191 5% 

Moderate High 
Wage Countries 

1977 54% 

High Wage 
Countries 

489 13% 

Total installed 
base 

3674 100% 

Table 7.9: Occurence of Failures in specific wage countries Table 7.10: Installed Base size of systems in specific wage countries 

7.1.1.1.2 Travel Time 
Time spent on travelling has also been reported in the FieldDataView database. It has been found that 

the total travel time for a field service engineer (FSE) to a hospital where a failure has occurred, varies 

between 0 minutes and 32.5 hours. However, it also had been reported that some failures led to 

multiple maintenance visits. Therefore, to calculate the expected time to travel from the base location 

to the hospital, we divide the total travel time by the number of maintenance visits. After we did do 

that, the travel time varied between 0 minutes and 19.5 hours1. In total, we could collect 1630 lines of 

data in the database for which the travel time of the FSE was reported and related to the replacement 

                                                           
1 Some hospitals have field service engineers located on site, these explain the short travelling times.  
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of PCs. To include travel time in our model, we want to understand something about the expected 

travel time and future travel times of FSEs. In order to find this out, we try to match the observed data 

with a known distribution. If there is a known distribution that will fit our observed data well, we can 

use this distribution in order to predict future travel time. In Appendix D of this research paper, there 

is a detailed explanation of how distributions can be fitted to observed datasets using the Least Square 

Method.  

As discussed in this appendix, two distributions are most likely to fit the data collected by Philips 

Healthcare: the Weibull distribution and the exponential distribution. The Weibull distribution that 

fitted best in our case had a shape parameter 𝛽 of 0.91 and a scale parameter 𝜂 of 1.64. The fit of the 

Weibull distribution to the observed data resulted in a 𝑅2-value of 0.9397, which is quite good in 

general. However, the exponential distribution that fitted best, had a 𝜆-value of 0.58 and the goodness 

of fit of the model resulted in a 𝑅2-value of 0.9768.In figure 7.2 we see the estimated Weibull and 

Exponential distribution and the observed data.  

 

Figure 7.2:Distribution of the Travel Time of Field Service Engineers 

7.1.1.1.3 Diagnostic time 
The time spent by a FSE on diagnosing a failure has not been reported in the database. Based on the 

experience of Philips Healthcare specialist it is estimated that diagnosing the failure will take 

approximately two hours.  

7.1.1.1.4 Time spent on corrective maintenance  
The time spent on corrective maintenance activities includes the physical replacement of PCs and the 

(re-)installation of the PCs after replacement. A suggestion that has been made and could possibly be 

verified with the information from the databases, is that according to Philips specialists the installation 

of a Host PC will take more time than an IP PC. Therefore, we will look at the time spent on corrective 

maintenance separately for the two types of PCs.  

For Host PCs, 784 lines of data have been reported in the data set of the FieldDataView database. On 

these data points, we have conducted the Least Squares Method (see Appendix D) to test whether an 

exponential or a Weibull distribution would fit the dataset. In figure 7.3 there is a graphical overview 

of the fitted distributions. We found that the Weibull distribution matches the dataset and the 

exponential distribution did not. The shape parameter 𝛽 that fitted best has been found to have a 
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value of 1.73 and the scale parameter 𝜂 a value of 8.61. The fit of the Weibull distribution to the 

observed data resulted in a 𝑅2-value of 0.9852. If we look at the graphical plot of the observed data 

versus the estimated Weibull distribution there seems a very good fit between the two.  

 

Figure 7.3: Distribution of the Time to Replace a Host PC 

For IP PCs, we could trace 747 lines of data in the data set that can been related to the replacement of 

an failed IP PC with a spare part. However, in many of these reported data lines, an IP PC was replaced 

together with a Host PC. In these cases it is expected that the installation time of the Host PC is leading 

in the determination of the failure. By excluding cases where an IP PC and a Host PC are replaced 

together, we remain with 294 lined of data in our set, which are solely related to the replacement and 

installation of an IP PC. Conducting the similar Least Squares Method (see Appendix D) as we did for 

the Host PC, we found that the Weibull distribution matches the data set and the exponential 

distribution did not. For the parameter estimations of the Weibull distribution, we found a value 1.70 

for the shape parameter 𝛽 and a value of 7.80 for the scale parameter 𝜂. The fit of the Weibull 

distribution to the observed data resulted in a 𝑅2-value of 0.9747. The graphs in figure 7.4 also give an 

indication that the estimated Weibull distribution seems to fit well. 

 

Figure 7.4:Distribution of the Time to Replace an IP PC 
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7.1.1.1.5 The expected maintenance visit cost 
Recalling equations (7.1) and (7.2) as derived in paragraph 7.1.1.1, we can now derive the expected 

value for the maintenance visit costs. The expected maintenance visit cost will then be: 

𝐸[𝐶𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐] = (𝑇𝑡𝑟𝑎𝑣𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅ + 𝑇𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑠

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) ∗ �̅� (7.3) 

𝐸[𝐶𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡] = (𝑇𝑡𝑟𝑎𝑣𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅ + 𝑇𝐶𝑀

̅̅ ̅̅ ̅) ∗ �̅� (7.4) 

Because installation and replacement times have been found different for Host PCs and IP PCs, we will 

look at the expected maintenance visit cost related to the replacement of PCs differently for Host PCs 

and IP PCs, but the diagnostic visit is treated the same for both type of PCs. 

First for the expected cost of a diagnostic service visit, we find the following values: 

𝑇𝑡𝑟𝑎𝑣𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅ =

1

𝜆
= 1.72 ℎ𝑜𝑢𝑟𝑠 

 

𝑇𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑠
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = 2 ℎ𝑜𝑢𝑟𝑠  

�̅� = $60/ℎ𝑟  

𝐸[𝐶𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐] = (1,72 + 2) ∗ $60 = $223.20  

 

For the expected cost of a service visit where a Host PC is replaced, we find the following values: 

𝑇𝑡𝑟𝑎𝑣𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅ = 1.72 ℎ𝑜𝑢𝑟𝑠  

𝑇𝐶𝑀,𝐻𝑜𝑠𝑡 𝑃𝐶
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = 𝜂 ∗ Γ (1 +

1

𝛽
) = η ∗ ∫ 𝑒−𝑥𝑥

1
𝛽𝑑𝑥

∞

0

= 7.68 ℎ𝑜𝑢𝑟𝑠 
 

�̅� = $60/ℎ𝑟  

𝐸[𝐶𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡.𝐻𝑜𝑠𝑡 𝑃𝐶] = (1.72 + 7.68) ∗ $60 = $564  

 

Finally, for the expected cost of a service visit where an IP PC is replaced, we find the following values: 

𝑇𝑡𝑟𝑎𝑣𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅ = 1.72 ℎ𝑜𝑢𝑟𝑠  

𝑇𝐶𝑀,𝐼𝑃 𝑃𝐶
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ = 7.07 ℎ𝑜𝑢𝑟𝑠  

�̅� = $60/ℎ𝑟  

𝐸[𝐶𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡.𝐼𝑃 𝑃𝐶] = (1.72 + 7.07) ∗ $60 = $467.40  

 

7.1.1.2 Repair Costs 
Philips Healthcare uses the term repair cost to refer to the fee Philips has to pay to the third party to 

restore a PC in working conditions. Philips Healthcare and their partner responsible for repairing PCs 

have agreed upon the payment of a flat fee when it comes to restoring failed PCs. This flat fee 

agreement entails that, independent of the cause of failure, a fixed fee that is paid to restore the PC in 

a working state. In general this means that if any component inside the PC could cause a complete PC 

shutdown, the same flat fee is paid when an expensive component will have to be replaced as when a 



46 
 

cheap component would have. The flat fee that both parties have agreed upon is at a cost of $420 per 

repair for Philips Healthcare.  

𝐶𝑟𝑒𝑝𝑎𝑖𝑟 = 𝐶𝑜𝑠𝑡 𝑜𝑓 𝑓𝑙𝑎𝑡 𝑓𝑒𝑒 (7.5) 

Because of the flat fee agreement, the expected cost of a repair action are thus easily evaluated by: 

𝐸[𝐶𝑟𝑒𝑝𝑎𝑖𝑟] = $420  

7.1.1.3 Shipment Costs 
No information on the logistical or shipping cost of moving PCs from one location to another has been 

provided in either of the databases. However, through other sources within Philips Healthcare it has 

been estimated that with shipping a PCs from a warehouse to the customer the shipment costs are 

predicted to average $66 per shipment. These cost include taking the PC out of the warehouse (i.e. 

wages) and sending the PC to the right location (i.e. logistic costs). The cost of shipment are then 

expressed by: 

𝑆ℎ𝑖𝑝𝑚𝑒𝑛𝑡 𝐶𝑜𝑠𝑡𝑠 = 𝐶𝑜𝑠𝑡 𝑜𝑓 𝑆ℎ𝑖𝑝𝑚𝑒𝑛𝑡 ∗ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡𝑠 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑒𝑑 𝑏𝑦 𝑃𝐶 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 (7.6) 

To estimate the expected shipment cost, we thus need to know the number of PC shipments that are 

triggered with every PC failure. If we evaluate the repair cycle, we find that every failure triggers three 

shipment events. The first event is the shipment of a spare part PC from the warehouse to the 

customer, the second event is the shipment of a failed PC stream upwards to the repair shop and the 

third event is the shipment of a repaired PC from the repair shop to the warehouse. The expected 

shipment are then expressed by: 

𝐸[𝐶𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡] = $66 ∗ 3 = $198  

7.1.1.4 Expected Setup Cost 
The total setup cost of the maintenance actions triggered by a failed PC are the sum of cost related to 

the maintenance visits, repair actions and shipment of PCs. The expected setup cost can thus be 

derived by: 

𝐸[𝐶𝑆𝑒𝑡𝑢𝑝] = 𝐸[𝐶𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐] + 𝐸[𝐶𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡] + 𝐸[𝐶𝑟𝑒𝑝𝑎𝑖𝑟] +  𝐸[𝐶𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡] (7.7) 

For Host PCs, the expected setup cost are thus: 

𝐸[𝐶𝑆𝑒𝑡𝑢𝑝,𝐻𝑜𝑠𝑡 𝑃𝐶] = $223.20 + $564 + $420 +  $198 = $1407.20  

For IP PCs, the expected setup cost are: 

𝐸[𝐶𝑆𝑒𝑡𝑢𝑝,𝐼𝑃 𝑃𝐶] = $223.20 + $467.40 + $420 +  $198 = $1308.60  

7.1.2 Variable Opportunistic Component Replacement Cost 
If Philips Healthcare wants the third party to replace one or multiple non-failed components by new 

components, Philips Healthcare needs to pay to third party for this replacement action. The cost 

related to the opportunistic replacement are variable and dependent in the outcome of the 

opportunistic based replacement model. The cost of preventive replacement at an opportunistic 

moment will only be allocated if the opportunistic moment is used to replace components 

preventively.  

If the opportunistic moment is used to execute replacement actions, the cost of these actions include 

the component cost price of the components that are preventively replaced and also the cost of any 
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additional amount of time it takes to replace these components. There is no extra setup cost involved, 

as there is common agreement that the setup cost of restoring the failed component is shared with 

the setup of replacing additional non-failed component (which is included in the $420 flat fee 

agreement). 

The cost of an opportunistic replacement action of one component can then expressed by the 

following formula: 

𝑃𝑟𝑒𝑣𝑒𝑛𝑡𝑖𝑣𝑒 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑐𝑜𝑠𝑡 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖

=  𝐶𝑜𝑠𝑡 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 + 𝑇𝑖𝑚𝑒 𝑠𝑝𝑒𝑛𝑡 𝑜𝑛 𝑝𝑟𝑒𝑣𝑒𝑛𝑡𝑖𝑣𝑒 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖

∗ 𝑤𝑎𝑔𝑒 
(7.8) 

If multiple components are preventively replaced, the preventive replacement cost will be the sum of 

the preventive replacement cost of all replaced components. In order to derive the opportunistic costs, 

we thus need to know all component prices and some information on the time it would take to 

additionally replace one or more components. 

7.1.2.1 Component Cost Prices 
The breakdown structure of PCs was given in table 7.1. For each of these components we have 

obtained the component prices. In the table 7.4 below, the component prices are given. 

Component Name Component Price 

Component A $ 240.00 

Component B $ 72.00 

Component C $ 120.00 

Component D $ 217.00 

Component E $ 60.00 

Component F $ 48.00 

Component G $ 42.00 

Component H $ 18.00 

Component I $ 17.00 

Component J $ 17.00 

Component K $ 47.00 

Component L $ 150.00 

Component M $ 0.60 
           Table 7.11: Component Prices  

7.1.2.2 Additional use of labour 
Components that will be preventively replaced, will be replaced at the moment when the chassis of 

the PC is opened and the failed component is being replaced. Specialists at Philips Healthcare assume 

that once a PC is opened, the actual replacement of parts takes a negligible amount of time. Therefore, 

in this research we assume that there are no extra cost related to additional use of labour. However if 

more information was available to make a good estimate,  

7.1.3 Discounted cost  
As a business company, Philips Healthcare takes the time value of money into account when making 

project decisions. Money spent now is relatively worth more than money spent in the future.  
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7.2 Expected Cycle Length 
The length of a cycle, is the duration between two succeeding failures of the same PC. As seen in 

equation (3.14) the expected cycle length is determined by taking the integral of the product of the 

reliability functions of the components that are grouped inside the PC box. In table 7.1 we gave an 

overview of the breakdown of the PC box into its components. In this section we will discuss how 

component failure rates and reliability functions can be obtained using available data and how an 

attempt was made to estimate component failure rates of components inside PC boxes. 

7.2.1 Component failure rates 
In previous sections of this research project we demonstrated multiple times how a theoretical 

distribution was fitted to a dataset following the Least Square Method (LSM) (see also Appendix D). 

Distribution fitting techniques could also be applied to fit theoretical distribution to component failure 

rate data. However, datasets containing information on component time to failure are often 

incomplete. In example if we have 1000 systems and after 5 years 800 of these systems may have 

failed, but for the other 200 we will not know when these will fail except that they have at least become 

5 years old. In such cases, the 200 non-failed components can be marked as suspensions. Applying LSM 

to fit a distribution to datasets containing suspensions often leads to errors in the estimation of 

distribution parameters. For datasets that contain suspensions the Maximum Likelihood Estimation 

(MLE) technique is preferred.  

The MLE technique is much more complex than the LSM technique, making it harder to execute it 

without using a software program. Philips Healthcare has access to a reliability software program called 

Weibull++, which is able to use MLE techniques to fit distributions to datasets. To execute the MLE 

technique appropriately in Weibull ++, a four step method has been defined by the creators of the 

tool: 

(1) Gather the time to failure data, mark suspensions and real failures 

(2) Choose theoretical distributions which may fit the sample data 

(3) Estimate the distribution parameters  

(4) Apply goodness-of-fit tests  

7.2.1.1 Gather the time to failure data, mark suspensions and real failures 
Unfortunately, Philips Healthcare does not have a management system that keeps track of component 

failure data of PCs. So, finding component reliability functions necessary for the opportunistic based 

replacement policy have to be done through other resources.  

Philips Healthcare has two databases that keep track of X-ray systems in the field and their 

maintenance activities. These databases are the AsShipped database and FieldDataView database. The 

AsShipped database keeps tracks of the installation of all systems in the field. It collects data and 

registration numbers of all parts that are installed at the first installation. The FieldDataView keeps 

information on the current state of the systems in the field and historical replacement data of PCs and 

other parts. Combining the AsShipped database and the FieldDataView database makes it such that 

for each PC we can estimate the time between the first installation (from AsShipped) and the first 

replacement (from FieldDataView). However, we do know that a PC was replaced, we do not know if 

a PC had really failed and if the PC failed which component caused the failure. To collect information 

on the failure details, Philips Healthcare has to request information at the owner of the repair facility. 

The owner of the repair facility of PCs, keeps data on historical repair activities per PC. If this data can 

be linked to the databases of Philips Healthcare, then per component is will be possible to evaluate 

the time to failure of components and its suspensions.  
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After collecting data on the time to failure for components, these data points have to be stored in a 

single column of a file and they have to be sorted ascending. If a system has multiple components not 

all failures were probably initiated by the same component. If we want to analyse the distribution of 

component 𝑖 between all failures, we have to mark in the column next to the Time To Failures all 

failures caused by component 𝑖 as failure and all Time To Failures not caused by component 𝑖 as 

suspension. All systems that did not fail at all at the moment of fitting, will have to be given the Time 

To Failure as if the system would fail today, but be marked as a suspension.  

7.2.1.2 Choose theoretical distributions which may fit the sample data 
As seen in table 7.1, PCs are composed and build of multiple components. According to design 

specialists at Philips, the PC components seen in table 7.1 can be categorized in two categories: 

mechanical and electrical components. Mechanical components are components that contain moving 

parts such as fans. For mechanical parts it is expected that the failure rate is increasing with usage over 

time, because the parts will deteriorate due to its movements. For these components it is most likely 

that a Weibull distribution will fit the data. The components of interest here are: Component F, 

Component I, Component L and Component M. 

Electrical components however do not contain moving parts and it is expected that failures of electrical 

components are random events that are approximately occurring equally much over time. For these 

components it is therefore estimated that their failure behaviour will follow the exponential 

distribution. 

7.2.1.3 Estimate the distribution parameters 
As said in the beginning, Philips Healthcare has access to the reliability software program Weibull ++. 

If the correct dataset is collected in the first step, Weibull ++ has a build in function to execute the MLE 

technique and analysis. As said, we were unable to collect good data on the time to failure for any of 

the components.  

7.2.1.4 Applying goodness-of-fit tests 
Finalizing a MLE analysis ends with applying a goodness-of-fit test. Even the best estimated parameters 

of a distribution could still actually not fit the data set very well. To test and verify whether the 

parameters found at step 3 are a good representation of the data set, we have to end an MLE analysis 

with a goodness-of-fit test. This could for instance be finding the 𝑅2-value between the distribution 

model and the dataset.   

7.2.1.5 Previous study of the failure behaviour of Component L 
In the last years, Philips Healthcare found that the actual failure rate was higher than expected. A study 

to the cause of the higher failure rate revealed that especially Component L showed many defects. 

Because of this revelation, an attempt had been made to find the failure distribution that explains the 

failure behaviour of Component L. 

A specialist at Philips Healthcare attempted to fit a Weibull distribution to the failure behaviour of 

Component L. The specialist was able to collect failure data on all PCs in the field that where equipped 

with Component L. Thereby, he filtered all data such that only all first failures were filtered from the 

database. He could then make a list of all time to failures (TTF) between system installation and first 

failure. For systems that failed due to a failure of Component L, he marked the TTFs as failures and for 

systems that failed due to the failure of another component, the TTFs were marked as suspensions. 

Moreover, systems that did not fail between installation and the current time, these were marked as 

suspensions as well. Then the specialist uploaded the list of TTFs in the Weibull++ computer software 

and used the MLE technique to estimate the distribution parameters. A fit between the data points 
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and a Weibull distribution was found, where the distribution shape parameter 𝛽 had a value of 2.52 

and the scale parameter 𝜂 has a value of 5.43. 

7.3 Process Delays 
It should be noted that all numbers, tables and figures in this chapter are modified for confidentiality 

reasons. None represent the real cost and time delay of Philips Healthcare. 

The whole maintenance process that involves replacing PCs in the field and repairing failed PCs at the 

repair shop, is also subject to process delays. For instance, shipment of a spare part PC from a local 

warehouse to a hospital simply does not happen in a split second, but will take some time. Looking at 

the whole maintenance cycle, we can find the following process delays after the occurrence of a failure 

in the field: 

(i) Time of FSE to travel to the hospital 

(ii) Time of FSE spend on diagnosing the failure 

(iii) Time of shipment of a spare part from warehouse to hospital 

(iv) Time of replacing and installing the failed PC with the spare part 

(v) Time of shipment of failed PC from hospital to repair shop 

(vi) Time of execution of repair 

(vii) Time of shipment of repaired PC from repair shop to warehouse 

In the next seven paragraphs we will analyse the process delays. 

7.3.1 Time of FSE to travel to the hospital 
The time it takes for a FSE to travel to a hospital has been discussed in section 7.1.1.1.2. The expected 

total delay caused by travelling averages 1.72 hours and is exponentially distributed with 𝜆 = 0.58. 

7.3.2 Time of FSE spent on diagnosing the failure 
The time it takes for a FSE to diagnosing a failure at a hospital has been discussed in section 7.1.1.1.3. 

The total delay that is caused by diagnosing the problem was estimated by professionals, as there was 

no data available to sort this out, and was assumed to average 2 hours. 

7.3.3 Time of shipment of a spare part from warehouse to hospital 
In the AsShipped and FieldDataView databases, an ETTR (Expected Time To Repair) has been collected 

for every repair. This ETTR stand for the time between the failure occurred at the hospital and the 

failure at the hospital was solved. The ETTR is thus a collection of travel time, time of failure diagnosis, 

shipment time of spare parts and replacement and installation of the spare part. To collect the 

shipment time, we use the following formula: 

𝑇𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡 = 𝐸𝑇𝑇𝑅 − (𝑇𝑡𝑟𝑎𝑣𝑒𝑙 + 𝑇𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑒 + 𝑇𝑖𝑛𝑠𝑡𝑎𝑙𝑙𝑎𝑡𝑖𝑜𝑛) (7.9) 

We collected 1559 data points with shipment times for PCs in general. It had been suggest though to 

split the data set in three parts, shipment times of Monoplane Host PCs, Biplane Host PCs and IP PCs. 

Previous internal researches of Philips Healthcare indicated that shipment times of IP PCs were longer 

than Host PCs. One interpretation of this could be that unexpectedly the Component L inside the PC 

showed sudden increases in failure rate. Because Host PCs and IP PCs both contain the Component L, 

the demand for both PCs suddenly increased leading to out of stock situations. Possibly the out of stock 

situation of spare part IP PCs increased more than Host PCs because there simply are more IP PCs in 

the field. Therefore demand for IP PCs also increased more. Yet, there is no proof of this. 
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7.3.3.1 Shipment time of Monoplane Host PC 
To analyse the shipment times by fitting a distribution to it, we again tried to fit an exponential and a 

Weibull distribution to the data using the Least Square Method as described in Appendix XXX. This 

time, we could collect 483 lines of data for which we were able to find a shipment time related to the 

replacement of a monoplane Host PCs. Using the Least Square Method, we found an estimated Weibull 

distribution that we could fit with a 𝑅2-value of 0.9824. The shape parameter 𝛽 of this Weibull 

distribution was 0.84 and the scale parameter 𝜂 was 107.88 hours. The expected time for a shipment 

of a monoplane Host PC from the warehouse of Philips Healthcare to the customer in this distribution 

equals 119 hours. The exponential distribution with an optimal 𝜆-value of 0.0047, only had an 𝑅2-value 

of 0.8170 and did not fit the data distribution. If we would simply look at the shipment time in hours 

distributed per hours, it will be very difficult to see the fit between the Weibull distribution and the 

data set (see figure 7.5). However, if we group the data set in shipment time groups of 25 hours, we 

can see that the Weibull distribution indeed seem to fit very well (see figure 7.6). 

 

Figure 7.5: Distribution of shipment time of a monoplane Host PC. 

 

Figure 7.6: Distribution of shipment time of a monoplane Host PC, grouped per 25 hours. 

7.3.3.2 Shipment time of Biplane Host Pc 
For Biplane Host PCs, we could collect 300 shipment delay times. An estimated Weibull distribution 

with the following characteristics: shape parameter 𝛽 = 0.76 and scale parameter 𝜂 = 80.66 hours, fits 

the observed data with an 𝑅2-value of 0.9488. An exponential distribution could not be fitted very well 
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to the data. The maximum 𝑅2-value of 0.7279 could be retrieved with optimal 𝜆 = 0.0039. The 

expected time for a shipment of a Biplane Host PC from the warehouse of Philips Healthcare to the 

customer thereby equals 95 hours.  

 

Figure 7.7: Distribution of shipment time of a biplane Host PC, grouped per 25 hours 

7.3.3.3 Shipment time of IP PC 
Finally, we were also able to find information on shipment delays for IP PCs in the database. In total 

we could find 775 shipment delays in relation to the replacement of IP PCs. Using the Least Square 

Method, we were able to determine that the Weibull distribution that fits the collected data best has 

a shape parameter 𝛽 of 0.79 and a scale parameter 𝜂 of 112.76 hours. The expected time for a 

shipment of an IP PC from the warehouse of Philips Healthcare to the customer equals 129 hours. The 

𝑅2-value by which the model fits is 0.9732. The best exponential distributed model we could fit only 

had a 𝑅2-value of 0.7990. 

 

Figure 7.8: Distibution of shipment time of an IP PC, grouped per 25 hours 

7.3.4 Time of replacing and installing the failed PC with the spare part 
The time it takes for a FSE to replace and install PCs has been discussed in section 7.1.1.1.4. For Host 

PCs, the expected time to replace and install a spare part was 7.68 hours. For IP PCs, the installation 

takes a little less time on average namely 7.07 hours. 
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7.3.5 Time of shipment of failed PC from hospital to repair shop 
Employees from SPS (the service organization within Philips Healthcare) have indicated that the speed 

by which failed parts return in the reverse supply chain varies between 4 to 10 weeks. Moreover, 

before the actual repair is executed in the repair shop, Philips Healthcare needs to start a return 

merchandise authorization (RMA) process which takes an additional week of delay on the return 

process. After the RMA process is finished, the failed PC can be send to the repair shop. 

7.3.6 Time of execution of repair 
At the repair shop the failed PC is inspected on what caused the failure. If the origin of the problem 

has been found the PC will be repaired by replacement. Repaired by replacement means that the failed 

component inside the PC will be removed from the body and a new working component will be 

installed. After the repair action, the PC will be tested. If the tests show signs of successful repair, the 

PC is transported back to Philips Healthcare. Unfortunately we could not collect the right data to 

understand each of the separate processes takes into account. However, SPS (the service organization 

within Philips Healthcare) indicated that the total repair process, including transportation will take 

approximately 50 days for the Nehalem PCs.  

7.3.7 Time of shipment of repaired part to warehouse 
See section 7.3.7. 

7.4 System Availability 
System availability has become increasingly important, and the focus of Philips Healthcare has shifted 

in the years from being a product-seller to being a service-provider. Still hospitals purchase X-Ray 

systems from Philips Healthcare, but due to the increased complexity they also want Philips Healthcare 

to perform the maintenance of the systems in limited time.  

7.4.1 Definition of availability 
First of all we start by defining availability. When a system occurs in a working state we name this state 

uptime. Downtime occurs when a system is an unwanted state where it is unable to execute its 

intended functions in an acceptable way. The ratio between the system’s states uptime and downtime 

is an important parameter in service contracts and we call this ratio the availability of the system. 

Availability is the percentage of time over which a system performs its intended function measured on 

a specific time interval. Thus the availability function is given by: 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑇𝑜𝑡𝑎𝑙 𝑢𝑝𝑡𝑖𝑚𝑒 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑎 𝑡𝑜 𝑏

𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑎 𝑡𝑜 𝑏
∗ 100%  

Or alternatively: 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = (1 −
𝑇𝑜𝑡𝑎𝑙 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑎 𝑡𝑜 𝑏

𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑎 𝑡𝑜 𝑏
) ∗ 100% (7.10) 

 

7.4.2 Downtime during contract hours 
Customers use the availability of an X-Ray system as a performance parameter and as a requirement 

of the service contract between them and Philips Healthcare. By using the availability as a performance 

parameter both the customer and Philips Healthcare are able to quantify the performance of service 

delivery. Availability of an X-Ray system is defined as the percentage of time the X-Ray system is able 

to execute the intended functions during contract hours per year.  

The availability function is then described as: 
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𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑢𝑝𝑡𝑖𝑚𝑒 𝑑𝑢𝑟𝑖𝑛𝑔 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡 ℎ𝑜𝑢𝑟𝑠

𝑢𝑝𝑡𝑖𝑚𝑒 𝑑𝑢𝑟𝑖𝑛𝑔 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡 ℎ𝑜𝑢𝑟𝑠 + 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 𝑑𝑢𝑟𝑖𝑛𝑔 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡 ℎ𝑜𝑢𝑟𝑠
  

Or alternatively: 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 1 −
𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 𝑑𝑢𝑟𝑖𝑛𝑔 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡 ℎ𝑜𝑢𝑟𝑠

𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡 ℎ𝑜𝑢𝑟𝑠
 (7.11) 

These contract hours are clearly specified between Philips and the customer and the length of the 

contract hours may vary per customer. For example, for one customer the contract hours may be 

defined as 10 hours per workday whereas for another customer it may be defined as 8 hours per day, 

7 days per week.  

Downtime that occurs outside contract hours, should not contribute towards a lower availability score. 

Benefits of clearly defining the contract hours are twofold. First, this allows Philips Healthcare to 

schedule preventive maintenance actions outside contracting hours, without losing score on the 

availability parameter. Second, if failures occur during or outside contract hours they can also (partly) 

be solved outside contracting hours without losing score on the availability parameter. In figure 7.9 it 

is shown how the relationship between downtime and contracting hours influence the availability 

. Server PCs are subsystems that are only active during contract hours. A failure of the server PC would 

thus only come to light during contract hours when the hospital wants to use the X-Ray system. The 

procedure for a hospital is usually as follows: At the morning an X-Ray system is started which also 

requires starting the PCs. During the day several medical procedures are executed on the X-Ray system, 

for which the server PCs are needed as well. At the end of the day, the X-Ray system is shut down and 

the server PCs are turned off.  

Repair of failed PCs is usually also conducted during contract hours. The contract hours are namely 

usually also the hours that local FSEs of Philips Healthcare are scheduled to work. Because server PCs 

only work during contract hours, we can assume that a failure of a server PC will lead directly to 

downtime during contract hours. 

 

 

Figure 7.9: Relationship between availability, uptime and downtime during contract hours 
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7.4.3 Availability in the model 
Because it is assumed that all system downtime occurs during contract hours, per individual system, 

the availability during the service horizon can be calculated by: 

𝐴𝑣𝑎𝑖𝑙𝑖𝑏𝑖𝑡𝑦 = 1 −
𝑡𝑜𝑡𝑎𝑙 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒

𝑡𝑜𝑡𝑎𝑙 𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑡𝑖𝑚𝑒
 (7.12) 

The total downtime is dependent on the number of failures that occur and the response time to solve 

the failure. In the maintenance process of PCs, we find three process delays that are vital to 

determining the downtime:  

(i) Time of diagnosing the problem 

(ii) Time of shipment of a spare part from warehouse to hospital 

(iii) Time of replacing and installing the failed PC with the spare part 

An analysis and the expected values of these process delay have been discuss in sections 7.1.1.1 and 

7.3, so we will limit ourselves here to continue with an analysis of the expected downtime. The 

expected downtime caused by one failure will be a sum of the above three process delays. Then we 

can analyse that the downtime caused by a failure of a Host PC will be described by equation (7.13) 

and downtime caused by a failure of an IP PC by equation (7.14). 

𝐸[𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒 𝑏𝑦 1 𝐻𝑜𝑠𝑡 𝑃𝐶 𝑓𝑎𝑖𝑙𝑢𝑟𝑒]

= 𝐸[𝑇𝑡𝑟𝑎𝑣𝑒𝑙] + 𝐸[𝑇𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐] + 𝐸[𝑇𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡] + 𝐸[𝑇𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡,𝐻𝑜𝑠𝑡 𝑃𝐶] 
(7.13) 

𝐸[𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒 𝑏𝑦 1 𝐼𝑃 𝑃𝐶 𝑓𝑎𝑖𝑙𝑢𝑟𝑒]

= 𝐸[𝑇𝑡𝑟𝑎𝑣𝑒𝑙] + 𝐸[𝑇𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐] + 𝐸[𝑇𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡] + 𝐸[𝑇𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡,𝐼𝑃 𝑃𝐶] 
(7.14) 

The expected values of these equation are then: 

𝐸[𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒 𝑏𝑦 1 𝐻𝑜𝑠𝑡 𝑃𝐶 𝑓𝑎𝑖𝑙𝑢𝑟𝑒] = 1.72 ℎ𝑜𝑢𝑟𝑠 + 2 ℎ𝑜𝑢𝑟𝑠 + 119 ℎ𝑜𝑢𝑟𝑠 + 7.68 ℎ𝑜𝑢𝑟𝑠

= 130.4 ℎ𝑜𝑢𝑟𝑠 
 

𝐸[𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒 𝑏𝑦 1 𝐼𝑃 𝑃𝐶 𝑓𝑎𝑖𝑙𝑢𝑟𝑒] = 1.72 ℎ𝑜𝑢𝑟𝑠 + 2 ℎ𝑜𝑢𝑟𝑠 + 129 ℎ𝑜𝑢𝑟𝑠 + 7.07 ℎ𝑜𝑢𝑟𝑠

= 138.79 ℎ𝑜𝑢𝑟𝑠 
 

As Philips Healthcare wants to sell service contracts with an availability above 98% to its customers in 

the future, it is vital to avoid failures. An approximate estimation is that most of these future service 

contracts will have contractually agreed contract hours of 10 hours per day for 5 workdays a week. 

Approximately the contract hours in a year are then equal to 2500 hours (=10 hours/day *5 days/week 

* 50 weeks). If the service contracts will have a lead time of 10 years, or a maximum of 12 years, the 

maximum number of failures that is allowed during the service horizon is (
2500∗10∗0,02

134
) = 3,73 failures 

and (
2500∗12∗0,02

134
) = 4,48 failures respectively. As X-ray systems are larger than just PCs, the maximum 

allowed failures will be even lower, because there has to be room for other parts of the X-ray system 

to fail as well.  

7.5 Spare Part Management 
As it is a closed-loop maintenance supply chain we are studying, spare part management is also an 

important part of the simulation model. To be able to deliver quick service whenever a part fails, Philips 

Healthcare needs to have enough spare parts available for components that are vulnerable to failure. 

The number of spare parts Philips Healthcare needs to keep in stock is dependent on the desired 

service level.  
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Philips Healthcare uses a target service level to determine their stock levels. The target service level is 

described as the number of spare parts that is ordered and delivered without delay due to stock-outs. 

The target service level that Philips Healthcare sets for their spare parts varies per spare part.  

Demand for PCs is triggered by failures in the field and replenishment of PCs to stock is caused by 

return of repaired PCs. Because PCs are not connected to one X-Ray system, there is a high variability 

in which PC will be provided to which customer. Especially due this variability of exchanges between 

spare part PCs and failed PCs, it is unknown which system will end up with which PC and also it is 

unknown what the long term state is of individual PCs. Therefore, analytically deriving the number of 

spare parts will difficult to do and the number of spare parts in stock to maintain the 95% service level 

should be found by trial and error in our simulation model. As the simulation model measures the 

service level, the user of the simulation model can simply vary the number of spare parts and check 

whether the 95% service level is achieved. 
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8. Results of the case study 
It should be noted that all numbers, tables and figures in this chapter are modified for confidentiality 

reasons. None represent the real cost and time delay of Philips Healthcare. 

Due to the lack of knowledge of individual component reliability functions (as explained in section 7.2) 

we are unfortunately only able to simulate a limited part of the case study for Philips Healthcare. In 

agreement with Philips Healthcare, it has been decided that we simulated a two-component case 

study, where we focus on a business case around the failure of Component L.  

Case study: a two-component simulation with a Weibull distributed failing Component 

L and an exponentially failing component at a constant failure rate of 5% 
In the case study simulation, we have 1000 systems in the field over a service horizon length of 12 

years. The systems in the field each contain 1 Host PC and 1 IP PC. Both the Host and IP PC are 

composed of two components: Component L and an exponential distributed component. The failure 

rate of PCs is expected to have a value of 5%, so in this case we give the exponential component a 𝜆 of 

5%. The Component L fails according to a Weibull distribution with parameters 𝛽 = 2.52 and 𝜂 = 5.43. 

Furthermore, the simulation model is filled with all the parameter values as discussed in chapter 6. 

This means that the starting parameters for the simulation are: 

GENERAL PARAMETERS   

NUMBER OF SYSTEMS IN THE FIELD  1000  

NUMBER OF REPAIRABLE SUBSYSTEMS PER SYSTEM 2 (1 Host 
and 1 IP) 

NUMBER OF SUBSYSTEMS AS SPARE PARTS IN STOCK 82  

NUMBER OF COMPONENTS IN SUBSYSTEM SUBJECT 
TO FAILURE 

2  

   

LENGTH OF THE SERVICE HORIZON  12 years 

NUMBER OF WORKING DAYS IN ONE YEAR  250 days 

NUMBER OF WORKING HOURS IN ONE DAY 10 hours 

   

COMPONENT PARAMETERS   

COMPONENT 1   

EXPONENTIAL DISTRIBUTION FUNCTION 0.05 Failures 
per year 
(𝜆) 

COST OF CORRECTIVE REPLACEMENT AT REPAIR SHOP 420 Dollars 

COST OF PREVENTIVE REPLACEMENT AT REPAIR SHOP 240 Dollars 

   

COMPONENT 2   

WEIBULL DISTRIBUTION FUNCTION 2.42 Shape 
parameter 
𝛽 

 5.43 Scale 
parameter 
𝜂 

COST OF CORRECTIVE REPLACEMENT AT REPAIR SHOP 420 Dollars 

COST OF PREVENTIVE REPLACEMENT AT REPAIR SHOP 72 Dollars 
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PROCESS DELAY PARAMETERS   

ESTIMATED TIME TO DIAGNOSE PROBLEM 3.72 hours 

ESTIMATED TIME FOR SPARE PART TO ARRIVE AFTER 
ORDER 

5 days 

ESTIMATED TIME TO REPLACE AND INSTALL HOST PC 9.4 Hours 

ESTIMATED TIME TO REPLACE AND INSTALL IP PC 7.79 Hours 

ESTIMATED TIME TO REPAIR SUBSYSTEM AFTER 
FAILURE 

60 days 

   
COST PARAMETERS   

HOURLY WAGE FIELD SERVICE ENGINEER 60 Dollars 

SHIPMENT COST  198 Dollars 

TOTAL CORRECTIVE MAINTENANCE COST HOST PC* 1407.20 Dollars 

*$60 X 13.12 HOURS + $198 + $420   

TOTAL CORRECTIVE MAINTENANCE COST IP PC* 1308.60 Dollars 

*$60 X 11.51 HOURS + $198 + $420   

DISCOUNT FACTOR 9 Percent 
per year 

It should be noted that all numbers, tables and figures in this chapter are modified for confidentiality reasons. 
None represent the real cost and time delay of Philips Healthcare. 

Following Chung (2003) we first simulate the model 10 times, and then based on the sample we will 

derive how many more times we need to run the model if we need to increase the outcome reliability. 

Here, we want our model to be 95% reliable, thereby using a t-statistic of 𝑡0.05

2
,10−1

= 2.262. The 

results of the two most important output parameters (cost and availability) are given in table 8.1.  

 Corrective Replacement Policy  Opportunistic Based Replacement Policy 

Simulation 
run 

Total Cost over 12 
years 

Total Discounted 
Cost over 12 
years 

Average 
availability of 
systems over 

12 years 

 Total Cost over 
12 years 

Total Discounted 
Cost over 12 
years 

Average 
availability of 
systems over 

12 years 

1  $    7,055,783.40   $  4,554,555.47       98.89    $  6,795,676.80   $  4,430,633.86       98.98  

2  $    7,127,835.00   $  4,601,732.80       98.90    $  6,694,070.40   $  4,347,287.81       99.00  

3  $    6,981,395.40   $  4,530,806.83       98.92    $  6,735,482.40   $  4,369,540.22      98.99  

4  $    7,121,292.00   $  4,598,088.12       98.89    $  6,774,751.80   $  4,399,312.97      98.99  

5  $    7,213,588.20   $  4,671,723.31       98.89    $  6,879,498.60   $  4,485,417.82       98.97  

6  $    7,171,713.00   $  4,630,219.81       98.87    $  6,816,998.40   $  4,423,839.67       98.98  

7  $    7,044,058.80   $  4,556,057.37       98.91    $  6,756,872.40   $  4,374,670.67       98.99  

8  $    7,079,241.60   $  4,564,618.48       98.91    $  6,743,970.00   $  4,378,357.30       98.99  

9  $    7,110,445.80   $  4,585,947.08       98.90    $  6,805,745.40   $  4,411,915.93       98.98  

10  $    7,028,022.00   $  4,545,537.78       98.92    $  6,821,992.20   $  4,412,381.12       98.98  

Average  $    7,093,337.52   $  4,583,928.71  98.90   $  6,782,505.84   $  4,403,335.74  98.99 

Standard 
Deviation 

 $          69,683.19   $        43,051.12  0.015577   $        52,814.45   $        39,163.20  0.007178 

�̂� 0.094881984 0.08672057 2.44E-05  0.059614814 0.07777171 5.17E-06 

Table 8. 1: Results of the first 10 simulation model runs. 
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Following the method of Chung (2003) it turns out that the 10 simulation runs are already reliable 

enough to fulfil the confidence interval. The results of the simulation model are then the following: 

Corrective Replacement Policy   Opportunistic Based Replacement Policy 

 Average Cost   $  7,093,337.52     Average Cost   $  6,782,505.84   

 Average Discounted Cost   $  4,583,928.71     Average Discounted Cost   $  4,403,335.74   

 Average Availability                    98.90     Average Availability                    98.99   

     Cost Savings   $     310,831.68  4.58% 

     Discounted Cost Savings   $     180,592.97  4.10% 

     Availability Up                      0.08  0.08% 
Table 8. 2: Cost difference between CM model and OBM model 

It turns out that with the given parameters, the opportunistic based maintenance policy outperforms 

the pure corrective replacement policy by 4.58% on total cost and 4.10% on discounted cost. The 

reason the cost savings are lower in the discounted cost model can be explained. By conducting 

preventive maintenance actions, costs are brought forward on the time horizon. Thereby, even though 

the cost are lower, some of the cost occur earlier on the timeline.  

Now that we know the total cost savings that can be achieved by applying an opportunistic based 

maintenance policy, it is worthwhile to see where the cost savings come from. In table 8.3 we give an 

overview of the total occurrences of failures and the total occurrences of preventive replacements that 

have been counted when the simulation ran under the different replacement policies.  

Host PC Failure 
Details 

Corrective Replacement Policy  Opportunistic Based Replacement Policy 

Component Name Exponential 
Component 

Component L Total  Exponential 
Component 

Component L Total 

#times Cause of 
Failure 

545 2140 2685  550 1869 2419 

#times 
Opportunisticly 
Replaced 

0 0 0  0 515 515 

        

IP PC Failure Details        

Component Name Exponential 
Component 

Component L Total  Exponential 
Component 

Component L Total 

#times Cause of 
Failure 

495 2117 2612  623 1845 2468 

#times 
Opportunisticly 
Replaced 

0 0 0  0 565 565 

Table 8. 3: Number of failures and preventive replacements 

If we read the contents of table 8.3 we can conclude the following: by executing 515 preventive 

replacements of Component L in the Host PC and 565 preventive replacements of Component L in 

failed IP PCs, the opportunistic based replacement policy ‘avoids’ 400 failures (4897 versus 5297) in 

comparison with the corrective replacement policy. As there where over 550 opportunities to 

preventively replace Component L in Host PCs and 623 opportunities for IP PC, in over 90% of the cases 

where the exponential component failed preventive maintenance is conducted.  

If we look at the complete breakdown of cost, we can observe the difference in maintenance cost 

between the opportunistic replacement policy and the corrective replacement policy. In tables 8.4, we 
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see the cost expended during the service horizon when applying the corrective replacement policy and 

in table 8.5 the cost of the opportunistic based replacement policy. 

Year Shipment Cost 
Installation 
Cost 

Fixed Repair 
Cost 

Opportunistic 
Repair Cost Total Cost in Year 

NPV of total 
cost 

Year 0 $24,156.00 $90,242.40 $36,120.00 $0.00 $150,518.40 $150,518.40 

Year 1 $39,600.00 $147,586.80 $74,760.00 $0.00 $261,946.80 $243,671.44 

Year 2 $70,092.00 $260,991.00 $136,920.00 $0.00 $468,003.00 $404,978.26 

Year 3 $82,764.00 $310,405.80 $166,740.00 $0.00 $559,909.80 $450,705.31 

Year 4 $102,762.00 $382,474.80 $209,580.00 $0.00 $694,816.80 $520,279.19 

Year 5 $109,296.00 $408,259.20 $227,640.00 $0.00 $745,195.20 $519,072.15 

Year 6 $102,366.00 $381,286.80 $217,560.00 $0.00 $701,212.80 $454,358.91 

Year 7 $100,980.00 $377,128.80 $222,600.00 $0.00 $700,708.80 $422,355.67 

Year 8 $97,416.00 $363,925.20 $213,780.00 $0.00 $675,121.20 $378,541.96 

Year 9 $98,208.00 $367,267.20 $202,020.00 $0.00 $667,495.20 $348,154.46 

Year 10 $94,050.00 $349,963.20 $199,500.00 $0.00 $643,513.20 $312,228.70 

Year 11 $101,970.00 $378,649.80 $210,420.00 $0.00 $691,039.80 $311,896.11 

Year 12 $2,178.00 $7,983.00 $58,380.00 $0.00 $68,541.00 $28,777.22 

Total 
Cost $1,025,838.00 $3,826,164.00 $2,176,020.00 $0.00 $7,028,022.00 $4,545,537.78 

Table 8. 4: Breakdown of cost over 12 years under the corrective replacement policy 

Year Shipment Cost 
Installation 
Cost 

Fixed Repair 
Cost 

Opportunistic 
Repair Cost Total Cost in Year 

NPV of total 
cost 

Year 0 $24,552.00 $92,010.00 $36,120.00 $4,050.00 $156,732.00 $156,732.00 

Year 1 $38,610.00 $143,071.20 $70,560.00 $11,250.00 $263,491.20 $245,108.09 

Year 2 $67,716.00 $252,703.80 $131,040.00 $15,150.00 $466,609.80 $403,772.68 

Year 3 $79,992.00 $298,032.60 $165,480.00 $13,200.00 $556,704.60 $448,125.25 

Year 4 $96,426.00 $358,926.60 $200,340.00 $13,200.00 $668,892.60 $500,867.14 

Year 5 $97,614.00 $365,581.80 $213,780.00 $16,950.00 $693,925.80 $483,360.01 

Year 6 $91,278.00 $339,425.40 $185,640.00 $16,050.00 $632,393.40 $409,766.59 

Year 7 $94,248.00 $352,296.00 $206,220.00 $15,450.00 $668,214.00 $402,769.27 

Year 8 $87,912.00 $328,168.20 $182,280.00 $14,850.00 $613,210.20 $343,828.33 

Year 9 $99,000.00 $369,836.40 $212,100.00 $17,250.00 $698,186.40 $364,162.49 

Year 10 $95,832.00 $357,048.00 $198,240.00 $15,900.00 $667,020.00 $323,634.05 

Year 11 $96,228.00 $359,491.80 $197,820.00 $12,900.00 $666,439.80 $300,793.06 

Year 12 $1,980.00 $7,292.40 $60,900.00 $0.00 $70,172.40 $29,462.17 

Total 
Cost $971,388.00 $3,623,884.20 $2,060,520.00 $166,200.00 $6,821,992.20 $4,412,381.12 

Table 8. 5: Breakdown of cost over 12 years under an opportunistic based replacement policy 

Clearly, the corrective replacement policy does not spent cost on preventive component replacement, 

while the opportunistic based replacement policy invests $166,200 in the preventive replacement of 

Component L. This investment however leads to a reduction of cost related to corrective replacements, 

which is larger than its investment. 

Besides the cost savings, the opportunistic based replacement policy also causes an uplift in the 

average system availability. The absolute uplift in availability is measured 0.08%, which corresponds 
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with an uplift of 2.09 working days over a 12 year horizon per customer. This means that over the total 

population of 1000 systems, the uplift is approximately 2090 working days. We can find even more 

thrilling results if we look at the individual availability scores per system.  

 

Figure 8. 1: Plot of all system’s availability under a corrective replacement policy 

 

Figure 8. 2: Plot of all system’s availability under an opportunistic based replacement policy  

When we start comparing figures 8.1 and figure 8.2, we see that the spread in availability between 

systems is much lower when an opportunistic based replacement policy. This result is in particularly 

interesting for Philips Healthcare. When the predicted shift towards service contracts with availability 

penalties will be ongoing, then Philips Healthcare needs to pay each customer individually a penalty 

cost if availability is not met. For example in the current plot, even though both means are very close 

to each other (98.90 vs 98.99), if each customer needed to have an availability above 98%, then Philips 

Healthcare will have to pay a penalty to 6 customers when the corrective replacement policy is used. 

That the spread in availability per system is reduced could be explained. When the opportunistic based 

replacement policy is used, the PCs that return from the repair shop are on average better than when 



62 
 

the corrective replacement policy is used. With a bit of bad luck, using a corrective replacement policy, 

a hospital will receive a bad PC from stock that results in another quick failure.  

Value of the case stuy 
As stated in the beginning of the chapter, the case studie performed for Philips Healthcare is not a 

complete representation of the failure behaviour of PCs. PCs consist of multiple components and yet 

we only had information on the failure behaviour of one of them. The value of the case study should 

therefore be placed in perspective. One of the problems Philips Healthcare struggles with, is the high 

failure rate of Component L and its influence on the maintenance cost. The above case study, indicate 

that preventively replacing Component L will be a good decision. If we recall the conclusions from 

chapter 6, there is no reason to assume that when we could break down the exponential component 

into several other component failure distributions, Component L will not be replaced. This indicates, 

that preventive replacement of Component L could really be beneficial to a reduction in maintenance 

cost. 

Component M 
In chapter 7, it was discussed that component M only cost $0.60 and that the component possibly 

has an increasing failure rate. The preventive replacement cost ($0.60) of component M fits more 

than 2000 times in the corrective replacement cost of one component failure of component M. As 

we have seen in the case study, over the lifetime of 12 years the number of PC failures varies 

between 2400 and 3000 times. For Philips I would therefore really recommend to replace component 

M preventively with every corrective maintenance moment of other components. The preventive 

replacement of 4000 components M during the lifetime is already justified, if you can avoid 2 failures 

of component M. 

Other insights provided by the simulation model 
As a representation of the maintenance cycle of Philips Healthcare, the simulation model captures 

information on expended cost, system availability and the occurrence of failures. In previous chapters, 

we have used the information on expended cost and system availability to compare the results of the 

opportunistic based maintenance policy with a purely corrective maintenance policy. From the start 

of the project Philips Healthcare indicated they are struggling with component obsolescence problems. 

Component obsolescence problems for Philips Healthcare means that from a particular moment 

onwards, Philips Healthcare will not be able to purchase a particular component anymore, because 

the supplier of that component announces that the component will no longer be sold. For Philips 

Healthcare this implies that they have to choose between several options: find a different supplier of 

the exact same component, find a different component but with the same specification, purchase a 

large quantity of the component at the final sales moment (Last Time Buy) or design a new system 

without the component.  

If possible, the first two options are usually preferred, because these options are in general easy to 

implement and do not require a lot of investment at the decision moment. However, there are many 

cases for which the first two options are not possible. For instance, with the construction of PCs, there 

is a dependency of hardware components and software. As both software and hardware develop very 

rapidly, old hardware components will not be able to run the newest software and vice versa. In such 

cases, if one component becomes obsolete, this might have influence on the complete design of the 

PC. Because of this designers of PCs expects that in the near future several components will become 

unavailable for purchase. In these cases Philips will need to choose: purchase a Last Time Buy for these 

components or redesign PCs. In case of Last Time Buy, Philips needs to purchase a large quantity of a 

component at the final supply. This would lead to a high investment in component inventory. 
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Information on how many components will be necessary will help to estimate how big the investment 

should be, such that not too many or too few component are bought. As the simulation model captures 

information on the occurrence of failures and preventive replacements, the simulation model could 

help Philips Healthcare in the future with this problem. As example we can use the replacement data 

of the case study. Over the service horizon components are replaced because either they have failed 

or because they are preventively replaced. In both cases, Philips or the repair shop, need to have 

components in stock. In figure  8.5, we can see the total number of component replacements over the 

service horizon.  

 

Figure 8. 3: Total number of component replacements over the service horizon 

If a supplier tells Philips Healthcare at year 8, it will not provide component L in the future anymore, 

the simulation result gives Philips Healthcare insight that between years 8 and 12, another 907 

component replacements are scheduled. Purchasing enough components, would then in year 8 require 

an investment of 907 components. 

If Philips does not prefer placing a Last Time Buy, it will probably have to redesign the current PC in a 

newer model without the obsolete component. As Philips already redesigns it PCs yearly, this option 

may initially be seen as a good option with respect to low investment cost. Yet, in cases of a PC failure 

in the field, a customers will be given a newer PC and the old PC will not be repaired anymore. 

However, the purchase cost of a new PC compared to the repair cost of an old PC, are higher.  

Either way, both purchasing a Last Time Buy of obsolete components and providing the customers new 

PCs are expensive maintenance practises. As Philips knows component obsolescence will occur in the 

future, Philips Healthcare could possibly avoid component obsolescence issues using marketing 

techniques. For instance, Philips could anticipate to it with service contracts that prescribe PC upgrades 

at a specific years in the future of the service horizon. Using proper marketing, the customer may feel 

the upgrade is a gesture and will pay for the PC upgrade in the service contract fee. As for Philips 

Healthcare, this conclusion is very important, we stop the discussion here because it is not related to 

the topic.  
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9. Implementation of the opportunistic based replacement model 
Very important for the opportunistic based replacement model is great understanding of component 

reliability functions. Philips Healthcare currently lacks specific knowledge about the reliability of the 

components used in their PCs. Therefore number one priority for Philips Healthcare would be to gather 

more understanding about the components and especially retrieving the component reliability 

functions. If Philips Healthcare will be unable to do so, implementation of the opportunistic based 

replacement policy will be impossible.  

The second step Philips Healthcare should do, is to consider if implementation of the opportunistic 

based replacement policy will be beneficial. The case study conducted in the previous chapter are 

insufficiently supported, and thus Philips Healthcare should rerun the simulation model, but this time 

including all the right system parameters. Therefore, Philips Healthcare should, after it has derived the 

right reliability functions for each of the components inside the PC, run the simulation model we have 

used to simulate the various scenarios in this research paper. The simulation model that has been 

created to do so has been supplied to Philips Healthcare for future use. In Appendix K, it is explained 

how the model should be used. 

Third, the implementation of the opportunistic based replacement policy, requires the use of detailed 

information on component ageing. As we have seen throughout this report, the age of a component 

is important in the decision to preventively replace a component. For each component individually it 

is therefore necessary to monitor the age. The development of an information management systems 

should help doing so. This could be done relatively easy, even using Excel spreadsheets.  

Looking at the current information Philips Healthcare stores, we suggest that the development of an 

information management system should be done in the following way.  

(1) Each PC has been given its own unique identifier, yet when it comes to distributing PCs in the 

field the unique identifier is only stored the first time a PC is installed. From now on, Philips 

Healthcare should manage the information of PCs in the field and in stock completely using 

their unique identifiers. To our opinion this should not be a hard task as the unique PC 

identifier is already given on the PC in the form of a sticker with barcode and number. Scanning 

these barcodes and tracking the PCs should be easy to do. Then, Philips Healthcare should 

create a list in a spreadsheet, and on each line denote the unique identifiers of the PCs. In 

other columns Philips should keep track of the location of the PC, such that if a PC is moved 

from stock to a hospital this movement is noted.   

(2) If the list of all PCs is created, Philips can now store information on the component inside the 

PC. In the columns next to the unique PC identifier and the location of the PC, Philips should 

enter the date of installation of each component separately. The information sheet will look 

potentially like suggested in figure L.1 in Appendix L. If a component is replaced, either 

correctively or preventively, the date of installation should be updated. 

Fourth and last, the opportunistic based replacement policy should be translated in a tool that can 

quickly calculate which components should be preventively replaced at an opportunistic maintenance 

moment. As a deliverable of this project, the tool has been developed already and could easily be taken 

in use. A description of the tool is provided in Appendix M, such that when Philips Healthcare 

completed the first steps toward implementation, the tool can be put in place. 
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10. Conclusions and recommendations 
In this chapter we will present the conclusions of our research (section 10.1), recommendation for 

Philips Healthcare (section 10.2), the limitations of our research (section 10.3), academic relevance of 

the study (section 10.4) and recommendations for further research (section 10.5).  

10.1 Research Conclusions 
The research goal of this research as stated in the beginning of this research project was to find a 

maintenance policy that minimizes the cost related to maintenance activities of PCs by Philips 

Healthcare without damaging customer satisfaction. Thereby we asked ourselves five research 

questions. 

The first research question was: Which maintenance policies could be defined that could be applied 

within the maintenance structure of Philips Healthcare? 

After examination of the maintenance process related to the repair of PCs, the process included two 

important constraints. First of all, the system under investigations contains components with a 

structural maintenance dependency because maintenance is executed at a different location than 

where the system is used. Second, the maintenance horizon is finite. Based on a review on existing 

literature in chapter 2, specifically two maintenance policies were classified that could be applied 

within the maintenance structure of Philips Healthcare. The first model is a purely corrective 

maintenance policy, which is evaluated because it represents the current policy in the maintenance 

cycle of Philips Healthcare. The second suggestion that had been found was an opportunistic based 

maintenance policy.  

The second research question then became: How could opportunistic based maintenance policy be 

designed such that they fit the maintenance process of Philips Healthcare? 

It had been found that the maintenance policies found in the literature would not fit the maintenance 

process of Philips Healthcare due to the two important constraints. Therefore we developed an 

opportunistic based maintenance policy ourselves, that could deal with the finite service horizon and 

the structural component dependency. The opportunistic based replacement policy we developed is a 

one period look ahead policy that evaluates the future cost per time unit of the various preventive 

maintenance replacement scenarios at an unscheduled opportunity moment. The unscheduled 

opportunity moment for the preventive replacement of a component arrives due to the failure of 

another component that has to be correctively repaired. To calculate the expected future cost per time 

unit, we developed the mathematical model in equation (3.15).The mathematical model uses renewal 

reward approximation to divide the expected future cost of the coming cycle by the expected length 

of the next cycle.  

The third research question then was: What are the potential benefits of the opportunistic based 

maintenance policy? 

The mathematical model developed to calculate the expected future cost per time unit, has five 

parameters that influence the outcome: preventive maintenance cost, corrective maintenance cost, 

component reliability functions, remaining service time and current component age.  

With the use of a simulation model, we found that the potential benefit if the opportunistic based 

maintenance policy will be high if: 

 the preventive maintenance cost are relatively low to the corrective maintenance cost; 
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 the component reliability is not too high or too low with respect to the length of the service 

horizon; 

 the number of components with an increasing failure rate increase.  

Especially in systems containing multiple components with an increasing failure rate, the use of the 

opportunistic based maintenance policy could lead to cost reductions of over 60% over the service 

horizon. Yet, in two-component cases with one exponential and one Weibull distributed component, 

the cost savings vary between 1% and 10%. Especially when the reliability of the components are high, 

the cost savings of the opportunistic based maintenance policy is low. A similar conclusion was drawn 

in Liang (1985). 

Other than focusing on the cost, we also had a look at the availability of systems that contain the 

subsystems that were repaired. We found that the availability of systems is always higher when the 

opportunistic based maintenance policy is used. Also we found that when there are many systems in 

the field, the spread in availability between the systems is smaller when the opportunistic based 

maintenance policy is used. This is interesting as this implies that we can better estimate the future 

behavior of an average system.  

As Philips Healthcare was the initiator of the project the fourth research question was: What is the 

potential benefit of the maintenance policy for Philips Healthcare? 

In a case study it was investigated which parameters were needed to calculate the benefit of the 

application of the opportunistic based maintenance policy for Philips Healthcare. While we could find 

almost all cost parameters and process delay parameters, we were unable to find the component 

reliability functions of the components inside PCs. Because a study had previously been done to the 

component reliability function of one component, we did perform a case study for this component in 

a two-component system setting. Cost savings varied between $300k and $500k in the case study. 

Finally we answered the research question: How could the opportunistic based maintenance policy be 

implemented? 

To implement the opportunistic based maintenance policy, requires four steps. Step one is to find all 

parameters necessary to calculate the expected future cost per time unit. These include preventive 

maintenance cost, corrective maintenance cost, service length and component reliability functions. 

The second step, is to verify through a simulation model what the benefit of applying the opportunistic 

based maintenance policy is over the current maintenance policy. The third step is the development 

of an information system that keeps information on the leading deterioration parameter of a 

component. This could be the age of the component, but also a parameter that explain the usage of 

the component. Finally, to implement an opportunistic based maintenance policy it is advice to 

develop a tool that can easily calculate which components should be preventively replaced at an 

opportunity moment.   

10.2 Recommendations for Philips Healthcare 
From the case study conducted in chapters 7 and 8, it can be concluded that an opportunistic based 

replacement policy may reduce cost with 4 to 6.5 percent over 12 years of maintenance cost. In 

absolute terms, these cost savings will Philips Healthcare help cut maintenance cost with 

approximately $300k to $500k. Moreover, in section 6.3 we revealed that the benefit of the 

opportunistic based replacement model will probably be even greater if there are multiple 

components with an increasing failure rate. As the expectation is that besides Component L, also the 

Component F, Component I and Component M will have failure distributions that are increasing over 
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time, the benefit of the opportunistic based replacement model could even be greater than is currently 

estimated.  

If Philips Healthcare knows it can implement the opportunistic based replacement policy for less than 

$300k, it will definitely be worthwhile to put effort in retaining the failure distributions of all the 

components in the PC. My advice for Philips Healthcare would be to do so. Philips Healthcare already 

has a lot of the necessary knowledge and equipment in place to implement an opportunistic based 

replacement policy. With this graduation project, Philips is provided with a simulation model and a 

tool that is ready to be implemented. Moreover, Philips Healthcare has access to software (Weibull++) 

that can help them match component failure behaviour with theoretical distributions. So, if Philips 

Healthcare would take some time to collect solid data on the failure history of components, (i.e. 

without too many data contaminations and missing values), possibly with the effort of a small research 

team, I think this can definitely be done for less than how much Philips can benefit from it. 

Moreover, if Philips Healthcare decides to implement an opportunistic based replacement policy for 

PC components, it is recommended to change the information management on PCs. By implementing 

the opportunistic based replacement policy, it is necessary to know exactly how old each of the 

components are. Currently Philips has no such information management system, but it will be easy to 

develop.  

Also, in this research project it has quite easily been assumed that component deterioration within PCs 

are dependent on age and that each component fails mutually independently of other components. 

When Philips Healthcare will attempt to assess the failure rates of components, it should be noted that 

this might not be the case. If Philips has the right data it must keep this in mind, because otherwise the 

wrong conclusions could be drawn. 

Finally, inspecting the bill of materials revealed that the component price of Component M is extremely 

low compared with the corrective maintenance cost if it would cause a failure. The preventive 

replacements of 4000 component Ms, is already justified if two future failures are avoided. Thereby I 

would recommend to replace component M every time a PC is correctively maintained, even if Philips 

does not have a maintenance policy in place yet. 

10.3 Research Limitations 
The developed model is activated at an unscheduled maintenance moment and evaluates the costs 

that are spend until the next failure is expected to occur. This is referred to as a one-period look ahead 

model. However, the actions that will be taken at the decision moment, will influence the probability 

of the occurrence of the next failure, but also the maintenance decision that will be made at that 

moment. Due to the stochastic behaviour however, failures occur at random and unscheduled 

moments. Thereby, we cannot predict with absolute certainty when the next failure will occur and only 

make estimates this. If we would want to take the uncertainty of when the next failure will occur into 

account, it would imply that we have to make a complex failure tree of all possible moments the next 

failure would occur. This failure tree than should include all decisions that will be made at those failure 

moments and expand to new future failures. This failure and decision tree will be so big and complex 

that we cannot take it into account, and thereby we can only evaluate the behaviour of one-period 

until the next failure is expected to occur. However, it has to be kept in mind that one-period look 

ahead policies are rarely the optimal policies 

10.4 Academic Relevance 
Literature on maintenance policies consist of many models which are mainly focused on multi-

component systems with economic or stochastic dependence. According to Nicolai and Dekker (2008) 
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there is a big gap for maintenance policies that can be applied for multi-component systems that have 

a structural maintenance dependency. With this research project we aim to contribute to the academic 

literature with the development of an opportunistic based maintenance policy that is unique because 

it takes into account the finite horizon of system operations. Moreover, the research is also unique in 

the way that maintenance is not executed on site, but at an external repair location. Thereby, the 

maintenance activities are executed in a closed loop cycle, where systems and subsystems are not one-

on-one connected. A subsystem could at first installation be installed at customer A, but after failure 

and repair later be used as a spare part for customer Y. Therefore, the results of the opportunistic 

based maintenance policy in this graduation project are simulated rather than approximated by for 

instance semi-Markov decision processes.  

10.5 Recommendations for further research 
The developed model in this research project is one attempt to develop a suitable maintenance policy 

that can be applied for systems with a structural component dependency for maintenance activities. 

In this research project, time and age of a component are the leading parameters that determine 

component deterioration. In many cases, deterioration of a component is not merely dependent on 

time, but on actual usage. When we think about tyres of a car, the number of kilometres travelled has 

probably more influence on the reliability of the tyre than whether it is one year old. The developed 

model (equation 3.15) can be easily modified to apply under different circumstances. For instance, the 

remaining service time can be translated to expected kilometres to travel during the remaining service 

time and the component current age in component current travelled kilometres. Similarly the model 

could be applied to production facilities, where the component current age could be translated in 

number of units produced. For further research it would definitely be beneficial to find other case 

study to apply the model to. 

Second, the number of maintenance policies for systems with structural dependent components is 

really small. Therefore in this research the performance of the opportunistic based maintenance policy 

was only evaluated in comparison with a pure corrective maintenance policy. For further research it is 

recommended to see how the opportunistic based maintenance policy would perform compared with 

other (yet to develop?) maintenance policies.  
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List of Abbreviations 
CL – Cycle Length 

CM – Corrective Maintenance 

EOS – End Of Service 

FCC – Future Cycle Cost 

FSE – Field Service Engineer 

LSM – Least Square Method 

MLE – Maximum Likelihood Estimator  

MOM – Method of Moments 

MTTF – Mean Time To Failure 

OBM – Opportunistic Based Maintenance 

PM – Preventive Maintenance 

RST – Remaining Service Time 

SPS – Service Parts Supply Chain 
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List of Definitions 
Availability : The percentage of time over which a system performs its intended 

function measured on a specific time interval 
Component : Smallest part of the maintenance process. Component can fail, but not 

repaired. When failed a component will be replaced with a new 
component at the repair location. 

Corrective component 
replacement 

: The replacement of a failed component by a new component. 

Interventional X-Ray 
system 

: Medical system used in hospital to perform medical procedures. 

Maintenance Policy : A set of rules that prescribes the type of maintenance that is executed at 
a particular event 

Opportunistic based 
maintenance 

: Preventive maintenance executed at the same time as corrective 
maintenance to save cost 

PC : Server computer that controls specific functionalities of an interventional 
X-Ray system. 

Preventive component 
replacement 

: The replacement of a non-failed component by a new component. 

Reliability Function : The probability function that a system does not fail over time 
Remaining Service Time  : The time left between the end of the service horizon and the time of the 

arrival of an opportunistic decision moment.  
Service Contract : Agreement between a supplier and receiver of maintenance activities, in 

which the supplier guarantees to maintain a system at a specific availability 
level in return for a service fee. 

System : The largest entity in the maintenance process. The system is the located 
at the customer and is composed of one or multiple subsystems. 

Subsystem : (Repairable) part of the system that is composed of several components. 
When one of the components fails, the whole subsystems has to be send 
to the repair shop. 

Threshold Age : Control limit of the age of a component, when corrective maintenance of 
another component is executed and the age of a component is beyond the 
threshold age, preventive replacement will be executed. 

Uptime : State in which the system is in working conditions (i.e. without failure). 
  



73 
 

List of Variables 
𝛼 ≔ 𝑑𝑒𝑠𝑖𝑟𝑒𝑑 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 

𝐶𝐶𝑜𝑟𝑟.𝑟𝑒𝑝𝑎𝑖𝑟  ≔ 𝑅𝑒𝑝𝑎𝑖𝑟 𝑐𝑜𝑠𝑡 (𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑣𝑒 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑐𝑜𝑠𝑡) 

𝐶𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐 ≔ 𝐶𝑜𝑠𝑡 𝑜𝑓 𝐷𝑖𝑎𝑔𝑛𝑜𝑠𝑡𝑖𝑐 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑉𝑖𝑠𝑖𝑡 

𝐶𝐼𝑛𝑠𝑡𝑎𝑙𝑙𝑎𝑡𝑖𝑜𝑛 ≔ 𝐶𝑜𝑠𝑡 𝑜𝑓 𝐼𝑛𝑠𝑡𝑎𝑙𝑙𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎 𝑆𝑝𝑎𝑟𝑒 𝑃𝑎𝑟𝑡 𝑃𝐶 

𝐶𝑃𝑟𝑒𝑣.𝑅𝑒𝑝𝑙.𝑐𝑜𝑚𝑝.𝑖 ≔ 𝐶𝑜𝑠𝑡 𝑝𝑟𝑒𝑣𝑒𝑛𝑡𝑖𝑣𝑒 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 

𝐶𝑟𝑒𝑝𝑎𝑖𝑟 ≔ 𝐶𝑜𝑠𝑡 𝑜𝑓 𝑃𝐶 𝑅𝑒𝑝𝑎𝑖𝑟 (𝑎𝑡 𝑟𝑒𝑝𝑎𝑖𝑟 𝑠ℎ𝑜𝑝) 

𝐶𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 ≔ 𝐶𝑜𝑠𝑡 𝑜𝑓 𝑃𝐶 𝑅𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 (𝑓𝑎𝑖𝑙𝑒𝑑 𝑃𝐶 𝑏𝑦 𝑠𝑝𝑎𝑟𝑒 𝑝𝑎𝑟𝑡 𝑃𝐶) 

𝐶𝑆𝑒𝑡𝑢𝑝 ≔ 𝑆𝑒𝑡𝑢𝑝 𝐶𝑜𝑠𝑡 

𝐶𝑠ℎ𝑖𝑝𝑚𝑒𝑛𝑡 ≔ 𝐶𝑜𝑠𝑡 𝑜𝑓 𝑃𝐶 𝑆ℎ𝑖𝑝𝑚𝑒𝑛𝑡 

𝐶𝑡𝑟𝑎𝑣𝑒𝑙 ≔ 𝐶𝑜𝑠𝑡 𝑜𝑓 𝑇𝑟𝑎𝑣𝑒𝑙𝑙𝑖𝑛𝑔 𝑏𝑦 𝑎 𝐹𝑆𝐸 

𝐸[𝐹𝐶𝐶] ≔ 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐹𝑢𝑡𝑢𝑟𝑒 𝐶𝑦𝑐𝑙𝑒 𝐶𝑜𝑠𝑡 

𝐸[𝐶𝐿] ≔ 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐶𝑦𝑐𝑙𝑒 𝐿𝑒𝑛𝑔𝑡ℎ 

𝐸𝑂𝑆 ≔ 𝐷𝑎𝑡𝑒 𝑜𝑓 𝐸𝑛𝑑 𝑜𝑓 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 

𝑓𝑠𝑦𝑠(𝑡) ≔ 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑎 𝑠𝑦𝑠𝑡𝑒𝑚 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

𝑔 ≔ 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑓𝑢𝑡𝑢𝑟𝑒 𝑐𝑦𝑐𝑙𝑒 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑡𝑖𝑚𝑒 𝑢𝑛𝑖𝑡 

𝑖 ≔ 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑦 𝑎 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 

𝑛 ≔ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑟𝑢𝑛𝑠 

�̂� ≔ 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑟𝑢𝑛𝑠 

𝑁 ≔ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠 

𝑂𝐵𝑅𝑖  ≔ 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑖𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑖𝑠 𝑜𝑝𝑝𝑜𝑟𝑡𝑢𝑛𝑠𝑡𝑖𝑐 𝑏𝑎𝑠𝑒𝑑  
𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑑 (1 = 𝑦𝑒𝑠, 0 = 𝑛𝑜) 

𝑅𝑖(𝑇) ≔ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑡ℎ𝑎𝑡 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑓𝑎𝑖𝑙 𝑏𝑒𝑓𝑜𝑟𝑒 𝑡𝑖𝑚𝑒  𝑇 

𝑅𝑠𝑦𝑠(𝑡) ≔ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑡ℎ𝑎𝑡 𝑎 𝑠𝑦𝑠𝑡𝑒𝑚 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑓𝑎𝑖𝑙 𝑏𝑒𝑓𝑜𝑟𝑒 𝑡𝑖𝑚𝑒  𝑇 

𝑅𝑆𝑇 ≔ 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑇𝑖𝑚𝑒 

𝑆𝐸 ≔ 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑒𝑟𝑟𝑜𝑟 𝑜𝑓 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 

𝑆𝑛 ≔ 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑛 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑟𝑢𝑛𝑠 

𝑡
1−

𝛼
2

,𝑛−1
 ≔ 𝑠𝑡𝑢𝑑𝑒𝑛𝑡 𝑡 − 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛  

𝑇𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑠 ≔ 𝑇𝑖𝑚𝑒 𝑠𝑝𝑒𝑛𝑡 𝑜𝑛 𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑛𝑔 𝑎 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 

𝑇𝐶𝑀 ≔ 𝑇𝑖𝑚𝑒 𝑠𝑝𝑒𝑛𝑡 𝑜𝑛 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑣𝑒 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑖𝑒𝑠 

𝑇𝑛𝑜𝑤 ≔ 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑡𝑖𝑚𝑒 𝑎𝑡 𝑎𝑛 𝑜𝑝𝑝𝑜𝑟𝑡𝑢𝑛𝑖𝑠𝑡𝑖𝑐 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡   

𝑇𝑡𝑟𝑎𝑣𝑒𝑙 ≔ 𝑇𝑖𝑚𝑒 𝑠𝑝𝑒𝑛𝑡 𝑜𝑛 𝑡𝑟𝑎𝑣𝑒𝑙𝑙𝑖𝑛𝑔 𝑏𝑦 𝑎 𝑓𝑖𝑒𝑙𝑑 𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑒𝑛𝑔𝑖𝑛𝑒𝑒𝑟 𝑡𝑜 𝑎 ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙 

𝑊 ≔ 𝑊𝑎𝑔𝑒 𝑜𝑓 𝑎 𝐹𝑖𝑒𝑙𝑑 𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝐸𝑛𝑔𝑖𝑛𝑒𝑒𝑟 𝑖𝑛 $/ℎ𝑜𝑢𝑟 

𝑥𝑖 ≔ 𝑇ℎ𝑒 𝑎𝑔𝑒 𝑜𝑓 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑖 𝑎𝑡 𝑡ℎ𝑒 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑚𝑜𝑚𝑒𝑛𝑡 

𝑋𝑖  ≔ 𝑂𝑢𝑡𝑐𝑜𝑚𝑒 𝑜𝑓 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑟𝑢𝑛 𝑖 

𝑋𝑛
̅̅̅̅  ≔ 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑜𝑢𝑡𝑐𝑜𝑚𝑒 𝑜𝑓 𝑛 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑟𝑢𝑛𝑠 
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Appendix A: Validation of the simulation model using a 2-components 

deterministic failing systems. 
Assume 10 X-Ray systems in the field, each containing one PC equipped with 2-components.The failure 

characteristics of these component are that component 1 is failing every 6 years and component 2 is 

failing every 8 years. Furthermore assume 𝐶𝑠𝑒𝑡𝑢𝑝 = $2342, 𝐶𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡_1 = $400 and 𝐶𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡_2 =

$250 and an end of service at year 10.  

What must happen is that every system in the field has to fail for the first time in year 6. If we modify 

our simulation model such that we have zero spare parts in stock, every failed PC returns to the same 

hospital after repair. In the corrective maintenance policy the next failure will occur at year 8 +

𝑟𝑒𝑝𝑎𝑖𝑟𝑡𝑖𝑚𝑒 𝑑𝑒𝑙𝑎𝑦. If we consider a 10 year finite horizon, the PCs will not fail any more hereafter.  

The expected cost of the corrective maintenance policy are 2 𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑠 ∗  $2343 ∗ 10 𝑠𝑦𝑠𝑡𝑒𝑚𝑠 =

$46,840 and the availability is 1 −
2∗𝑟𝑒𝑝𝑎𝑖𝑟𝑑𝑒𝑙𝑎𝑦 𝑖𝑛 𝑦𝑒𝑎𝑟𝑠

10𝑦𝑒𝑎𝑟𝑠
= 0.943. The results of the simulation model 

are shown in table C1 and C2. Now if we compare the results of to what we derived analytically, there 

is a full match between our results. 

Year Shipment 
Cost 

Installation 
Cost 

Fixed Repair 
Cost 

Opportunistic Repair 
Cost 

Total Cost in 
Year 

Year 0 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 1 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 2 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 3 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 4 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 5 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 6 $3.300,00 $13.120,00 $7.000,00 $0,00 $23.420,00 

Year 7 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 8 $3.300,00 $13.120,00 $7.000,00 $0,00 $23.420,00 

Year 9 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 10 $0,00 $0,00 $0,00 $0,00 $0,00 

Total 
Cost 

$6.600,00 $26.240,00 $14.000,00 $0,00 $46.840,00 

Table A 1: Cost output of the simulation model using a corrective maintenance policy 

SystemID Availability   

1 94,3  Average Availability 

2 94,3  94,3 

3 94,3  Lowest Availiability 

4 94,3  94,3 

5 94,3  Highest Availability 

6 94,3  94,3 

7 94,3   

8 94,3   

9 94,3   

10 94,3   

Table A 2: Overview of system availability under a corrective maintenance policy 
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If the simulation will run the same parameter settings for the opportunistic maintenance policy, again 

all systems will fail at year 6. Now the model has to evaluate whether or not to replace component 2 

at this opportunistic moment.  

𝑔𝑛𝑜𝑡_𝑟𝑒𝑝𝑙𝑎𝑐𝑖𝑛𝑔_𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡_2 =
𝐸[𝐹𝐶𝐶]

𝐸[𝐶𝐿]
=

(1 − 𝑅𝑠𝑦𝑠(𝑅𝑆𝑇)) 𝐶𝑠𝑒𝑡𝑢𝑝

2
=

1 ∗ 2342

2
= $1171/𝑦𝑒𝑎𝑟 

𝑔𝑟𝑒𝑝𝑙𝑎𝑐𝑖𝑛𝑔_𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡_2 =
𝐸[𝐹𝐶𝐶]

𝐸[𝐶𝐿]
=

𝐶𝑐𝑜𝑚𝑝.2 + (1 − 𝑅𝑠𝑦𝑠(𝑅𝑆𝑇)) 𝐶𝑠𝑒𝑡𝑢𝑝 +

4
=

250

4
= $62.5/𝑦𝑒𝑎𝑟 

If the simulation model works correctly, it has to replace component 2 in every system. Then the next 

failure of every system will occur at year 12, which is after the EOS, thus will not occur.  

The expected cost of the opportunistic maintenance policy are 1 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 ∗  $2343 ∗ 10 𝑠𝑦𝑠𝑡𝑒𝑚𝑠 +

 1 𝑜𝑝𝑝𝑜𝑟𝑡𝑢𝑛𝑖𝑠𝑡𝑖𝑐 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 ∗  $250 ∗  10 𝑠𝑦𝑠𝑡𝑒𝑚𝑠 = $25,920 and the availability is 1 −
1∗𝑟𝑒𝑝𝑎𝑖𝑟𝑑𝑒𝑙𝑎𝑦 𝑖𝑛 𝑦𝑒𝑎𝑟𝑠

10𝑦𝑒𝑎𝑟𝑠
= 0.972. If we look at the results of the simulation model in tables C3 and C4, we 

indeed see the opportunistic replacement happening in year 6. Furthermore we see that the simulated 

cost and availability of this policy are aligned with the analytically derived cost and availability. 

Year Shipment 
Cost 

Installation 
Cost 

Fixed Repair 
Cost 

Opportunistic Repair 
Cost 

Total Cost in 
Year 

Year 0 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 1 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 2 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 3 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 4 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 5 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 6 $3.300,00 $13.120,00 $7.000,00 $2.500,00 $25.920,00 

Year 7 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 8 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 9 $0,00 $0,00 $0,00 $0,00 $0,00 

Year 10 $0,00 $0,00 $0,00 $0,00 $0,00 

Total 
Cost 

$3.300,00 $13.120,00 $7.000,00 $2.500,00 $25.920,00 

Table A 3: Cost output of the simulation model using an opportunistic based maintenance policy 

SystemID Availability   

1 97,15  Average Availability 

2 97,15  97,15 

3 97,15  Lowest Availiability 

4 97,15  97,15 

5 97,15  Highest Availability 

6 97,15  97,15 

7 97,15   

8 97,15   

9 97,15   

10 97,15   

Table A 4: Overview of system availability under an opportunistic based maintenance policy 
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Appendix B: Solving integral equations 
Solving the integral functions used to calculate the Expected Cycle Length by hand is possible, but will 

take a lot of effort. Also, if it turns out later that any of the components follows a different failure 

distribution, the integration will have to be resolved as the input and result changes substantially. 

Similarly, the number of terms within the integral function also depends on the number of components 

in one PC. As the number of components varies per PC type, the body of the integral functions will 

differ per PC type. Therefore there will be no singular solution to any of the integral functions that will 

be equal to an other and integrating the functions by hand will not be an efficient task. 

In this research Microsoft Excel’s Visual Basic Application (VBA) is used for simulation and can also help 

solving the integrals. Unfortunately, VBA does not provide a function to solve integrals. To solve the 

integral function we will use an approximation method. We have to think of the integration function 

as an area problem and use geometry to solve the problem. The integral functions have one common 

characteristic, which is that the integral is bounded between 0 and 𝐸𝑂𝑆 − 𝑇𝑛𝑜𝑤. On this interval, the 

solution can be found by plotting the function and calculate the area between the x-axis and the 

function. In example here we will use a function 𝐺(𝑥) on an interval 1 to 5. The plot of 𝐺(𝑥) and 

integration area are shown in the next two illustrations. 

𝐺(𝑥) ∫ 𝐺(𝑥)𝑑𝑥
5

1

 

  

  

 

The shape of the function 𝐺(𝑥) makes it difficult to calculate the exact surface of the area. To help 

approximating the surface area, we can divide the function into 𝑛 smaller subintervals of size Δ𝑥𝑛. The 

variables will be related in the following way: Δ𝑥𝑛 =
𝑏−𝑎

𝑛
. Which in this figure gives: 

Δ𝑥4 =
5 − 1

4
= 1 
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By doing so, we can calculate the area of each interval and sum all the individual areas, which is 

referred to as the Riemann sum. To make the approximation of the Riemann sum  

In each interval however, we still find a difficult round shape, because the function is going concave 

down. Calculating the exact surface between the function and the x-axis within each interval then still 

is a difficult task. There are several approximation methods to evaluate the area of the smaller 

intervals. The four best known methods, due to their relative easy applicability, are the left hand rule, 

the right hand rule, the trapezoid rule and the midpoint rule.  

Left hand rule and right hand rule 
Left hand rule and right hand rule, make rectangular shapes of the intervals. Both rules take Δ𝑥 as the 

width of the rectangle, but the left hand rule takes the height of the rectangle measured as the left 

hand point of the function, whereas the right hand rule takes the right hand point of the function as 

the height of the rectangle (see illustrations 3 and 4). 

  

  

 

In a downward interval of the function, the left hand rule is always overestimating the surface area, 

whereas the right hand rule is always underestimating the surface area. In an upward interval of the 

function, the area beneath the function is underestimated by the left hand rule, but overestimated by 

the right hand rule. 

In mathematical terms, the left hand rule is expressed as: 

𝐿𝑛 = ∑ 𝐺(𝑥) ∗ Δ𝑥𝑛 

𝑏−Δ𝑥𝑛

𝑥=𝑎

 

The right hand rule is expressed as: 

𝑅𝑛 = ∑ 𝐺(𝑥 + Δ𝑥𝑛) ∗ Δ𝑥𝑛

𝑏−Δ𝑥𝑛

𝑥=𝑎

= ∑ 𝐺(𝑥) ∗ Δ𝑥𝑛 

𝑏

𝑎+Δ𝑥𝑛

 

Trapezoid Rule 
The trapezoid rule divides the area within the interval in two parts. The first part is a rectangle shape 

and the second part is a triangle shape. Then the trapezoid rule, calculates both the surface area of the 

rectangle and the triangle and adds these together. If the shape of the function is concave up or convex 

down on an interval, then the trapezoid rule slightly overestimates the area and if the function is 

concave down or convex up on the interval, then the trapezoid rule slightly underestimates the area 

beneath the function.  
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In mathematical terms, the trapezoid rule can be expressed as: 

𝑇𝑛 = ∑ 𝐺(𝑥) ∗ Δ𝑥𝑛 + (𝐺(𝑥 + Δ𝑥𝑛) − 𝐺(𝑥)) ∗ 0,5 ∗ Δ𝑥𝑛

𝑏−Δ𝑥𝑛

𝑥=𝑎

 

𝑇𝑛 = ∑ 0,5 [𝐺(𝑥) + 𝐺(𝑥 + Δ𝑥𝑛)] ∗ Δ𝑥𝑛 

𝑏−Δ𝑥𝑛

𝑥=𝑎

 

If we look closely at the mathematical expression of the trapezoid rule, we see that this expression is 

also the average of the left hand rule and the right hand rule. Actually, what the trapezoid rule thus 

calculates is the average of the left hand and right hand rule. As we know that, in the same interval, 

the left hand rule and right hand rule have over- or underestimations in opposite directions, it makes 

it reasonable to state that the trapezoid rule is providing more accurate approximations than the left 

hand or right hand rule does individually.  

Midpoint Rule 
The midpoint rule also takes into account that the left hand rule and right hand rule over- and 

underestimate in opposite directions. However, the midpoint rule does not take the average of the 

rule, but the midpoint rule makes a rectangle with a height of a point in the middle between the left 

hand and right hand of the interval.  

 

 

 

In mathematical terms the midpoint rule is expressed as: 
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𝑀𝑛 = ∑ 𝐺 (
𝑥 + (𝑥 + Δ𝑥𝑛)

2
) ∗ Δ𝑥𝑛

𝑏−Δ𝑥𝑛

𝑥=𝑎

  

 

The midpoint rule underestimates on a concave up function and overestimates on a concave down 

function. 

Rule of choice 
Approximations of all four rules have approximation errors due to over- or underestimations of the 

rule. For all of the rules applies that, to make the approximation better, we have to increase the 

number of subintervals 𝑛, by making the width Δ𝑥𝑛 of the subinterval descrease. In the VBA macro, 

we will use the trapezoid rule to approximate the integrals, because this rule is easy to implement and 

its error in estimations is expected to be less than the errors of the left hand rule or right hand rule as 

discussed above.  
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Appendix C: Generating times to failure from a failure distribution 
Failures arrive at random moments in time. However, most failure patterns can be can be described 

by theoretical distributions. If so, failures arrive at random moments in time, yet the probability that 

a failure arrives at one particular moment, may be greater than the arrival of a failure at another 

moment. A common used method to obtian random failure moments, is by taking random draws of 

existing cumulative probability distributions (Griep and Flapper, 1987). 

In figure C.1, we see an example of a cumulative Weibull distribution with parameters 𝛽 = 2 and 𝜂 =

100. The value of 𝐹(𝑥), varies between 0 and 1. With this knowledge, we could apply a two-step 

procedure to obtain random Time To Failures (Griep and Flapper, 1987): 

Step 1 is to have a random generator, pick a random number 𝑟 between 0 and 1. In Excel this can be 

done by using the function 𝑅𝑁𝐷().  

Step 2 is to solve the value for 𝑥 from the equation 𝑟 = 𝐹(𝑥) or 𝐹−1(𝑟) = 𝑥. 

 

Figure C.1: Cumulative Weibull ditribution 

For the Weibull distribution described above, we can give the following example.  

Step 1: we draw the random number 0.45 

Step 2: Solve 1 − 𝑒
−(

𝑥

𝜂
)

𝛽

= 𝑟 

𝑥 = 𝜂(− ln(1 − 𝑟))
1
𝛽  

𝑥 = 100(− ln(1 − 0.45))
1
2 = 77.32 

In general the following equations have to be solved for the following common used distribution: 

Distribution: Weibull distribution Exponential distribution Normal distribution 

𝑥 = 𝐹−1(𝑟) 𝑥 = 𝜂(− ln(1 − 𝑟))
1
𝛽 𝑥 = −

1

𝜆
ln (1 − 𝑟) 𝑥 = 𝜇 + 𝜎√2 erf −1(2𝑟 − 1) 

Excel shortcut   =NORM.INV(𝑟; 𝜇; 𝜎) 
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Appendix D: Fitting distributions and their parameters to a dataset 
In this Appendix, the procedure to fit a theoretical distribution to observed data on failures or process 

delay times such as shipment times or repair times will be explained. If we observe data, we might feel 

that the data could be explained by a known distribution which could be fitted to the data. If we are 

able to fit a distribution to a dataset this will be helpful in order to predict future behaviour of the 

dataset we are studying.  

To fit a distribution to a dataset several methods can be used to estimate the distribition’s parameters. 

Common known methods can be classified into groups of graphical and analytical methods (Al-Fawzan, 

2000). Graphical methods are known for their simplicity, but the downturn of using graphical methods 

is that they also include a larger probability of error than analytical methods. Therefore the application 

of an analytical method to estimate a distribution’s parameters is preferred (Al-Fawzan, 2000). 

Commonly known analytical methods are the Maximum Likelihood Estimator (MLE), Method of 

Moments (MOM) and Least Square Method (LSM). In this research paper we have chosen to use the 

LSM because of its ease of implementation in Excel. The LSM method entails that the sum of the 

squares of the errors between the measured or observed data and the distribution is minimized. 

In Lewis (1994), Al-Fawzan (200) and Ebeling (2010) methods are described to fit a distribution to a 

dataset. According to Ebeling (2010) there are two types of reliability distributions that generally exist: 

empirical distributions and theoretical distributions. For this fitting of a distribution to a dataset we 

focus on the last one. Theoretical distributions are distributions that already exist and which can be 

fitted to sample dataset. These theoretical distributions include common know functions such as the 

Normal distribution, the Weibull distribution, Exponential distribution, etcetera. In Lewis (1994) this is 

described as a parametric analysis of data. In order to fit a theoretical distribution to a dataset Ebeling 

(2010) describes three steps that should be followed.  

Step one is the identification of candidate distributions which we on beforehand would guess that fit 

the dataset. In this research project we aim to find the failure distribution of components in a dataset, 

the shipment delay times, FSE travel delay times and installation delay times. According to the people 

we have spoken to they assume that only the Weibull distribution or Exponential distribution will fit 

the datasets.  

The second step that Ebeling (2010) prescribes is to estimate the best parameter values of the chosen 

theoretical distribution. For the Weibull distribution this will be discussed in section D.1. In section D.2 

we will pay attention to deriving the optimal parameters of the Exponential distribution. Because we 

use LSM we try to find our parameters based on a linear regression function 𝑦 = 𝑎 + 𝑏𝑥 and 

minimizing the coefficient of determination. The coefficient of determination also the 𝑅2-value, 

determines how well the developed model predicts the observed data with respect to as if we would 

simply take the average of the observed model. The coefficient of determination is calculated by: 

𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
= 1 −

∑ (𝑦𝑖 − 𝑥𝑖)2𝑛
𝑖=1

∑ (𝑦𝑖 − �̅�)2𝑛
𝑖=1

 D.1 

 

D.1 The Weibull Distribution 
In order to execute the method, some understanding about the Weibull distribution is necessary. The 

2-parameter Weibull distribution density function is given by: 
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𝑓(𝑥) = (
𝛽

 𝜂
) (

𝑥

𝜂
)

𝛽−1

𝑒
−(

𝑥
𝜂

)
𝛽

 D.2 

 

 

The cumulative distribution that represents this Weibull distribution function is then given by: 

𝐹(𝑥) = 1 − 𝑒
−(

𝑥
𝜂

)
𝛽

 D.3 

By rearranging equation (x.x) we can also write the equation as a linear equation: 

ln (𝑙𝑛 (
1

1 − 𝐹(𝑥)
)) = 𝛽 ln(𝜂) − 𝛽 ln(𝑥)  

Or alternatively: 

ln(−𝑙𝑛(1 − 𝐹(𝑥))) = 𝛽 ln(𝜂) − 𝛽 ln(𝑥) D.4 

If we include the linear assumption of the regression and the equation 𝑦 = 𝑎 + 𝑏𝑥, we are allowed to 

write (Al-Fawzan, 2000): 

�̅� =
1

𝑛
∑ ln [− 𝑙𝑛 (1 −

𝑖

𝑛 + 1
)]

𝑛

𝑖=1

 D.5 

�̅� =
1

𝑛
∑ ln(𝑥𝑖)

𝑛

𝑖=1

 D.6 

Following from optimizing the 𝑅2-value from equation D.1, it follows that: 

𝛽 =
(𝑛 ∗ ∑ [(ln(𝑥𝑖))]𝑛

𝑖=1 ∗ ln (− 𝑙𝑛 (1 −
𝑖

𝑛 + 1))) − (∑ [ln (− 𝑙𝑛 (1 −
𝑖

𝑛 + 1))]𝑛
𝑖=1 ∗ ∑ [ln(𝑥𝑖)]𝑛

𝑖=1 )

(𝑛 ∗ ∑ [ln(𝑥𝑖)2]𝑛
𝑖=1 ) − (∑ [ln(𝑥𝑖)]𝑛

𝑖=1 )
2  D.7 

 

Where, 

𝑛 ≔ 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠  

𝑖 ≔ 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑛𝑢𝑚𝑏𝑒𝑟 𝑖 ∈ 𝑁  

𝑥𝑖 ≔ 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑖  

 

 

If the values for �̅�, �̅� and 𝛽 are known, we can estimate the scale parameters by: 

𝜂 = 𝑒
(�̅�−

�̅�
𝛽

)
 D.8 

D.2 The exponential Distribution 
Like we made an understanding of the Weibull distribution, we can make a similar understanding of 

the exponential distribution. The exponential distribution density function is given by: 



83 
 

𝑓(𝑥) = 𝜆𝑒−𝜆𝑥 D.10 

The cumulative distribution that represents this exponential distribution function is then given by: 

𝐹(𝑥) = 1 − 𝑒−𝜆𝑥 D.11 

By rearranging equation (D.11) we can also write the equation as a linear equation: 

𝑙𝑛 (
1

1 − 𝐹(𝑥)
) = 𝜆𝑥  

Or alternatively: 

− 𝑙𝑛(1 − 𝐹(𝑥)) = 𝜆𝑥 D.12 

 

Then by taking the minimization of the 𝑅2-value into account, the optimal value for 𝜆 is calculated by: 

𝜆 =
∑ 𝑥𝑖 ∗ (− 𝑙𝑛 (1 −

𝑖
𝑛 + 1

))𝑛
𝑖=1

∑ 𝑥𝑖
𝑛
𝑖=1

2  D.13 

Where, 

𝑛 ≔ 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠  

𝑖 ≔ 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑛𝑢𝑚𝑏𝑒𝑟 𝑖 ∈ 𝑁  

𝑥𝑖 ≔ 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 𝑖  

 

 

As a final step, the outcome of the models has to be tested. To test whether the distributions with 

their parameters actually fit the dataset, several goodness of fit tests can be conducted. For the 

Weibull distribution the Mann’s test should be conducted and for the Exponential distribution, the 

Bartlett’s test has to be executed (Ebeling, 2010).   

If both the Weibull and the Exponential distributions pass these test, the final step is to evaluate the 

goodness of fit of the distributions by calculating the 𝑅2-value between the distributions and the actual 

observed data. The distribution for which the outcome of the 𝑅2-value is the highest is the model that 

fits the dataset best (Ebeling, 2010). 
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Appendix E: Simulated results of varying corrective replament cost on the model savings 
Total 

Corrective 
Maintenance 

Cost 
Component 2 

Number of 
simulation 

runs 

Total cost of 
simulation 
using a CM 

policy 

Total cost of 
simulation 

using the OBM 
policy 

Absolute cost 
savings of the 

OBM policy versus  
a CM policy 

Percentage Cost Savings OBM 
model over CM Model 

Average Availability 
Uplift, OBM model over 

CM Model 

€  𝑛 € € € (𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙 –  𝐶𝑜𝑠𝑡 𝑂𝐵𝑀 𝑀𝑜𝑑𝑒𝑙)

𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙
 Availability OBM Model – 

Availability CM Model 

2000 10 545,480 521,050 24,430 4.88 % 0.05 % 

2200 10 587,900 557,095 30,805 5.53 % 0.05 % 

2400 10 619,200 585,760 33,440 5.71 % 0.05 % 

2600 10 662,200 630,410 31,790 6.24 % 0.07 % 

3000 10 762,300 710,085 52,215 7.35 % 0.07 % 

3500 10 853,970 790,225 63,745 8.07 % 0.07 % 

4000 10 974,880 887,390 87,490 9.86 % 0.08 % 
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Appendix F: Simulated results of varying Preventive Maintenance Cost on the model savings 
Preventive 

Maintenance 
Cost 

Component 2  

Number of 
simulation 

runs 

Total cost of 
simulation 
using a CM 

policy 

Total cost of 
simulation 

using the OBM 
policy 

Absolute cost 
savings of the 

OBM policy versus  
a CM policy 

Percentage Cost Savings OBM 
model over CM Model 

Average Availability 
Uplift, OBM model over 

CM Model 

$ 
𝑛 € € € (𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙 –  𝐶𝑜𝑠𝑡 𝑂𝐵𝑀 𝑀𝑜𝑑𝑒𝑙)

𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙
 Availability OBM Model – 

Availability CM Model 

1 10 638,400 573,656 64,744 10.14 % 0.05 % 

100 10 638,400 582,010 56,390 8.83 % 0.04 % 

200 10 638,400 592,830 45,570 7.14 % 0.06 % 

300 10 638,400 594,120 44,280   6.94 % 0.08 % 

400 10 638,400 594,580 43,820 6.86 % 0.05 % 

500 10 638,400 601,520 36,880 5.78 % 0.07 % 

600 10 638,400* 625,980* 12,420* 1.95 %* 0.05 % 

700 10 638,400* 622,390* 16,010* 2.51 %* 0.05 % 

*Simulated result of the CM policy and OBM policy are not significantly different   
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Appendix G: Simulated results of varying the exponential component reliability on the model outcome 
Exponential 
Component 
Failure rate  

Number 
of spare 
parts to 

guarantee 
95% 

service 
level  

Number 
of 

simulatio
n runs 

Total cost of 
simulation 
using a CM 

policy 

Total cost of 
simulation 
using the 

OBM policy 

Absolute cost 
savings of the 

OBM policy 
versus  a CM 

policy 

Percentage Cost Savings OBM 
model over CM Model 

Average Availability 
Uplift, OBM model 

over CM Model 

𝝀 𝐾 
𝑛 € € € (𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙 –  𝐶𝑜𝑠𝑡 𝑂𝐵𝑀 𝑀𝑜𝑑𝑒𝑙)

𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙
 Availability OBM Model 

– Availability CM Model 

0.01 9 10 514,320* 507,585* 6,735* 1.33 %* 0.01 %* 

0.03 11 10 572,160* 559,945* 12,215* 2.18 %* 0.02 %* 

0.05 11 10 630,240 596,780 33,460 5.61 % 0.05 % 

0.10 13 10 764,160 708,995 55,165   7.78 % 0.10 % 

0.20 16 10 1,045,680 966,950 78,730 8.14 % 0.17 % 

0.35 21 10 1,494,720 1,345,105 149,615 11.12 % 0.26 % 

0.50 27 10 1,899,360 1,723,175 176,185 10.22 % 0.30 % 

0.75 33 10 2,556,240 2,448,115 108,125 4.42 % 0.30 % 

*Simulated result of the CM policy and OBM policy are not significantly different   
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Appendix H: Simulated results of varying the Weibull component reliability on the model outcome 
Weibull 

Component 
Failure rate 

Number of 
spare parts to 

guarantee 
95% service 

level  

Number of 
simulation 

runs 

Total cost of 
simulation 
using a CM 

policy 

Total cost of 
simulation 
using the 

OBM policy 

Absolute cost 
savings of the 

OBM policy 
versus  a CM 

policy 

Percentage Cost Savings OBM 
model over CM Model 

Average Availability Uplift, 
OBM model over CM 

Model 

𝜷 𝜂 𝐾 
𝑛 € € € (𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙 –  𝐶𝑜𝑠𝑡 𝑂𝐵𝑀 𝑀𝑜𝑑𝑒𝑙)

𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙
 Availability OBM Model – 

Availability CM Model 

2.52 1 38 10 3,192,000 3,119,230 72,770 2.33 % 0.09 % 

2.52 3 17 10 1,095,360 1,071,215 24,145 2.25 % 0.06 % 

2.52 5 12 10 673,680 640,500 33,180 5.18 % 0.05 % 

2.52 7 10 10 504,960 474,770 30,190 6.36 % 0.05 % 

2.52 10 9 10 372,000 341,440 30,560 8.95 % 0.05 % 

2.52 12 9 10 305,280 283,735 21,545 7.59 % 0.03 % 

2.52 15 7 10 252,960 240,965 11,995 4.98 % 0.02 % 

2.52 20 5 10 198,480* 194,675* 3,805* 1.92 %* 0.00 %* 

*Simulated result of the CM policy and OBM policy are not significantly different   
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Appendix I: Simulated results of varying the length of the service horizon on the model outcome 
Length of the 

service 
horizon  

Number of 
simulation 

runs 

Total cost of 
simulation 
using a CM 

policy 

Total cost of 
simulation 
using the 

OBM policy 

Absolute cost 
savings of the 

OBM policy 
versus  a CM 

policy 

Percentage Cost Savings OBM 
model over CM Model 

Average Availability Uplift, 
OBM model over CM 

Model 

𝑬𝑶𝑺 
𝑛 € € € (𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙 –  𝐶𝑜𝑠𝑡 𝑂𝐵𝑀 𝑀𝑜𝑑𝑒𝑙)

𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙
 Availability OBM Model – 

Availability CM Model 

1 160 15,360* 15,445*^    

2 70 41,611* 40,825*^    

3 20 87.240* 81,410* 5,830* 7.16 %* 0.02 %* 

4 17 141,741* 137,635* 4,105* 2.98 %* 0.02 %* 

5 14 199,200 191,725 7,475 3.90 % 0.03 % 

7 10 338,880 313,315 25,565 8.16 % 0.06 % 

9 10 440,640 422,965 17,675 4.18 % 0.04 % 

12 10 639,600 593,215 46,385 7.82 % 0.06 % 

15 10 805,200 766,615 38,585 5.03 % 0.05 % 

20 10 1,122,480 1,049,965 72,515 6.91 % 0.07 % 

25 10 1,436,880 1,323,855 113,025 8.54 %  0.07 % 

30 10 1,710,000 1,644,750 65,250 3.97% 0.05 % 

*Simulated result of the CM policy and OBM policy are not significantly different   

^ 0 preventive replacements have been executed during the service horizon 

  



89 
 

Appendix J: Simulated results of increasing the number of components on the model outcome 
Number of 

components  
Number of 
simulation 

runs 

Total cost of 
simulation 
using a CM 

policy 

Total cost of 
simulation 
using the 

OBM policy 

Absolute cost 
savings of the 

OBM policy 
versus  a CM 

policy 

Percentage Cost Savings OBM 
model over CM Model 

Average Availability Uplift, 
OBM model over CM 

Model 

𝑵 
𝑛 € € € (𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙 –  𝐶𝑜𝑠𝑡 𝑂𝐵𝑀 𝑀𝑜𝑑𝑒𝑙)

𝐶𝑜𝑠𝑡 𝐶𝑀 𝑀𝑜𝑑𝑒𝑙
 Availability OBM Model – 

Availability CM Model 

3 10 727,200 605,542 121,658 20.09% 0.14 % 

4 10 741,600 615,460 126,140 20.50 % 0.15 % 

5 10 880,560 682,574 197,986 29.01 % 0.23 % 

6 10 949,440 713,357 236,083 33.09 % 0.29 % 

7 10 1,310,880 807,481 503,399 62.34 % 0.75 % 
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Appendix K: How to use the simulation model? 
The simulation model used in this research paper has been supplied to Philips Healthcare for future 

use. The simulation model works in a couple simple steps. 

When the user starts the Excel model, the Excel is opened on the start sheet. The start sheet looks as 

following: 

 

Figure K. 1: Start sheet of the simulation model 

Step 1 

On the start sheet we see several parameters return that have been discussed in this project and 

especially in chapter 7. The first step for the user to run the simulation model, is now to fill in the 

appropriate input parameters in all grey boxes. The user can also choose for which system he wants to 

run the simulation. The user can select the option Monoplane or Biplane and also Normal IP or Clarity 

IP.  

Step 2 

Step 2 requires the user to use the navigation pane at the bottom of the Excel sheet. Based on the 

system the user wants to simulate the results for, the user has to fill in the component details of these 

systems. For instance, if the system you are interested in to simulate is the Monoplane System, with a 

Normal IP PC, your have to go to Host PC Component Detail and IP PC Component Details. 

 

Figure K. 2: Navigation Pane of the simulation model 

 

 

 



91 
 

Step 3 

When you arrive at a component detail sheet, the view look like figure K.3. In this component detail 

sheet 2 thing are important. The first thing, is that for each component the parameters should be filled 

in.  

 

Figure K. 3: View of the component detail sheet 

In the first column, we add a component number ID. The best thing to do is to start with component 

1, then component 2, etcetera. In column two, we enter the name of the component. Then in column 

3 the component failure distribution should be selected. The simulation model is equipped to support 

the exponential distribution, Weibull distribution, normal distribution and deterministic values. In 

column 4 and 5 you will have to fill in the component distribution parameters. Be careful when filling 

this in as it requires great attention.  In columns 4 and 5 the following distributions parameters should 

be filled in: 

 Column 4 Column 5 

Weibull Distribution Scale parameter 𝜂 Shape parameter 𝛽 

Exponential Distribution 𝜆 (in failures per year) Leave blank 

Normal Distribution Mean 𝜇 Standard deviation 𝜎 

Deterministic Value Value Leave blank 

 

Finally, in column 6 you should enter the component price and in column 7 the cost of repair at the 

repair shop (the flat fee). 

The final thing to do before, is to enter the number of components that are in the sheet in the top row. 

If you have information on 10 components for the simulation, you should enter 10.  

Step 4 

After you filled in the component details for both the Host PC and IP PC, return to the main screen 

using the navigation pane. Finally, choose the type of maintenance policy for which you want to run 

the simulation.  The simulation model is equipped with two standard maintenance policies: the 

corrective maintenance policy and the opportunistic based maintenance policy. Then Press the large 

‘Run Simulation Model’ button.  

Step  5 

After the simulation is finished, the various results of the simulation can be found in several 

worksheets. The worksheet ‘cost’  has information on the maintenance cost, the worksheet ‘uptime’ 

on the availability of systems over the service horizon, the worksheets ‘repair statistics’ contain 

information on the total number of replacements both  preventively and correctively. 
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Appendix L: Component Information Management Spreadsheet 
For the implementation of an opportunistic based replacement policy for the preventive replacement of PC components, it is necessary that Philips Healthcare 

creates an information management spreadsheet that keeps track of the individual component ages. This spreadsheet could be kept really simple as two 

information sources are really necessary. First, Philips Healthcare needs to keep information on the unique PC identifier, such that PCs can be distinguished 

from each other. Second, for each component Philips Healthcare needs to store the exact date of installation. The spreadsheet can look as easy as figure K.1. 

 

Figure K. 4: Suggestion of how the component information management spreadsheet could look like
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Appendix M: Instruction Manual for the Opportunistic Decision Tool 
The opportunistic decision tool developed in Excel will help Philips Healthcare to calculate the cost per 

time unit of all one period look ahead options. The opportunistic decision tool is equipped with the 

code to calculate the cost per time unit according to equation (3.15) derived in this research project. 

Moreover, also the heuristic of section 4.6 is implemented. The Opportunistic Decision Tool should be 

easy in execution, but here is a small instruction manual on how to use the Opportunistic Decision 

Tool. 

When the Excel tool is started, you will see the main frame of the tool as in figure M.1. 

 

 

 

 

 

 

 

 

 

 

 

The start frame is the only relevant frame. In here you have to put the input parameters of the PC’s 

components. At first, you will have to fill in the total number of components that your PC has at the 

top in box B2.  

Then, in the first column (column A), you add a component number ID. The best thing to do is to start 

with component 1, then component 2, etcetera. In column B, you can enter the name of the 

components. Then in column C the component failure distribution should be selected per component. 

The simulation model is equipped to support the exponential distribution, Weibull distribution, normal 

distribution and deterministic values. In column D and E you will have to fill in the component 

distribution parameters. Be careful when filling this in as it requires great attention.  In columns D and 

E the following distributions parameters should be filled in: 

 Column D Column E 

Weibull Distribution Scale parameter 𝜂 Shape parameter 𝛽 

Exponential Distribution 𝜆 (in failures per year) Leave blank 

Normal Distribution Mean 𝜇 Standard deviation 𝜎 

Deterministic Value Value Leave blank 

 

Then the decision tool needs some information on the preventive and corrective maintenance cost. 

Per component you can add the preventive and corrective maintenance cost. In column F you should 

enter the preventive maintenance cost and in column G the corrective maintenance cost. Make sure 

when you input either of the values that you include all cost related to the preventive or corrective 

Figure M. 1: Start frame of the Opportunistic Decision Tool 
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maintenance of the component. For instance the corrective maintenance cost are a collection of repair 

cost at the repair location, but also include labour cost of field service engineers in the beginning of 

the maintenance cycle. 

Then in the final column H, you will have to fill in the current component age (in years). The current 

component age should be retrieved from an information management system that collects these data. 

For failed components, you will have to add the component age 0.  

If all input parameters are filled in, you have to click on the button ‘Run Opportunistic Decision Process’ 

in the top right corner. After calculating the expected cost of all one period look ahead options, the 

tool will select the option that results in the lowest cost per time unit and it will report the following 

back to the user: 

 

Figure M. 2: Output of the opportunistic decision tool 


