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Abstract 
In this thesis, a framework for maintenance strategy optimization is presented, which makes 

used of maintenance models. The models optimize potential decision parameters, based on 

developed downtime cost estimations, maintenance costs and failure characteristics, after 

which the best fitting maintenance strategy can be selected based on minimal average Total 

Maintenance Cost. With a workload spreading heuristic, the derived strategies can be adjusted 

to better fit current maintenance opportunities. An asset selection procedure is developed to 

ensure focus on the assets with the highest potential for cost reduction. A case study for the 

framework is provided in this thesis as well.  

  



 

II 
 

 

Preface  
This thesis was conducted to fulfill the last phase of the Master of Operations Management 

and Logistics at Eindhoven, University of Technology. In the last eight months, I have been 

part of the maintenance organization at Food Products, where I have further developed myself 

in the field of maintenance, and the modeling and application of different maintenance policies.  

Primarily, I would like to thank my first university supervisor, Simme Douwe Flapper, for our 

always enjoyable and inspirational meetings. I have really appreciated our working 

relationship, where I could always count on you to challenge my ideas and confine my 

enthusiasm or opportunism, thereby preserving the outcome quality while providing the 

appreciated freedom and responsibility. I would also like to thank my second university 

supervisor, Boray Huang, for his much appreciated time and feedback. Additionally, I would 

like to thank my third university supervisor, Claudia Fecarotti, for her time and opinion. 

I would also like to thank my company supervisor Michel enormously for the opportunity to gain 

field experience, while providing me the guidance and freedom were it was desirable. I have 

really enjoyed working together, continuously brainstorming and challenging ideas. 

Subsequently, I appreciated the mentoring on the personal, practical and professional level. I 

would also like to thank my managers Marijn and Rianne, for the opportunity, guidance, 

insights and inspiration. And conclusively, I would like to thank my fellow colleagues, for the 

satisfactory cooperation and the enjoyable time. 

Last but not least, I would like to thank my family and friends. Of course my parents, who have 

supported my throughout my entire life and studies. My friends, Frank and Evert, for our 

enjoyable and contributing conversations. And for my girlfriend Lotte, a special thanks, for the 

continuous support despite my occasional mental occupation.  

  



 

III 
 

 

Executive summary  
The thesis described in this paper is part of the last phase of the Master of Operations 

Management and Logistcs at Eindhoven, University of Technology. The research was 

conducted at the maintenance department of Food Products, a large food product 

manufacturing company in the Fast Moving Consumer Goods (FMCG) industry.  

Introduction 
As a large manufacturing company, Food Products owns a large number of capital assets, 

which are subject to deterioration. In order to prevent these assets from failing to fulfilling their 

function, resulting in loss of production, efficiency and profit, preventive maintenance can be 

attractive. However, the annual maintenance cost at Food Products amount to 18% of the 

factory net profit, which makes the maintenance expenditures also a substantial cost driver. 

Therefore, a balance needs to be found between too little preventive maintenance on the one 

hand and too much preventive maintenance on the other hand.  

This preventive maintenance is gathered in maintenance plans, which are driven by 

maintenance strategies. A maintenance strategy is a component specific determined 

maintenance policy (i.e. periodic inspections, periodic replacement or run to failure) with a 

defined interval (if applicable, i.e. inspection or replacement interval). Currently these 

maintenance strategies are primarily determined based on expert experience. It is thought that 

this maintenance strategy determination process could be improved, if it were to be more 

downtime cost- and data driven. Therefore, an optimization framework is developed that 

includes mathematical models for several relevant maintenance policies, which minimize the 

sum of included costs (i.e. maintenance- and downtime costs). These models can be used to 

determine the optimal maintenance strategy under given failure characteristics.  

Deliverables 
The framework, which is the main project deliverable, consists of 5 deliverables itself, as 

depicted below in figure 1. These 5 deliverables are developed as follows. 

The first deliverable in the framework are the downtime cost 

estimations. These downtime cost estimations represent the 

consequences of machine failure, which again influences the 

optimal maintenance strategy. As the consequences of 

failure are mainly suffered outside of the maintenance 

department, this deliverable was developed in close 

cooperation with all relevant departments. The downtime 

costs were found to be directly dependent of the production 

line utilization. With help of a scenario analysis, and the 

utilization forecasts currently used in the logistics deparment, 

5 downtime cost scenarios were constructed. These 

downtime cost scenarios are depicted in figure 2.  

Figure 1: Maintenance Strategy Optimization Framework 

Figure 2: Conceptual relation 
downtime cost scenarios 
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As depicted in figure 3 above, an asset selection procedure (deliverable 2) is used to narrow 

down from all machines on all production lines to one machine on one production line, and 

then to make a selection of component failure modes (i.e. ways in which a certain component 

can fail to fulfil its function). This is done to ensure focus on the assets with the highest potential 

for cost reduction with this framework. The annual Total Maintenance Cost (including both the 

maintenance labor and spare parts costs and the production downtime costs) is a main driver 

for this cost reduction potential, based on deliverable 1: downtime cost estimations.  

These component failure modes are then individually analyzed on their failure characteristics, 

to make a preselection of potentially optimal maintenance policies. This is done with the 

maintenance policy exclusion tree (deliverable 3), which is developed with help of relevant 

literature and an analysis of the current and short-term maintenance possibilities at Food 

Products.  

With help of the maintenance optimization models (deliverable 4), the policy parameters (i.e 

inspection- or replacement intervals) are optimized and the expected Total Maintenance Cost 

for each maintenance strategy is provided. The optimal maintenance strategy can then be 

chosen based on the lowest expected Total Maintenance Cost, which again makes use of the 

downtime cost estimations that result from deliverable 1. 

 

  

  

Figure 3: Main body of framework (deliverables 2, 3 and 4) 

Figure 4: Illustration of peak workload during 
Scheduled Downs 
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The current organization of preventive 

maintenance is based on scheduled downs 

(i.e. fixed moments of production line 

downtime) with 70-day intervals. This already 

provides peak workloads during these 

scheduled downs, as illustrated in figure 4. 

After a whole set of maintenance strategies is 

derived for the regarded component failure 

modes, the combined preventive mechanic 

workload increase must also fit the preventive 

mechanic capacity during these scheduled 

downs. Therefore, a workload spreading 

heuristic (deliverable 5) was developed. This 

heuristic focuses on unexploited maintenance 

opportunities, free or priced workload- 

spreading and reduction options, or capacity 

increase options. 
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Results 
The framework developed was tested with help of a test case. Of the 23 failure modes that 

were selected with the asset selection procedure, 11 failure modes could be assigned the run 

to failure policy as certainly optimal, based on the maintenance policy exclusion tree. For the 

remaining 12 failure modes, the maintenance optimization models were applied based on fitted 

time to failure probability distributions derived from failure data. 

For one of the analyzed failure modes, the historical data was found to be insufficient for a 

reliable analysis. Out of the other 11 failure modes, 5 were found to be maintained under the 

optimal maintenance policy already, while the maintenance policy for the other 6 could be 

improved. The annual Total Maintenance Cost (i.e. maintenance labor, spare parts and 

production downtime costs) is compared under different circumstances in the figure below. 

For the 11 failure modes analyzed with the maintenance optimization models, an expected 

Total Maintenance Cost reduction of 58% could be realized under the maintenance strategies 

derived with this framework if only the current 70-day scheduled down intervals were to be 

used for preventive maintenance activities (i.e. S70). If additional unexploited maintenance 

opportunities (in this example a cleaning procedure with 28-day interval) were also used for 

preventive maintenance, an additional 14,8% Total Maintenance Cost is saved with the derived 

maintenance strategies (i.e. S28). This is because of an increased flexibility to execute 

maintenance as close to the optimal interval as possible. 

The above mentioned results have been derived under the downtime cost scenario 

Constrained – 95% utilization, which best fitted the test case. Under different downtime cost 

estimation input, this cost reduction potential 

varied between a minimum of 46% under an 

Unconstrained utilization level to maximally 

88% under a Controlled utilization level.  

Despite the fact that the preventive workload 

increased substantially, the peak workload 

during 70-day scheduled downs and the total 

mechanic labor cost (preventive and corrective) 

could be reduced. The increased preventive 

mechanic labor cost are more than 

compensated by the savings in the relatively 

high corrective mechanic labor cost. This is 

depicted in figure 6. 
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Figure 5: Total Maintenance Cost comparison 

Figure 6: Labor cost comparison (€/year) 
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Recommendations 
 

Apply the framework 

As described above, significant Total Maintenance Cost reductions can be realized if 

maintenance strategies are optimized with help of this framework. Although the application of 

the framework demands a significant investment in the form of labor cost as well, the Total 

Maintenance Cost reduction is expected to be much higher on at least the process areas of 

the constrained production lines. The framework application costs are expected to decrease 

as well, as users become more experienced. Aside from the complete application of the 

framework, it is also possible and recommended to use all deliverables in isolation.  

Focus on downtime cost 

It is recommended to always include downtime costs into both maintenance modeling and day-

to-day trade-offs. Differentiating between high and low utilized production lines, and between 

process and wrapping areas on a given production line, can influence the profit realized further 

downstream the company. This is relevant for the allocation of resources by maintenance 

management, the focus of maintenance schedulers on machines or productions lines with 

higher breakdown impact, the spare part inventory decision making and eventually on daily 

repair or replacement decisions made by maintenance mechanics.  

Additionally, it is possible to easily derive several sets of maintenance strategies under different 

downtime cost scenarios. These sets of maintenance strategies (or maintenance plans) must 

then be interchanged in case the downtime situation on a given production line changes, as 

the optimal maintenance strategy changes when the downtime situation is different. 

Improvement of downtime and failure reporting 

It is recommended to increase the level of detail in the downtime reporting in production shifts, 

to gain better insight in the assets with potential for improvement. The current logsheets 

already allow production teamleaders to further specify downtime as desired, however the 

adherence to the prescribed procedure is not yet satisfactory. 

It is also recommended to further improve the equipment structure in the current data system 

and the level of detail in maintenance and failure write-off on this equipment structure. This 

would mainly improve the quality of the time to failure data gathered (and thereby the output 

accuracy) and subsequently the time required to apply the framework.  

Utilization of maintenance opportunities 

With regard to the reduction of both the preventive mechanic peak workload (additional 

capacity for preventive maintenance) and the Total Maintenance Costs (maintenance can be 

executed closer to optimal intervals), it is strongly recommended to improve the use of 

maintenance opportunities for preventive maintenance. Examples of these maintenance 

opportunities are cleaning procedures with fixed intervals. Also, it is recommended to 

investigate the use of change-overs for structural preventive maintenance activities.  

Challenge scheduled down interval and frequency 

For the regarded failure modes, it was found that the current 70-day scheduled down interval 

provides high Total Maintenance Cost results because of abundant or insufficient preventive 

maintenance. With smaller scheduled down intervals (i.e. 28 days) also available for preventive 

maintenance, significant cost savings (i.e. 14,8%) could be realized. By applying this 

framework to multiple machines on one production line, the current 70-day scheduled down 

interval could be challenged. 
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𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘 Lowest theoretical operational capacity of production line section 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑎𝑐ℎ𝑖𝑛𝑒  Theoretical operational capacity of machine 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑠𝑒𝑐𝑡𝑖𝑜𝑛 Theoretical operational capacity of production line section of machine 

𝐶𝑎𝑠𝑒 𝑓𝑖𝑙𝑙 ℎ𝑖𝑡𝑠95& 𝑠𝑎𝑚𝑝𝑙𝑒 The number of case fill hits found in a sample period of a 95% utilized 

production line 

𝐶𝑎𝑠𝑒 𝑓𝑖𝑙𝑙 ℎ𝑖𝑡𝑠99% 𝑠𝑎𝑚𝑝𝑙𝑒 The number of case fill hits found in a sample period of a 99% utilized 

production line 

𝐶𝑏𝑙𝑜𝑐𝑘𝑒𝑑𝑠𝑎𝑙𝑒𝑠95% Downtime cost per hour from blocked sales sampled for 95% 

utilization 

𝐶𝑏𝑙𝑜𝑐𝑘𝑒𝑑𝑠𝑎𝑙𝑒𝑠99% Downtime cost per hour from blocked sales sampled for 99% 

utilization 

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 90% Downtime cost per hour under constrained status for 90% utilization  

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 95% Downtime cost per hour under constrained status for 95% utilization 

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 99% Downtime cost per hour under constrained status for 99% utilization 

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑 Downtime cost per hour under controlled status 

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑡𝑒𝑐ℎ𝑛𝑖𝑐𝑎𝑙 Cost of downtime related to maintenance or technical failure 

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑢𝑛𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 Downtime cost per hour under unconstrained status 

𝐶𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑠𝑡𝑜𝑐𝑘𝑏𝑢𝑖𝑙𝑑 Downtime cost per hour from stock building sampled for constrained 

line 

𝐶𝑙𝑎𝑏𝑜𝑟𝑓𝑖𝑥𝑒𝑑 Hourly labor cost of fixed production operators 

𝐶𝑙𝑎𝑏𝑜𝑟𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 Labor cost of preventive and corrective maintenance mechanics 

𝐶𝑙𝑎𝑏𝑜𝑟𝑡𝑒𝑚𝑝 Hourly labor cost of temporary production operators 

𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠95% Downtime cost per hour from lost sales sampled for 95% utilization 

𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠99% Downtime cost per hour from lost sales sampled for 99% utilization 

𝐶𝛥𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑐𝑜𝑠𝑡𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔 Downtime cost per hour from resourcing to more expensive site  

𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑖𝑚𝑝𝑎𝑐𝑡 Impact of breakdown of machine on production line output 

𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑚𝑎𝑐ℎ𝑖𝑛𝑒 Downtime of machine (minutes) 

𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑙𝑖𝑛𝑒 Downtime of production line (minutes) 

𝐸𝑥𝑡𝑟𝑎 𝑣𝑜𝑙𝑢𝑚𝑒𝑠𝑎𝑚𝑝𝑙𝑒 Extra volume stocked in warehouse 
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𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑝𝑒𝑟𝑖𝑜𝑑 Storage cost at warehouse for one period 

𝐿𝑖𝑛𝑒𝑜𝑢𝑡𝑝𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 Output volume under standard operational circumstances (tons) 

𝑁𝑙𝑎𝑏𝑜𝑟𝑓𝑖𝑥𝑒𝑑 Number of fixed production operators 

𝑁𝑙𝑎𝑏𝑜𝑟𝑡𝑒𝑚𝑝 Number of temporary production operators 

𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝐴 The profit margin at our production location 

𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝐵 The profit margin at the more expensive production location 

𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝑔𝑙𝑜𝑏𝑎𝑙 Marginal profit margin per ton for Food Products global 

𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑑 𝑣𝑜𝑙𝑢𝑚𝑒𝑝𝑒𝑟𝑖𝑜𝑑 The volume of production that is resourced to a more expensive 

production location per period 

𝑈𝑛𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 ℎ𝑜𝑢𝑟𝑠𝑝𝑒𝑟𝑖𝑜𝑑 The total number of unplanned hours of downtime in a period 

𝐶𝑠𝑝𝑎𝑟𝑒𝑝𝑎𝑟𝑡𝑠 Cost of purchased spare parts  

 𝐺𝑙𝑜𝑏𝑎𝑙 𝑁𝑆𝑉 Nest sales value for factory and market combined 

 𝐺𝑙𝑜𝑏𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑐𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑐𝑜𝑠𝑡𝑠 Conversion costs that increase per hour of production 

 𝑃𝑟𝑖𝑚𝑒 𝑐𝑜𝑠𝑡𝑠 Costs for raw materials and packaging 
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𝐶𝑖𝑛𝑠𝑝 Cost of one inspection 

𝐶𝑚𝑜𝑛 Set-up cost of continuous monitoring system 

𝐶𝑚𝑟 Cost of minimal unplanned repair or replacement 

𝐶𝑝 Cost of planned repair or replacement 

𝐶𝑢 Cost of unplanned repair or replacement 

𝑆28 Set of optimal maintenance strategies with scheduled downs at 70 and 28 day intervals  

𝑆70 Set of optimal maintenance strategies with scheduled downs at 70 day intervals 

𝑠𝑛 Optimized maintenance strategy n 

𝛥𝑇𝑀𝐶

𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑
 

Ratio of extra Total Maintenance Cost per year incurred per annual hour of preventive 

mechanic workload reduced 

𝜏∗ Optimal replacement or inspection interval 

ℎ(𝑡) Failure rate function of time t 

𝐸𝐶𝐶(𝜏) Expected cycle cost under replacement interval 𝜏 

𝐸𝐶𝐿(𝜏) Expected cycle length, equal to replacement interval 𝜏 
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𝐹(𝑡) Cumulative distribution function (CDF) at time t 

𝑀(𝑇) Expected number of failures within time horizon [0, 𝑇] 

𝑀(𝑡) Expected number of failures at time t 

𝑀(𝜏) Expected number of failures within replacement or inspection interval 

𝑁 Sample size of simulation 

𝑅(𝑡) Reliability at time t 

𝑇 Time horizon (days) 

𝑋 Generated Time to Failure (TTF) sample 

𝑏(𝜏) Probability of not inspecting a component before failure 

𝑓(𝑘) Probability density function (PDF) of the delay time 

𝑓(𝑟) Probability density function (PDF) of the reaction time 

𝑓(𝑡) Probability density function (PDF) at time t 

𝑔 Estimated average cost per day 

𝑔(𝜏) Estimated average cost per day under replacement or inspection interval 𝜏 

𝑘 Delay time; time laps from the first point in time that the component can be detected in a 

degraded state to the moment of actual failure (days) 

𝑘[𝑎, 𝑏] Delay time uniformly distributed between minimum 𝑎 and maximum 𝑏 

𝑝 Probability of not reacting to an alarming monitoring parameter before failure 𝑃[𝑘 < 𝑟] 

𝑟 Reaction time; time laps from the moment the monitored parameter reaches its threshold 

value to the execution of the triggered maintenance action (days) 

𝑟[𝑐, 𝑑] Reaction time uniformly distributed between minimum 𝑐 and maximum 𝑑 

𝑡 Time (days) 

𝑢 Uniform sample between 0 and 1 

𝛥140 With interval of 140 days 

𝛥28 With interval of 28 days 

𝛥70 With interval of 70 days 

𝛥𝐶 Difference in cost 

𝛥𝑊𝐿 Difference in workload 

𝛽 Shape parameter for the Weibul distribution 

𝛾 Threshold parameter for the Exponential, Weibul, Lognormal and Loglogistic distribution 

𝜂 Scale parameter for the Weibul distribution 
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𝜆 Scale parameter for the Exponential distribution 

𝜇 Location parameter for the Normal, Logistic and Loglogistic distribution 

𝜇′ Location parameter for the Lognormal distribution 

𝜎 Scale parameter for the Normal, Logistic and Loglogistic distribution 

𝜎′ Scale parameter for the Lognormal distribution 

𝜏 Interval of replacement or inspection 
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𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑀𝐶 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 % Demonstrated TMC reduction percentage in similar applications 

𝐴𝑛𝑛𝑢𝑎𝑙 𝑎𝑠𝑠𝑒𝑡 𝑇𝑀𝐶 Total Maintenance Cost of an asset in the past calendar year 

𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘 𝑎𝑝𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡  

 

Labor cost required to apply this framework in similar applications 
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List of abbreviations 
 

ABR Age Based Replacement 

AD Anderson-Darling 

CBM Condition Based Maintenance 

CDF Cumulative Distribution Function 

CFR Constant Failure Rate 

CM Corrective Maintenance 

CONM Continuous Monitoring 

DFR Decreasing Failure Rate 

DOC Demonstrated Operational Capacity 

DTM Delay Time Modeling 

FMEA Failure Mode and Effect Analysis 

FR Failure Rate 

IFR Increasing Failure Rate 

MLE Maximum Likelihood Estimation 

MOMs Maintenance Optimization Models 

MR Minimal Repair 

MSOF Maintenance Strategy Optimization Framework 

N/A Not Applicable 

NSV Net Sales Value 

PDF Probability Density Function 

PI Periodic Inspections 

PM Preventive Maintenance 

PR Periodic Replacment 

PRMR Periodic Replacement with Minimal Repair 

Q&FS Quality and Food Safety 

RTF Run to Failure 

TMC Total Maintenance Cost 

TTF Time To Failure 

UBR Usage Based Replacement 
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List of definitions 
 

Active line Production line producing at maximum output capacity 

Component failure mode A state in which a component can fail to fulfill its function 

Corrective maintenance Maintenance triggered by component or machine breakdown 

Cumulative Distribution 

Function 

The cumulative probability of the time to failure probability of a 

component 

Delay time Time laps from the moment a component can first be detected 

in a degraded state until the moment of failure 

Demonstrated Operational 

Capacity 

The 3-month average of the actual production output volume of 

a production line 

Failure rate The expected number of failures in a certain time interval, 

expressed in failures per time unit 

Job length The expected length of a (preventive) maintenance job (i.e. 

inspection, repair or replacement) 

Maintenance policy Type of maintenance (i.e. periodic inspections, periodic 

replacement or run to failure) 

Maintenance reaction time Interval between monitoring trigger and preventive maintenance 

action 

Maintenance strategy Maintenance policy with clearly defined policy parameters (i.e. 

inspection- or replacement interval) 

Maintenance strategy 

optimization 

Finding the maintenance strategy that provides the lowest 

expected Total Maintenance Costs 

Minimal Repair A repair which restores a component statistically to the moment 

just before failure (i.e. ‘as bad as old’) 

Planned renewal Planned preventive replacement or repair of a component, 

returning the component to an ‘as good as new’ condition 

Reliability Probability of not failing 

Renewal A repair or replacement, returning the component to an ‘as good 

as new’ condition 

Scheduled down Maintenance opportunity in which preventive maintenance can 

be executed 

Scheduled Down A predefined moment of downtime, occurring with a fixed 

interval, in which preventive maintenance jobs can be planned.  
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Scheduled downtime 

opportunity 

Yet existing moment of production line downtime (e.g. for 

cleaning or change-over) where maintenance can be executed 

without downtime cost 

Total Maintenance Cost Combination of maintenance costs (spare parts and labor) and 

production line downtime costs 

TTF Distribution Probability density function of the time to failure (i.e. lifetime) of 

a component 

Unplanned minimal repair Unplanned corrective minimal repair of a component, triggered 

by component breakdown, returning the component to an ‘as 

bad as old’ condition (i.e. statistically identical to moment just 

before failure) 

Unplanned renewal Unplanned corrective replacement or perfect repair of a 

component, triggered by component breakdown, returning the 

component to an ‘as good as new’ condition 
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Chapter 1: Introduction 
Literature provides us with many maintenance optimization models for specific and well-

defined single component maintenance problems, under a pre-determined maintenance 

policy. As Dekker (1996) defined, a maintenance optimization model is a mathematical model 

in which both costs and benefits of maintenance are quantified and in which an optimum 

balance between both is obtained. A maintenance policy is a component specific plan on how 

to approach its maintenance, examples of this are the periodic inspection-, usage based 

replacement- or run-to-failure policy. 

However, the component failure behavior and the corresponding most suitable maintenance 

policy for a certain component can often not be chosen straightforwardly. Besides that, it is 

often required in practice that these maintenance policies are adjusted to fit the current 

maintenance operations. As the application and adjusting of these maintenance optimization 

models requires substantial effort and companies often have a large asset base, focus on the 

most suitable assets is important as well. Therefore, a discrepancy exists between the well-

defined single item maintenance problems in literature and the complex maintenance problems 

in practice, which hampers the application of theory in practice. 

This research aims to reduce this gap between theory and practice. Therefore, a framework is 

developed that includes the determination of component failure characteristics and all relevant 

maintenance costs and benefits. This information will then be used to determine the 

component’s optimal maintenance policy, after which this policy can be adjusted to optimally 

fit current scheduled downtime opportunities (i.e. predefined moments of downtime where 

maintenance can be executed without downtime cost). The framework will also include a 

selection procedure to ensure focus on the components with the highest potential for cost 

reduction. 

This framework will be validated with a case study at Food Products, a food products 

manufacturing company. Their problem description will be provided in the next section, after 

which the scope and objective of this research will be set. Subsequently, the methodology to 

approach this research objective is provided, followed by the outline of this report. 

1.1 Problem description 
Food Products is an international production company with multiple large factories that all 

consist of several production lines. The machinery on these production lines is subject to 

deterioration, causing machine breakdown and production line downtime, resulting in loss of 

production, efficiency and profit. Preventive maintenance can be attractive to prevent 

production line downtime. However, the annual maintenance costs at Food Products amount 

to 18% of the factory net profit, which makes the maintenance expenditures also a substantial 

cost driver. It is therefore important to find a balanced and appropriate maintenance strategy. 

The factories produce 24 hours a day for 7 days a week and are constantly supported by a 

crew of corrective maintenance mechanics. The preventive maintenance mechanics are 

present only during standard working hours. The corrective maintenance activities are 

triggered by machine failures. The preventive maintenance is executed according to a pre-

determined maintenance plan. These maintenance plans are currently based on experience, 

if present at all. The downtime cost consequences vary substantially across the factory, 

however no difference is currently made in formulating preventive maintenance plans. 

Therefore, a framework is desired to include theory and data in the process of formulating 

maintenance plans.  
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1.2 Scope 
The maintenance policies will entail either preventive or corrective maintenance actions, 

modifications or re-design of machinery therefore remain out of the scope of this project.  

Each production line at Food Products is hauled to a stop every 70 days for scheduled 

maintenance. When preventive maintenance is executed in these scheduled downs, no 

preventive downtime cost will be incurred. Additionally, ample availability and no inventory of 

spare parts is assumed, and maintenance activities are assumed to be executed perfectly. 

The maintenance plans will be formulated on the machine perspective, which means that there 

are no hard restrictions on capacity of mechanics or spare parts inventory. Also, the 70 day 

scheduled maintenance interval of the entire production line will not be challenged based on 

the maintenance plan of one machine. In order to anticipate on potential peak utilization during 

scheduled downs, a heuristic will be developed to spread workload across this 70 day interval 

based on maintenance opportunities.  

Safety systems, for which failures are not immediately evident, are currently maintained under 

regulatory and fixed inspection and testing intervals, therefore these remain outside the scope 

of this research. 

1.3 Research objective 
The research objective and primary deliverable of this research is stated as follows: 

A framework for maintenance strategy optimization 

This framework will encompass the process from electing the asset for maintenance strategy 

optimization up until the planning of this strategy into the current maintenance opportunities. 

1.3.1 Deliverables 
This framework will again be mainly constructed of five deliverables. Those deliverables are 

further explained in this section. As can be seen in Figure 7 below. 

Figure 7: Maintenance Strategy Optimization Framework 

Deliverable 1: Downtime cost estimation 

As important input for all subsequent deliverables, adequate downtime cost (or uptime value) 

estimations are essential for the output quality of the framework. Currently, the downtime costs 

are not quantified within Food Products, also because these do not arise straightforwardly. In 

order to estimate these downtime costs a model will be developed, using scenario analyses. 
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The conceptual relation of deliverables 2, 3 and 4 is depicted in the figure below. 

Deliverable 2: Asset selection procedure 

In order to focus resources on the asset with the highest potential for cost reduction, a selection 

procedure is required. This procedure will first elect one production line, then one machine and 

finally a selection of component failure modes (i.e. ways in which a component can fail to fulfil 

its function) for maintenance strategy optimization. The basis for this deliverable are the 

downtime cost per time unit, which follow from deliverable 1. The deliverable will further consist 

of three multi-criteria analyses, a breakdown impact analysis, a manual downtime allocation 

process and a Failure Mode and Effect Analysis (FMEA). The components selected by this 

deliverable, will function as input for deliverable 3.   

Deliverable 3: Maintenance policy exclusion tree 

Due to certain component failure characteristics, it is possible to exclude certain maintenance 

policies beforehand as potentially optimal maintenance policy for that component. These 

characteristics arise logically or can be found through interviews. The theory behind this 

exclusion of maintenance policies can be found by literature review. Exclusion of maintenance 

policies will save time when executing deliverable 4, for which the remaining candidate 

maintenance policies will be the input. 

Deliverable 4: Maintenance optimization models 

For the selected components, failure data will be gathered and analyzed to compute a failure 

distribution. This failure distribution, as well as the downtime cost from deliverable 1, will serve 

as input for the maintenance optimization models of the remaining candidate maintenance 

policies. These models are used to optimize its parameters, resulting in a complete 

maintenance strategy. For these strategies, under the given failure distribution and downtime 

cost, the long term expected TMC can be estimated, after which the optimal maintenance 

strategy can be elected. This strategy serves as input for deliverable 5. 

Deliverable 5: Workload spreading heuristic 

The optimized maintenance strategy is analyzed on workload and job characteristics. In order 

to prevent peak workload during scheduled downs, a workload spreading heuristic is 

developed. This heuristic aims to exploit maintenance opportunities outside of the main 

scheduled downs, based on workload and job characteristics. The outcome of this deliverable 

can be implemented directly by the maintenance planning department. 

Figure 8: Conceptual relation deliverables 2, 3 and 4 
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1.3.2 Research questions 
In order to arrive at these deliverables, corresponding research questions will need to be 

answered.  

‘Deliverable 1: Downtime cost estimation’ aims to quantify the financial impact of production 

line downtime on any production line, which serves as input for all deliverables that follow. 

These downtime costs vary widely across the different production lines, mainly depending on 

the saturation of the local and regional production networks. If the saturation is high, the 

utilization is high, and there is no or little spare capacity to compensate for production losses 

due to breakdowns. If the saturation and utilization are lower, it is easier to anticipate on 

production losses, and solely the production efficiency is harmed. The three current labels for 

the utilization situation (controlled, constrained, unconstrained) do not adequately represent 

reality, therefore additional research is required to differentiate further.  

On top of that, this financial impact is suffered mainly outside of the maintenance department. 

Therefore it is required to interview all relevant departments in order to come up with the correct 

downtime cost estimations. These departments are Marketing & Sales, Logistics, Industrial 

Engineering, Finance and Production. The research question to be answered is as follows: 

Research question 1: “What factors influence the downtime cost at Food Products?” 

Maintenance model optimization can be time and resource consuming. Therefore ‘Deliverable 

2: Asset selection procedure’ is designed to ensure focus on the assets with the highest 

potential for cost reduction. Primarily one of several production lines must be elected, 

subsequently the machine on that production line has to be chosen and finally the components 

of that machine are to be selected. The potential for cost reduction will in each case depend 

on historic maintenance cost results, but also on certain prerequisites that are required for 

reliable and useful maintenance model optimization outcomes. Therefore the corresponding 

research question reads: 

Research question 2: “What factors influence an asset’s potential for cost reduction 

through maintenance model optimization?” 

‘Deliverable 3: Maintenance policy exclusion tree’ is designed to filter certainly not optimal 

maintenance policies before further modeling these policies when executing deliverable 4, as 

this can again be time and resource consuming. There exists a variety of maintenance policies 

in literature, which needs to be analyzed in order to make a relevant selection for Food 

Products. The usefulness of these maintenance policies on the component level depends on 

certain component failure characteristics, this information can also be extracted from literature: 

Research question 3: “What relevant maintenance policies are available in literature, 

and on which failure characteristics does their potential usefulness depend?” 

For using deliverable 3, knowing how to derive these failure characteristics is important as 

well. Additionally, guidelines for deriving relevant maintenance costs are also required, 

leading to research question 4:  

Research question 4: “How can these relevant failure characteristics and maintenance 

costs be derived?” 

‘Deliverable 4: Maintenance optimization models’ will provide the mathematical models that 

need to be solved for the possible outcomes of deliverable 3. These mathematical models aim 

to model the relationship between the decision variables and dependent variables, in order to 

determine the decision variable values. There exists a wide variety of maintenance 

optimization models in literature, which can be specialized to a large extend to suit a certain 
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situation. To ensure the practicality of this framework, a limited selection of models will be 

made that generally fits within Food Products. With help of interviews and literature, the 

following research question therefore needs to be answered: 

Research question 5: “What are the most suitable maintenance optimization models 

for Food Products available in literature, and how can these be optimized?” 

‘Deliverable 5: Workload spreading heuristic’ is designed to anticipate on potential peak 

workloads, that are expected especially on production lines where unplanned downtime is 

costly. The spreading heuristic needs to recognize opportunities to increase the scheduled 

down capacity and to move maintenance activities outside of the scheduled downs. In case of 

limiting capacity, even after the above mentioned precautions, a priority setting must be in 

place to decide on job preferences. The corresponding research question is as follows: 

Research question 6: “What factors determine the possibility for capacity 

enhancement and maintenance planning outside of scheduled downs?” 

1.4 Methodology 
In order to answer the above mentioned research questions, different methodologies will be 

used. For some questions the answer will be constructed with help of literature review. For 

other questions the answer will be found through modelling, following all or several steps of 

the operational research methodology by Mitroff et al. (1974), see Figure 9 below. The required 

input in the conceptualization phase of this model can vary between interviews, research and 

literature review. The methodology of each research question separately is further explained 

in this section. 

The main research phases of this methodology are conceptualization, modeling, model solving 

and implementation, as can be seen in Figure 9. The arrows in the figure above represent the 

research phases in the operational research methodology, which can be run through in 

different sequences, depending on the characteristics of the research at hand (Mitroff et al., 

1974). The circles represent the research results that are obtained after each phase.  

As described by (Bertrand & Fransoo, 2002), the variables used in the model and the scope 

of the model need to be determined in the conceptualization phase of the operational research 

methodology. In the modelling phase, the causal relations between the input variables, 

decision variables and estimated total maintenance cost have to be determined for each 

model. Subsequently the model will be validated by confirming that the model represents an 

actual understanding of the reality (Bertrand & Fransoo, 2002). After that, the model can be 

solved and the solution can be implemented and subjected to feedback.  

Figure 9: Operational research methodology by Mitroff et al. (1974) 
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Research questions 3 and 4 will be answered with help of literature review. For research 

questions 1, 2, 5 and 6, the operational research methodology as described by Mitroff et al. 

(1974) will be used. For research questions 1 and 2, the respective phases will be 

conceptualization, modelling, validation, model solving, implementation and feedback. The 

conceptualization phase will be supported by interviews for both questions, for research 

question 2 literature review will be used as well. For research questions 5 and 6, the respective 

phases will be conceptualization, modeling, validation, model solving and partially 

implementation. In answering research question 5, this path up until the model solving phase 

will be taken for each component and for all relevant maintenance policies separately, after 

which the optimal solution can be implemented. The implementation of questions 5 and 6 will 

be partly included in this research, only providing guidelines for implementation. The feedback 

will not be included in this research due to time constraints. The conceptualization phases in 

answering research questions 5 and 6 will be supported by interviews, research and literature 

review. 

1.5 Outline 
The research as described above and the corresponding results are further described in this 

report. The downtime cost estimations are elaborated on in chapter 2. The asset selection 

procedure is further explained in chapter 3. Subsequently, the derivation of component failure 

characteristics will be further elaborated on in chapter 4. In chapter 5, the maintenance policy 

exclusion tree and the maintenance optimization models will be further explained. The 

workload spreading heuristic is described in chapter 6. Additionally, an application of this 

framework will be evaluated in chapter 7, after which the conclusions and recommendations 

will be described in chapter 8. 
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Chapter 2: Downtime cost estimations 
 

 

 

2.1 Total Maintenance Cost 
In general, we can distinguish preventive maintenance and corrective maintenance. The right 

preventive maintenance will prevent corrective maintenance in the future. Preventive 

maintenance is composed of mechanic labor (e.g. inspections) and spare parts (e.g. 

replacement). The right investment in mechanic labor and spare parts can therefore prevent 

corrective maintenance in the future. In comparison to preventive maintenance, corrective 

maintenance is often more expensive, due to unplanned downtime and production losses.  

It is therefore important to include not only the cost of mechanic labor and spare parts, but also 

the cost of downtime into the equation of determining maintenance plans, which is currently 

not the case at Food Products. This can be done by looking at Total Maintenance Cost (TMC) 

(adopted from Martin, 1977) (conceptual relation depicted in formula 1 below), which also 

incorporates the value that maintenance can create through the downtime cost component.  

𝑇𝑜𝑡𝑎𝑙 𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝐶𝑜𝑠𝑡 = 𝐶𝑙𝑎𝑏𝑜𝑟𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 + 𝐶𝑠𝑝𝑎𝑟𝑒𝑝𝑎𝑟𝑡𝑠 + 𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑡𝑒𝑐ℎ𝑛𝑖𝑐𝑎𝑙          (1) 

This will prove useful in focusing effort and balancing preventive maintenance to actions that 

create the highest value for the company. The assets’ potential for improvement will therefore 

primarily be determined by its annual TMC. This section will further elaborate on these cost 

components of TMC. 

2.1.1 Labor costs 
The maintenance labor cost which is included in this research is the mechanic labor cost 

directly involved in the execution of preventive and corrective maintenance, the mechanic labor 

cost. The overhead labor costs (i.e. maintenance scheduling or management) are not taken 

into account. These relevant mechanic labor costs are traceable to the asset level, and are 

debited within the maintenance department, which makes this cost component easy to 

quantify. The labor cost per hour is substantially lower for preventive (i.e. planned) 

maintenance than for corrective (i.e. unplanned) maintenance. 

 2.1.2 Spare parts cost 
The availability of spare parts is assumed to be ample, therefore no rushed delivery cost are 

assumed to be incurred for spare parts. Also, the inventory holding costs are left outside the 

In this chapter, the first deliverable Downtime cost estimations will be further explained. 

The downtime cost estimation serve as input for the Asset selection procedure 

(described in chapter 3) and the Maintenance optimization models (further explained in 

chapters 4 and 5. 
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scope of this research, despite possible differences in required stock levels under different 

maintenance strategies. The spare parts cost therefore includes solely the component 

purchasing price. This cost is traceable to the asset level and debited within the maintenance 

department as well, which again makes this cost component easy to quantify.  

2.1.3 Downtime costs 
The downtime cost are mainly suffered in other departments or outside the factory, and not yet 

quantified. Therefore the first deliverable will be a model to quantify the downtime cost of a 

production line, which can subsequently be used to determine the downtime cost of a machine 

or a component. 

Due to the cross-functional character of downtime cost calculations, the model is developed in 

cooperation with the production, sales, logistics, finance and industrial engineering 

departments. The downtime costs are considered from a company global point of view, instead 

of for the factory individually. It is found that the cost of downtime is dynamic and dependent 

on the average utilization of a production line. The utilization of a production line is measured 

against the production line Demonstrated Operational Capacity (i.e. the 3-period average of 

the realized production output). Preventive maintenance plans are composed in advance for 

longer periods of time (i.e. > 1 year). Therefore it is important to look both at the current and 

the future utilization of a production line. The estimations include downtime costs that are both 

directly caused and indirectly caused (i.e. resulting from an overall decreased availability) by 

production line downtime. 

The logistics and sales & operations planning departments provides utilization forecasts 12-24 

months in advance. The forecasts divide the production lines into three categories: 

unconstrained, constrained and controlled. Unconstrained means that there is ample 

production capacity to anticipate on breakdowns or to facilitate growth. Controlled means that 

the demand for products on a production line is higher than its production capacity, and 

customer demand needs to be reduced through quotas. The constrained status includes all 

production lines that are in between an unconstrained and a controlled status. Constrained 

means that the line utilization is above 90% for at least three consecutive periods, entailing 

that customer demand cannot grow without approval, customer service levels are harmed and 

caution is required to prevent degrading to a controlled status.  

Currently, these utilization level forecasts are not yet used for downtime cost estimation. It is 

chosen to take these forecasts as the basis for the downtime cost estimations included in this 

research. These forecasts are complemented with interviews to better evaluate the situation. 

It is concluded that the three existing utilization levels 

are not sufficient to accurately represent the differences 

in downtime costs. It is therefore chosen to further 

distinguish three utilization levels within the 

unconstrained utilization level, being 90%, 95% and 

99% utilization (see figure 10).  

With regard to practicality, it is chosen to assume this 

discrete function of downtime cost, based on a small 

quantity of utilization scenarios. Maintenance plans can 

then be formulated in advance for each scenario, so that 

these plans can be easily interchanged in the future if 

changes in utilization occur. The proposed selection of 

5 utilization levels is deemed most appropriate in this 

context.  Figure 10: Conceptual relation downtime cost 
scenarios 
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The downtime cost estimates for the scenarios are based on data, test samples and 

assumptions. These estimates will be further explained in this section, the exact calculations 

can be found in Appendix A. 

Unconstrained and Controlled 

The downtime cost within the unconstrained and the controlled category are straightforward. 

For the unconstrained production lines, the cost of downtime (€/Hour) is the production labor 

cost that is required to catch up on the production schedule at a later instance (formula 2). For 

the controlled production lines, the cost of downtime (€/Hour) is the profit margin (Food 

Products Global, €/Tonne) of the standard output (Tonnes/Hour) (formula 3).  

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑢𝑛𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 = 𝐶𝑙𝑎𝑏𝑜𝑟𝑓𝑖𝑥𝑒𝑑 ∗ 𝑁𝑙𝑎𝑏𝑜𝑟𝑓𝑖𝑥𝑒𝑑 + 𝐶𝑙𝑎𝑏𝑜𝑟𝑡𝑒𝑚𝑝 ∗ 𝑁𝑙𝑎𝑏𝑜𝑟𝑡𝑒𝑚𝑝             (2) 

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑 = 𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝑔𝑙𝑜𝑏𝑎𝑙 ∗  𝐿𝑖𝑛𝑒𝑜𝑢𝑡𝑝𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑                                   (3) 

Additional explanation of the above mentioned cost components can be found in Appendix A. 

Constrained 

For the constrained production lines, the downtime cost is a function of the line utilization with 

a value between the unconstrained and controlled downtime cost. As mentioned before, it is 

chosen to assume a discrete function of downtime cost based on utilization scenarios. These 

constrained utilization scenarios are 90% utilization, 95% utilization and 99% utilization. In 

cooperation with all relevant stakeholders, it can be determined which scenario is most 

appropriate. An abstract representation of the downtime cost is depicted in Figure 11.  

Constrained – 90% utilization scenario 

The projected utilization is above 90% for three consecutive periods. The logistics department 

proactively builds stock in its warehouse to lower this peak utilization, resulting in higher 

inventory holding cost for finished goods. Also, production volume is resourced to comparable 

factories nearby where products can be made for the same cost, therefore not harming Food 

Products Global financially. The downtime cost for this scenario is given in Formula 4.  

Figure 11: Downtime cost scenarios 
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𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 90% = 𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑢𝑛𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 + 𝐶𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑠𝑡𝑜𝑐𝑘𝑏𝑢𝑖𝑙𝑑                         (4) 

Additional explanation of the above mentioned cost components can be found in Appendix A. 

Constrained – 95% utilization scenario 

The projected utilization is constantly above 90%, sometimes above 95%. The logistics 

department proactively builds stock in its warehouse to smoothen the peak utilization. 

(Additional) resourcing of production volume to comparable factories nearby is not possible. 

Customer service levels are not met, unreliable supply results in ‘case fill hits’, of which a third 

is assumed as ‘lost sale’ (logistics department rule of thumb). There is not enough capacity to 

allow large demand growth (e.g. promotions), resulting in blocked sales, small growth is 

accepted. The downtime cost for this scenario is given in Formula 5. 

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑95% = 𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑90% + 𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠95% +  𝐶𝑏𝑙𝑜𝑐𝑘𝑒𝑑𝑠𝑎𝑙𝑒𝑠95% (5) 

Additional explanation of the above mentioned cost components can be found in Appendix A. 

Constrained – 99% utilization scenario 

The projected utilization is constantly above 95%, sometimes above 99%. The logistics 

department proactively builds stock in its warehouse to smoothen the peak utilization. 

(Additional) resourcing of production volume to comparable factories nearby is not possible. 

Resourcing of production volume to more expensive factories is considered, resulting in a 

higher production cost. Customer service levels are not met, unreliable supply results in ‘case 

fill hits’, of which two thirds are assumed a ‘lost sale’. There is not enough capacity to allow 

any form of demand growth (e.g. promotions), resulting in blocked sales. The downtime cost 

for this scenario is given in Formula 6. 

𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 99% = 𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 90% +  

𝐶𝛥𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑐𝑜𝑠𝑡𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔+ 𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠99% + 𝐶𝑏𝑙𝑜𝑐𝑘𝑒𝑑𝑠𝑎𝑙𝑒𝑠99%                    (6) 

Additional explanation of the above mentioned cost components can be found in Appendix A. 

All cost formulas need to be composed for each production line specifically. The cost 
components 𝐶𝑙𝑎𝑏𝑜𝑟𝑓𝑖𝑥𝑒𝑑 and 𝐶𝑙𝑎𝑏𝑜𝑟𝑡𝑒𝑚𝑝 are constant hourly wage rates. All other components 

need to be determined, sampled or estimated manually, in cooperation with the logistics, 
finance, sales and industrial engineering departments. This process is explained in Appendix 
A. The varying downtime cost estimations for the test case, which will be elected further on in 
this chapter, can be found in Appendix B  
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Chapter 3: Asset selection 
 

 

 

The factory of Food Products has a large asset base and limited resources available for 

maintenance strategy optimization. The application of maintenance optimization models can 

be time consuming, therefore it is desirable to have a selection procedure to ensure focus on 

the assets with the highest potential for improvement 

As mentioned before, the assets’ potential for improvement will be primarily determined by its 

annual TMC, as it is assumed that this value corresponds with the asset’s potential for TMC 

reduction. In this section it is demonstrated how the TMC is used to prioritize production lines, 

machines and component failure modes, respectively. The conceptual relation of production 

lines, machines, components and failure modes is depicted in the figure below. The marked 

path shows that this research will cover one machine on one production line. On this machine, 

a selection of components, which can fail in different failure modes (i.e. component failure 

modes), is analyzed. 

 

 

 

In this chapter, the second deliverable Asset selection procedure will be further 

explained. The downtime cost estimations serve as input for the asset selection 

procedure, the outcome of this selection procedure will pass on to the Maintenance 

policy exclusion tree which will be explained in chapters 4 and 5. 

Figure 12: Conceptual relation of production lines, machines, 
components and failure modes 
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As depicted in the figure below, the asset selection procedure will narrow down from all 

machines on all production lines to one machine on one production line. On this machine, a 

selection of component failure modes is made for turther analysis. The different methods that 

are used in this selection procedure are given in the bottom of the figure, these will be further 

explained in this section. 

3.1 Production line 
The existing utilization level forecasts (i.e. utilization levels fall into three categories), executed 

by the logistics and the sales & operations planning departments, are used to filter out the 

unconstrained production lines. Due to the higher downtime cost resulting from high utilization, 

it is assumed that maintenance model optimization has the highest potential for TMC reduction 

for constrained/controlled production lines. Besides utilization, the production lines are also 

tested on other criteria to assess their potential for TMC reduction through maintenance model 

optimization. These criteria are data quality, learning curve, remaining lifetime and technical 

losses.  

As maintenance model optimization is based on historical data, it is important that this data is 

of sufficient quality and representative for the current and future situation (therefore having 

passed the learning curve, and with sufficient lifetime remaining). Finally, it is important that a 

certain level of production loss is caused by equipment breakdowns, as the potential for TMC 

reduction is limited on lines with few breakdowns.  

The constrained/controlled production lines either do or do not pass a certain criteria, as can 

be seen in Table 1 further on. The criteria data quality and learning curve are hard criteria, 

which means that these are essential for maintenance model optimization. The criteria 

remaining lifetime and technical losses are soft criteria, which means that these are 

recommended for maintenance model optimization. The production line that passes the hard 

criteria and passes the most soft criteria is chosen for maintenance model optimization. In case 

of a draw, the production line with the highest downtime cost per time unit is preferred. 

   

Figure 13: Graphical representation of asset selection procedure 
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3.1.1 Test case application 
The constrained/controlled production lines that were found within Food Products are 

production lines 3, 6, 8 and 12. The data was found to be of sufficient quality for all these 4 

production lines. Line 6 was recently rebuild, therefore this production line does not meet the 

learning curve requirement. Subsequently, production line 3 and 12 display little production 

loss currently caused by technical failure, limiting the potential for TMC reduction through the 

framework. Conclusively, the remaining lifetime of production line 3 was found to be short. 

Based on the results, which are also depicted in the table below, production line 8 could be 

chosen for further selection of the test case for the framework. 

Table 1: Criteria production line selection 

3.2 Machine 
On the elected production line, the machines will also be analyzed on their TMC reduction 

potential. By analysis of product flow, the production line can be divided into series/parallel and 

continuous/batch sections. Through addition of machine capacity, the bottleneck section of the 

production line can be determined, and the corresponding impact of every machine’s downtime 

on the production line downtime can be calculated as in Formulas 7 and 8.  

𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑙𝑖𝑛𝑒 =  𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑚𝑎𝑐ℎ𝑖𝑛𝑒 ∗ 𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑖𝑚𝑝𝑎𝑐𝑡                                             (7) 

𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑖𝑚𝑝𝑎𝑐𝑡 = 1 −
𝑀𝑖𝑛[𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘,   𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑠𝑒𝑐𝑡𝑖𝑜𝑛−𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑎𝑐ℎ𝑖𝑛𝑒]

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘
                     (8) 

This impact factor can be applied to machine downtime data. This machine downtime data has 

to be categorized manually from qualitative reports. These reports contain all machine 

downtime, instead of maintenance related downtime only, the outcome therefore needs to be 

subjected to a factor for maintenance related downtime as well. Due to unfamiliarity of this 

factor, it is assumed that this is 50% based on discussions with maintenance management. 

Together with the downtime cost per hour, which was further elaborated on in section 2.1.3, 

the downtime cost over a certain time interval can be calculated. For selecting the machine for 

maintenance model optimization, this time interval was one calendar year. This time interval 

provides a stable comparison while maintainting an overseeable manual categorization 

workload. The mechanic labor cost and the cost of spare parts are both already debited on the 

machine level, and can be derived for the same time interval. These three cost components 

together result in the machine TMC.  

Besides TMC, the production lines are also tested on other criteria to assess their potential for 

TMC reduction through maintenance model optimization. These criteria are complexity, data 

quality, future redesign and duplicability. As maintenance model optimization is based on 

historical data, it is important that the conceptual relations behind this data are understood, 

that this data is of sufficient quality and that it is representative for the foreseeable future. 

Finally, it is possible that a certain machine is installed on multiple locations in the factory, and 

the maintenance models can be duplicated with little effort, increasing the potential for TMC 

improvement.  

 
Hard criteria Soft criteria  

Data quality Learning curve Remaining lifetime Technical losses 

Production line 3          

Production line 6           

Production line 8          

Production line 12       
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The machines either do or do not pass a certain criteria, as can be seen in Table 2 further on. 

The criteria complexity and data quality are hard criteria, which means that these are essential 

for maintenance model optimization. The criteria remaining lifetime and duplicability are soft 

criteria, which means that these are preferred for maintenance model optimization. The 

machine that passes the hard criteria and passes the most soft criteria is chosen for 

maintenance model optimization. In case of a draw, the machine with the highest TMC is 

preferred. 

3.2.1 Test case application 
A breakdown impact analysis was performed on the complete test case production line, where 

the (over)capcity of a machine (section) determines the impact of machine downtime on 

production line downtime, this analysis can be found in Appendix C. Additionally, the downtime 

reports of one calendar year were analyzed to determine the total annual machine downtime. 

These figures combined with the breakdown impact analysis provide the annual downtime of 

a machine, which is converted to a annual downtime cost with help of the downtime cost 

estimations found in section 2.1.3. Together with the reported annual maintenance 

expenditures (spare parts and labor) of each machine, the annual Total Maintenance Cost 

(TMC) of each machines can be determined and compared. 

The 5 machines with the highest annual TMC are then compared with the earlier described 

multi-criteria selection procedure. None of the machines was found to be duplicable elsewhere 

in the factory. Machine O was found to fulfill none of the other mentioned criteria as well. 

Machine G fulfilled all hard criteria, but will be modified within reasonable time. Therefore 

Machines C, S and E remained, where Machine C had the highest annual TMC, therefore 

suggesting the highest potential for TMC reduction. The results are presented in the table 

below. 

Table 2: Criteria machine selection 

 

3.3 Component failure modes 
Machines can contain a wide variety of components, which can again fail in numerous ways 

(i.e. failure modes). As it is not lucrative to follow the framework for all component failure 

modes, a subgroup of component failure modes is selected based on historical failure data, 

which is often specified not further than the machine level. While manual analysis of this data 

only provides the frequency of failure, but not the failure length or impact, other methods are 

required for selection. Failure Mode and Effect Analysis (FMEA) as described by McDermott 

et al. (2009) provides additional selection criteria, which are used to support the historical data. 

In FMEA, the first step is to define all relevant component failure modes, which are all situations 

in which a component or machine can fail in fulfilling its function. With a combination of machine 

operator-, preventive maintenance- and corrective maintenance data sources, it is chosen to 

rely on data in determining these component failure modes. This data is to be gathered from a 

time interval of > 3 years, to ensure completeness. This data is complemented with qualitative 

knowledge gathered in interviews with mechanical and electrical maintenance mechanics and 

operators from all shifts, to determine the respective consequences of a failure mode.  

 
Hard criteria Soft criteria  

Complexity Data quality Remaining lifetime Duplicability 

Machine O         

Machine G   
  

Machine C    
 

Machine S    
 

Machine E    
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These failure modes are allocated a Risk Priority Number (RPN) that can be used for 

prioritization. The RPN consists of three components: Severity (i.e. of failure consequences), 

Frequency of occurrence and Likelihood of detection (i.e. before resulting in actual failure). All 

components are rated on a scale from 1 to 10, for which a higher score represents more severe 

consequences, a higher frequency of occurrence and a higher difficulty to detect a failure, 

respectively. To guide this rating process objectively, a rubric was developed (Appendix D) for 

Food Products specifically, based on McDermott et al (2009). The formula was adjusted so 

that weight factors (i.e. 𝑤𝑆, 𝑤F, 𝑤L) can be assigned to prioritize the components, if desireable. 

Subsequently, the RPN is calculated as described below in Formula 9.  

𝑅𝑃𝑁 = (𝑤𝑆 ∗ 𝑆𝑒𝑣𝑒𝑟𝑖𝑡𝑦) ∗ (𝑤𝐹 ∗ 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑜𝑓 𝑜𝑐𝑐𝑢𝑟𝑒𝑛𝑐𝑒) ∗ (𝑤𝐿 ∗ 𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛)  (9) 

Out of all failure modes, a top-15 with the highest RPNs is selected for further analysis. These 

failure modes need to meet certain criteria in order to be fit for maintenance model optimization, 

these criteria are causality, acceptability, modification and ownership. It is important to 

understand the cause of a certain failure mode before proceeding, additional research is 

required otherwise. Subsequently, the consequences of failure need to be acceptable, in order 

to apply any of the maintenance policies in this framework. If the consequences are 

unacceptable, modification of the component or machine is required, this remains outside the 

scope of this research. Finally, pending modifications are excluded for maintenance model 

optimization and the ownership of a failure mode determines if the responsibility for a failure 

mode lies with the maintenance department or with the machine operators, in case of the latter 

it is not considered within this research.  

A failure mode either passes a certain criteria or not. All criteria need to be fulfilled in order for 

a failure mode to be qualified for maintenance model optimization, serving as input for 

Deliverable 3: Maintenance policy exclusion tree.  

3.3.1 Test case application 
Al list of 30+ failure modes was gathered, which were assigned Risk Priority Numbers (RPN) 

according to the above described procedure and with help of the developed rubrics, which can 

be found in Appendix D. The 15 failure modes with the highest RPN were considered for 

application in the test case, these failure modes can be found in the table below.   

Table 3: Risk Priority Number allocation 

# Failure mode S F L RPN 

1 Loose foreign body lighting cable 10 6 10 600 
2 Clogged nozzles spray lance 9 7 8 504 
3 Metal shavings bomb hatch 8 7 8 448 

4 Worn-out pump 8 6 8 384 
5 Worn-out drive chain 9 6 7 378 
6 Broken level sensor 8 6 7 336 
7 Partly defect heating elements 7 6 8 336 
8 Worn-out vibration dampers 7 6 8 336 
9 Defect heating elements 9 6 6 324 
10 Crashed software control panel 5 8 8 320 
11 Worn-out ball bearing 6 7 7 294 
12 Leakage connector tracing water 5 7 7 245 
13 Damaged Input belt 8 4 7 224 
14 Setting rotation sensor 7 4 8 224 
15 Defect lighting 5 6 7 210 
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All failure modes have to fulfill the complete set of criteria in the failure mode multi-criteria 

selection procedure, as mentioned earlier. For the 15 failure modes that were considered for 

the test case, failure mode 1 involved consequences that were found unacceptable, therefore 

not providing a satisfactory result under any maintenance policy and proposing a modification, 

which remains outside the scope of this research. For failure mode 2, the ownership lies 

outside of the maintenance department, as this is a part of the production responsibilities. For 

failure mode 3 and 6, it was found that modifications to permanently solve the failure mode 

were already processing. The remaining 11 failure modes were found suitable on all 4 criteria, 

meaning that the cause of a failure mode is known as well. The results can be found in the 

table below.  

Table 4: Criteria component selection 

  

# Failure mode Causality Acceptability Modification Ownership 

1 Loose foreign body lighting cable     

2 Clogged nozzles spray lance     

3 Metal shavings bomb hatch     

4 Worn-out pump     

5 Worn-out drive chain     

6 Broken level sensor     

7 Partly defect heating elements     

8 Worn-out vibration dampers     

9 Defect heating elements     

10 Crashed software control panel     

11 Worn-out ball bearing     

12 Leakage connector tracing water     

13 Damaged Input belt     

14 Setting rotation sensor     

15 Defect lighting     
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Chapter 4: Failure behavior component 
 

 

 

For the elected component failure modes, as described in section 3.3.1, the aim is to find the 

most suitable maintenance policy. As each component can behave differently under varying 

circumstances it is important to apply a good analysis of the situation in order to determine the 

maintenance models and the corresponding input parameters used for optimization.  

This analysis consists of all relevant cost components for the different maintenance policies, a 

variety of component failure characteristics that can potentially filter out certain policies, and 

the Time To Failure (TTF) distribution that is used to predict system reliability. Together, this 

information concludes to the failure behavior of a component. In this chapter, it is explained 

how this information is to be gathered. 

4.1 Cost components 
The relevant cost components differ for all maintenance policies and corresponding 

maintenance optimization models. These can e.g. be costs of a planned renewal (i.e. planned 

repair or replacement), an unplanned renewal, unplanned minimal repair, inspection or one-

time set-up cost for a monitoring system. Each maintenance policy includes one or several 

cost components, these maintenance policies will be further elaborated on in chapter 5. The 

cost components are further explained in this section, after interviewing both operators and 

maintenance mechanics. 

Within Food Products, the inspection cost consists only of the less-expensive preventive 

maintenance mechanic labor cost, as an inspection is always executed during a scheduled 

down or on an active production line. Most inspections require presence on-site, occasionally 

inspections (e.g. checking system parameters) can however be executed remotely, which is 

less time consuming. These monitoring systems, whether checked periodically or 

continuously, are not always already in place. Therefore, a one-time set-up cost can be 

incurred for acquiring and installing the necessary software and hardware. Also, an important 

parameter in calculating the average long term cost per time unit of monitoring or inspection 

policies is the time horizon for which the optimal maintenance policy is to be determined. This 

information is provided in Table 5. 

 

In this chapter, the process of gathering input for deliverables Maintenance policy 

exclusion tree and Maintenance optimization models will be further explained. This input 

will be used for the application of these same deliverables 3 and 4, which is further 

explained in chapter 5.  
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 Table 5: Cost components of inspections and monitoring systems at Food Products 

 

Renewal (i.e. repair or replacement) costs consist of labor, spare parts and downtime cost 

components, and can also contain costs for scrap/rework and Quality & Food Safety (Q&FS) 

incidents. These components all consist of sub-components, of which some are fixed (incurred 

once per breakdown) and others variable (increase linear with time/number of component). 

These components differ for planned and unplanned renewals, which often makes planned 

renewals less expensive than unplanned renewals. 

On the component level this is because unplanned maintenance can consist of more expensive 

labor-, spare parts-, downtime- and scrap/rework costs and a higher risk of a Quality & Food 

Safety (Q&FS) incident. On the production line level because costs like downtime, production 

start/stop time and scrap/rework can be consolidated (only incurred once for several 

maintenance actions that can be executed in parallel) for planned renewals.  

The main cost driver in unplanned renewals at the constrained/controlled production lines of 

Food Products is the downtime cost. For planned renewals, this downtime is assumed to be 

zero for all but the longest job during a scheduled down. Besides, as planned renewals can be 

prepared, no mechanic waiting time, spare parts waiting time and failure investigation time are 

required. Maintenance mechanic labor costs are less expensive per time unit for planned 

renewals, due to the lower hourly wage of preventive mechanics. Also, for planned renewals, 

spare parts do not have to be kept in inventory and never require rushed deliveries. Any 

additional scrap/rework cost and Q&FS risk because of a breakdown are also absent for 

planned renewals.  

In case of an unplanned renewals, an additional difference exists between perfect and minimal 

repair, where minimal repair is often faster and cheaper because of less variable labor, spare 

parts and downtime costs. 

As unplanned renewals are often more expensive, it can be profitable to prevent breakdowns 

by preventive maintenance actions, or replace perfect repairs with minimal repairs. The cost 

difference between these options influences the proposed preventive maintenance interval, 

therefore accuracy of these cost calculations is important. In case unplanned renewals are not 

(significantly) more expensive, preventive maintenance is not interesting, as preventively 

shortening the lifetime of components means that renewals occur more often. A tool was 

developed in Excel for the determination of failure costs at Food Products, a view of this tool 

is provided in Appendix E. For planned and unplanned (perfect and minimal repair) renewals 

at Food products, the cost components are organized in Table 6, 7 and 8. 

  

 
Policy set-up Inspection cost 

Inspection Occasionally: set-up cost 
software and hardware of 
monitoring system 

Preventive maintenance 
mechanic labor cost (€41/p/h), 
incurred per inspection 

Monitoring Set-up cost software and 
hardware of monitoring 
system 

- 
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Table 6: Cost components of planned renewals at Food Products 

Planned  Fixed Variable 

Labor Preventive maintenance 
mechanic labor cost (€41/p/h) 
for walking*, safety procedure 
and machine disassembly  

Preventive maintenance mechanic labor 
cost (€41/p/h), increases with number of 
components  

Spare parts - Component price per unit, ordered 
according to Just-In-Time (JIT) principle 

Downtime Production start/stop time* Downtime cost (downtime cost 
scenario, section 2.1.3) incurred for 
length of maintenance job** 

Scrap/Rework Scrap/Rework cost* - 

Q&FS - - 

*assumed to be negligible if consolidated with other maintenance jobs during scheduled down 

**assumed to be negligible for all but the longest maintenance job during scheduled down 

Table 7: Cost components of unplanned renewals with perfect repair at Food Products 

Unplanned  
Perfect repair 

Fixed Variable 

Labor Corrective maintenance mechanic labor 
cost (≈ €66/p/h) for walking, investigating,  
preparation, safety procedure and 
machine disassembly 

Corrective maintenance 
mechanic labor cost (≈ 
€66/p/h), increases with 
number of components 

Spare parts Rushed delivery costs*** Component price per unit, 
stored against inventory 
holding cost 

Downtime Downtime cost (downtime cost scenario, 
section 2.1.3) incurred for mechanic 
waiting time, spare part waiting time*** 
and production start/stop time  

Downtime cost (downtime cost 
scenario, section 2.1.3) 
incurred for length of 
maintenance job** 

Scrap/Rework Cost of scrap/rework at breakdown - 

Q&FS Risk of incident in either product quality, 
safety or food safety 

- 

***negligible because of assumed ample availability of spare parts 

Table 8: Cost components of unplanned renewals with minimal repair at Food Products 

Unplanned 
Minimal repair 

Set-up Variable 

Labor Corrective maintenance mechanic labor 
cost (≈ €66/p/h) for walking, 
investigating,  preparation, safety 
procedure and machine disassembly 

Reduced corrective 
maintenance mechanic labor 
cost (≈ €66/p/h) because of 
partial and less perfect repair 

Spare parts 
 

Reduced spare parts cost 
because of less replaced 
components or repair of old one  

Downtime Downtime cost (downtime cost 
scenario, section 2.1.3) incurred for 
mechanic waiting time, spare part 
waiting time*** and production start/stop 
time 

Reduced downtime because of 
partial and less perfect repair 

Scrap/Rework Cost of scrap/rework at breakdown - 

Q&FS Risk of incident in either product quality, 
safety or food safety 

- 
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4.2 Failure characteristics 
Both components and failure modes have certain failure characteristics that depend on the 

component type and its circumstances. Some failure characteristics can determine the 

usefulness of a certain maintenance policy. These maintenance policies will be further 

explained in chapter 5, in this section the relevant failure characteristics will be explained. 

4.2.1 Failure rate 
The failure rate is the frequency with which a system or component fails in a certain time 

interval and is expressed in failures per time unit. This failure rate can be constant, meaning 

that the frequency is independent of time and therefore memoryless. The failure rate can 

however also be increasing, meaning that it becomes more likely that a component will fail as 

time passes (e.g. wear out failures), or decreasing, which means that it becomes less likely 

that a component will fail as time passes (e.g. ‘infant mortality’ failures). It is also possible that 

a combination of the above mentioned failure rates is found, which is called the ‘bathtub curve’ 

(Lienig and Bruemmer, 2017). The above mentioned failure rates are presented in the figure 

below. 

 

Figure 14: Different failure rates and bathtub curve (Lienig and Bruemmer, 2017). 

In order for preventive maintenance to be potentially beneficial for the system reliability, the 

component must have some form of an Increasing Failure Rate (IFR). Components with an 

IFR often follow a wear out pattern, which gradually degrades the component over time. This 

is often the case for mechanical components, which are in motion while active (Arts, 2014). In 

case of a Constant Failure Rate (CFR), replacing the component preventively is not logical due 

to the fact that it will not impact the probability that the component will not fail in the next period 

(Jardine and Tsang, 2013). Components with a Decreasing Failure Rate (DFR) are hardly 

subjected to wear out, but often fail due to manufacturing defects. As the likelihood of having 

a manufacturing defect decreases in time if no failure occurs, the failure rate is also decreasing. 

Typically, electrical components follow a DFR (Arts, 2014). Therefore, when considering a DFR 

replacing the component with a preventive action will only increase the probability that the 

component will fail in the following period (Jardine and Tsang, 2013). These failure rates will 

be computed in section 4.3, but an indication can already be provided based on the component 

type. 

With a CFR or a DFR, preventive replacement of a component will certainly not be optimal. 

However, other forms of maintenance that regard the condition of a component can still be 

relevant, if the failure process includes a delay time.  
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4.2.2 Delay time 
It is possible that components fail suddenly without any prior notice, in this case the 

components are either in a good state or in a failed state. It is however also possible that a 

failure develops gradually and deterioration is detectable, this interval in which a component is 

in a degraded state is called the delay time. Delay time is the essence of maintenance policies 

that regard the condition of a component before deciding on maintenance activities. 

Simultaneously, it is a prerequisite for considering these maintenance policies as potentially 

optimal. The principle of delay time as described by Christer (1999) is explained in figure 15. 

As the condition of a component usually deteriorates gradually, it is important to clearly define 

the boundaries between the states good, degraded and failed. It has to be investigated when 

and how the degraded state can first be detected, and it has to be defined when the condition 

of a component has become undesirable and is regarded as failed. These two boundaries will 

automatically give all conditions regarded under the degraded state. It is now important to 

determine the length of this interval, which can either be deterministic or follow a probability 

distribution. Aside from the delay time, also the maintenance reaction time (i.e. the interval 

between detecting and fixing a failure mode) is relevant for determining if certain maintenance 

policies can be optimal. 

If the condition of a component is monitored continuously (e.g. checking system parameters) 

the delay time has to be longer than the maintenance reaction time, in order to be significant. 

If the condition of a component is inspected periodically, the delay time has to be substantially 

longer than the maintenance reaction time in order to be significant, as the inspection interval 

would become extremely short otherwise.  

The maintenance reaction time can be estimated with help of the maintenance planner (data) 

and Risk Priority Numbers (RPN) composed in section 3.3, as the maintenance reaction time 

depends on the required job preparation, -resources and -priority. If a maintenance opportunity 

exists (i.e. no production standstill has to be requested), the reaction time mainly varies from 

0-14 days for important corrective maintenance jobs, where the reaction time gets longer if the 

failure mode is less severe, components are not kept in stock or more maintenance labor is 

required. If no maintenance opportunity exists (i.e. 100% line utilization and long maintenance 

job length) it is possible that the reaction time amounts up to 70 days, which is the current 

scheduled down interval for all production lines.   

As delay time data is currently not structurally gathered, the deterministic delay time or delay 

time distribution must often also be composed with help of field testing or experience of 

maintenance mechanics and production operators. This can be done with help of a subjective 

approach mentioned by Christer (2002), where experts are asked to indicate how often a delay 

time occurs within different provided intervals. Where the fragmented character of the Food 

Products shift-structure enhances the subjectivity of the approach mentioned by Christer 

Figure 15: Delay time, Christer (1999) 
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(2002), it is recommended that field testing is used where possible. Depending on each case, 

the delay time can be estimated with a combination of data, experts and field testing. 

The delay time (distribution) and the maintenance reaction time will be used as input for the 

maintenance policy exclusion tree and the maintenance optimization models, which are both 

described in chapter 5. 

4.2.3 Traceability age/usage 
For certain preventive replacement policies, it can be necessary to include detailed records of 

component age or usage, in determining the need for replacement (Berg and Epstein, 1976; 

Wang, 2002). In order to provide objectivity and practicality within a large organization, 

appropriate data systems need to be in place that are updated in case of any preventive or 

corrective renewal, possibly recording the usage time of the component as well. Based on 

these records, maintenance planners can then decide when a certain maintenance job is 

required. 

These data systems recording the real-time component age and usage are not present at Food 

Products. Based on a cost/benefit analysis, it is also estimated that it will not be cost effective 

to develop and implement these data systems. Therefore, the maintenance policies that rely 

upon such data can be excluded as potentially optimal policies for this specific company. This 

will be further elaborated on in section 5.1.  

4.2.4 Technical feasibility of monitoring 
For certain maintenance policies that regard the condition of a component, it is necessary to 

continuously measure certain predictive variables that can timely predict a failure happening 

in the future. These measurements could be executed with a variety of techniques, e.g. 

vibration monitoring, (infrared) thermography, tribology (e.g. lubricating oil analysis/wear 

particle analysis), ultrasonics or electrical testing (e.g. resistance testing) (Mobley, 2002). Each 

technique requires a different sensor or measurement device. 

For every failure mode with a significant delay time, it needs to be determined if one or more 

of the above mentioned techniques could timely predict a failure happening in the future. And, 

if appropriate techniques do exist, it needs to be determined if it is feasible to install and 

implement the hardware required for these measurements in the respective component 

environment, if this is not installed already. Together these steps determine the technical 

feasibility of continuous monitoring the predictive variables of a failure mode.  

If one or more technically feasible 

techniques exist, estimating the 

preventing time (i.e. the time interval 

between deviant measurements and 

failure) is necessary for determining if 

the maintenance reaction time is 

sufficiently short, and subsequently for 

deciding which technique to apply. This 

preventing time is different for different 

monitoring techniques. An example 

from literature of a component 

condition measured by various 

techniques (Tchakoua et al., 2014) is 

depicted in Figure 11. 

Figure 16: Prediction techniques for continuous monitoring,  
Tchakoua et al. (2014) 
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4.2.5 Required line activity 
A characteristic that could be assigned to certain maintenance jobs (e.g. inspections, repairs 

of replacements) is the requirement for either an active production line (production line 

producing at maximum output capacity) or a production line standstill. Some maintenance jobs 

are best executed on an active line (e.g. the inspection of a ball bearing), other maintenance 

jobs require a line standstill due to machine disassembly and safety reasons. It is also possible 

that a maintenance job cannot be executed on an active machine but the production line can 

still be (partially) active without the respective machine, due to overcapacity or redundancy in 

the respective machine section. 

The above mentioned information provides planning restrictions and opportunities for the 

maintenance planners, and will be used as input for the maintenance optimization models in 

chapter 5 and the workload spreading heuristic in chapter 6.  

4.2.6 Possibility minimal repair  
Some failure modes can only be repaired to perfect condition after failure (perfect repair), 

therefore restoring the component reliability to the starting value. Perfect repairs can however 

be costly (e.g. high downtime-, labor and spare part cost) and therefore some maintenance 

policies also include minimal repairs, in which components are repaired to a state that is not 

as good as new (e.g. ad-hoc solutions), but statistically identical to the state just before the 

failure (Arts, 2014). These policies will be further elaborated on in chapter 5, in this section it 

must be investigated if such a form of minimal repair exists for a certain failure mode. 

It can be the case that the component reliability after a minimal repair is not exactly statistically 

identical to the state just before the failure. This should be noted and incorporated in the 

interpretation of the model solution, which will be provided in chapter 5. 

4.2.7 Maintenance reaction time 
For maintenance policies that continuously monitor parameters (see section 4.2.4) that trigger 

preventive maintenance actions when reaching a predetermined threshold, a maintenance 

reaction time exists which is the interval between the trigger and the execution of a preventive 

maintenance action. As it is often desirable to execute the preventive maintenance action 

during production line standstill (i.e. without additional downtime), the maximal maintenance 

reaction time is the interval between these standstill opportunities. The standstill opportunity 

must hereby be long enough for the preventive maintenance job to be executed. The minimal 

maintenance reaction time is 0 if the maintenance job does not need any preparation, and can 

be set to a value higher than 0 if the maintenance job does require preparation. Over the long 

run, parameters reaching these predetermined threshold values occur randomly between the 

minimal and maximal maintenance reaction time, therefore the maintenance reaction time is 

uniformly distributed. If the maintenance reaction time is shorter, this has a positive effect on 

the expected number of renewals before failure, often decreasing the expected TMC. 

4.2.8 Time horizon  
When implementing a continuous monitoring system as described in section 4.2.4, a one time 

investment can be necessary. The time horizon on which the maintenance strategy decision 

will be based influences the pay back rate of the investment, where the investment is less 

expensive on average if a larger time horizon is regarded. Also, if the expected Time to Failure 

(TTF) of a component is high, the time horizon can be increased in order to properly judge the 

failure situation. Within Food Products, the pursued investment pay back time is 730 days. 

Therefore 730 days is taken as the standard time horizon.  
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4.2.9 Test case application 
For the failure modes selected in section 3.3.1 the failure characteristics are determined. This 

was done with help of interviews with maintenance mechanics and production operators. Also, 

data from SAP data system was required for estimating certain parameters. These failure 

characteristics serve as input for the Maintenance Optimization Models (MOM) described in 

section 5.2. However, some failure characteristics could already be used to exclude certain 

maintenance policies as potentially interesting, this is further explained in section 5.1.  

For some failure modes, failure based maintenance remains as the only optimal maintenance 

policy. In that case it is not necessary to derive failure distributions, this process will be further 

explained in section 4.3. If a failure mode does not have an Increasing Failure Rate (IFR) and 

no delay time, the optimal maintenance policy is always Run to Failure (RTF). This was the 

case for 4 of the analyzed failure modes. If the cost for preventive and corrective maintenance 

are equal for a failure mode (this results from section 4.1), the optimal maintenance policy is 

also always RTF.This was the case for 2 of the analyzed failure modes.  

The delay time showed to be a difficult failure characteristic to determine with interviews only, 

therefore data from the SAP data system was analyzed as well. Based on this data and expert 

experience, a deterministic delay time or Uniform delay time distribution could be estimated. It 

was chosen to use the most conservative delay time data point, if multiple data points could 

be retrieved. The delay time knowledge and data registration should be further investigated 

within the company, to further improve the model outcomes. 

The age or usage of components is currently never traceable, as the component renewal points 

are not registrated in any manner. The standard time horizon is set to 730 within Food 

Products. For preventive maintenance jobs that require line standstill, the maximal 

maintenance reaction time is set to 28 days for maintenance jobs with a length shorter than 3 

hours, for longer jobs it is set to 70 days. These are the intervals of different preventive 

maintenance opportunities, with production line standstill. The preparation time is assumed to 

be negligible for all maintenance jobs, therefore the minimal maintenance reaction time is set 

to 0. For one failure mode, no production line standstill is required, and the maintenance 

reaction time is set to 0.  

The table below gives an overview of the test case application failure characteristics. 

Table 9: Test case application failure characteristics 
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Worn-out pump IFR No 0-90 No Yes Yes Yes 0-28 730 
Worn-out drive chain IFR No 140 No No Yes Yes 0-70 730 
Broken drive chain CFR No 0 No No Yes No 0-70 730 
Defect heating elements  IFR No 20/30 No Yes Yes Yes 0-28 730 
Worn-out vibration dampers IFR No 95 No Yes Yes No 0-28 730 
Crashed software  CFR No 0 No No No No 0 730 
Worn-out ball bearing IFR No 30 No Yes Yes No 0-28 730 
Leakage joint tracing water IFR Yes 0 No No Yes Yes 0-28 730 
Damaged Input belt CFR No 0 No No Yes No 0-70 730 
Setting rotation sensor CFR No 0 No No Yes Yes 0-28 730 
Defect lighting IFR Yes 0 No No Yes No 0-28 730 
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4.3 Failure distribution 
In order to base maintenance strategies on actual component failure behavior, historical failure 

data must be gathered and analyzed. An appropriate failure distribution can then be fitted to 

this failure data, in order to predict failures occurring in the future. With this failure distribution 

it is possible to exclude certain maintenance policies and to perform reliability analyses that 

are used in all maintenance optimization models. The outcome accuracy strongly depends on 

the quality of the data analysis and distribution fitting processes, these processes will be further 

explained in this section.  

4.3.1 Data analysis 
According to Ebeling (2010) sources of data that can be used for deriving a failure distribution 

are generally either: (i) operational or field data reflecting normal use of the component, or (ii) 

failures observed from some form of reliability testing, and reliability growth testing. Given the 

availability of field data and the anticipated length and cost of reliability testing, field data is 

preferred in this framework. The data sources that will be used for obtaining Time To Failure 

(TTF) data points are the preventive- and corrective maintenance administration and the spare 

parts inventory administration, that are all integrated in the company maintenance information 

system. The information from these data sources needs to be attentively interpreted and 

mutually compared, as reliable TTF data is not yet gathered in a clear manner. 

Ideally, failures and maintenance activities are all allocated on the component aggregation 

level. At Food Products, this is often done on the machine level. Therefore it must be 

objectively assessed from the context if failures and maintenance activities can be manually 

allocated to a certain component. The different data sources can be interpreted in parallel to 

support these decisions and improve quality. Also, different types of failure modes and repair 

(e.g. perfect or minimal repair) can be distinguished and outliers (e.g. false alarm) can be 

removed from the data. This information is visualized on a timeline, after which TTFs can be 

derived. The time interval taken for data analysis must be representative for the current and 

future component circumstances (e.g. no machine modifications). A larger interval and number 

of TTF data points is further always preferred, as the small samples typically seen in reliability 

engineering are not beneficial for data and outcome accuracy.  

The current maintenance policy has to be considered when interpreting the data. If 

maintenance activities are merely corrective and triggered by failures, the TTF data can be 

analyzed without censoring. If maintenance activities are also preventive or condition based, 

it can be necessary to apply right- or arbitrary censoring (i.e. different forms of censoring) to 

the gathered data before analyzing the TTF data, to censor artificially shortened TTFs. In case 

maintenance activities are condition based (e.g. after inspections) but the delay time of the 

failure mode is sufficiently small, these data points can be directly analyzed without censoring, 

as described by Stein (2009). During the entire process of data analysis it can be beneficial to 

include the experience of maintenance mechanics and production operators (e.g. interviews 

and subjective reports) for interpretation of data with regard to failure modes and failure 

causes.  

4.3.2 Derivation of failure distribution 
For the gathered TTF data it is attempted to fit a TTF distribution, which can then further be 

used in chapter 5. An example of this procedure can be found in Appendix F. For all the main 

failure distributions, the distribution parameters will be estimated initially, after which the 

distributions are compared to find the most representative distribution. With regard to 

implementability and practicality the option Individual Distribution Identification, combined with 

the histogram fitting function, from the statistical software Minitab that is already installed within 

Food Products is evaluated first for this process.  
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In estimating the distribution parameters, the Maximum Likelihood Estimation (MLE) method 

is the default estimation method within the company software. The MLE method is supported 

by Genschel and Meeker (2010) for small sample sizes, which is the case within this 

framework. The method for comparing the different distributions within the existing statistical 

software uses both histograms with fitted distribution lines and a Anderson-Darling goodness-

of-fit statistic. There are no hard conditions for the Anderson-Darling (AD) statistic, but caution 

is required for small sample sizes as the calculation is weighted more heavily in the tails of the 

distribution. Therefore the importance of other measures, like histograms with fitted distribution 

lines, expert knowledge and common sense, become more important as the sample size 

decreases. Also, when the sample size is small, only the most aberrant behaviors in the data 

will be identified as a lack of fit. However, Johnson and Wichern (1982) mention that all 

measures of goodness-of-fit suffer this same drawback, and when determining only the best 

fitting distribution this has little influence.  

With regard to objectivity, data will be the starting point, comparing the AD statistics (for which 

lower values represent a better fit) and the corresponding P-values (for which higher P-values 

indicate a better fit). For comparable AD statistics and P-values, and for small sample sizes, 

the provided histograms with fitted distribution lines must be compared. Additionally, it can be 

necessary to compare the component failure behavior with the distribution properties (e.g. 

failure free life, failure rate, skewness of data) based on common sense and interviews with 

experts (i.e. maintenance mechanics, production operators and component suppliers).  

Subsequently, the best fitting distribution from the options Normal, Lognormal, Weibull, 

Exponential, Logistic, Log logistic and Gamma can be elected. These probability distributions 

are embedded in the company software, and were found to be representative for the probability 

distributions common used in reliability engineering, based on literature. For some of these 

distributions, additional parameters can improve the fit with the data. With help of the P-value 

or Likelihood-Ratio Test, histograms with fitted distribution lines and expert input, comparing 

the extended and the basic distributions, additional parameters can be added. This should only 

be done when significantly improving the fit, to prevent overfitting the model. In case of a draw 

between several distributions, it is recommended to choose the most conservative distribution. 

As interpretation of various failure statistics is very important in all the above mentioned steps, 

it is furthermore recommended to include the maintenance department data scientist.   

4.3.3 Test case application 
As will be further explained in section 5.1, it is not required to derive a Time to Failure (TTF) 

distribution if components were found to have comparable cost of a planned and an unplanned 

replacement or repair, as described in section 4.2.9. Additionally, failure modes that are found 

to have both a CFR or DFR (as described in section 4.2.1) and no significant delay time, can 

also be excluded from the TTF distribution fitting process.  

For the remaining failure modes on the machine setting, which in reality exists of one general 

section and a section with two similar machines that function in parallel, the failure points over 

a period of 8 years were analyzed to derive TTF samples. For two failure machine-failure mode 

combination, it was found that no failures occurred in the regarded time period. For the worn-

out vibration dampers failure mode, identical failure modes on comparable machines were 

used to increase the sample size and accuracy. For the worn-out pump failure mode on 

machine 2, insufficient data was found to draw a conclusion, as also the addition of expert 

experience was not conclusive. For the other failure modes, the data and expert experience 

was found sufficient to derive a TTF distributions. The distribution fitting process was executed 

as described in Appendix F, the fitted TTF distributions with optimized parameters can be found 

in the table below for all the regarded failure modes (from section 5.1.1). 
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Table 10: Test case application failure distribution fitting 

Machine - Failure mode TTF distribution Location Shape Scale Threshold 
M1 - Worn-out pump Lognormal 5,81 - 0,97 - 
M2 - Worn-out pump Insufficient data - - - - 
M1/2 - Worn-out drive 
chain 

Normal 714,4 - 163,7 - 

M1back - Defect heating 
elements 

3-parameter 
Weibull 

- 1,35 58,76 115,28 

M1rest - Defect heating 
elements 

No failures - - - - 

M2back - Defect heating 
elements 

3-parameter 
Loglogistic 

4,18 - 0,48 179,16 

M2rest - Defect heating 
elements 

2-parameter 
Exponential 

- - 213,5 283,8 

M1/2 - Worn-out vibration 
dampers 

Normal 766,3 - 291,6 - 

M1 - Worn-out ball 
bearing 

No failures - - - - 

M2 - Worn-out ball 
bearing 

Normal 168,0 - 82,5 - 

 

4.4 Expected number of failures 𝑀(𝑡) 
The expected number of failures in interval 𝜏 or time horizon 𝑇 serves as input for the majority 

of the Maintenance Optimization Models. For the Exponential distribution, this function is very 

straightforward, due to its Constant Failure Rate (CFR) and corresponding memorylessness 

property. For other distributions, deriving 𝑀(𝑡) is not always analytically possible. Other 

requirements for the MOM 𝑀(𝑡) input is that it should include a variety of different failure 

distributions, with similar calculation methods. With regard to implementability, it should also 

be possible to determine the 𝑀(𝑡) function quickly and preferable in Excel. With regard to these 

requirements, the discrete event Monte Carlo simulation method (Yeh and Sun (2011); 

Nikolovski et al. (2014)) was chosen as the most desirable solution.  

4.4.1 M(t) Simulation 
The expected number of failures at time t, also called the renewal function 𝑀(𝑡), is provided 

by (Akcay (2015): 

𝑀(𝑡) = 𝐹(𝑡) +  ∫ 𝑀(𝑡 − 𝑥)
𝑡

0

𝑓(𝑥)𝑑𝑥 

Here, M(t) is the expected number of renewals during the time interval [0,t], F(t) is the 

cumulative distribution function (CDF) of the components time to failure (TTF) and f(t) is the 

probability density function (PDF) of the components TTF. The renewal function is used to 

approximate the expected consecutive number of failures of a certain form, and in this case 

the number of component renewals.  The renewal function is used in the Maintenance 

Optimization Models (MOM) to translate the TTF distribution of a component into the number 

of renewals. 

The Monte Carlo simulation aims to approximate this renewal process by iterating interval t 

until the average M(t) can be determined with the prescribed accuracy. As described by Hahn 

(1972) and Montgomery and Runger (2003), if �̅� is used as an estimate of 𝜇, it is 100(1 − 𝛼)% 

confident that the error |�̅� − 𝜇| will not exceed a specified amount 𝐸 when the sample size is: 

𝑛 = [
𝑧(1+𝛾)/2𝜎′

𝐸
]

2
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With regard to the test case, 𝑧(1+𝛾)/2 =  2.58, corresponding to a confidence level set to 𝛾 =

0,99. The maximum allowable error 𝐸 = 0,05 and the initial estimate of the population standard 

deviation 𝜎′ is set to 1. The maximal standard deviation from the test case was found to be 

0,68. The confidence level and initial estimate of the population standard deviation were 

chosen conservatively, as the discrete event simulation method requires little computation 

time.  The required sample size 𝑛 = 2663. The simulation is therefore designed such that it 

reaches this sample size for all components that were included in the test case. Where the 

confidence of the simulation is now on the desired level, the user of the simulation should not 

be mislead into false confidence of the results, as the model itself may still be inaccurate due 

to e.g. a small sample size (i.e. < 5 data points) of TTF data points on which the TTF distribution 

is fitted.  

As input for the simulations, a sufficiently large number of TTF samples is extracted from such 

a given TTF distribution (which was determined in section 4.3) with given location, scale, shape 

and/or threshold parameters. The random sampling process from such a distribution is done 

according to the Inverse transform method (Devroye (1986); Sigman (2010); Grzelak et al. 

(2018)), which uses the inverse cumulative distribution function (CDF) of a given TTF 

distribution in combination with a random number [0,1] sampler.  

4.4.3 Test case application 
In the analysis of the test case, the following TTF distributions were encountered: 2 & 3-

Parameter Weibull, 1 & 2-Parameter Exponential, Normal, 2 & 3-Parameter Lognormal, 

Logistic and the 2 & 3-Parameter Loglogistic distribution. The inverse CDF functions of these 

probability distributions are included in Appendix G. All the above probability distributions have 

been embedded in the developed M(t) simulation tool for the company.   
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Chapter 5: Maintenance policies 
 

 

 

The failure modes found in chapter 3 and analyzed in chapter 4 can be approached with a 

variety of maintenance policies. According to Dekker (1996), a maintenance policy describes 

what events (e.g. failures or passage of time) trigger what type of maintenance (e.g. inspection 

or repair/replacement). These maintenance policies can be translated to mathematical 

maintenance models, which can be used to optimize policy parameters if necessary. A 

maintenance policy with optimized policy parameters is regarded as a maintenance strategy, 

in this research. For these maintenance strategies, the mathematical maintenance models will 

provide the estimated Total Maintenance Cost (TMC) for the specific failure mode. 

For the failure modes within Food Products, it is expected that different failure modes can be 

optimal under different failure behavior. Therefore it is not desirable to focus on only one or 

two maintenance policies. With help of an extensive literature review (e.g. Wang, 2002; Arts, 

2016; Tinga, 2013; Peeters, 2016) a selection of 7 different maintenance policies was made, 

being Age Based Replacement (ABR), Usage Based Replacement (UBR), Periodic 

Replacement (PR), Periodic Replacement with Minimal Repair (PRMR), Periodic Inspections 

(PI), Continuous Monitoring (CONM) and Run to Failure (RTF). After an analysis of the current 

short-term possibilities within Food Products, the ABR and UBR policies were found to be 

generally infeasible.  

The 5 remaining maintenance policies were translated to the Maintenance Optimization 

Models (MOM). The MOMs are designed to optimize maintenance problems for the each 

failure mode independently, therefore residing to the single-item maintenance problems. Each 

production line within Food Products is currently ground to a standstill during a Scheduled 

Down (SD) every 70 days, this interval is assumed fixed as only one machine is optimized at 

a time. Preventive maintenance in one of these SDs is assumed be without downtime cost.  

The selected maintenance policies differentiate themselves on several key characteristics. The 

policies PR and PRMR fall under the Preventive Maintenance (PM) category, the PI and 

CONM policies fall under the Condition Based Maintenance (CBM) category and the RTF 

policy falls under the Failure Based Maintenance (FBM) category. Most of these policies can 

be specified and combined to perfectly fit the failure behavior of a component, with regard to 

implementability and cost-effectiveness, these general concepts have been kept relatively 

simple. With help of extensive literature review, a Maintenance Policy Exclusion Tree has been 

developed to assess potentially optimal policies on the differentiating key characteristics.  

In this chapter, the process of applying deliverables Maintenance policy exclusion tree 

and Maintenance optimization models will be further explained. The output of the 

maintenance policy exclusion tree is passed on to the maintenance optimization models. 

The output of the maintenance optimization models is the input for deliverable 5: 

Workload spreading heuristic, which will be explained in chapter 6.  
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5.1 Exclusion tree 
Due to practicality reasons, it is often attempted to capture the maintenance policy decision in 

a decision tree (Labib, 1996; Wayenbergh and Pintelon, 2002; Rausand, 1998). While this 

method is quick and easy, it often includes junctions with subjective questions or inaccurate 

statements, making it only suitable for failure modes with extreme key characteristics 

belonging to a certain policy. In reality, it often occurs that these characteristics are less 

extreme, and the optimal policy cannot be chosen based on intuition (Akcay, 2015). It is then 

required to model each policy, and compare the expected TMC.  

It is however possible to exclude certain policies, which are certainly not optimal, from a given 

selection. The models for these policies do not have to be constructed in that case, which 

saves time and resources. Therefore, a Maintenance Policy Exclusion Tree is developed for 

the key maintenance policies found in literature, this exclusion tree can be found below. 

For components that do not have an Increasing Failure Rate (IFR), policies that fall under the 

PM category (ABR, UBR, PR, PRMR) will not improve or may even reduce the reliability of the 

component, while unnecessarily incurring planned replacement cost 𝐶𝑝 (Akcay, 2015). 

Similarly, when the unplanned replacement cost 𝐶𝑢 is smaller or equal to the planned 

replacement cost 𝐶𝑝 (i.e. 𝐶𝑢 ≤ 𝐶𝑝), it is not cost effective (regarding TMC) to apply policies 

that fall under the PM category or the CBM category (PI, CONM). With PM the components 

will only be renewed more frequent, and with CBM additional cost will be incurred 

unnecessarily. Examples of components with 𝐶𝑢 = 𝐶𝑝 are ‘nice-to-have’ components that do 

not require immidate replacement by corrective maintenance mechanics.  

Figure 17: Maintenance policy exclusion tree 
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Delay time, meaning that there is at least one detectable ‘degraded’ state present between the 

states ‘good’ and ‘failed’, is a prerequisite of the CBM category policies (PI, CONM). Also, the 

length of this state must be significant, i.e. large enough to react timely (at least sometimes) 

with a preventive planned action or large enough that the optimal inspection interval is not → 

0. In case a component has a Constant or Decreasing Failure Rate (CFR/DFR), 𝐶𝑢 > 𝐶𝑝 and 

a significant delay time, policies from the CBM category may still be attractive. 

The ABR and UBR policy regard the current age and usage of a component when determining 

the moment of replacement. Therefore being less wasteful than the PR policy, which replaces 

components at predetermined moments regardless of the component age or usage (Wang, 

2002; Arts, 2014). However, this policy also requires real-time age or usage registration and 

accessibility. As this is not the case within Food Products in general, these policies are strictly 

excluded.  

A less wasteful variant of the PR policy can be the PRMR policy, which implies that upon failure 

within a PR interval, components are not renewed to an ‘as good as new’ state but to the ‘as 

bad as old’ state (the component reliability is restored statistically to the moment just before 

failure). As this form of repair can be less expensive than a perfect repair, it may be attractive 

under certain circumstances. For the PRMR policy to be optional, it must be possible to apply 

such a minimal repair in practice.  

Finally, the application of continuous monitoring techniques (see section 4.2.4) must be 

technically feasible. This means, a parameter must be present that can be used to predict 

failures occurring in the near future, and it is technically feasible to place monitoring equipment 

on the required location on the machine to continuously measure and transfer this parameter 

under the given circumstances. 

In case only the RTF policy remains, no data collection and TTF distribution fitting is required. 

For all other policies, deriving a TTF distribution is necessary for cost calculations and 

comparison. For policies that are excluded, the respective policy input parameters do not have 

to be gathered (e.g. reaction time for CONM) Further comparison is done with help of the 

Maintenance Optimization Models (MOM). 

5.1.1 Test case application 
By application of the exclusion tree, the RTF policy has been found optimal for 6 of the 11 

failure modes. Therefore, no MOM or TTF distributions need to be constructed for these failure 

modes. For the other failure modes, several or all maintenance policies still remain, therefore 

a TTF distribution must be defined. The remaining policy selection and arguments can be found 

in the table below:  

Table 11: Test case application results exclusion tree 

Machine - Failure mode Selection Arguments 

Worn-out pump PR, PRMR, PI, CONM, RTF N/A 

Worn-out drive chain PR, PRMR, PI, RTF CONM not feasible 

Broken drive chain RTF CFR, no delay 

Defect heating elements  PR, PRMR, PI, CONM, RTF N/A 

Worn-out vibration dampers PR, PI, CONM, RTF MR not possible 

Crashed software  RTF CFR, no delay 

Worn-out ball bearing PR, PI, CONM, RTF MR not possible 

Leakage joint tracing water RTF 𝐶𝑝 = 𝐶𝑢 

Damaged Input belt RTF CFR, no delay 

Setting rotation sensor RTF CFR, no delay 

Defect lighting RTF 𝐶𝑝 = 𝐶𝑢 
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5.2 Maintenance optimization models 
Where ABR and UBR were deemed strictly excluded, the MOMs are constructed for the PR, 

PRMR, PI, CONM and RTF policies. The optimal maintenance policy can be elected by 

comparing the expected long term average TMC. For objective comparison, all policies are 

subjected to the following assumptions and/or requirements. 

 Components are all in an ‘as good as new’ state at moment 𝑡 = 0, the starting point of 

modelling interval [0, 𝑇]. 
 Both the downtime length and the time to repair (TTR) are assumed to be negligible 

compared to the TTF, therefore not influencing the expected number of failures in 

interval [0, 𝑇]. 

 The cost comparison is made based on the long term average TMC. 

 Preventive maintenance actions are to be scheduled within Scheduled Downs (SDs), 

no downtime costs are incurred for preventive maintenance actions.  

 The SD interval is assumed fixed and is restricted to 70 days. 

 Both preventive and corrective renewals (i.e. repair or replacement) are executed 

perfectly, meaning that the component reliability 𝑅 returns to 𝑅(0) 

 Both preventive and corrective renewals make use of identical (i.e. ‘1-on-1’) 

components, no modifications are done to components. 

 Unplanned repairs, wether perfect or minimal, are immediately triggered by failures. 

Failure always presents itself. Components are immediately repaired or replaced 

(mechanic waiting time is accepted and included). 

 Inventory of spare parts is assumed to be ample, therefore no stock-out and resulting 

spare part waiting times are incurred.  

5.2.1 Periodic Replacement 
The Periodic Replacement policy entails that a component is preventively replaced with fixed 

interval 𝜏. If the component fails within this replacement interval, it is correctively renewed with 

a ‘perfect’ replacement. The age of the component is not registered, therefore the component 

will be preventively renewed after every replacement interval, despite the age of the 

component (Berg and Epstein, 1976; Wang, 2002; Arts, 2014). The additional assumption 

resulting from this is: 

 The age of the component has no influence on the preventive replacement decision, 

i.e. components are replaced regardless of their state. 

The general assumption that replacements, both preventively and correctively, are perfect (i.e. 

returning the component to an ‘as good as new’ state) enable us to calculate the expected 

number of replacements with the renewal function (Dohi, Kaio and Osaki, 2002; Arts, 2014). 

Therefore, the renewal function is also used in the PR MOM constructed in this framework, 

where both preventive and corrective replacements are regarded as renewals. The renewal 

function 𝑀(𝑡) can be constructed with help of simulation, as described in section 4.4.1. 

The model used is based on the Renewal Reward Theorem, and is adopted from Arts (2014). 

The cost calculation is slightly adjusted to fit the first general assumption that the components 

are all in an ‘as good as new’ state at 𝑡 = 0. The objective remains finding the optimal periodic 

replacement interval 𝜏∗, which minimizes 𝑔(𝜏). The interval between two periodic replacements 

is regarded as one renewal cycle, with expected cycle length (ECL) 𝜏. The expected cycle cost 

(ECC) are defined as the cost of one planned renewal 𝐶𝑝, and the cost of 𝑀(𝜏) unplanned 

renewals against 𝐶𝑢 each, with 𝑀(𝜏) being the expected number of failures in interval 𝜏. The 

long term average TMC 𝑔(𝜏) are then described as the expected cycle cost divided by the 

cycle length, with a deduction for the initial planned renewel cost at 𝑡 = 0. 
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𝐸𝐶𝐶(𝜏) = 𝐶𝑝 + 𝐶𝑢 ∗ 𝑀(𝜏) 

𝐸𝐶𝐿(𝜏) = 𝜏 

𝑔(𝜏) =
𝐸𝐶𝐶(𝜏)

𝐸𝐶𝐿(𝜏)
−

𝐶𝑝

𝑇
 

The optimal periodic replacement interval 𝜏∗ minimizes 𝑔(𝜏) 

5.2.2 Periodic Replacement with Minimal Repair 
The Periodic Replacement with Minimal Repair policy also entails that a component is 

preventively replaced with fixed interval 𝜏. However, if the component fails within this 

replacement interval, it is correctively repaired with a ‘minimal’ repair, which means that the 

reliability of the component is statistically returned to the reliability just before failure (also 

denoted as the ‘as bad as old’ state). The TTF or the number of previous minimal repairs of 

the component are not registered, therefore the component will always be minimally repaired 

at every failure until the next replacement interval. The additional assumption that follows is: 

 The TTF or the amount of previous minimal repairs of the component have no influence 

on the minimal repair decision, i.e. components are minimally repaired regardless of 

their TTF or repair history. 

For this policy as well, the model is based on the Renewal Reward Theorem and adopted from 

Arts (2014). The ECC are however not calculated based on the renewal function 𝑀(𝑡), as the 

component is not brought back to an ‘as good as new’ state with a corrective repair. Rather, 

the statistical reliability does not change with a corrective repair, which means that the failure 

rate ℎ(𝑡) (the expected number of failures per time unit) remains unchanged. The expected 

number of failures in interval 𝜏 can then be given by the cumulative failure rate over interval 

[0, 𝜏], each costing 𝐶𝑚𝑟. The preventive replacements can be used as renewal points as these 

bring the state, and hereby the failure rate ℎ(𝑡), back to the ‘as good as new’ state ℎ(0). The 

long term average TMC 𝑔(𝜏) are then described as the expected cycle cost divided by the 

cycle length, with a deduction for the initial planned renewel cost at 𝑡 = 0. The model now looks 

as follows:  

𝐸𝐶𝐶(𝜏) = 𝐶𝑝 + 𝐶𝑚𝑟 ∗ ∫ ℎ(𝑡)𝑑𝑡
τ

0

 

𝐸𝐶𝐿(𝜏) = 𝜏 

𝑔(𝜏) =
𝐸𝐶𝐶(𝜏)

𝐸𝐶𝐿(𝜏)
−

𝐶𝑝

𝑇
 

The optimal periodic replacement interval 𝜏∗ minimizes 𝑔(𝜏) 

The failure rate functions for the different TTF distributions found in the test case are included 

in the automated MOM company tool, and can be found in Appendix I.  

5.2.3 Periodic Inspection 
Periodic Inspection is a maintenance policy that is widely adopted within Food Products. 

Inspections are executed with fixed intervals between two periodic inspections. During an 

inspection, a maintenance mechanic evaluates the state of a component by seeing, hearing or 

feeling, determining if the component state is ‘good’ or ‘degraded’ (as explained in section 

4.2.2). If the component is found to be in a ‘degraded’ state, the component is renewed prior 

to failure. With a priority system, work order resulting from periodic inspections are subjectively 

assessed on their remaining lifetime, and renewed as late as possible. If no degradation could 
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be detected, no further action is taken. If a failure occurs between two inspections, the 

component is correctively renewed. Failures within this research are assumed evident, 

therefore inspections are not meant for determining if a component has failed.  

The above mentioned concept is adequately described by the Delay Time Modeling (DTM) 

theory first mentioned by Christer (1976), first applied to an industrial maintenance problem by 

Christer and Waller (1984). In DTM, component states can be described as ‘good’, ‘degraded’ 

and ‘failed’, where a failure can be prevented by an inspection during the ‘degraded’ state. For 

the application of DTM to Food Products, the following assumptions are set:  

 The inspection interval is fixed and does not change over time. 

 The execution of inspections is deemed perfect, meaning that when a component is in 

a degraded state and it is inspected, the degradation is always noticed. 

 If a component is inspected in a degraded state, it is renewed as close to failure as 

possible (but during Scheduled Down (SD) time). The expected number of renewals in 

interval [0, 𝑇] is therefore dependent on the TTF distribution only, and independent of 

inspection interval 𝜏 

 All components observed as degraded during the inspections are replaced prior to 

failure. 

 If an inspection requires the machine to stand still, the inspection interval is restricted 

to the SD opportunities. If an inspection requires the machine to be active, no 

restrictions are set to the inspection interval. 

The delay time is the time lap from the first noticeable degradation until the time when its repair 

can be delayed no longer because of undesirable consequences (Christer & Waller, 1984; 

Christer, 1999), this concept is explained in section 4.2.2. The probability of not inspecting a 

component in a degraded state 𝑏(𝜏) and thus replacing the component after failure increases 

as the inspection interval becomes larger, as described in the figure below. The total inspection 

cost increase if the inspection interval becomes shorter. 

The model for this policy is based on the renewal function over time horizon [0, 𝑇], 𝑀(𝑇). The 

total number of failures over the time horizon is replaced prior to failure with probability 1 −
𝑏(𝜏), depending on the delay time and the inspection interval, against planned renewal cost 

𝐶𝑝. The total number of failures over the time horizon is replaced after failure with probability 

𝑏(𝜏), against unplanned renewal cost 𝐶𝑢. Inspection cost 𝐶𝑖𝑛𝑠𝑝 is incurred for each inspection, 

in total 𝑇/𝜏 inspections are done over the considered horizon 𝑇. Optimal inspection interval 𝜏 ∗ 

minimizes the combination of long term average TMC involved, 𝑔(𝜏).  

𝑔(𝜏) =

𝑇
𝜏 ∗ 𝐶𝑖𝑛𝑠𝑝 + 𝑀(𝑇)[(1 − 𝑏(𝜏)) ∗ 𝐶𝑝 + 𝑏(𝜏) ∗ 𝐶𝑢]

𝑇
 

The optimal periodic inspection interval 𝜏∗ minimizes 𝑔(𝜏) 

If the delay time is estimated to be deterministic, which is the case for the majority of the 

components analyzed in the test case, 𝑏(𝜏) is given by: 

Figure 18: Relation between delay time and inspection interval 
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𝑏(𝜏) = 𝑃(𝑛𝑜𝑡 𝑜𝑏𝑠𝑒𝑟𝑣𝑖𝑛𝑔 𝑎 𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡, 𝑔𝑖𝑣𝑒𝑛 𝑖𝑛𝑠𝑝𝑒𝑐𝑡𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝜏) =
𝜏 − 𝑘

𝜏
 

If the delay time follows a given probability distribution 𝑓(𝑘), the delay time is described by: 

𝑏(𝜏) = ∫ (
𝜏 − 𝑘

𝜏
)

𝜏

𝑘=0

𝑓(𝑘)𝑑𝑘 

An example of the derivation of 𝑏(𝜏) for the test case can be found in Appendix P. 

5.2.4 Continuous Monitoring 
Some parameters that can be continuously monitored (like explained in 3.2.6) can predict 

failure happening in the near future. There is a delay time involved from the moment that 

significant change in the parameter can be measured until the moment of failure. If it is possible 

to schedule a preventive maintenance action in this delay time, the component is renewed 

prior to failure. This maintenance policy is not yet applied within Food Products, however it is 

possible to include this policy into the maintenance organization on the short term. 

Reaction time is the interval between the above mentioned trigger and the execution of the 

preventive maintenance action. If the reaction time is always smaller than the delay time, the 

component is always renewed prior to failure. If the reaction time is always larger than the 

delay time, the component is always renewed after failure. As the time lapse between the 

trigger and the preventive Scheduled Down (SD) opportunity is random, on the long term, the 

reaction time always follows a Uniform distribution from the minimum reaction time (generally 

assumed 0) and the maximum reaction time (the length of the interval between two SDs). The 

SD opportunity must be lengthy enough for the preventive job length to fit. 

 The monitoring quality is deemed perfect, meaning that when a parameter crosses a 

certain threshold value, this is always noticed. 

 If a preventive maintenance action is triggered by a monitored parameter, the 

component is renewed as close to failure as possible (but during SD time). The 

expected number of renewals in interval [0, 𝑇] is therefore dependent on the TTF 

distribution only, and independent of the delay time and reaction time.  

The model for estimating the probability that the component is renewed after failure, 𝑝, and the 

corresponding long term average TMC involved 𝑔(𝜏), was developed manually. If the SD 

interval is large compared to the delay time, the probability 𝑝 increases that the component is 

renewed after failure against cost for an unplanned renewal 𝐶𝑢. If the SD interval is small 

compared to the delay time, the probability increases that the component is renewed prior to 

failure, 1 − 𝑝, against planned renewal cost 𝐶𝑝. In the figure below, the relation between the 

delay time 𝑘 and the interval between two Scheduled Downs (SDs) is depicted. 

 

Figure 19: Relation between Scheduled Down (SD) opportunity and delay time 

The set-up of such a continuous monitoring system requires a one-time investment 𝐶𝑚𝑜𝑛. 

These set-up cost are spread over the regarded interval [0, 𝑇]. The height of the investment 

and the pay back period influence the long term average TMC. The renewal costs are 
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determined by the expected number of renewals in interval [0, 𝑇], 𝑀(𝑇), that are replaced 

against unplanned replacement cost 𝐶𝑢 with probability 𝑝 and against planned replacement 

cost 𝐶𝑝 with probability 1 − 𝑝. The model does not have an optimization parameter. The long 

term average TMC are given by: 

𝑔 =
𝐶𝑚𝑜𝑛 + 𝑀(𝑇)[(1 − 𝑝) ∗ 𝐶𝑝 + 𝑝 ∗ 𝐶𝑢]

𝑇
 

If the reaction time 𝑟 is uniformly distributed on interval [𝑐, 𝑑] and the delay time 𝑘 is 

deterministic, 𝑝 is given by: 

𝑝 = ∫
1

𝑑 − 𝑐
𝑑𝑟 =

𝑑

𝑟=𝑘

𝑑 − 𝑘

𝑑 − 𝑐
 

The derivation can be found in Appendix P. 

If the reaction time 𝑟 is uniformly distributed on interval [𝑐, 𝑑] and the delay time 𝑘 also follows 

a certain probability distribution, 𝑝 is given by: 

𝑝 = ∫ [∫ 𝑓𝑘(𝑘)𝑑𝑘
𝑟

0

] 𝑓𝑟(𝑟)𝑑𝑟

∞

0

 

An example of the derivation of 𝑝 can be found in Appendix P. 

5.2.5 Run to Failure 
Under the Run to Failure (RTF) policy, no preventive or condition based actions are taken. 

Upon failure, a component is renewed against cost of unplanned renewal 𝐶𝑢. When applying 

this policy, it is extra important to keep sufficient spare parts inventory, as all renewals will 

occur unplanned. The model does not have an optimization parameter. The long term average 

TMC are given by: 

𝑔 = 𝑀(𝑇) ∗ 𝐶𝑢 

5.2.6 Test case application 
A tool was developed for the company that automatically optimizes and calculates the above 

mentioned models for all TTF distributions that were found in the test case. The cost results 

for the 5 different maintenance policies, and the corresponding optimization parameters, can 

be easily compared.   

The machine that is chosen for the test case in reality exists of a setting with two similar 

machines in parallel. The failure modes that can occur on both machines separately, are 

considered for each of the two machines (M1 and M2) separately, or even subsections of each 

machine. Some failure modes apply to the machine setting in general, denoted by G. In total, 

30 failure modes were considered, of which 7 were deemed unqualified for application of this 

framework based on the multi-criteria analysis described in section 3.3. For 11 failure modes, 

it was concluded with help of the failure characteristics and the maintenance policy exclusion 

tree (described in section 5.1) that RTF was the appropriate maintenance strategy. For the 

remaining 12 failure modes, it was necessary to construct the MOM, based on the failure 

distribution and cost components, in order to determine the optimal maintenance strategy.  

For 1 of these 12 failure modes, too little data (3 data points) was found to objectively conclude 

a TTF distribution. Also the addition of expert experience was not sufficient to come to a TTF 

distribution, therefore no analysis could be made via the MOM. For all the other failure modes, 

more than 5 TTF data points could be gathered and analyzed, which was found suffiently 

accurate.  
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For the PRMR policy, the TTF distribution of one failure mode was found to follow a 3-

parameter Loglogistic distribution, which has a Decreasing Failure Rate (DFR) in the tail of the 

distribution, resulting in an infinitely high optimal PR interval and only relying on minimal 

repairs. As minimal repairs cannot be applied infinitely, the PRMR policy was found to be 

inappropriate for the given TTF distribution, therefore it was left outside of the comparison.  

An assumption of the PI policy is that the expected number of renewals in interval [0, 𝑇], 𝑀(𝑇), 

is independent of the inspection interval. This assumption could be compromised if the delay 

time was long and preventive replacement were to happen immediately upon inspection, 

therefore possibly shortening the component lifetime significantly. For the test case however, 

all components with longer delay times were found to have well predictable degradation, 

therefore allowing the inspecting maintenance mechanic to choose the moment of replacement 

as close to the end of life as possible. The SD opportunities in which this renewal prior to failure 

could be planned occur 14 to 35 days before a components end of life, on average, compared 

to very high average TTFs (450-800 days). Therefore the remaining lifetime could be 

neglected. This also holds for the assumption of the CONM policy, regarding the independency 

of 𝑀(𝑇) to the delay and reaction time.  

Out of the 11 failures modes for which MOMs have been constructed, 3 failure modes were 

currently righteously approached with the RTF policy and 2 failures modes were currently 

righteously approached with the 140 day PI policy. For the remaining 6 failure modes, the 

current maintenance strategy could be improved.  

The optimal maintenance strategies were computed under the restriction that Scheduled Down 

(SD) opportunities are planned with a fixed interval of 70 days. Also, the current downtime cost 

scenario (as described in section 2.1.3) was found to be ‘Constrained – 95% utilization’. The 

set 𝑆70 of optimal maintenance strategies 𝑠 ∈ {1,2,3,4,5, . . 𝑠𝑛} under the Constrained – 95% 

utilization scenario, is given in the table below. A comparison of S70 with the current set of 

maintenance strategies (utilization scenario: Constrained – 95% utilization) is provided in 

Appendix L. 

Table 12: S70  Constrained – 95% Utilization 

Machine - Failure mode Maintenance policy Interval TMC/day 

M1 - Worn-out pump Continuous Monitoring N/A € 4,56 

M2 - Worn-out pump insufficient data   

M1 - Worn-out drive chain Periodic Inspections 140 € 2,54 

M2 - Worn-out drive chain Periodic Inspections 140 € 2,54 

M1back - Defect heating elements  Periodic Replacement + Minimal Repair 70 € 9,91 

M1rest - Defect heating element Run to Failure N/A N/A 

M2back - Defect heating elements Periodic Replacement + Minimal Repair 140  € 4,43  

M2rest - Defect heating elements Continuous Monitoring N/A  € 5,34  

M1 - Worn-out vibration dampers Periodic Replacement 280  € 1,66  

M2 - Worn-out vibration dampers Periodic Replacement 280  € 1,66  

M1 - Worn-out ball bearing Run to Failure N/A € 1,38 

M2 - Worn-out ball bearing Run to Failure N/A N/A 

TMC per day    € 34,03  

TMC per year    € 12.421 
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Chapter 6: Workload spreading heuristic  
 

 

 

The results of the Mainentance Optimization Models (MOMs) for the regarded failure modes 

(resulting from section 5.1.1) will be used as input for the Workload spreading heuristic. For 

machines that currently lack a preventive maintenance plan, and for machines on production 

lines with higher downtime costs, the hypothesis is that the preventive maintenance plan 

proposed by the MOMs will have a higher preventive workload (the hypothesis is that the 

corrective workload will also decrease).  Currently, there is little spare capacity in the 

preventive maintenance mechanic hours within the existing scheduled downs (SDs), an 

illustration of this peak workload during SDs is depicted in the figure below. 

 

Figure 20: Illustration of peak workload during Scheduled Downs 

Extra SDs or shortened SD intervals can only be analyzed on the production line level instead 

of on the machine level, therefore a heuristic is developed to fit newly proposed maintenance 

strategies into current operations. This will be done through exploitation of existing 

maintenance opportunities and analyzing free and priced capacity increase- or workload 

reduction- and spreading options. The heuristic ensures that the preventive workload capacity 

is sufficient for each respective SD frequency and interval, the actual planning of jobs within 

this frequency and interval is done by the maintenance planning department.  
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In this chapter, deliverable 5: Workload spreading heuristic, will be further explained. 

The output of this deliverable can be directly implemented in the maintenance planning. 
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6.1 Maintenance opportunities  
Opportunistic maintenance synchronizes maintenance actions by taking advantage of the time 

that the system is not in use (as described by Kobbacy and Murthy, 2008; Zhu, 2015; van 

Horenbeek, 2013). The time that the system is not in use can be due to scheduled machine 

downs (e.g. preventive maintenance on other components) and unscheduled machine downs 

(e.g. component failures). Opportunistic maintenance recognize these machine downs as 

opportunities to perform preventive maintenance actions to optimize the system cost or 

availability (Peeters, 2016). The synchronization of maintenance actions with unscheduled 

machine downs (e.g. component failures) is not deemed cost-effective for the company or this 

research, due to the corresponding organizational requirements. The synchronization of 

maintenance actions with Scheduled Downs (SDs), however, is thought to be attractive with 

regard to several purposes (of which the spreading of peak workload is one).  

On all production lines in the factory, SDs are scheduled with intervals of 70 days, with some 

production lines having an extra long SD every 140 days. As these SD intervals and lengths 

are assumed fixed, and downtime costs are therefore assumed negligible, the SDs can be 

assumed as maintenance opportunities. Outside of these existing SD intervals, additional 

maintenance opportunities exist during periodic cleaning procedures or other fixed interval 

downtime opportunities. These maintenance opportunities are currently used only sparsely for 

the execution of workorders. Utilizing these additional opportunities for preventive 

maintenance can not only increase the preventive maintenance mechanic capacity, but also 

provide different (shorter) SD intervals to more appropriately fit preventive maintenance jobs 

to their optimal interval. This can lead to significant Total Maintenance Cost (TMC) savings.  

The constrains for utilizing maintenance opportunities are that the downtime must occur in a 

fixed interval and on predictable moments during standard working hours. In order for a 

maintenance job to fit inside a maintenance opportunity, the maintenance job length must fit 

within the minimal length of the maintenance opportunity.  

6.2 Free workload reduction, spreading or capacity increase 
Free (i.e. without additional cost) workload reduction options can occur when the results of the 

MOM show several maintenance strategies with similar TMC, but different preventive 

workload. The preventive maintenance workload is logically smaller under a RTF policy, but 

also a CONM or PR policy can provide less preventive workload than e.g. a PI policy. 

Free workload spreading options arise when SD opportunities with different intervals resonate, 

e.g. when a production line stops every 28 days and every 140 days, it is possible to execute 

jobs with 140 day intervals as well every 5th 28 day interval. This approach is called 

harmonizing (earlier described by van Dijkhuizen & van Harten, 1997), which could be used in 

this situation when undercapacity is present on only a subsection of the SD intervals.  

Free capacity increase options exist when maintenance jobs that currently limit or use up the 

existing preventive mechanic capacity in a certain SD interval can be fulfilled outside of the SD 

interval. Certain packaging machines can for example be maintained outside of any SD 

interval, as the production capacity of the sum of packaging machines is often significantly 

higher than the production capacity of the process section of a production line. Planning the 

maintenance of these packaging machines outside of SDs can free up significant preventive 

mechanic capacity. The preventive maintenance capacity on active production lines is 

assumed to be infinite, the concept of active line is explained in section 4.2.5.  

6.3 Ratio-based workload reduction, spreading or capacity increase 
Priced workload reduction, spreading or capacity increase options can occur as well like 

described above, but these increase TMC. Different maintenance policies or different policy 
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intervals with higher TMC but lower preventive mechanic workload, extra preventive mechanic 

capacity increase options (e.g. hiring temporary mechanics) or extra SD opportunities (as 

described in section 6.1) but against a cost premium (e.g. claiming extra SDs). 

Each priced option provides its own 𝛥𝑇𝑀𝐶/𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑 ratio. From all the priced options 

mentioned, an optimal solution can be found by applying the selection of priced options that 

solves the preventive mechanic capacity against the lowest combined 𝛥𝑇𝑀𝐶/𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑 ratio.  

6.4 Heuristic 
The probem, as described earlier, is that the preventive mechanic capacity can become 

insufficient to cover the peak workload in the existing Scheduled Down (SD) intervals. This 

heuristic is developed to tackle this problem. The above mentioned techniques have been 

combined into an 8-phase Workload spreading heuristic, which must be applied whenever an 

additional set of maintenance strategies is generated with the MOMs. Every time an additional 

set of maintenance strategies is generated, the complete set of maintenance strategies (i.e. 

for all MOM analyzed machines until that moment) must pass the 8 phases of the heuristic 

combined. The phases must be passed in a fixed sequence, these phases are further 

elaborated on in this section, and depicted in the figure below.  

A set S is a combination of maintenance strategies (derived with help of the MOMs) for all the 

regarded component failure modes (which are elected in section 5.1.1). S70 means that this 

set of maintenance strategies is derived with the restriction that preventive maintenance 

activities can only be executed in the current 70-day SD intervals. Sopp means that additional 

maintenance opportunities (as explained in section 6.1) can also be utilized for preventive 

maintenance activities.  

Figure 21: Workload spreading heuristic 
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The 8-phases of the workload spreading heuristic, as depicted in the figure above, must be 
passed in the following fixed sequence: 

1. Find current SD capacity, SD workload and corresponding SD over- or undercapacity. 
Do this for all relevant SD intervals seperately, and add the option ‘active line’ (as 
described in section 4.2.5) with capacity ‘∞’.  
 

2. Compute set 𝑆70 of optimized maintenance strategies with the Maintenance 
Optimization Models (MOM) for the regarded failure modes, with Δ70 interval restriction 
(current scheduled downs).   
 

3. Calculate expected annual Total Maintenance Cost (TMC), expected workload under 
current strategies, expected workload under optimized strategies and workload in-
/decrease, for the regarded failure modes. Do this for all different SD intervals and 
‘active line’, specifically. 
 

4. Analyze existing maintenance opportunities1 outside of current scheduled downs, and 
calculate extra annual capacity. Do this for all different maintenance opportunity 
intervals specifically. 
 

5. Compute set 𝑆𝑜𝑝𝑝 of optimal maintenance strategies with the MOMs for regarded failure 

modes, with Δ70 interval scheduled downs and additional maintenance opportunities. 
 

6. Calculate expected annual Total Maintenance Cost (TMC), expected workload under 
newly optimized strategies (step 5) and workload in-/decrease respective to current 
strategies, for the regarded failure modes. Do this for all different scheduled down and 
maintenance opportunity intervals and ‘active line’, specifically. 

If the capacity is sufficient for the workload for all different scheduled down and maintenance 
opportunity intervals, the set of optimized maintenance strategies can now be implemented.  

7. Analyze both current production line maintenance plan and optimized set of 
maintenance strategies for existing free workload reduction2, workload spreading3 or 
capacity increase4 options. Exploit options until capacity is sufficient or all options are 
utilized. 

If the capacity is sufficient for the workload for all different scheduled down and maintenance 
opportunity intervals, the set of optimized maintenance strategies can now be implemented.  

8. Analyze both current preventive maintenance capacity and optimized set of 
maintenance strategies for existing priced workload reduction5, workload spreading6 or 

capacity increase7 options. Exploit options based on optimal 𝛥𝑇𝑀𝐶/𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑 ratio 
to solve overcapacity for specific scheduled down or maintenance opportunity interval. 

The set of optimized maintenance strategies can now be implemented 

 

1 

  

e.g. cleaning stop, change over, procedure on fixed interval  
2 e.g. choose policy with comparable TMC and less workload  
3 e.g. shift of workload to different scheduled down or maintenance opportunity with resonating interval 
4 e.g. diversion of active inspection or maintenance job on redundant/parallel machine to active line  
5 e.g. choose policy with higher TMC and less workload 
6 e.g. choose policy with different interval and less workload 
7 e.g. hiring temporary mechanics, exploiting evening maintenance opportunities against premium or 

claiming extra scheduled down 
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6.5 Test case application 
The complete application of the Workload spreading heuristic is attached in Appendix K. The 
main results will be provided in this section.  

Phase 1 to 4:  

For the regarded set of failure modes, the current workload, S70 workload and corresponding 

workload increase are given in the table below. This workload is divided over a combination of 

different SD intervals. 

Table 13: Workload analysis for regarded set of failure modes 

 
The annual workload, divided over 
different SD intervals, must fit the 
capacity of each respective SD interval 
separately. On the production line level, 
the capacity and workload are currently 
assumed equal in the current SD intervals 
Δ70 and Δ140 (see table 14).  

Adding the above mentioned increased 
workloads to these respective intervals, 
gives an undercapacity as depicted in 
figure 22. However, a maintenance 
opportunity exists with an interval of 28 
days in the form of a cleaning procedure 
with a minimal length of 3 hours. This will 
free up 184 preventive mechanic hours 
annually, as is also depicted in both table 
14 and figure 22. 

Table 14: Capacity analysis for different SD 
intervals on production line level: 

 

Phase 5 to 6: 

A new set of optimized maintenance strategies is generated with the MOMs, allowing 

maintenance jobs with a length < 3 hours to be executed in 28 day intervals as well. Under 

equal downtime cost scenario, the set 𝑆28 of optimal maintenance strategies 𝑠 ∈ {1,2,3,4,5, . . 𝑠𝑛} 
under the Constrained – 95% utilization scenario, is given in the table below. A comparison of  

𝑆28 and the current set of maintenance strategies (utilization scenario: Constrained – 95% 

utilization) is provided in Appendix L. 

𝑺𝟕𝟎 
SD Interval 

Current workload 
(mechanic hours/ year) 

𝑺𝟕𝟎 workload 
(mechanic hours/ year) 

Workload 
increase/decrease 

Scheduled down Δ70 0 53,0 +53,0 

Scheduled down Δ140 15,9 24,1 +8,2 

Active line 0 0 0 

Total 15,9 77,1 +61,2 

 
SD Interval 

Frequency 
(per year) 

Length 
(hours) 

Mechanic 
hours 

Annual capacity 
(mechanic hours) 

Available 
capacity 

Scheduled down Δ70 5 8  87  435 ≈ 0 

Scheduled down Δ140 2,5 8  87  217,5 ≈ 0 

Opportunity Δ28 13 (∗
4

5
 ) 3 18 184 184 

Active line - - ∞ ∞ ∞ 
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Figure 22: Annual production line capacity-workload 
comparison 
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Table 15: S28  Constrained – 95% Utilization 

 

𝑆𝑒𝑡 𝑆70 gives an expected annual Total Maintenance Cost (TMC) of € 12.421 for the 

regarded failure modes. 𝑆𝑒𝑡 𝑆28 gives an expected annual TMC of € 10.583 for the regarded 

failure modes, which is € 1.838 less TMC compared to 𝑆𝑒𝑡 𝑆70. Therefore 𝑆𝑒𝑡 𝑆28 is elected.  

For the regarded set of failure modes, the current workload, S28 workload and corresponding 

workload increase/decrease are given in the table below. This workload is divided over 

different SD intervals. 

Table 16: Workload increase/decrease analysis test case 

 

The required preventive mechanic workload fits in the available capacity per specific interval, 

as depicted in figure 23, therefore the 𝑆𝑒𝑡 𝑆28 is accepted.  

 

 

 

 

 

 

 

 

 

 

No additional phase is required in the heuristic, an example of the application of phase 7 and 

8 is provided in Appendix Q.  

Machine - Failure mode Maintenance policy Interval TMC/day 

M1 - Worn-out pump Continuous Monitoring N/A € 4,56 

M2 - Worn-out pump insufficient data   

M1 - Worn-out drive chain Periodic Inspections 140 € 2,54 

M2 - Worn-out drive chain Periodic Inspections 140 € 2,54 

M1back - Defect heating elements  Periodic Replacement + Minimal Repair 112  € 5,80  

M1rest - Defect heating element Run to Failure N/A  N/A 

M2back - Defect heating elements Periodic Replacement + Minimal Repair 168  € 3,52  

M2rest - Defect heating elements Continuous Monitoring N/A  € 5,34  

M1 - Worn-out vibration dampers Periodic Replacement 308  € 1,66  

M2 - Worn-out vibration dampers Periodic Replacement 308  € 1,66  

M1 - Worn-out ball bearing Run to Failure N/A € 1,38 

M2 - Worn-out ball bearing Run to Failure N/A N/A 

TMC per day    € 29,00  

TMC per year    € 10.583 

𝑺𝟐𝟖 
SD Interval 

Current workload 
(mechanic hours/ year) 

𝑺𝟐𝟖 workload 
(mechanic hours/ year) 

Workload 
increase/decrease 

Scheduled down Δ70 0 0 0 

Scheduled down Δ140 15,9 8,5 -7,4 

Opportunity Δ28 0 52,8 +52,8 

Active line 0 0 0 

Total 15,9 61,3 +45,4 
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Chapter 7: Results and discussion 
 

 

 

Aside from the results of the test case application, this chapter wil also cover a sensitivity 

analysis to investigate the influence of important input parameters. Also, important deliverables 

of the framework will be validated and a discussion of the results will be included.  

7.1 Results  
From the 30 failures modes that were considered on the chosen machine setting on the chosen 

production line, 7 were deemed unqualified for application of this framework based on the 

multi-criteria analysis described in section 3.3. For 11 failure modes, it was concluded with 

help of the failure characteristics and the maintenance policy exclusion tree (described in 

section 5.1) that RTF was the appropriate maintenance strategy. For the remaining 12 failure 

modes, it was necessary to construct the MOMs, based on the failure distribution and cost 

components, in order to determine the optimal maintenance strategy. For 1 of these 12 failure 

modes, too little data was found to objectively conclude a TTF distribution. As the only changes 

in TMC and workload are caused by the 11 failure modes that could be analyzed with help of 

the MOMs, the results also focus on these 11 failure modes specifically.  

7.1.1 Maintenance optimization models 
Compared to the current set of maintenance strategies, the expected TMC reductions under 

different model constraints or downtime cost input are given in this section. Set 𝑆70 implies that 

the SD interval is restricted to 70 days, 𝑆28 implies that additional intervals of 28 days (as 

described in chapter 6) are also allowed. The different downtime cost scenarios considered 

are Constrained-95% Utilization (current situation), Unconstrained (minimum) and Controlled 

(maximum). The overall TMC comparison for the 11 regarded failure modes is provided in the 

figure below. The complete TMC comparison of the below mentioned sets is provided in 

Appendices N and O. 

 

 

In this chapter, results of the test case application of the entire framework will be 

covered. The asset for maintenance strategy optimization was selected with help of 

deliverables 1 and 2, after which data was gathered and analyzed for all relevant failure 

modes. Potential maintenance policies were filtered for these components in deliverable 

3, after which maintenance optimization models were constructed and optimized for the 

remaining maintenance policies in deliverable 4. The optimal maintenance strategy was 

subjected to deliverable 5: Workload spreading heuristic, which resulted in a preventive 

maintenance plan that is ready for implementation. 
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Figure 24: TMC comparison under different circumstances 

As depicted in the figure above, significant TMC savings (59%) could be realized for failure 

modes that are suitable for the MOMs. Also, it is found that the utilization of additional SD 

opportunities can lead to significant TMC savings (65%, compared to the current situation). 

This can be explained by an increased flexibility in preventive maintenance interval decisions, 

often allowing the chosen interval to be closer to its optimum.  

For the test case, it was found that also under a minimal downtime cost scenario, significant 

TMC savings (46%) can be realized when applying the framework. Under a maximal downtime 

cost scenario, the TMC savings (88%) can be substantially higher. This underlines the 

prioritization of production lines with higher downtime costs in the asset selection procedure, 

with regard to higher potential for TMC reduction. 

7.1.2 Workload spreading heuristic 
Set 𝑆70 was used as input for the Workload spreading heuristic, in which 𝑆28 was also 

constructed. The complete application can be found in Appendix K, the results will be 

discussed in this section. In the current situation, the current SD capacity = 625,5 hours per 

year and the current preventive mechanic workload ≈ 625,5 hours per year, therefore there is 

no spare preventive mechanic capacity in the current situation.  
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The extra preventive workload is +67,2 hours under the proposed set 𝑆70 (only 140 and 70 day 

SD intervals considered), therefore the extra proposed preventive workload does not fit the 

current preventive maintenance capacity. This is depicted in figure 25 above.  

An additional SD opportunity with an interval of 28 days was found, providing 184 hours of 

preventive mechanic capacity per year. A new set 𝑆28 was constructed that allowed these new 

opportunities to be used as well. The preventive mechanic workload increased with +50,6 

hours under the proposed set 𝑆28. The extra workload under the proposed set 𝑆28 easily fits 

the available capacity, as 184 hours preventive capacity are added per year and the required 

intervals of 𝑆28 fit these specific intervals such that the workload during the 140 day interval is 

even reduced by 7,4 hours. This is depicted in figure 26 above. 

Because of the increase in preventive mechanic workload (as depicted in figure 27), the total 

mechanic labor cost (depicted in figure 28) under 𝑆70 increased by 14% for the regarded failure 

modes. Because of a slightly limited increase in preventive mechanic workload, for 𝑆28, the 

total mechanic labor cost decreased by 7%. The extra preventive labor cost is in this case 

compensated more than completely by the reduced corrective labor cost. This corrective 

mechanic labor cost is more than 60% higher per hour, compared to the preventive mechanic 

labor cost. 

It can be concluded that the utilization of additional SD opportunities for preventive 

maintenance can therefore significantly increase the preventive mechanic capacity. Also, 

under given circumstances, the total mechanic labor cost may even decrease if additional SD 

opportunities can be utilized. The additional preventive mechanic capacity was found sufficient 

for the additional workload proposed by the MOMs, therefore the heuristic could be terminated 

after phase 6.  

At this point, 138,6 hours of preventive maintenance capacity is still available because of the 

additional SD opportunity with 28 day interval. In order to provide an idea of the potential 

capacity increase that is possible in phase 7 and 8 of the heuristic, these phases have been 

tested with an adapted test case in Appendix Q. In total, 78 hours of preventive mechanic 

capacity could be provided by moving a packaging machine from the 70 day SD interval to an 

‘active line’, no free workload reduction options could be applied and a maximum of 14,2 

preventive mechanic hours could be reduced against a price lower than claiming extra hours 

of Scheduled Down (SD).  
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7.2 Sensitivity analysis  
For several input parameters that are assumed to have a significant influence on the outcome 

of the MOMs, different scenarios have been tested and will be compared in this section. The 

basis of the sensitivity analysis is again the test case application as chosen in chapter 3. 

Results and analyses of different downtime cost scenarios (Appendix M) and SD opportunity 

intervals (Appendix L) have already been included in this research. Additionally, for the delay 

time and reaction time, different values have been tested. These are provided in Appendix M.  

7.2.1 Downtime cost scenarios 
For the downtime cost per hour, which influences the cost of unplanned renewal 𝐶𝑢 and 

minimal repair 𝐶𝑚𝑟, 5 different scenarios have been constructed in section 2.1.3. The current 

downtime cost situation for the test case was found to be Constrained-95% Utilization. The 

scenarios Unconstrained and Controlled, respectively giving minimal and maximal downtime 

costs for the considered test case, were also tested. The results of these tests are provided in 

sections 7.1.1, 5.2.6 and Appendix M.  

In the current Constrained-95% Utilization downtime cost scenario, the potential TMC 

reduction compared to the current set of strategies is 65%. For the Unconstrained scenario, 

the potential TMC reduction is 46% and for the Controlled scenario, this is 88%. This difference 

is explainable as 8 of the 11 regarded failure modes are currently maintained under a RTF 

policy. 

Of the 11 failure modes analyzed, for 9 failure modes the policy or interval do not change at 

all under the Unconstrained, Constrained-95% Utilization or Controlled. This indicates that 

regardless of the downtime cost scenario, it is desirable to conduct a certain maintenance 

policy, indicating low sensitivity.  

For the other 2 failure modes that were analyzed, the PR policy with interval 364 under 

Unconstrained downtime costs changed to a PR policy with interval 308 under Constrained-

95% Utilization downtime costs and to CONM under Controlled downtime costs. In this case, 

the costs required for more frequent replacement and the set-up cost required for a CONM 

policy were only worthwile if the downtime cost increased. 

7.2.2 Opportunity interval 
The choice and the length of Scheduled Down (SD) opportunity intervals influence the flexibility 

to execute preventive maintenance jobs close to their optimal interval. As described in chapter 

6, two sets 𝑆70 and 𝑆28 were tested in this research. The results of these tests are provided in 

sections 7.1.1, 5.2.6 and Appendix L. 𝑆70 was derived with the restriction that preventive 

maintenance can only be executed in SD intervals of 70 days. 𝑆28 was derived by allowing 

additional SD opportunities with 28 day intervals as well.  

The TMC reduction that was realized by allowing these additional SD opportunities was 14,8%. 

All of the derived policies in the set remain the same, but for 6 of the 8 derived policies that 

include intervals, different intervals were found optimal. This shows that it is interesting to 

challenge the current 70-day SD interval structure, in order to better fit optimal policy intervals. 

7.2.3 Delay time  
The delay time is a key input parameter for both CBM policies (PI and CONM). The delay time 

estimations are currently based on little data, and therefore it is interesting to test the sensitivity 

of the MOM outcome to changes in this parameter. It is chosen to select one failure mode from 

each probability distribution in the test case; being the Weibull, Exponential, Normal, 

Lognormal and Loglogistic distribution. Due to one of these failure modes with corresponding 

TTF distribution occurring on two machines, in total 6 failure modes were analyzed. 
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The delay time variations are designed across the current estimation (regarded as 100%), 

varying -40%, -20%, +20% and +40%. The proposed maintenance policy and interval are 

compared. The complete sensitivity analysis is provided in Appendix N, the results are 

compared in this section. 

For 4 of the 6 failure modes, no changes (in policy nor interval) were found in the tested delay 

time variations. For 1 of 6 failure modes, the policy under the current delay time was CONM. 

When the delay time was reduced, this policy changed to PRMR. For the last failure mode, the 

policy under the current delay time was PRMR, which became CONM when the delay time 

increased 40%. Therefore the sensitivity depends on the situation, where a longer delay time 

may increase the attractability of both CBM policies.  

7.2.4 Reaction time 
The reaction time is a key input parameter for the CONM policy. The reaction time is currently 

based on the job length and available maintenance opportunities, where the maximal reaction 

time is equal to the length of the SD opportunity interval. These maintenance opportunities do 

not change very often on a certain production line, but can be very different across certain 

production lines. It is again chosen to select a failure mode from each probability distribution 

in the test case; being the Weibull, Exponential, Normal, Lognormal and Loglogistic 

distribution, resulting in 6 analyzed failure modes.  

The different maintenance opportunities considered were: 3, 7, 14, 28 and 70 days. The 

proposed maintenance policy and interval are compared. The complete sensitivity analysis is 

provided in Appendix N, the results are compared in this section. 

For 4 of 6 analyzed failure modes, the current maximal reaction time is 28 days. For the other 

2 analyzed failure modes, CONM is not deemed feasible and therefore no reaction time is 

defined. Outside of the 2 failure modes for which CONM is infeasible, for 1 failure mode the 

optimal strategy did not change under varying reaction times.  

For the other 3 failure modes, CONM becomes optimal as the maximal reaction time 

decreases. For 1 of these failure modes, the current policy was PRMR but becomes CONM if 

the reaction time were to be 14 days. For the other 2 failure modes, CONM is currently the 

optimal policy, but another policy becomes optimal as the reaction time increases to 70. 

Therefore it can be concluded that the reaction time can have a high influence on the 

recommended policy, making the CONM policy more attractive for production lines that have 

frequent SD opportunities.  

7.3 Validation and verification 
For the framework and the developed tool in general, different types of validation will be 

described in this section. For the M(t) simulation, Maintenance Optimization Models (MOMs) 

and the Workload spreading heuristic specifically, additional validation and verification 

methods will be applied.  

Finlay and Wilson (1997) describe 5 main types of validation for similar decision support 

systems. For the framework and developed tool as a whole, the most important types of validity 

are general, logical and interface validity. All these three types of validity were tested by pilot 

tests and demonstrations of the developed framework and tool, where feedback was provided 

and the plausibility of the outcomes was underlined. The interface validity specifically is 

secured with help of an understandable tool-dashboard, as can be found in Appendix J, which 

is further supported by screencast tutorials that were made for implementation within the 

company. The calculations take up less than a second, ensuring the user friendliness for the 

user.  
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The data validity of the framework is tested more in-depth, where the M(t) simulation and the 

MOMs are further analyzed. Additionally, several forms of general and logical validity are 

analyzed for these sections and the Workload spreading heuristic.  

7.3.1 Simulation M(t) 
Where the simulation functions quickly and can accurately compare different TTF distributions 

(as described in section 4.4) the predetermined requirements of the simulation have been met, 

thereby generally validating the method. 

The simulation consist of two main procedures, first the TTF samples are generated from a 

given probability distribution with help of the Inverse transform method, second the TTF 

samples are converted to a renewal function M(t) with help of the discrete event Monte Carlo 

simulation method (both described in section 4.4).  

The functioning of these two different procedures was verified by again fitting a TTF distribution 

on the generated TTF samples (with the method described in Appendix F) for all various 

probability distributions, which led to comparable probability distributions and distribution 

parameters in each case (as can be found in Appendix O). Thereby verifying the TTF sample 

generation method.   

The functioning of the renewal function M(t) simulation was verified by running the simulation 

for the 1-parameter Exponential distribution, for which the renewal function can also be 

determined analytically, and comparing the analytical and simulated result. Both outcomes 

were found similar (Appendix O), with the little variation being explainable by the random 

character of simulation. As the TTF sampling methods were verified for all regarded probability 

distributions, and the simulation method functions equal regardless of the distribution, the 

complete simulation procedure could be verified for all distributions included.  

The failure rates (Appendix I), which are used in the PRMR model, are purely based on 

algebra, therefore logical verification of the provided failure rates was deemed sufficient.  

7.3.2 Maintenance optimization models 
With the renewal function M(t) input verified in the section above, the MOMs general and logical 

validity can be tested with help of manual calculations for comprehensive and intuitive model 

inputs. Additionally, it is tested if the models comply with the theory found in developing the 

Maintenance policy exclusion tree (as described in section 5.1). The complete verification 

methods as described above can be found in Appendix P.  

The manually calculated intermediate and general model results and corresponding optimal 

intervals were found similar to the results found in the automated MOMs. Additionally, all 

models reacted predictably to variations in input parameters. Therefore the automated MOMs 

could be generally verified.  

7.3.3 Workload spreading heuristic 
The 8-phase heuristic is generally verified until phase 6 with the test case application described 

in Appendix K. The last 2 phases that were unnecessary in the test case are verified with an 

adapted test case, which is described in Appendix Q. Therefore the workload spreading 

heuristic is verified as well. 

7.4 Discussion 
The 5 deliverables of this Maintenance Strategy Optimization Framework (being the Downtime 

cost estimations, Asset selection procedure, Maintenance policy exclusion tree, Maintenance 

Optimization Models and the Workload spreading heuristic) and the results of the test case 

application will be discussed in this section, to evaluate the quality of the different deliverables.  
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7.4.1 Downtime cost estimations 
It was chosen to estimate the downtime costs based on scenario analysis, where these 

scenarios differed in the utilization level of the production line or the regional production 

network. As the real downtime cost situation is very complex with many departments 

depending on the reliably production, it was deemed impossible to accurately describe the 

downtime cost with a linear formula. Further complications were that preventive maintenance 

plans are often derived once, while the execution of these maintenance plan can take several 

months or years.  

A scenario analysis, in which samples of costs from different deparments are included, was 

found to be an appropriate technique to tackle the above described problem. Within these 

scenarios, the estimation of several cost components with indirect downtime costs is done by 

evenly allocating the cost suffered in a certain period over the total number of downtime hours 

in that respective period. In this procedure, it is assumed that these indirect downtime costs 

increase linearly per hour of downtime. In reality, this is often not the case (i.e. the 100th hour 

of downtime is more costly than the 1st hour of downtime). Given the scope of this research 

and the complexity of the problem at hand, this approach is deemed acceptable. 

For Food Products, this approach is found to be a significant improvement compared to the 

current downtime cost calculations (where production lines are always assumed to be 

Unconstrained). The downtime cost estimations as developed in this research can be used in 

isolation, and are therefore also beneficial for application in several other departments within 

the company (e.g. for investment decisions). 

7.4.2 Asset selection procedure 
In order to focus resources on the assets with the highest potential for TMC reduction, an Asset 

selection procedure was developed. This asset selection procedure is driven by the downtime 

cost scenarios as described above, a breakdown impact analysis supporting a TMC analysis 

on the machine level, and for failure mode selection: a Failure Mode and Effect Analysis. At 

every checkpoint, a multi-criteria selection procedure was applied to filter not suitable options. 

While this procedure certainly enables the user to find assets with high potential for TMC 

reduction, sufficient assets are also found not suitable. This framework, which mainly relies on 

data, has a clear preference for machines with a stable history, future and data collection. 

Therefore it is not suitable for all assets within a factory. For assets that behave rather unstable, 

additional maintenance optimization methods may be more suitable, e.g. relying more on 

expert experience. As expert experience was the current approach within Food Products, the 

objective was to develop a data-based framework. Therefore this solution is found satisfactory.   

7.4.3 Maintenance policy exclusion tree 
Another aim of this research is to include relevant literature into the maintenance strategy 

decision making process. Based on an extensive literature review and maintenance 

organization analysis, a selection of 5 key maintenance policies could be made that fits the 

current and short term maintenance possibilities within Food Products. Aside of the 

maintenance models that come with these policies, a preselection of potentially optimal 

maintenance policies can be made based on several intuitive failure characteristics. However, 

without wrongly excluding policies based on subjective junctions (like with existing decision 

trees). This knowledge can already be useful, if it is chosen to define maintenance policies 

based on expert experience. The maintenance policy exclusion tree also excludes certain 

policies when following the complete framework, therefore saving time and resources in 

constructing the maintenance optimization models. Therefore the designed solution has the 

desired effects. 
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7.4.4 Maintenance optimization models 
The 5 selected key Maintenance Optimization Models (MOMs) could be further specialized to 

better fit the actual failure mode situation of individual failure modes (there are many specified 

models available in literature). However, the construction of further specified models was not 

deemed cost-effective under the given TMC reduction potential. Also, in the design of the 

framework the focus was set on practicality and implementability, to create financial impact 

through the number of applications of the framework. Therefore, the used models are suitable 

for the majority of failure modes, but might sometimes not represent the actual situation 100% 

accurately. It is essential to recognize these situations, in order to complement the decision 

making with own interpretation. 

With the delay time and TTF distribution as important input parameters of the MOMs, their 

accuracy has a significant influence on the model output accuracy. For the delay time, 

estimations were mostly based on very little data, where expert experience was often 

inconclusive, therefore it was chosen to choose a conservative data point. This could have a 

negative effect on the attractiveness of CBM policies (PI and CONM). Further research and 

training on the topic of delay time are required to improve the accuracy of the delay time 

estimations. For the TTF distribution fitting, data was found to be of an acceptable quantity in 

11 of the 12 cases (e.g. between 5 to 10 data points). In reliability engineering, TTF distribution 

fitting is typically based on small sample sizes. The period over which data was gathered is 

however sufficiently large (8 years), which makes it easier to assess the TTF probability 

distribution based on user and expert interpretation.  

The above mentioned points combined, it can be concluded that models might not always 

represent the actual failure and maintenance situation 100%. This must always be considered 

when evaluating the outcomes of the MOMs.  

Additionally, the process of collecting and analyzing data is found time and resource 

consuming. While the speed of this procedure might increase when a user develops more 

experience, a break-even point will always exist where the potential savings become equal or 

lower than the required input. It is recommended to keep this break-even point in mind every 

time the framework is applied. An example of such a break-even point would be: 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑀𝐶 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 % ∗  𝐴𝑛𝑛𝑢𝑎𝑙 𝑎𝑠𝑠𝑒𝑡 𝑇𝑀𝐶 <  𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘 𝑎𝑝𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡  

Which states that the expected TMC saved per year must be higher than the costs of applying 

the framework. 

Overall, the set-up of the MOMs was found to be very well fitting the maintenance organization 

of Food Products. Despite the framework focusses on just 5 key maintenance policies, the 

approach of data-driven maintenance strategy optimization is found to be an ambitious step 

within the current maintenance organization of Food Products, that is supported across the 

deparment and organization. The importance for accurate data registration is thereby shared, 

and the expectation is that this will improve continuously.  

7.4.5 Workload spreading heuristic 
Considering the hypothesized and realized increase in preventive workload, a Workload 

spreading heuristic was developed that makes use of existing maintenance opportunities, 

harmonizing of maintenance activities and free or priced workload reduction or capacity 

increase options. When applying the test case, it was found that existing maintenance 

opportunities can significantly increase the existing preventive mechanic capacity, while also 

reducing TMC and mechanic labor cost. An increased awareness of the potential benefits of 

utilizing maintenance opportunities is an important outcome of this research. Subsequently, it 
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was found that sufficient options exist for free capacity increase, tackling any skepticism with 

regard to the preventive mechanic capacity. After the framework has been applied to multiple 

machines on a production line or in the factory as a whole, it can also be considered to revise 

the current SD interval and frequency or preventive/corrective mechanic ratio. 

Overall, the framework is found to be complete, as it covers all steps required in the 

maintenance strategy optimization process. The deliverables can however also be used in 

isolation, making the application of the framework multi functional and flexible. 
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Chapter 8: Conclusions and recommendations 
 

In this chapter, the research questions that were constructed in section 1.3 will be anwered, 

after which recommendations for the company will be provided. Conclusively, the academic 

relevance of this paper and the limitations and future research will be discussen. 

8.1 Conclusions 
The research objective and primary deliverable of this research was stated as follows: 

A framework for maintenance strategy optimization 

In order to reach this objective, 6 research questions were formulated. The first research 

question was: 

Research question 1: “What factors influence the downtime cost at Food Products?” 

On the production line level, the downtime cost is primarily determined by the output size and 

the utilization level of the production line or regional production network. All relevant cost 

factors under different utilization scenarios are covered in section 2.1.3. On the machine level, 

the downtime cost are determined by the (over)capacity of the relevant machine section, with 

the Breakdown impact analysis, which is covered in section 3.2, it is possible to determine 

what the impact of machine downtime is on the production line downtime. These outcomes 

combined will result in the downtime cost per time unit of any given machine.  

Research question 2: “What factors influence an asset’s potential for cost reduction 

through maintenance model optimization?” 

As found in section 2.1, the Total Maintenance Cost (TMC) are the combination of maintenance 

costs (spare parts and labor) and production downtime costs. Production downtime costs are 

the main driver of TMC, especially on production lines with high utilization levels. Therefore 

the first factor influencing an asset’s potential for cost reduction is the downtime cost of a 

production line. Additionally, the maintenance costs of a production line can also be a driver 

for cost reduction if the focus is layed more on the internal maintenance budget. Aside from 

the downtime cost per hour, the amount of downtime (more specifically, the downtime with a 

technical cause) are relevant to determine an asset’s potential for cost reduction through 

maintenance modelling.  

As explained in chapter 3, maintenance model optimization in strongly data driven. Many 

factors that are used in the 3 multi-criteria analyses developed in chapter 3 are therefore 

focused on the quality of data storage, and the representativeness of gathered data with regard 

to the current and future situation of the machine or production line. Additionally, it is required 

to understand the failure modes of an asset before preventive maintenance plans can be 

composed. Conclusively, the consequences of a failure mode need to be reasonably 

acceptable, in order for preventive maintenance to be the desired solution. 

Research question 3: “What relevant maintenance policies are available in literature, 

and on which failure characteristics does their potential usefulness depend?” 

The main categories of maintenance policies, as further described in chapter 5, are Preventive 

Maintenance (PM), Condition Based Maintenance (CBM) and Failure Based Maintenance 

(FBM). Key maintenance policies within PM are Age Based Replacement (ABR), Usage Based 

Replacement (UBR) and Periodic Replacement (PR) (which can be extende with Minimal 

Repair (MR)). Key maintenance policies within CBM are Periodic Inspections (PI) and 

Continuous Monitoring (CONM). The Run to Failure (RTF) policy is the only key policy within 
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FBM. The attractiveness of PM maintenance policies (ABR, UBR, PR) relies heavily on 

components having an Increasing Failure Rate (IFR, section 4.2.1). A prerequisite for the CBM 

policies (PI, CONM) is the presence of significant delay time (section 4.2.2). Both PM and CBM 

rely on the fact that the cost of planned maintenance is less than the cost of unplanned 

maintenance (further described in section 4.1). These key failure characteristics are combined 

in section 5.1, where a Maintenance policy exclusion tree was developed.  

Research question 4: “How can these relevant failure characteristics and maintenance 

costs be derived?” 

In chapter 4, all relevant failure characteristics (section 4.2) and maintenance costs (section 

4.1) are further elaborated on. In section 4.3, the distribution of the Time to Failure (TTF) 

distribution is further explained. These results combined are all the required input for the 

Maintenance Optimization Models (MOMs). The characteristics and costs can be determined 

by including the downtime scenario as described in section 2.1.3, data and knowledge of both 

maintenance experts and production operators and the required theory provided in chapter 4.  

Research question 5: “What are the most suitable maintenance optimization models for 

Food Products available in literature, and how can these be optimized?” 

With the gathered models from literature in mind, a subselection was made that best fits the 

current and short term maintenance possibilities within the maintenance organization of Food 

Products (see section 5.1). Due to the lack of a age or usage storage system for components, 

it was not possible to apply any Age- or Usage Based Replacement policy. The Periodic 

Replacement policy was extended with a Minimal Repair variant, to better fit the current 

maintenance operations within Food Products. Furthermore, the Periodic Inspection, 

Continuous Monitoring and Run to Failure policy were found suitable for Food Products.  

The Maintenance Optimization Models (MOMs) that were found for each of the suitable 

maintenance policies are further explained in section 5.2. Most policies make use of the 

renewal function in some form, where Delay Time Modelling (DTM) is used for the PI model 

and in the self constructed CONM model as well.  

Research question 6: “What factors determine the possibility for capacity enhancement 

and maintenance planning outside of scheduled downs?” 

Maintenance opportunities (as described in section 6.1) exist when a production line goes 

down for a given amount of time with fixed intervals, so that preventive maintenance can be 

planned to utilize this downtime. The length of these maintenance opportunities determine if a 

maintenance job can be executed within this opportunity. Utilization of maintenance 

opportunities can enhance the preventive mechanic capacity, without resulting in additional 

downtime costs.  

Maintenance planning outside of scheduled downs is possible if maintenance jobs are best 

performed on active lines (e.g. when a component must be inspected while active) as 

described in section 4.2.5. It is also possible that a given machine section has sufficient 

overcapacity and independtly operating machines, which allows the machine section to 

operate without all machines active (see section 3.2). Maintenance on these machines can be 

planned outside of Scheduled Downs (SDs) as well, therefore reducing the peak workload of 

preventive mechanics during SDs. 

Additional forms of free (without additional costs) or priced options for workload spreading, 

reduction or capacity increase, are discussed in section 6.2 and 6.3.  
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8.2 Recommendations 
After conducting this research and developing this framework for maintenance strategy 

optimization at the test case company Food Products, several recommendations can be 

provided for the company. These will be discussed in this section. 

Apply the framework 

As described in section 7.1, significant TMC reduction can be realized if maintenance 

strategies are optimized with help of this framework. Although the application of the framework 

demands a significant investment in the form of labor cost as well, the TMC reduction is 

expected to be much higher on at least the process areas of the constrained production lines. 

The framework application costs are expected to decrease as well, as users become more 

experienced.  

Aside from the complete application of the framework, it is also possible to use all deliverables 

in isolation. It is therefore also recommended to apply the downtime cost estimations for other 

applications in varying departments (e.g. for investment decisions). It is recommended to also 

apply the asset selection procedure for e.g. the prioritization of resources across projects. It is 

recommended to also apply the maintenance policy decision tree as e.g. decision support tool 

for experience based maintenance strategy determination, when no data is available. It is 

recommended to use the maintenance optimization models as well for developing insight in 

the conceptual relation of input parameters on the optimal maintenance strategy outcome (e.g. 

for defining rules of thumb). And finally, it is recommended to use the workload spreading 

heuristic in isolation as well if peak utilization is desired to be spread across existing 

maintenance opportunities.  

Focus on downtime cost 

Rather than focusing on maintenance costs (spare parts and labor) only, it is recommended to 

also include downtime costs into not only maintenance modeling, but day-to-day trade-offs as 

well. Differentiating between high and low utilized production lines or between process and 

wrapping areas on a given production line can influence the profit realized further downstream 

the company. This is relevant for the allocation of resources by maintenance management, the 

focus of maintenance schedulers on machines or productions lines with higher breakdown 

impact, the spare part inventory decision making and eventually on daily repair or replacement 

decisions made by maintenance mechanics.  

Differentiate downtime scenarios 

As the utilization of production lines can change from year to year, it is recommended to derive 

maintenance strategies under different downtime cost scenarios. This does not only provide 

insight in the influence of downtime costs on the maintenance decision making process, but it 

also provides flexibility in the preventive maintenance organization to quickly adapt to the 

desired level of preventive maintenance, potentially increasing the production capacity or 

cutting maintenance costs when urgent.  

Improvement of downtime cost estimations 

The estimation of downtime costs is a complex process with various cross-organizational 

components with dynamic costs. Therefore the downtime costs used in this research have 

been estimated based on sampling from different departments. As accurate downtime cost 

estimations can be of great use to investment decisions across various departments, it is 

recommended to further improve and standardize the current estimation procedure. 
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Improvement of downtime reporting 

At this point, downtime is solely reported on the production line level. In order to further analyze 

bottlenecks in the production process, it is necessary to further specify the root cause of 

production line downtime. Thereby it is also essential to categorize the cause as being 

technical (i.e. caused by technical failure) or of an other category. The current logsheets 

already allow production teamleaders to further specify downtime as described above, 

however the adherence to the prescribed procedure is not yet satisfactory. 

Improvement of component structure and write off 

Also, the write off of maintenance costs and occurring failures or replacements must be 

improved to gain better insight in the root causes of maintenance costs and production 

downtime. Additionally, better allocation of maintenance activities to a more detailed 

aggregation level can improve the quality of the Time to Failure (TTF) samples and 

corresponding distribution fitting, determining the accuracy of the model outcomes. 

Subsequently, the speed of the application of the framework can be greatly improved if failures 

and replacements are appropriately registered on the component level, resulting in a more 

cost-effective optimization framework. This is however only possible if the component structure 

(i.e. bill of materials) is up-to-date in the data systems, which is not always the case.  

Utilization of maintenance opportunities 

With regard to both the preventive mechanic capacity and the Total Maintenance Cost (TMC) 

corresponding to a elected maintenance strategies, it is strongly recommended to improve the 

utilization of maintenance opportunities. Additional maintenance opportunities with shorter 

intervals compared to the current 70 day Scheduled Down (SD) organization, can greatly 

improve the flexibility to schedule preventive maintenance activities close to their optimal 

interval and with short reaction time. It was found in this research that this increased flexibility 

can significantly reduce the TMC. Also, it can reduce the workload on peak workload SDs, 

such that the execution of preventive maintenance plans can increase. 

Additional opportunities can be created if production line change-overs (i.e. switching to a 

different recipe) are planned with less flexibility, so that these can be claimed and utilized by 

maintenance planners for scheduling preventive maintenance activities.  

Challenge scheduled down interval and frequency 

Based on the outcomes of this framework for multiple machines on the same production line, 

it is possible to investigate if the current 70 day SD interval is optimal or if it could be improved. 

It is also possible to further optimize the SD organization with varying SD lengths and 

frequencies.  

Modification trade-off 

Within this research, the modification of components is kept outside the scope. In some cases 

however, the economic consequences of any maintenance strategy can be found undesirable, 

or the failure behavior of a certain component can be found remarkable. Therefore, it is 

recommendable to evaluate the modification of a component in some cases. The exact 

moment and procedure of this evaluation must be further investigated. 

Improvement of framework 

The framework is currently primarily data-driven. In this research however it was also found 

that various machines did not pass different requirements regarding the data quality, for which 

the maintenance strategy could not be optimized although the machine TMC were substantial. 
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It is also possible that production lines are newly developed, and no historical data is present 

on which the maintenance models can be based. It is therefore recommended that this 

framework is improved such that it can better be applied to machines with no data or low quality 

data (e.g. more relying on expert experience to substitute failure data).  

Improvement of spare parts management 

Conclusively, it is recommended to improve the spare parts management decision making 

including the downtime costs of machines and production lines. When consciously electing a 

maintenance policy which involves a certain risk of failures (e.g. Run to Failure), it is essential 

to include this into the spare parts inventory level of a given component. It could be possible 

to develop a decision support tool for the above mentioned trade-offs, based on existing 

literature, where the stock levels of components would depend on the consequences of having 

a stock-out (i.e. downtime costs). 

8.3 Academic relevance 
In existing literature, many maintenance optimization models can be found which can be used 

to optimize certain specific failure situations under pre-defined circumstances (e.g. TTF 

distribution, pre-determined maintenance policy and failure costs). As these models describe 

the reality of the specific maintenance problem with great accuracy, the cost reduction 

possibilities are optimal for the specific situation. This is recommendable when the economic 

consequences of the machine reliability are relavitely high, or when a company maintains a 

great number of identical machines (e.g. for high-tech systems). 

For industries with relatively low cost consequences, like the food production industry, it is 

however not deemed cost-effective to construct maintenance models that fit reality 100% 

accurately, as this process can be time and resource consuming. Therefore, the aim of this 

research was to develop a framework which is generally suitable for a wide variation of assets, 

differentiating on a selection of key policies and with remaining flexibility with regard to TTF 

distributions. Subsequently, the framework was designed to include the complete procedure 

from downtime cost estimations, the selection of assets, calculation of other cost components 

and failure characteristics up until the utilization of maintenance opportunities and the 

spreading or reduction of workload and capacity increase options. Through this completeness 

of the framework, the quick and automated maintenance model optimization, and the relatively 

practical selection of maintenance optimization models, it is aimed to gain financial impact 

through the magnitude of implementation across the multinational company rather than on the 

machine level specifically. 

Such a complete framework was not encountered in the extensive literature review that was 

executed during this research, although some of the models and other analysis methods were 

adopted from literature. A model for the Continuous Monitoring policy was constructed for this 

research specifically. For the models and methods that were adopted, an additional application 

to practice may be a valuable outcome of this research.  

8.4 Limitations and future research 
As this framework focusses on the optimization of Total Maintenance Costs (TMC), it does not 

consider limiting maintenance budgets that are determined top-down. While focus on TMC 

may be in the best interest of the company as a whole, maintenance departments are bound 

to their budget regardless. This framework does currently not optimize maintenance policies 

with limiting budget restrictions. In order to do this, the entire maintenance demand should be 

included in the model. After several machines have been optimized with help of the framework, 

TMC reduction figures can be investigated in order to convince higher managers that the 

maintenance budget should be increased. 
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Also, after more machines have been optimized, it should be investigated if the current 

Scheduled Down (SD) interval and preventive mechanic workforce are still optimal. These 

variables have currently been assumed fixed, but can be challenged in the future. Additionally, 

it is recommended to include the costs and availability of spare parts into the decision making 

as well, after appropriate models have been developed. As mentioned earlier, the framework 

is currently primarily data-driven. Optimization techniques to address machines with limited 

data quality can be investigated in order to make the framework more versatile. Conclusively, 

the framework can be extended with a modification trade-off, which evaluates if modification 

of a component can be more attractive than the optimal maintenance strategy.  
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Appendix A – Downtime cost estimations 
 

Additional explanations for the calculation of cost components in the formulas as described in 

section 2.1 are provided here. 

𝑷𝒓𝒐𝒇𝒊𝒕𝒎𝒂𝒓𝒈𝒊𝒏𝒈𝒍𝒐𝒃𝒂𝒍 

Margins can be determined on the factory level and on the global level, in which also the sales 

margin for the market is included. It is chosen to regard the margins on the global level, as it 

is the aim to reach an optimal cost balance for the company as a whole, not for the factory 

separately. The global profit margin is determined in cooperation with the Finance department. 

The global profit margin that is regarded represents the marginal profit margin Tonne, which 

consists of the global Net Sales Value (NSV) minus the prime costs (cost of raw materials and 

packaging) and the variable conversion costs, as described below: 

𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝑔𝑙𝑜𝑏𝑎𝑙 = 𝐺𝑙𝑜𝑏𝑎𝑙 𝑁𝑆𝑉 − 𝑃𝑟𝑖𝑚𝑒 𝑐𝑜𝑠𝑡𝑠 − 𝐺𝑙𝑜𝑏𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑐𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑐𝑜𝑠𝑡𝑠 

This global profit margin is relevant for the downtime cost estimations in the majority of the 

downtime cost scenarios. The downtime cost scenarios are driven by the production line 

utilization.  

𝑪𝒊𝒏𝒗𝒆𝒏𝒕𝒐𝒓𝒚𝒔𝒕𝒐𝒄𝒌𝒃𝒖𝒊𝒍𝒅 

The utilization is measured against the 3-period average of the demonstrated production line 

output (or demonstrated operational capacity DOC). When production is planned on more than 

90% utilization for three consecutive periods, it is assumed that the customer service level can 

be preserved by building up stock in advance, therefore leading to increased inventory holding 

costs for finished goods. Assuming that the period previous to the three consecutive >90% 

utilized periods has sufficient capacity to produce in advance for all three periods, the inventory 

holding costs are incurred for 1, 2, and 3 extra periods, respectively, which is 2 periods on 

average. With help of the logistics department, a sample of the extra inventory volume can be 

taken. With help of the finance department, the inventory holding cost per period can be 

determined for this volume. The downtime cost per hour, caused by the extra stock build, can 

then be calculated as follows: 

𝐶𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑠𝑡𝑜𝑐𝑘𝑏𝑢𝑖𝑙𝑑 =
𝐸𝑥𝑡𝑟𝑎 𝑣𝑜𝑙𝑢𝑚𝑒𝑠𝑎𝑚𝑝𝑙𝑒  ∗  𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑝𝑒𝑟𝑖𝑜𝑑 ∗  2

𝑈𝑛𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 ℎ𝑜𝑢𝑟𝑠𝑝𝑒𝑟𝑖𝑜𝑑
 

𝑪𝒍𝒐𝒔𝒕𝒔𝒂𝒍𝒆𝒔𝟗𝟓% 

When production is planned on more than 90% utilization for a longer period of time, building 

stock is not sufficient to preserve the customer service level as the average utilization cannot 

be brought under the desired 90% (hence 95%). The lack of spare production capacity means 

that unplanned downtime can result in case fill hits, which again can result in lost sales. In 

cooperation with the Logistics department, a sample of the quantity of case fill hits can be 

taken from periods that were 95% utilized. The Sales and Logistics department share the 

assumption that 1/3 of these case fill hits actually result in a lost sale, due to buffers in the 

supply chain. These lost sales are accounted for the global profit margin and divided across 

the number of unplanned downtime hours in the respective periods, to reach the downtime 

cost per hour for this component: 
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𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠95% =
𝐶𝑎𝑠𝑒 𝑓𝑖𝑙𝑙 ℎ𝑖𝑡𝑠95& 𝑠𝑎𝑚𝑝𝑙𝑒 ∗

1
3

∗ 𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝑔𝑙𝑜𝑏𝑎𝑙

𝑈𝑛𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 ℎ𝑜𝑢𝑟𝑠𝑝𝑒𝑟𝑖𝑜𝑑
 

𝑪𝒃𝒍𝒐𝒄𝒌𝒆𝒅𝒔𝒂𝒍𝒆𝒔𝟗𝟓% 

Due to the compromised customer service level, there is also a proportion of sales which is 

not transferred on forehand. Ideally, this proportion is also estimated with help of a sample. 

However, in cooperation with the sales department it was concluded that this proportion is not 

booked and is therefore not directly quantifiable. In cooperation with the finance and logistics 

department, the assumption is made that the cost related to this component is comparable to 

𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠95%, as selling but not delivering is normally worse than not selling (because of the 

loss of goodwill): 

𝐶𝑏𝑙𝑜𝑐𝑘𝑒𝑑𝑠𝑎𝑙𝑒𝑠95% ≈ 𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠95% 

𝑪𝜟𝒑𝒓𝒐𝒅𝒖𝒄𝒕𝒊𝒐𝒏𝒄𝒐𝒔𝒕𝒓𝒆𝒔𝒐𝒖𝒓𝒄𝒊𝒏𝒈 

When production is planned on more than 95% utilization for a longer period of time (hence 

99%), the quantity of lost and blocked sales increases, which makes it more attractive to resort 

to resourcing against higher production cost. This is only possible when another factory can 

produce the same item, and has spare production capacity. The downtime cost per hour is 

calculated as follows: 

𝐶𝛥𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑐𝑜𝑠𝑡𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔 =
𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑑 𝑣𝑜𝑙𝑢𝑚𝑒𝑝𝑒𝑟𝑖𝑜𝑑 ∗ (𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝐴 − 𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝐵)

𝑈𝑛𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 ℎ𝑜𝑢𝑟𝑠𝑝𝑒𝑟𝑖𝑜𝑑
 

𝑪𝒍𝒐𝒔𝒕𝒔𝒂𝒍𝒆𝒔𝟗𝟗% 

When production is planned on more than 95% utilization for a longer period of time (hence 

99%), the quantity of case fill hits will increase. This can again be determined with a sample. 

The assumption is made that 2/3 of the case fill hits actually result in a lost sale under this 

structurally higher utilization level, due to less opportunity for restocking buffers in the supply 

chain. The downtime cost per hour is calculated as follows: 

𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠99% =
𝐶𝑎𝑠𝑒 𝑓𝑖𝑙𝑙 ℎ𝑖𝑡𝑠99% 𝑠𝑎𝑚𝑝𝑙𝑒 ∗

2
3 ∗ 𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝑔𝑙𝑜𝑏𝑎𝑙

𝑈𝑛𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒 ℎ𝑜𝑢𝑟𝑠𝑝𝑒𝑟𝑖𝑜𝑑
 

𝑪𝒃𝒍𝒐𝒄𝒌𝒆𝒅𝒔𝒂𝒍𝒆𝒔𝟗𝟗% 

Similar to the 95% utilization scenario, the assumption was made that the cost related to the 

quantity of blocked sales is comparable to that of lost sales: 

𝐶𝑏𝑙𝑜𝑐𝑘𝑒𝑑𝑠𝑎𝑙𝑒𝑠99% ≈ 𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠99% 
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Appendix B – Test case application: Downtime cost estimations 
 

For the test case application, the cost component 𝐶𝛥𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑐𝑜𝑠𝑡𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔 was not 

applicable, as no other site producing the same item against higher cost exists. Also, no 

sample could be taken to determine 𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠99% as this scenario has not yet occurred, in 

cooperation with the logistics department, the assumption was made that the amount of case 

fill hits was double the amount under the 95% utilization scenario. The downtime cost 

estimations for all possible utilization scenarios are listed below. 

 

 

  

Scenario Components Downtime cost 
estimation (per hour) 

Unconstrained 𝐶𝑙𝑎𝑏𝑜𝑟𝑓𝑖𝑥𝑒𝑑 ∗ 𝑁𝑙𝑎𝑏𝑜𝑟𝑓𝑖𝑥𝑒𝑑 + 𝐶𝑙𝑎𝑏𝑜𝑟𝑡𝑒𝑚𝑝 ∗ 𝑁𝑙𝑎𝑏𝑜𝑟𝑡𝑒𝑚𝑝 € 301 

Constrained – 90% 𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑢𝑛𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 + 𝐶𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑠𝑡𝑜𝑐𝑘𝑏𝑢𝑖𝑙𝑑 € 317 

Constrained – 95% 𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑90% + 𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠95% + 𝐶𝑏𝑙𝑜𝑐𝑘𝑒𝑑𝑠𝑎𝑙𝑒𝑠95% € 1.005 

Constrained – 99% 
𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑒𝑑 90% + 𝐶𝛥𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛𝑐𝑜𝑠𝑡𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑖𝑛𝑔 

+ 𝐶𝑙𝑜𝑠𝑡𝑠𝑎𝑙𝑒𝑠99% +  𝐶𝑏𝑙𝑜𝑐𝑘𝑒𝑑𝑠𝑎𝑙𝑒𝑠99% 

€ 3.021 

Controlled 𝑃𝑟𝑜𝑓𝑖𝑡𝑚𝑎𝑟𝑔𝑖𝑛𝑔𝑙𝑜𝑏𝑎𝑙 ∗ 𝐿𝑖𝑛𝑒𝑜𝑢𝑡𝑝𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 € 6.700 
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Appendix C – Test case application: Breakdown impact analysis 
 

A section contains machines in series and/or in parallel. Sections can be separated by 

buffers. The capacity of a section is the lowest machine capacity in the section, in case of 

parallel machines regard the sum of the parallel machines. The bottleneck capacity is the 

lowest capacity in the series, in the test case application depicted below, this is 13.4 T per 

shift.  

 

The formula for the downtime impact, as described in section 3.2, is provided below. 

𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑖𝑚𝑝𝑎𝑐𝑡 = 1 −
𝑀𝑖𝑛[𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘,   𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑠𝑒𝑐𝑡𝑖𝑜𝑛−𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑎𝑐ℎ𝑖𝑛𝑒]

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘
                     

For the test case application, this leads to the following breakdown impact factors, where a 

100% breakdown impact factor means that machine or section downtime results in 100% 

production line downtime. 

Section Capacity (T/sh) Breakdown impact 

Process 1 13,4 100% 

Process 2 14,2 100% 

Parallel Machine 7,1 47% 

Process 3 14,0 100% 

Parallel Machine 7,0 48% 

Wrapping room 19,4 100% 

Parallel Leg 1 2,0 0% 

Parallel Leg 2 2,0 0% 

Parallel Leg 3 5,9 0% 

Parallel Leg 4 7,6 11% 

Parallel Leg 5 2,0 0% 
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Appendix D - Rubrics Risk Priority Numbers  
The rubrics below were developed for Food Products specifically in order to guide the 

allocation of Risk Priority Numbers (RPN) objectively.  

Severity 

9-10 High failure cost through long downtime, expensive component renewal or 
high scrap volume / Potential direct (food) safety incident 

7-8 Moderate failure cost through downtime and potentially high scrap volume. Potential 
indirect (food) safety incident 

5-6 Inconvenience for operators / Loss of efficiency through lower output 

3-4 Deviating from standard and preferable to be restored within respectable timeframe 

1-2 Not hindering operators or performance in any manner 

 

Frequency of occurrence 

9-10 Failure returning on daily basis / continuously occurring 

7-8 Failure returning on monthly / weekly basis 

5-6 Failure likely to return once a year / several times a year 

3-4 Incident based failure with known cause / random occurrence 

1-2 Failure will most probably not happen again 

 

Likelihood of detection 

9-10 Failure non-detectable in process and potentially leading to write-offs / recall 

7-8 Direct detection of failure only possible upon occurrence / after negatively effecting 
the process for some time 

5-6 Failure gradually evolves and can be predicted in advance with short delay time, in 
most cases delay time is not enough to anticipate with maintenance action. Some 
parameters predicting failure state of component can be in place, but manual 
detection is always necessary 

3-4 Failure gradually evolves and can be predicted in advance with long delay time, in 
most cases delay time is enough to anticipate with maintenance action. Parameters 
predicting failure state of component are continuously monitored, and automatically 
give out warnings if threshold values are reached 

1-2 Deterioration will always be detected and anticipated on before evolving to failure 
state 
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Appendix E – Tool: Cost component estimations 
 

The developed tool in Excel contains a sheet for the estimation of the relevant cost components 

𝐶𝑝, 𝐶𝑢,  𝐶𝑚𝑟,  𝐶𝑖𝑛𝑠𝑝 𝑎𝑛𝑑 𝐶𝑚𝑜𝑛. Input for the cost estimations are the downtime cost per hour (as 

described in section 2.1.3) and speed loss impact calculations (related to the breakdown 

impact analysis as described in section 3.2 and Appendix C). By filling the green cells, the 

relevant cost components are automatically derived. Further explanation behind the input 

parameters can be found in section 4.1, and is also added in the tool in the form of comments. 

The user interface of the sheet ‘Cost component estimations’ is depicted below: 

Cp Cost of Planned overhaul 767,58€                     

Cu Cost of Unplanned overhaul 4.948,98€                 

Cmr Cost of Minimal Repair 3.909,98€                 

Cinsp Inspection Cost 82,00€                       

Cmon Set-up Cost Monitoring system 984,00€                     

Downtime cost per hour for line: 1.005,00€                 Constrained B (L8, Table 'Downtime cost scenarios')

Downtime: Average # Hours % Line capacity lost Total €

Repair Planned 0 0 0

Unplanned 4 47% 1.889,40€                            

Minimal 3 47% 1.417,05€                            

AND/OR

Speed loss Extra batchtime (Minutes) 12 (L8 Coaters, Table 'Speed loss impact')

1 or 2 Coaters 1

Average # Hours % Line capacity lost Total €

Unplanned 40 5% 2.010,00€                            

Minimal repair 40 5% 2.010,00€                            

Maintenance labor cost per hour: €

Planned 41,00€                       

Unplanned/Minimal repair 66,00€                       

Maintenance: # Mechanics # Hours Total €

Planned 2 3 246,00€                               

Unplanned 2 4 528,00€                               

Minimal repair 2 3 396,00€                               

Maintenance materials: € per component # Components € other materials Total €

Planned 173,86€                     3 521,58€                     

Unplanned 173,86€                     3 521,58€                     

Minimal repair 86,93€                       1 86,93€                        

Inspection cost # Mechanics # Hours Total €

Planned 2 1 82,00€                                  

Set-up cost Monitoring system: # Hours Total €

Labor 24 984,00€                                                 

Hardware -€                                                        

Software -€                                                        

Total 984,00€                                                 

Template
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Appendix F – Derivation of Time to Failure (TTF) distributions 
 

As an example of the derivation of Time to Failure (TTF) distributions, the following set of 7 

(TTF) data points is analyzed: 144, 161, 130, 189, 171, 128, 259. The distribution parameters 

are estimated primarily with help of the Maximum Likelihood Estimates (MLE) method. The 

decision which probability distribution is elected will be based on the combination of the 

Goodness-of-Fit test using the Anderson-Darling (AD) statistic generated with the Minitab 

function ‘Individual Distribution Identification’, a manual estimation drawing of the TTF 

distribution based on the gathered data points (see the figure drawn below) and the generated 

histograms with distribution plots, as described in section 4.3.2.  

 

Lower AD statistics indicate a better fit. Higher P-values as well indicate a better fit, as lower 

P-values (e.g. < 0,05) indicate that the data does not follow that distribution. The P-value is 

impossible to calculate for some 3-parameter distributions (indicated with *), in those cases 

the significant improvement of the 3-parameter distribution compared to the 2-parameter 

distribution is indicated by the LRT P-value, where a lower P-value (e.g. <0,05) indicates that 

adding an extra parameter significantly improves the 2-parameter distribution. With the AD 

statistic, the most promising distributions are chosen, for which the histograms will be 

generated.  

The distribution parameters estimated with help of MLE, and the Goodness of Fit Test results 

are as follows. The AD statistic and P value suggest the Lognormal, 2-parameter Exponential, 

3-Parameter Weibull and Loglogistic distribution, based on the procedure described above. 
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To support the Goodness-of-Fit test and manual estimation drawing of the TTF distribution, 

histograms with fitted distribution line were generated. These are provided below. 

 

Based on the Goodness-of-Fit test, manual estimation drawing and histograms, it is concluded 

that the 3-parameter Weibull distribution function best fits the given data set. The 3-parameter 

Weibull distribution parameters were estimated: shape 𝛽 = 1,35, scale 𝜂 = 58,76  and 

threshold 𝛾 = 115,28 
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Appendix G – Tool: Inverse cumulative distribution functions 
Definitions of the below mentioned variables can be found in the ‘List of variables’. 

 

The inverse cumulative distribution function (CDF) of the Weibull distribution is given by: 

𝑋 = 𝜂[− ln(1 − 𝑢)]1/𝛽 + 𝛾 

The inverse CDF of the Exponential distribution is given by: 

𝑋 =
−ln (1 − 𝑢)

𝜆
+ 𝛾 

The inverse CDF of the Logistic distribution is given by: 

𝑋 = 𝜎 ∗ ln (
𝑢

1 − 𝑢
) + 𝜇 + 𝛾 

The inverse CDF of the Loglogistic distribution is given by: 

𝑋 = 𝑒
(𝜎∗ln(

𝑢
1−𝑢

)+𝜇)
+ 𝛾 

 

The inverse cumulative distribution functions of the Norma land Lognormal distributions are 

embedded in Excel, and can be returned as follows: 

Normal distribution: 

𝑋 = 𝑁𝑂𝑅𝑀. 𝐼𝑁𝑉(𝑢; 𝜇; 𝜎) 

Lognormal distribution: 

𝑋 = 𝐿𝑂𝐺𝑁𝑂𝑅𝑀. 𝐼𝑁𝑉(𝑢; 𝜇′; 𝜎′) 
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Appendix I – Failure rates of TTF distributions 
Definitions of the below mentioned variables can be found in the ‘List of variables’. 

 

The Exponential distribution failure rate is given by: 

ℎ(𝑡) =  𝜆 

The Weibull distribution failure rate is given by: 

ℎ(𝑡) =
𝑓(𝑡)

𝑅(𝑡)
=

𝛽

𝜂
(

𝑡 − 𝛾

𝜂
)

𝛽−1

 

The Normal distribution failure rate is given by: 

ℎ(𝑡) =
𝑓(𝑡)

𝑅(𝑡)
=

1

𝜎√2𝜋
𝑒

−
1
2

(
𝑡−𝜇

𝜎
)

2

∫
1

𝜎√2𝜋

∞

𝑡
𝑒

−
1
2

(
𝑥−𝜇

𝜎
)

2

𝑑𝑥

 

The Lognormal distribution failure rate is given by: 

ℎ(𝑡) =
𝑓(𝑡)

𝑅(𝑡)
=

1

𝑡∗𝜎′√2𝜋
𝑒

−
1
2

(
𝑡′−𝜇′

𝜎′
)

2

∫
1

𝜎′√2𝜋

∞

𝑡′
𝑒

−
1
2

(
𝑥−𝜇′

𝜎′
)

2

𝑑𝑥

  with 𝑡′ = ln(𝑡) ∗ 𝑡 

The Logistic distribution failure rate is given by: 

ℎ(𝑡) =
𝑒𝑧

𝜎(1+𝑒𝑧)
,  with  𝑧 =

𝑡−𝜇

𝜎
 

The Loglogistic distribution failure rate is given by: 

ℎ(𝑡) =
𝑒𝑧

𝜎𝑡(1+𝑒𝑧)
,  with  𝑧 =

𝑡′−𝜇

𝜎
  and  𝑡′ = ln (𝑡) 

 

 

 

 

 

 

  



 

72 
 

 

Appendix J – Tool: Maintenance Optimization Models 
 

Appendix screenshot tool, 

screencasts tutorials made for 

company 
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The ‘Dashboard’ sheet of the 

developed tool in Excel for the 

automated maintenance model 

optimization is depicted on the 

right. This sheet combines the 

input parameters from the 

sheets ‘Cost parameters’ and 

‘TTF distribution input’, and 

gathers the automatically 

optimized maintenance model 

output from the five respective 

maintenance policy sheets. 

This output can then be 

compared to determine the 

optimal maintenance strategy. 

The dashboard allows the user 

to easily switch between TTF 

distributions and cost 

parameters. 

The TTF distribution input is 

transformed to the expected 

renewals in interval t: 𝑀(𝜏), in 

the four respective TTF and 

𝑀(𝜏) simulation sheets. 

The first three sheets 

‘Dashboard’, ‘Cost parameters’ 

and ‘TTF distribution input’ are 

the only sheets that require 

user input.  

The maintenance policy 

exclusion tree that is depicted 

in the middle serves as support 

for the automated exclusion 

formulas. 
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Appendix K – Test case application: Workload spreading heuristic  
 

1. Current preventive mechanic capacity: 

 

 
 

Frequency 
(per year) 

Length 
(hours) 

Mechanic 
hours 

Annual capacity 
(mechanic hours) 

Current workload 
(mechanic hours) 

Overcapacity 

Scheduled down Δ70 5 8  87  435 ≈ 435 ≈ 0 

Scheduled down Δ140 2,5 8  87  217,5 ≈ 217,5 ≈ 0 

Active line - - ∞ ∞ 0 ∞ 

 

2. Recommended policies Maintenance Optimization Models Δ70: 

  

𝑆𝑒𝑡 𝑆70,            𝑤𝑖𝑡ℎ 𝑠 ∈ {1,2,3,4,5, . . 𝑠𝑛}   Utilization scenario: Constrained – 95% Utilization 

Machine - Failure mode Maintenance policy Interval TMC/day 

M1 - Worn-out pump Continuous Monitoring N/A € 4,56 

M1 - Worn-out drive chain Periodic Inspections 140 € 2,54 

M2 - Worn-out drive chain Periodic Inspections 140 € 2,54 

M1back - Defect heating elements  Periodic Replacement + Minimal Repair 70 € 9,91 

M2back - Defect heating elements Periodic Replacement + Minimal Repair 140  € 4,43  

M2rest - Defect heating elements Continuous Monitoring N/A  € 5,34  

M1 - Worn-out vibration dampers Periodic Replacement 280  € 1,66  

M2 - Worn-out vibration dampers Periodic Replacement 280  € 1,66  

M1 - Worn-out ball bearing Run to Failure N/A € 1,38 

TMC per day    € 34,03  

TMC per year    € 12.421 

 

3. 𝑆𝑒𝑡 𝑆70 gives an expected annual Total Maintenance Cost (TMC) of € 12.421 for the 

regarded failure modes. The corresponding preventive and corrective workload are 

divided as follows.  

𝑺𝟕𝟎 
   

Workload per year (hours) 

Strategy Maintenance policy Interval Δ Preventive Corrective 

𝒔𝟏 Continuous Monitoring 
  

3,0 0,0 

𝒔𝟐 Periodic Inspections 140 Δ140 4,2 0,0 

𝒔𝟑 Periodic Inspections 140 Δ140 4,2 0,0 

𝒔𝟒 PR + Minimal Repair 70 Δ70 31,3 0,0 

𝒔𝟓 PR + Minimal Repair 140 Δ140 15,6 0,0 

𝒔𝟔 Continuous Monitoring 
  

3,0 0,7 

𝒔𝟕 Periodic Replacement 280 Δ70 7,8 0,7 

𝒔𝟖 Periodic Replacement 280 Δ70 7,8 0,7 

𝒔𝟗 Run to Failure 
   

7,9 

SUM   
  

77,1 9,9 

 

𝑆𝑒𝑡 𝑆70 requires an increase of 61,2 preventive mechanic hours annually, for the regarded 

failure modes, divided as follows: 
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𝑺𝟕𝟎 
 

Current workload 
(mechanic hours) 

𝑺𝟕𝟎 workload 
(mechanic hours) 

Workload 
increase/decrease 

Scheduled down Δ70 0 53,0 53,0 

Scheduled down Δ140 15,9 24,1 8,2 

Active line 0 0 0 

Total 15,9 77,1 61,2 

 

𝑆𝑒𝑡 𝑆70 provides a decrease of 27,3 corrective mechanic hours annually, for the regarded 

failure modes (from 37,2 hours currently to 9,9 for 𝑆70). The corrective mechanic capacity is 

therefore not challenged. 

 

4. Opportunity utilization: 

Opportunities on the production line level (suitable for PM planning, i.e. fixed moment):  

 
 

Frequency 
(per year) 

Length 
(hours) 

Mechanic 
hours 

Annual capacity 
(mechanic hours) 

Opportunity Δ28 13 (∗
4

5
 ) 3 18 184 

 

New preventive mechanic capacity:  

 
 

Frequency 
(per year) 

Length 
(hours) 

Mechanic 
hours 

Annual capacity 
(mechanic hours) 

Overcapacity 

Scheduled down Δ70 5 8  87  435 ≈ 0 

Scheduled down Δ140 2,5 8  87  217,5 ≈ 0 

Opportunity Δ28 13 (∗
4

5
 ) 3 18 184 184 

Active line - - ∞ ∞ ∞ 

 

5. Recommended policies Maintenance Optimization Models Δ28: 

𝑆𝑒𝑡 𝑆28,            𝑤𝑖𝑡ℎ 𝑠 ∈ {1,2,3,4,5, . . 𝑠𝑛}  Downtime scenario: Constrained – 95% Utilization 

 

6. 𝑆𝑒𝑡 𝑆28 gives an expected annual Total Maintenance Cost (TMC) of € 10.690 for the 

regarded failure modes, which is € 1.838 less TMC annually compared to 𝑆𝑒𝑡 𝑆70. 

Therefore 𝑆𝑒𝑡 𝑆28 is elected. The corresponding preventive and corrective workload are 

divided as follows. 

 

Machine - Failure mode Maintenance policy Interval TMC/day 

M1 - Worn-out pump Continuous Monitoring N/A € 4,56 

M1 - Worn-out drive chain Periodic Inspections 140 € 2,54 

M2 - Worn-out drive chain Periodic Inspections 140 € 2,54 

M1back - Defect heating elements  Periodic Replacement + Minimal Repair 112  € 5,80  

M2back - Defect heating elements Periodic Replacement + Minimal Repair 168  € 3,52  

M2rest - Defect heating elements Continuous Monitoring N/A  € 5,34  

M1 - Worn-out vibration dampers Periodic Replacement 308  € 1,66  

M2 - Worn-out vibration dampers Periodic Replacement 308  € 1,66  

M1 - Worn-out ball bearing Run to Failure N/A € 1,38 

TMC per day    € 29,00  

TMC per year    € 10.583 
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𝑺𝟐𝟖 
   

Workload per year (hours) 

Strategy Maintenance policy Interval Δ Preventive Corrective 

𝒔𝟏 Continuous Monitoring 
  

3,0 0,0 

𝒔𝟐 Periodic Inspections 140 Δ140 4,2 0,0 

𝒔𝟑 Periodic Inspections 140 Δ140 4,2 0,0 

𝒔𝟒 PR + Minimal Repair 112 Δ28 19,6 0,0 

𝒔𝟓 PR + Minimal Repair 168 Δ28 13,0 0,0 

𝒔𝟔 Continuous Monitoring 
  

3,0 0,7 

𝒔𝟕 Periodic Replacement 308 Δ28 7,1 0,4 

𝒔𝟖 Periodic Replacement 308 Δ28 7,1 0,4 

𝒔𝟗 Run to Failure 
   

3,9 

SUM   
  

61,3 5,5 

 

𝑆𝑒𝑡 𝑆28 requires the following preventive mechanic workload per year, for the regarded failure 

modes: 

𝑺𝟐𝟖 
 

Current workload 
(mechanic hours) 

𝑺𝟐𝟖 workload 
(mechanic hours) 

Workload 
increase/decrease 

Scheduled down Δ70 0 0 0 

Scheduled down Δ140 15,9 8,5 -7,4 

Opportunity Δ28 0 52,8 +52,8 

Active line 0 0 0 

Total 15,9 61,3 +45,4 

 

𝑆𝑒𝑡 𝑆28 requires an increase of 45,4 preventive mechanic hours annually, for the regarded 

failure modes, which is 15,8 less preventive mechanic hours annually compared to 𝑆𝑒𝑡 𝑆70. 

𝑆𝑒𝑡 𝑆28 provides a decrease of 31,7 corrective mechanic hours annually, for the regarded 

failure modes (from 37,2 hours currently to 5,5 for 𝑆28). The corrective mechanic capacity is 

therefore not challenged. 

If the capacity is sufficient for the workload for all different scheduled down and maintenance 
opportunity intervals, the set of optimized maintenance strategies can now be implemented.  

The required preventive mechanic workload fits in the available capacity per specific interval, 

therefore the 𝑆𝑒𝑡 𝑆28 is accepted. 
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Appendix L – Test case application: Maintenance optimization models 

under downtime cost scenario ‘Constrained – 95%’ for 𝑆28 and 𝑆70 
𝑺𝟕𝟎: Constrained – 95% Utilization 

Machine – Failure 

mode 

Maintenance 

policy 𝑺𝟐𝟖 

Interval TMC/day Maintenance 

policy current 

Interval TMC/day - % 

M1 - Worn-out pump Continuous 

Monitoring 

N/A € 4,56 Periodic 

Inspections 

 140   € 9,81  53% 

M2 - Worn-out pump   insufficient data     

M1 - Worn-out drive 

chain 

Periodic 

Inspections 

140 € 2,54 Periodic 

Inspections 

 140   € 2,54  0% 

M2 - Worn-out drive 

chain 

Periodic 

Inspections 

140 € 2,54 Periodic 

Inspections 

 140   € 2,54  0% 

M1 - Broken drive 

chain 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Broken drive 

chain 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1back - Defect 

heating elements  

PR + Minimal 

Repair 

70 € 9,91 Run to Failure N/A  € 30,79  68% 

M1rest - Defect 

heating element 

Run to Failure N/A N/A Run to Failure N/A N/A - 

M2back - Defect 

heating elements 

PR + Minimal 

Repair 

140  € 4,43  Run to Failure N/A  € 17,92  75% 

M2rest - Defect 

heating elements 

Continuous 

Monitoring 

N/A  € 5,34  Run to Failure N/A   € 11,30 53% 

M1 - Worn-out 

vibration dampers 

Periodic 

Replacement 

280  € 1,66  Run to Failure N/A  € 3,37  51% 

M2 - Worn-out 

vibration dampers 

Periodic 

Replacement 

280  € 1,66  Run to Failure N/A  € 3,37  51% 

M1 - Crashed software  Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Crashed software  Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Worn-out ball 

bearing 

Run to Failure N/A € 1,38 Run to Failure N/A  € 1,38  0% 

M2 - Worn-out ball 

bearing 

Run to Failure N/A N/A Run to Failure N/A N/A - 

M1 - Leakage joint 

tracing water 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Leakage joint 

tracing water 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

G - Damaged Input 

belt 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Setting rotation 

sensor 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Setting rotation 

sensor 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Defect lighting Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Defect lighting Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

TMC per day    € 34,03     € 83,04  59% 

TMC per year    € 12.421    € 30.308 59% 

Savings per year      € 17.887  
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𝑺𝟐𝟖: Constrained – 95% Utilization 

Machine – Failure 

mode 

Maintenance 

policy 𝑺𝟐𝟖 

Interval TMC/day Maintenance 

policy current 

Interval TMC/day - % 

M1 - Worn-out pump Continuous 

Monitoring 

N/A € 4,56 Periodic 

Inspections 

 140   € 9,81  53% 

M2 - Worn-out pump   insufficient data     

M1 - Worn-out drive 

chain 

Periodic 

Inspections 

140 € 2,54 Periodic 

Inspections 

 140   € 2,54  0% 

M2 - Worn-out drive 

chain 

Periodic 

Inspections 

140 € 2,54 Periodic 

Inspections 

 140   € 2,54  0% 

M1 - Broken drive 

chain 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Broken drive 

chain 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1back - Defect 

heating elements  

PR + Minimal 

Repair 

112 € 5,80 Run to Failure N/A  € 30,79  81% 

M1rest - Defect 

heating element 

Run to Failure N/A N/A Run to Failure N/A N/A - 

M2back - Defect 

heating elements 

PR + Minimal 

Repair 

168  € 3,52  Run to Failure N/A  € 17,92  80% 

M2rest - Defect 

heating elements 

Continuous 

Monitoring 

N/A  € 5,34  Run to Failure N/A € 11,30 53% 

M1 - Worn-out 

vibration dampers 

Periodic 

Replacement 

308  € 1,66  Run to Failure N/A  € 3,37  51% 

M2 - Worn-out 

vibration dampers 

Periodic 

Replacement 

308  € 1,66  Run to Failure N/A  € 3,37  51% 

M1 - Crashed software  Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Crashed software  Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Worn-out ball 

bearing 

Run to Failure N/A € 1,38 Run to Failure N/A  € 1,38  0% 

M2 - Worn-out ball 

bearing 

Run to Failure N/A N/A Run to Failure N/A N/A - 

M1 - Leakage joint 

tracing water 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Leakage joint 

tracing water 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

G - Damaged Input 

belt 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Setting rotation 

sensor 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Setting rotation 

sensor 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Defect lighting Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Defect lighting Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

TMC per day    € 29,00     € 83,04  65% 

TMC per year    € 10.583    € 30.308 65% 

Savings per year      € 19.725  
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Appendix M – Test case application: Maintenance optimization 

models 𝑆28 for downtime cost scenarios ‘Unconstrained’ and 

‘Controlled’ 
𝑺𝟐𝟖: Unconstrained 

Machine – Failure 

mode 

Maintenance 

policy 𝑺𝟐𝟖 

Interval TMC/day Maintenance 

policy current 

Interval TMC/day - % 

M1 - Worn-out pump Continuous 

Monitoring 

N/A  € 3,37  Periodic 

Inspections 

 140   € 4,62  27% 

M2 - Worn-out pump   insufficient data     

M1 - Worn-out drive 

chain 

Periodic 

Inspections 

140  € 2,54  Periodic 

Inspections 

 140   € 2,54  0% 

M2 - Worn-out drive 

chain 

Periodic 

Inspections 

140   € 2,54  Periodic 

Inspections 

 140   € 2,54  0% 

M1 - Broken drive 

chain 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Broken drive 

chain 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1back - Defect 

heating elements  

PR + Minimal 

Repair 

112  € 5,80 Run to Failure N/A  € 17,22  66% 

M1rest - Defect 

heating element 

Run to Failure N/A N/A Run to Failure N/A N/A - 

M2back - Defect 

heating elements 

PR + Minimal 

Repair 

168   € 3,52  Run to Failure N/A  € 10,03  65% 

M2rest - Defect 

heating elements 

Continuous 

Monitoring 

N/A  € 5,34  Run to Failure N/A € 7,59 30% 

M1 - Worn-out 

vibration dampers 

Periodic 

Replacement 

364   € 1,14  Run to Failure N/A  € 1,74  34% 

M2 - Worn-out 

vibration dampers 

Periodic 

Replacement 

364   € 1,14  Run to Failure N/A  € 1,74  34% 

M1 - Crashed software  Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Crashed software  Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Worn-out ball 

bearing 

Run to Failure N/A  € 1,38  Run to Failure N/A  € 1,38  0% 

M2 - Worn-out ball 

bearing 

Run to Failure N/A  N/A Run to Failure N/A N/A - 

M1 - Leakage joint 

tracing water 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Leakage joint 

tracing water 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

G - Damaged Input 

belt 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Setting rotation 

sensor 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Setting rotation 

sensor 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Defect lighting Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Defect lighting Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

TMC per day    € 26,77     € 49,39  46% 

TMC per year    € 9.771    € 18.027 46% 

Savings per year      € 8.256  
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𝑺𝟐𝟖: Controlled 

Machine - Failure 

mode 

Maintenance 

policy 𝑺𝟐𝟖 

Interval TMC/day Maintenance 

policy current 

Interval TMC/day - % 

M1 - Worn-out pump Continuous 

Monitoring 

N/A  € 14,19  Periodic 

Inspections 

 140   € 51,82  73% 

M2 - Worn-out pump   insufficient data     

M1 - Worn-out drive 

chain 

Periodic 

Inspections 

140   € 2,54  Periodic 

Inspections 

 140   € 2,54  0% 

M2 - Worn-out drive 

chain 

Periodic 

Inspections 

140   € 2,54  Periodic 

Inspections 

 140  € 2,54  0% 

M1 - Broken drive chain Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Broken drive chain Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1back - Defect heating 

elements  

PR + Minimal 

Repair 

112    € 5,80 Run to Failure N/A  € 140,59  95% 

M1rest - Defect heating 

element 

Run to Failure N/A N/A Run to Failure N/A  N/A - 

M2back - Defect heating 

elements 

PR + Minimal 

Repair 

168   € 3,52  Run to Failure N/A  € 81,84  96% 

M2rest - Defect heating 

elements 

Continuous 

Monitoring 

N/A  € 5,34  Run to Failure N/A  € 41,31  87% 

M1 - Worn-out vibration 

dampers 

Continuous 

Monitoring 

N/A  € 2,97  Run to Failure N/A  € 16,64  82% 

M2 - Worn-out vibration 

dampers 

Continuous 

Monitoring 

N/A  € 2,97  Run to Failure N/A  € 16,64  82% 

M1 - Crashed software  Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Crashed software  Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Worn-out ball 

bearing 

Run to Failure N/A  € 1,38  Run to Failure N/A  € 1,38  0% 

M2 - Worn-out ball 

bearing 

Run to Failure N/A N/A Run to Failure N/A  N/A  - 

M1 - Leakage joint 

tracing water 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Leakage joint 

tracing water 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

G - Damaged Input belt Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Setting rotation 

sensor 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Setting rotation 

sensor 

Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M1 - Defect lighting Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

M2 - Defect lighting Run to Failure N/A Unknown Run to Failure N/A Unknown 0% 

TMC per day    € 41,25     € 355,31  88% 

TMC per year    € 15.055     € 129.687 88% 

Savings per year      € 114.632  
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Appendix N – Sensitivity analysis: Maintenance Optimization Models 
 

Delay time variations for 𝑺𝟐𝟖 

M1back – Defect heating elements, 3-parameter Weibull distribution 

% Delay time Optimal policy Interval TMC/day 

-40% 12 days PR + Minimal Repair 112  € 5,80  

-20% 16 PR + Minimal Repair 112  € 5,80  

0% 20 PR + Minimal Repair 112  € 5,80  

+20% 24 PR + Minimal Repair 112  € 5,80  

+40% 28 Continuous Monitoring N/A  € 5,42  

 

M2rest - Defect heating elements, 2-parameter Exponential distribution 

% Delay time Optimal policy Interval TMC/day 

-40% 18 days PR + Minimal Repair 280  € 6,09  

-20% 24 PR + Minimal Repair 280  € 6,09  

0% 30 Continuous Monitoring   € 5,34  

+20% 36 Continuous Monitoring   € 5,34  

+40% 42 Continuous Monitoring   € 5,34  

 

Worn-out drive chain, Normal distribution 

% Delay time Optimal policy Interval TMC/day 

-40% 84 days PR + Minimal Repair 700  € 1,29  

-20% 112 PR + Minimal Repair 700  € 1,29  

0% 140 PR + Minimal Repair 700  € 1,29  

+20% 168 PR + Minimal Repair 700  € 1,29  

+40% 196 PR + Minimal Repair 700  € 1,29  

 

M1 - Worn-out pump, 2-parameter Lognormal distribution 

% Delay time Optimal policy Interval TMC/day 

-40% 0-54 days Continuous Monitoring   € 5,75  

-20% 0-72 Continuous Monitoring   € 5,01  

0% 0-90  Continuous Monitoring   € 4,56  

+20% 0-108 Continuous Monitoring   € 4,27  

+40% 126  Continuous Monitoring   € 4,05  

 

M2back - Defect heating elements, 3-parameter Loglogistic distribution 

% Delay time Optimal policy Interval TMC/day 

-40% 12 days PR + Minimal Repair 168  € 3,52  

-20% 16 PR + Minimal Repair 168  € 3,52  

0% 20 PR + Minimal Repair 168  € 3,52  

+20% 24 PR + Minimal Repair 168  € 3,52  

+40% 28 PR + Minimal Repair 168  € 3,52  
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Reaction time variations for 𝑺𝟐𝟖 

M1back – Defect heating elements, 3-parameter Weibull distribution 

Reaction time Optimal policy Interval TMC/day 

3 days Continuous Monitoring   € 5,42  

7 Continuous Monitoring   € 5,42  

14 Continuous Monitoring   € 5,42  

28 PR + Minimal Repair 112  € 5,80  

70 PR + Minimal Repair 112  € 5,80  

 

M2rest - Defect heating elements, 2-parameter Exponential distribution 

Reaction time Optimal policy Interval TMC/day 

3 days Continuous Monitoring   € 5,34  

7 Continuous Monitoring   € 5,34  

14 Continuous Monitoring   € 5,34  

28 Continuous Monitoring   € 5,34  

70 PR + Minimal Repair 280  € 6,09  

 

Worn-out drive chain, Normal distribution 

Reaction time Optimal policy Interval TMC/day 

3 days PR + Minimal Repair 700  € 1,29  

7 PR + Minimal Repair 700  € 1,29  

14 PR + Minimal Repair 700  € 1,29  

28 PR + Minimal Repair 700  € 1,29  

70 PR + Minimal Repair 700  € 1,29  

 

M1 - Worn-out pump, 2-parameter Lognormal distribution 

Reaction time Optimal policy Interval TMC/day 

3 days Continuous Monitoring   € 2,97  

7 Continuous Monitoring   € 3,22  

14 Continuous Monitoring   € 3,67  

28 Continuous Monitoring   € 4,56  

70 Periodic Inspections 70  € 7,07  

 

M2back - Defect heating elements, 3-parameter Loglogistic distribution 

Reaction time Optimal policy Interval TMC/day 

3 days PR + Minimal Repair 168  € 3,52  

7 PR + Minimal Repair 168  € 3,52  

14 PR + Minimal Repair 168  € 3,52  

28 PR + Minimal Repair 168  € 3,52  

70 PR + Minimal Repair 168  € 3,52  
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Appendix O – Validation: Simulation M(t) 
 

Time to Failure sample generation method 

The Time to Failure (TTF) distributions that were fitted on the gathered TTF data points in 

section 4.3 are used to construct Inverse CDF functions to generate TTF samples for the M(t) 

simulation. These 10.000 TTF samples should accurately describe the fitted TTF distribution. 

This inverse transform method can be verified by inserting the list of TTF samples in the 

statistical software program again. If the given TTF distribution is attributed similar parameters, 

and is found as best describing the TTF input (following the method in Appendix F), the TTF 

sample generation with help of the inverse transform method can be verified.  

All different probability distributions included in the test case were tested with the above 

mentioned verification method. The following distributions with respective parameters were 

used as input for the test: 

N Probability distribution Location Scale Shape Threshold 

1 3-parameter Weibull distribution  58,76 1,35 115,28 

2 2-parameter Exponential distribution  47,66383  121,19088 

3 Normal distribution 714,4 163,7   

4 Lognormal distribution 5,81 0,97   

5 3-parameter Loglogistic distribution 4,18 0,48  179,16 

  

The following distributions with respective parameters came out as output of the test: 

N Probability distribution Location Scale Shape Threshold 

1 3-parameter Weibull distribution  58,68 1,35 114,75 

2 2-parameter Exponential distribution  48,28263  120,99517 

3 Normal distribution 713,63480 165,24057   

4 Lognormal distribution 5,80629 0,98264   

5 3-parameter Loglogistic distribution 4,19815 0,48042  178,74120 

 

The input and output TTF distributions are all from the same probability distribution and with 

comparable parameters, which can be assumed as equal with the variable character of 

simulation taken into consideration. The TTF sample generation through the inverse transform 

method is hereby verified.  

M(t) simulation method 

The discrete event Monte Carlo simulation method used to convert the TTF samples to a M(t) 

function can be verified if the simulated M(t) is found equal to the theoretical M(t) function. The 

M(t) function of the 1-parameter Exponential distribution can be found analytically and is 

described by: 

𝑀(𝑡) = 𝜆𝑡 

The 2-parameter Exponential distribution is embedded in the simulation. If the threshold 

parameter in the simulation is therefore set to 0, the simulated and the theoretical M(t) can be 

compared. The functions depicted below were generated for 𝜆= 0,02098027.  
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The simulated M(t) function accurately represents the theoretical M(t) function, with any 

remaining variability being explained by the variable character of simulation. The used discrete 

event Monte Carlo simulation method is hereby verified.  

As the discrete event Monte Carlo simulation method is identical for all TTF distributions, and 

all TTF sample generation methods have been verified earlier, the complete M(t) simulation 

method is hereby verified for all included TTF distributions. 
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Appendix P – Validation: Maintenance Optimization Models 
Appendix P.1 General validity 

The M(t) simulation method is validated in Appendix O, therefore it can be used as input for 

the verification of the Maintenance Optimization Models (MOM). The input TTF distribution will 

be the Normal distribution with location parameter 𝜇 = 10 and scale parameter 𝜎 = 3, which 

provides intuitive and understandable model output. The output will be calculated by hand for 

all five maintenance policies, being: Periodic replacement, Periodic replacement with minimal 

repair, Periodic inspections, Continuous monitoring and Run to failure. The input parameters 

for the standard scenario are described in the table below, special input scenarios are used to 

demonstrate conceptual relations within the models, these will be described per policy. The 

simulated M(t) function is provided below as well, for 𝑡 [0,20] and 𝑇 = 730 𝑑𝑎𝑦𝑠. 

 

t M(τ) 

1 0,00 

2 0,02 

3 0,02 

4 0,04 

5 0,09 

6 0,16 

7 0,21 

8 0,33 

9 0,47 

10 0,63 

11 0,78 

12 0,90 

13 0,96 

14 1,05 

15 1,16 

16 1,25 

17 1,37 

18 1,46 

19 1,57 

20 1,64 

730 74,074 
 

  

Cost planned € 300,00 

Cost unplanned € 600,00 

Cost minimalrepair € 100,00 

Cost inspection € 10,00 

Cost monitoring € 1000,00 

Delay time, min. 1 
Delay time, max. 1 

Reaction time, min. 0 
Reaction time, max. 3 

Horizon T 730 

TTF distribution: Normal 

Location 10,00 

Shape N/A 

Scale 3,00 

Threshold 0,00 

M(T) 74,074 
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Periodic Replacement 

The relevant calculations of the used periodic replacement model are as follows: 

𝐸𝐶𝐶(𝜏) = 𝐶𝑝 + 𝐶𝑢 ∗ 𝑀(𝜏) 

𝐸𝐶𝐿(𝜏) = 𝜏 

𝑔(𝜏) =
𝐸𝐶𝐶(𝜏)

𝐸𝐶𝐿(𝜏)
−

𝐶𝑝

𝑇
 

The optimal periodic replacement interval 𝜏∗ minimizes 𝑔(𝜏) 

Intuitively it makes no sense to preventively replace a component after 𝑡 = 20 if the TTF 

distribution is Normal with 𝜇 = 10 and 𝜎 = 3. For 𝑡 [0,20] it is calculated by hand what the 

model output should be for the standard scenario input parameters, of which 𝑀(𝑡), 𝐶𝑝 = 300, 

𝐶𝑢 = 600 and 𝑇 = 730 are relevant for the periodic replacement policy. 

The manual calculations result in comparable values for 𝑔(𝜏) as the automated calculations, 

the variance can be explained by the rounded off M(τ) input. The automated mathematical 

model is hereby verified. The following scenario is tested to demonstrate the conceptual 

relation of 𝐶𝑢 − 𝐶𝑝, given the significant 𝜎 in comparison to 𝜇. 

Scenario: 𝐶𝑝 = 500 

Model output:      𝜏∗ = ∞  

Therefore underlining the need for a significant cost difference between a planned and an 

unplanned replacement, under significant TTF variation, for periodic replacement to be 

interesting. Otherwise 𝜏∗ = ∞, and the policy reduces to the run to failure policy.   

τ M(τ) ECC(τ) ECL(τ) g(τ) Simulation g(τ) 

1 0,000 300 + 600 ∗ 0,000 = 300 1 300/1 − 300/730 = 299,59 € 299,59 

2 0,022 300 + 600 ∗ 0,022 = 313,2 2 313,2/2 − 300/730 = 156,19 € 156,26 

3 0,022 300 + 600 ∗ 0,022 = 313,2 3 313,2/3 − 300/730 = 103,99 € 104,03 

4 0,044 300 + 600 ∗ 0,044 = 326,4 4 326,4/4 − 300/730 = 81,19 € 81,26 

5 0,089 300 + 600 ∗ 0,089 = 353,4 5 353,4/5 − 300/730 = 70,27 € 70,26 

6 0,156 300 + 600 ∗ 0,156 = 393,6 6 393,6/6 − 300/730 = 65,19 € 65,14 

7 0,215 𝟑𝟎𝟎 + 𝟔𝟎𝟎 ∗ 𝟎, 𝟐𝟏𝟓 = 𝟒𝟐𝟗 7 𝟒𝟐𝟗/𝟕 − 𝟑𝟎𝟎/𝟕𝟑𝟎 = 𝟔𝟎, 𝟖𝟕 € 60,86 

8 0,326 300 + 600 ∗ 0,326 = 495,6 8 495,6/8 − 300/730 = 61,54 € 61,53 

9 0,474 300 + 600 ∗ 0,474 = 584,4 9 584,4/9 − 300/730 = 64,52 € 64,53 

10 0,630 300 + 600 ∗ 0,630 = 678 10 678/10 − 300/730 = 67,39 € 67,37 

11 0,778 300 + 600 ∗ 0,778 = 766,8 11 766,9/11 − 300/730 = 69,31 € 69,29 

12 0,896 300 + 600 ∗ 0,896 = 837,6 12 837,6/12 − 300/730 = 69,39 € 69,40 

13 0,956 300 + 600 ∗ 0,956 = 873,6 13 873,6/13 − 300/730 = 66,79 € 66,77 

14 1,052 300 + 600 ∗ 1,052 = 931,2 14 931,2/14 − 300/730 = 66,10 € 66,10 

15 1,156 300 + 600 ∗ 1,156 = 993,6 15 993,6/15 − 300/730 = 65,83 € 65,81 

16 1,252 300 + 600 ∗ 1,252 = 1.051,2 16 1051,2/16 − 300/730 = 65,29 € 65,28 

17 1,370 300 + 600 ∗ 1,370 = 1.122 17 1122/17 − 300/730 = 65,59 € 65,60 

18 1,459 300 + 600 ∗ 1,459 = 1.175,4 18 1175,4/18 − 300/730 = 64,89 € 64,90 

19 1,570 300 + 600 ∗ 1,570 = 1.242 19 1242/19 − 300/730 = 64,96 € 64,97 

20 1,637 300 + 600 ∗ 1,637 = 1.282,2 20 1282,2/20 − 300/730 = 63,70 € 63,70 
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Periodic Replacement with Minimal Repair  

The relevant calculations of the used periodic replacement model are as follows: 

𝐸𝐶𝐶(𝜏) = 𝐶𝑝 + 𝐶𝑚𝑟 ∗ ∫ ℎ(𝑡)𝑑𝑡
τ

0

 

𝐸𝐶𝐿(𝜏) = 𝜏 

𝑔(𝜏) =
𝐸𝐶𝐶(𝜏)

𝐸𝐶𝐿(𝜏)
−

𝐶𝑝

𝑇
 

ℎ(𝑡) =
𝑓(𝑡)

𝑅(𝑡)
=

1

𝜎√2𝜋
𝑒

−
1
2

(
𝑡−𝜇

𝜎
)

2

∫
1

𝜎√2𝜋

∞

𝑡
𝑒

−
1
2

(
𝑥−𝜇

𝜎
)

2

𝑑𝑥

= 𝐸𝑥𝑐𝑒𝑙:
NORM. DIST(x;  𝜇;  𝜎; FALSE)

1 − NORM. DIST(x;  𝜇;  𝜎; TRUE)
  

The optimal periodic replacement interval 𝜏∗ minimizes 𝑔(𝜏) 

Intuitively it makes no sense to preventively replace a component after 𝑡 = 20 if the TTF 

distribution is Normal with 𝜇 = 10 and 𝜎 = 3. For 𝑡 [0,20] it is calculated by hand what the 

model output should be for the standard scenario input parameters, of which ∫ ℎ(𝑡)𝑑𝑡
τ

0
, 𝐶𝑝 =

300, 𝐶𝑚𝑟 = 100 and 𝑇 = 730 are relevant for the periodic replacement minimal repair policy. 

τ 
∫ 𝒉(𝒕)𝒅𝒕

𝛕

𝟎

 
ECC(τ) ECL(τ) g(τ) Simulation 

g(τ) 

1 0,001479 300 + 100 ∗ 0,001479 = 300,15 1 300,15/1 − 300/730 = 299,74  € 299,74  

2 0,005293 300 + 100 ∗ 0,005293 = 300,53 2 300,53/2 − 300/730 = 149,85  € 149,85  

3 0,014120 300 + 100 ∗ 0,014120 = 301,41 3 301,41/3 − 300/730 = 100,06  € 100,06  

4 0,032536 300 + 100 ∗ 0,032536 = 303,25 4 303,25/4 − 300/730 = 75,40  € 75,40  

5 0,067359 300 + 100 ∗ 0,067359 = 306,74 5 306,74/5 − 300/730 = 60,94  € 60,94  

6 0,127516 300 + 100 ∗ 0,127516 = 312,75 6 312,75/6 − 300/730 = 51,71  € 51,71  

7 0,223383 300 + 100 ∗ 0,223383 = 322,34 7 322,34/7 − 300/730 = 45,64  € 45,64  

8 0,365833 300 + 100 ∗ 0,365833 = 336,58 8 336,58/8 − 300/730 = 41,66  € 41,66  

9 0,565330 300 + 100 ∗ 0,565330 = 356,53 9 356,53/9 − 300/730 = 39,20  € 39,20  

10 0,831291 300 + 100 ∗ 0,831291 = 383,13 10 383,13/10 − 300/730 = 37,90  € 37,90  

11 1,171790 𝟑𝟎𝟎 + 𝟏𝟎𝟎 ∗ 𝟏, 𝟏𝟕𝟏𝟕𝟗𝟎 = 𝟒𝟏𝟕, 𝟏𝟖 11 𝟒𝟏𝟕, 𝟏𝟖/𝟏𝟏 − 𝟑𝟎𝟎/𝟕𝟑𝟎 = 𝟑𝟕, 𝟓𝟏  € 37,51  

12 1,593516 300 + 100 ∗ 1,593516 = 459,35 12 459,35/12 − 300/730 = 37,87  € 37,87  

13 2,101895 300 + 100 ∗ 2,101895 = 510,19 13 510,19/13 − 300/730 = 38,83  € 38,83  

14 2,701273 300 + 100 ∗ 2,701273 = 570,13 14 570,13/14 − 300/730 = 40,31  € 40,31  

15 3,395117 300 + 100 ∗ 3,395117 = 639,51 15 639,51/15 − 300/730 = 42,22  € 42,22  

16 4,186189 300 + 100 ∗ 4,186189 = 718,62 16 718,62/16 − 300/730 = 44,50  € 44,50  

17 5,076697 300 + 100 ∗ 5,076697 = 807,67 17 807,67/17 − 300/730 = 47,10  € 47,10  

18 6,068416 300 + 100 ∗ 6,068416 = 906,84 18 906,84/18 − 300/730 = 49,97  € 49,97  

19 7,162782 300 + 100 ∗ 7,162782 = 1016,28 19 1016,28/19 − 300/730 = 53,08  € 53,08  

20 8,360966 300 + 100 ∗ 8,360966 = 1136,10 20 1136,10/2 − 300/730 = 53,39  € 56,39  

 

The manual calculations result in identical values for 𝑔(𝜏) as the automated calculations. The 

automated mathematical model is hereby verified. The following scenario is tested to 

demonstrate the conceptual relation of 𝐶𝑚𝑟: 𝐶𝑝, given 𝜇. 
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Scenario: 𝐶𝑚𝑟 = 400 

Model output:      𝜏∗ = 7   

The optimal interval decreases to below 𝜇 as 𝐶𝑚𝑟 rises above 𝐶𝑝.  

τ Simulation g(τ) 

1 € 300,18 

2 € 150,65 

3 € 101,47 

4 €   77,84 

5 €   64,98 

6 €   58,09 

7 €   55,21 

8 €   55,38 

9 €   58,05 

10 €   62,84 

11 €   69,47 

12 €   77,71 

13 €   87,34 

14 €   98,20 

15 € 110,13 

16 € 122,99 

17 € 136,69 

18 € 151,11 

19 € 166,17 

20 € 181,81 
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Periodic Inspections 

For deterministic delay time 𝑘: 

 𝑏(𝜏) = 𝑃(𝑛𝑜𝑡 𝑜𝑏𝑠𝑒𝑟𝑣𝑖𝑛𝑔 𝑎 𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡, 𝑔𝑖𝑣𝑒𝑛 𝑖𝑛𝑠𝑝𝑒𝑐𝑡𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝜏) =
𝜏−𝑘

𝜏
 

For Uniform distributed delay time 𝑘 [𝑎, 𝑏]: 

𝑏(𝜏) = ∫ (
𝜏 − 𝑘

𝜏
)

𝜏

𝑘=0

𝑓(𝑘)𝑑𝑘 

𝑓𝑘(𝑘) = {
1

𝑏 − 𝑎
          𝑓𝑜𝑟 𝑎 < 𝑘 < 𝑏

0                              𝑒𝑙𝑠𝑒

  

𝑔(𝜏) =

𝑇
𝜏

∗ 𝐶𝑖𝑛𝑠𝑝 + 𝑀(𝑇)[(1 − 𝑏(𝜏)) ∗ 𝐶𝑝 + 𝑏(𝜏) ∗ 𝐶𝑢]

𝑇
 

The optimal periodic inspection interval 𝜏∗ minimizes 𝑔(𝜏) 

Intuitively, it the optimal inspection interval is not extremely large compared to the delay time 

𝑘, leading to a high probability of renewal occurring after failure. Therefore the interval that is 

analyzed is [0,10]. Similarly, it is logically that a very small inspection interval is not beneficial 

if the inspection cost are relatively high. The model input is 𝑘 = 1, 𝑇 = 730, 𝑀(𝑇) =

74,074, 𝐶𝑢 = 600, 𝐶𝑝 = 300 𝑎𝑛𝑑 𝐶𝑖𝑛𝑠𝑝 = 10. 

t 𝒃(𝝉) = (𝝉 − 𝒌)/𝝉 Simulation b(τ) 

1 (1 − 1)/1 = 0,00 0,00 

2 (2 − 1)/2 = 0,50 0,50 

3 (3 − 1)/3 = 0,67 0,67 

4 (4 − 1)/4 = 0,75 0,75 

5 (5 − 1)/5 = 0,80 0,80 

6 (6 − 1)/6 = 0,83 0,83 

7 (7 − 1)/7 = 0,86 0,86 

8 (8 − 1)/8 = 0,88 0,88 

9 (9 − 1)/9 = 0,89 0,89 

10 (10 − 1)/10 = 0,90 0,90 

The manually calculated b(𝜏) and the b(𝜏) used in the simulation are identical, the automatic 

calculations for the deterministic b(𝜏) are therefore verified and used as input for 𝑔(𝜏). 

t b(τ) g(τ) Simulation g(τ) 

1 0,00 ((𝟕𝟑𝟎/𝟏) ∗ 𝟏𝟎 + 𝟕𝟒, 𝟎𝟕𝟒 ∗ ((𝟏 − 𝟎, 𝟎𝟎) ∗ 𝟑𝟎𝟎 + 𝟎, 𝟎𝟎 ∗ 𝟔𝟎𝟎))/𝟕𝟑𝟎 = 𝟒𝟎, 𝟒𝟒 € 40,44 

2 0,50 ((730/2) ∗ 10 + 74,074 ∗ ((1 − 0,50) ∗ 300 + 0,50 ∗ 600))/730 = 50,66 € 50,66 

3 0,67 ((730/3) ∗ 10 + 74,074 ∗ ((1 − 0,67) ∗ 300 + 0,67 ∗ 600))/730 = 54,17 € 54,07 

4 0,75 ((730/4) ∗ 10 + 74,074 ∗ ((1 − 0,75) ∗ 300 + 0,75 ∗ 600))/730 = 55,77 € 55,77 

5 0,80 ((730/5) ∗ 10 + 74,074 ∗ ((1 − 0,80) ∗ 300 + 0,80 ∗ 600))/730 = 56,79 € 56,79 

6 0,83 ((730/6) ∗ 10 + 74,074 ∗ ((1 − 0,83) ∗ 300 + 0,83 ∗ 600))/730 = 57,37 € 57,48 

7 0,86 ((730/7) ∗ 10 + 74,074 ∗ ((1 − 0,86) ∗ 300 + 0,86 ∗ 600))/730 = 58,05 € 57,96 

8 0,88 ((730/8) ∗ 10 + 74,074 ∗ ((1 − 0,88) ∗ 300 + 0,88 ∗ 600))/730 = 58,48 € 58,33 

9 0,89 ((730/9) ∗ 10 + 74,074 ∗ ((1 − 0,89) ∗ 300 + 0,89 ∗ 600))/730 = 58,65 € 58,61 

10 0,90 ((730/10) ∗ 10 + 74,074 ∗ ((1 − 0,90) ∗ 300 + 0,90 ∗ 600))/730 = 58,84 € 58,84 
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The manually calculated values for 𝑔(𝜏) are comparable to the simulated 𝑔(𝜏). All existing 

variation can be explained by the rounded off values of 𝑏(𝜏). Therefore the periodic inspection 

model is verified for deterministic 𝑘. 

 

Scenario: delay time uniformly distributed over [0,1] 

As the delay time 𝑘 is uniformly distributed over interval [0,1], 𝑏(𝜏) is calculated as follows. 

𝑏(𝜏) = ∫ (
𝜏 − 𝑘

𝜏
)

𝑏

𝑎

1

𝑏 − 𝑎
𝑑𝑘 

= [
𝜏𝑘 −

1
2 𝑘2

𝜏(𝑏 − 𝑎)
]

𝑘=𝑎

𝑏

=   
𝜏𝑏 −

1
2 𝑏2

𝜏(𝑏 − 𝑎)
−

𝜏𝑎 −
1
2 𝑎2

𝜏(𝑏 − 𝑎)
= 1 −

1

2

𝑏2 − 𝑎2

𝜏(𝑏 − 𝑎)
 

 

Model output:      𝜏∗ = 1   

t b(τ) E[Ltcosts] g(τ) 

1 0,50  € 40.633,33   € 55,66  

2 0,75  € 42.538,89   € 58,27  

3 0,83  € 43.174,07   € 59,14  

4 0,88  € 43.491,67   € 59,58  

5 0,90  € 43.682,22   € 59,84  

6 0,92  € 43.809,26   € 60,01  

7 0,93  € 43.900,00   € 60,14  

8 0,94  € 43.968,06   € 60,23  

9 0,94  € 44.020,99   € 60,30  

10 0,95  € 44.063,33   € 60,36  

 

The values for b(𝜏) are identical to the simulated 𝑏(𝜏). Therefore the periodic inspection model 

is also verified for Uniform 𝑘. 

 

Scenario: delay time uniformly distributed over [0,1] and 𝐶𝑖𝑛𝑠𝑝 =  20  

Model output:      𝜏∗ = ∞   

Therefore the PI policy is reduced to a RTF policy 

  



 

90 
 

 

Continuous Monitoring 

𝑔 =
𝐶𝑚𝑜𝑛 + 𝑀(𝑇)[(1 − 𝑝) ∗ 𝐶𝑝 + 𝑝 ∗ 𝐶𝑢]

𝑇
 

If only the reaction time 𝑟 is uniformly distributed on interval [𝑐, 𝑑], 𝑝 is given by: 

𝑝 = ∫
1

𝑑 − 𝑐
𝑑𝑟 =  

𝑑

𝑟=𝑘

∫ 𝑓𝑟(𝑟)𝑑𝑟
∞

𝑟=𝑘

 =  
1

𝑑 − 𝑐
∫ 1 𝑑𝑟 =  

1

𝑑 − 𝑐
[𝑥]𝑑

𝑘

𝑑

𝑟=𝑘

 =  
𝑑 − 𝑘

𝑑 − 𝑐
 

There is no optimization parameter 

 

The model input is 𝑘 = 1, 𝑟 [0,3], 𝑇 = 730, 𝑀(𝑇) = 74,074, 𝐶𝑢 = 600, 𝐶𝑝 = 300 and 𝐶𝑚𝑜𝑛 =

1000. 

𝑝 = 
3−1

3−0
=  0,6667 

𝑔 =
1000 + 74,074[(1 − 0,6667) ∗ 300 + 0,6667 ∗ 600]

730
= 52,11 

 

Scenario: 𝐶𝑚𝑜𝑛 =  5000 

𝑔 =
5000 + 74,074[(1 − 0,6667) ∗ 300 + 0,6667 ∗ 600]

730
= 57,58 

 

Scenario: 𝑇 =  365 

𝑔 =
1000 + 37,313[(1 − 0,6667) ∗ 300 + 0,6667 ∗ 600]

365
= 53,85 

 

The manually calculated values for 𝑔 are identical to the simulated 𝑔. Therefore the continuous 

monitoring model is verified for deterministic 𝑘. 

 

If the reaction time 𝑟 is uniformly distributed on interval [𝑐, 𝑑] and the delay time 𝑘 also follows 

a certain probability distribution, 𝑝 is given by: 

𝑝 = ∫ [∫ 𝑓𝑘(𝑘)𝑑𝑘
𝑟

0

] 𝑓𝑟(𝑟)𝑑𝑟

∞

0

 

If the delay time 𝑘 is uniformly distributed on interval [𝑎, 𝑏],  𝑓𝑘(𝑘) and 𝑓𝑟(𝑟) are provided by: 

𝑓𝑘(𝑘) = {
1

𝑏 − 𝑎
          𝑓𝑜𝑟 𝑎 < 𝑘 < 𝑏

0                              𝑒𝑙𝑠𝑒

  

𝑓𝑟(𝑟) = {
1

𝑑 − 𝑐
          𝑓𝑜𝑟 𝑐 < 𝑟 < 𝑑

0                              𝑒𝑙𝑠𝑒
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Scenario: delay time 𝑘 [0,1] with reaction time 𝑟 [0,3] 

𝑝 = 𝑃(𝑛𝑜𝑡 𝑟𝑒𝑎𝑐𝑡𝑖𝑛𝑔 𝑜𝑛 𝑡𝑖𝑚𝑒 𝑡𝑜 𝑚𝑜𝑛𝑖𝑡𝑜𝑟𝑖𝑛𝑔 𝑡𝑟𝑖𝑔𝑔𝑒𝑟) = ∫ [∫ 1 𝑑𝑘
𝑟

0

]
1

3
𝑑𝑟 + ∫

1

3
𝑑𝑟

3

1

1

0

 

𝑝 = ∫ [𝑘]
𝑟
0

1

3
𝑑𝑟 + [

1

3
𝑟]

3
1

1

0

  =   ∫
𝑟

3
𝑑𝑟 +

2

3

1

0

 =   [
1

6
𝑟2]

1

0
+

2

3
 =   

5

6
 =   0,8333 

Therefore  

𝑔 =
1000 + 74,074[(1 − 0,8333) ∗ 300 + 0,8333 ∗ 600]

730
= 57,18 

 

Scenario: delay time 𝑘 =  1 with reaction time 𝑟 [0 − 1] 

𝑝 = 0 

𝑔 =
1000 + 74,074 ∗ 300

730
= 31,81 

The manually calculated values for 𝑔 are identical to the simulated 𝑔. Therefore the continuous 

monitoring model is verified for Uniform 𝑘. 

 

Run to failure 

𝑔 = 𝑀(𝑇) ∗ 𝐶𝑢 

With M(𝑇) = 74,074 and 𝐶𝑢 =  600 

𝑔 = 74,074 ∗ 600 = 60,88 

The manually calculated value for 𝑔 is identical to the simulated 𝑔. Therefore the run to failure 

model is verified. 

 

Appendix P.2 Extreme Condition Test Results 

With regard to the maintenance policy exclusion tree, certain maintenance policies should be 

excluded from the output under given circumstances. With help of different scenarios it is 

validated that the model behaves as expected. 

Standard scenario 

Policy Interval TMC/day 

Periodic Replacement 7 €               61,27 

PR + Minimal Repair 11 €               37,93 

Periodic Inspections 5 €               31,44 

Continuous Monitoring €               40,51 

Run to Failure €               60,88 
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Scenario 2: Exponential distribution (CFR) but with delay time 

Policy Interval TMC/day 

Periodic Replacement ∞  N/A  

PR + Minimal Repair ∞  N/A  

Periodic Inspections 5  €   28,18  

Continuous Monitoring    €   36,32  

Run to Failure    €   54,36  

 

Scenario 3: Exponential distribution (CFR) but no delay time 

Policy Interval TMC/day 

Periodic Replacement ∞  N/A  

PR + Minimal Repair ∞  N/A  

Periodic Inspections ∞  N/A  

Continuous Monitoring    N/A  

Run to Failure     € 54,36 

 

Scenario 4: Standard scenario + but no delay 

Policy Interval TMC/day 

Periodic Replacement 7  €   61,27  

PR + Minimal Repair 11  €   37,93  

Periodic Inspections ∞  N/A  

Continuous Monitoring    N/A  

Run to Failure    €   60,88  

 

The above mentioned results concur with the maintenance policy exclusion tree. Additionally, 

the PRMR, PI and CMON policy are excluded if for 𝐶𝑚𝑟, 𝐶𝑖𝑛𝑠𝑝 or 𝐶𝑚𝑜𝑛, respectively, the input 

“ − “ is provided. If 𝐶𝑝 > 𝐶𝑢, an error is given for all policies but RTF. Therefore the automation 

of the MOMs with regard to the maintenance policy exclusion tree is hereby validated. 
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Appendix Q – Validation: Workload spreading heuristic  
Phases 7 and 8 of the Workload spreading heuristic are tested in this section under different 

scenarios.  

Scenario 1: It is assumed that the current preventive maintenance plan for set 𝑆 does not have 

any workload in the 70 or 140 day intervals, the 70 and 140 day interval have 0 overcapacity, 

therefore the 8,5 hours of preventive workload in the proposed set 𝑆28 are all above the 

capacity limit. The 28 day SD intervals have ample capacity. This situation is described by the 

tables below. 

 
 

Frequency 
(per year) 

Length 
(hours) 

Mechanic 
hours 

Annual capacity 
(mechanic hours) 

Current workload 
(mechanic hours) 

Overcapacity 

Scheduled down Δ70 5 8  87  435 ≈ 435 ≈ 0 

Scheduled down Δ140 2,5 8  87  217,5 ≈ 217,5 ≈ 0 

Opportunity Δ28 13 (∗
4

5
 ) 3 18 184 0 184 

Active line - - ∞ ∞ 0 ∞ 

 

𝑺𝟐𝟖 
 

Current workload 
(mechanic hours) 

𝑺𝟐𝟖 workload 
(mechanic hours) 

Workload 
increase/decrease 

Scheduled down Δ70 0 0 0 

Scheduled down Δ140 0 8,5 +8,5 

Opportunity Δ28 0 52,8 +52,8 

Active line 0 0 0 

Total 0 61,3 +61,3 

 

No free workload reduction options can be found in the set 𝑆28. 

On the production line level, free workload spreading options can be found by shifting all 140 

day maintenance jobs with a job length < 3hrs to every 5th 28 day SD intervals that does not 

resonate with the existing 140 day interval. The magnitude of this workload spreading potential 

can only be found on the production line level, and is left to investigate. 

On the production line level, free capacity increase options can be found by shifting the 70 day 

inspection of one of the packaging machines (which is redundant due to overcapacity in the 

packaging section) outside of the SD intervals and to ‘active line’. This will free up 78 hours of 

preventive mechanic capacity per year. 

Additionally, on the production line level, several inspections that are best executed on an 

‘active line’ can be shifted to outside the SD intervals. The magnitude of this capacity increase 

potential can only be found on the production line level, and is left to investigate. 

The above mentioned free workload reduction, spreading or capacity increase options are 

sufficient to process the extra required preventive mechanic hours that are asked by 𝑆28. 

Therefore the preventive maintenance plan can be implemented. 

 

Scenario 2: Assumed is that none of the above mentioned free workload reduction, spreading 

or capacity increase options were possible. Again, the 70 and 140 day interval have 0 

overcapacity, therefore the 8,5 hours of preventive workload in the proposed set 𝑆28 are all 

above the capacity limit. The 28 day SD intervals have ample capacity.  
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The 8,5 hours are to be freed up in the 140 day interval. The vibration dampers that are 

proposed to be periodically replaced bring a preventive mechanic workload of 14,2 hours per 

year. This can be reduced completely if the RTF policy is elected, against increasing TMC of 

€861 per year, resulting in a 𝛥𝑇𝑀𝐶/𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑 ratio of €60,70/h. The same workload can also 

be reduced by 11,4 hours per year, against increasing TMC of €569 per year, resulting in a 

𝛥𝑇𝑀𝐶/𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑 ratio of €49,90/h. An extra scheduled down increases the capacity with 

10,7 mechanic hours, costing €1005, therefore providing a 𝛥𝑇𝑀𝐶/𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑 ratio of €94/h. 

The drive chains that are proposed to be periodically inspected with interval 140 days bring a 

preventive mechanic workload of 8,5 hours, chosing for a RTF policy can reduce these hours 

completely against €949, providing a 𝛥𝑇𝑀𝐶/𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑 ratio of €111,60/h. This option is more 

expensive than an extra hour SD, therefore it can be neglected.The above mentioned priced 

workload reduction, spreading or capacity increase options are described in the table below. 

 

From (140/70) To 28 Preventive Workload 
difference per year 

Price per 
year 

Ratio 

2x Vibration dampers PR RTF 14,2 861,4 (TMC) 60,70/h 

2x Vibration dampers PR CONM 14,2-2,8=11,4 569 (TMC) 49,90/h 

-  +1 hour SD 10,7 1005 94/h 

2x Drive chain PI RTF 8,5 949 (TMC) 111,60/h 

 

The shift from PR to CONM for the vibration dampers can free up the required capacity against 

the lowest 𝛥𝑇𝑀𝐶/𝛥𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑 ratio, therefore this option is elected. 

 


