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I Abstract 
This master thesis describes a research carried out within the After Sales department of DAF Trucks 

N.V. in Eindhoven. This project sets out to identify opportunities to reduce component repair and 

maintenance costs (including costs of truck non-availability) through development of a replacement 

decision model based on truck usage data. Several types of truck usage data are identified, and for 

each data source a Condition Based Maintenance (CBM) decision model and tool are developed and 

aligned with the current maintenance practices at DAF. An investigation of the potential value of 

incorporating each of the data sources reveals that in the nearby future, when truck availability is 

included into the service contract, substantial savings can be obtained through preventive 

replacement.   
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II  Executive Summary 
This report is the result of a master thesis carried out at the headquarters of DAF Trucks N.V., located 

in Eindhoven. DAF is specialized in the development, production, marketing, sales, and after sales 

service of trucks. The organization operates in a highly competitive environment, with numerous 

competing organizations. Therefore, in order to enhance its competitiveness, DAF needs to offer high 

quality products and services against low costs. To this end, DAF has developed a strategy “Best 

Business Proposition” in which it highlights its focus on providing the best overall product and 

service. 

As part of this strategy, DAF offers not only repair and maintenance services, but also service 

contracts in which these repair and maintenance costs are covered. Nowadays, owing to decreasing 

margins in the transport sector, truck availability is becoming more and more important for 

customers. This might provide an opportunity for DAF to captivate its customers by offering service 

contracts that cover the value of availability. To be able to deliver such a service contract against low 

costs, DAF desires to identify possibilities to decrease its repair and maintenance costs (including 

non-availability costs) within the contract duration, which highlights the need for a more proactive 

component replacement policy. Furthermore, DAF has several potential sources of truck usage data, 

and desires to examine which investments could yield substantial benefits. 

This leads to the project objective to identify possibilities to reduce total relevant repair and 

maintenance costs (including non-availability costs), through development of a Condition Based 

Maintenance (CBM) methodology based on truck usage data and knowledge. 

Based on this project objective, the following research questions have been defined and answered 

during the research: 

1. How to develop a CBM decision model based on truck usage data? 

1. Which truck usage indicators are expected to be related to component failures? 

2. How to determine optimal replacement times based on truck usage data?  

3. How to integrate the CBM decision model with current maintenance practices of 

DAF? 

2. What is the potential value of incorporating the data into the CBM decision model? 

Figure 1 provides an overview of the research framework used to answer these research questions, 

which includes the development of CBM decision models for the following potential sources of truck 

usage data:  

1) Currently available R&M (Repair & Maintenance) contract data, containing some basic 

information on truck configuration and expected truck usage; 

2) Data from on-board information recorders (FMS) in all trucks. These devices not only record 

but also continuously transmit information to the central data warehouse, which would 

enable real-time condition monitoring; 

3) Data from on-board information recorders (FMS) in only a sample of trucks, from which 

general conclusions can be drawn that can also be used for preventive maintenance 

decisions for trucks without on-board information recorder. 



V 
 

2. Selection of 
the condition 
indicator(s)

3. Determine 
prognostic 
modeling 
approach

Policy evaluation 
(and sensitivity 

analysis)

1. Selection of 
a unit to 
monitor

Comparison

1. Selection of 
a unit to 
monitor

Conclusions, 
implementation plan and 

recommendations

Policy evaluation 
(and sensitivity 

analysis)

Current 
maintenance 

policy

Policy
evaluation

R&M 
contract data

2. Selection of 
the condition 
indicator(s)

3. Determine 
prognostic 
modeling 
approach

4. Determine 
maintenance 

policy

4. Determine 
maintenance 

policy

Comparison

Comparison Comparison

Literature & 
desk research

Interviews

Preceding 
projects

Research 
Proposal

Analysis & Diagnosis
Problem Definition & 

Process design
Plan of Action

FMS data

3. Determine 
prognostic 
modeling 
approach

Only using 
sample data

Using real-
time data

Policy evaluation 
(and sensitivity 

analysis)

4. Determine 
maintenance 

policy

Comparison Comparison

Alignment of 
unit selection

 
Figure 1: Research framework  

As depicted in Figure 1, the first step is the selection of a unit to monitor. For all decision models, the 

starter motor on the XF105 trucks has been selected as pilot, based on a Multi Criteria Decision 

Analysis taking into account failure frequency, failure consequence, the extent to which components 

wear-out, and the extent to which this wear-out is related to truck usage. 

Decision model based on R&M contract data 

A Proportional Hazards Model has been developed by testing the significance of both expected and 

unexpected relations between failure rate and usage parameters from R&M contract data. This 

degradation model is used to evaluate for each truck whether preventive replacement is beneficial. 

The optimal replacement times can already be determined at the start of the service contract 

because at that moment, all required truck usage data is already available. Only after component 

failure, the decisions need to be revised. A tool is developed to determine these optimal replacement 

times based on the R&M contract data. 

Decision model based on data from on-board information recorder (FMS) in all trucks 

A guide for identification of proactive maintenance opportunities is developed to identify relevant 

failure modes and their relations with truck usage indicators (such as FMS variables). The final 

guideline includes the development of a replacement decision model for the relevant wear-out 

failure modes. This decision model can be used to evaluate the potential value of incorporating truck 

usage data into the replacement decision.  

The on-board information recorders continuously collect truck usage data, and roughly each 6 

months customers visit their dealer for a planned service stop; therefore, each 6 months DAF can 

decide whether to replace the component immediately or wait until the next planned service stop 

and re-decide then. Hence, the optimal replacement time is based on dynamic programming. Also for 

this decision model, a tool is developed which supports optimization of the replacement times. 
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Decision model based on data from on-board information recorder (FMS) in a sample of 

trucks 

In addition to the abovementioned decision models, a third alternative is evaluated in which the on-

board information recorders (FMS) are installed into only a random sample of trucks. This sample can 

be used to draw conclusions on the general relation between FMS-variable and failure prediction, 

which might also be valuable information for trucks without FMS. For these users without FMS, the 

FMS-variable is not measured directly, but it might be possible to estimate this variable with other 

truck usage data such as the R&M contract data. Then, the estimated FMS variable can be used to 

base replacement decisions upon. Figure 2 illustrates this method graphically.  

For the users without on-board information recorders, the optimal replacement time can already be 

determined at the start of the service contract, since all required information is already available. 

Translation step 1 Translation step 2

FMS 
variables

R&M contract 
variables

Failure 
prediction

 
Figure 2: Method for using only a sample of on-board information recorders for failure prediction 

Conclusions and recommendations 

The decision model based on R&M contract data demonstrates the substantial potential cost savings 

of preventive replacements that can already be obtained with current data. On the short term, when 

the value of truck availability is included into the service contracts, savings of 13% are expected for 

heavy users with a contract of 6 years. Further, this model demonstrates the need to align 

replacement policies with the usage profile, because preventive replacement is especially cost-

effective for users with a long contract duration, a high mileage with application ‘Construction Goods 

Carrier’ or ‘Sea-container’, whereas preventive replacement is generally not advised for users with 

small contract duration, low mileage, and ADR specification.1 Since the data is not always completely 

reliable (both R&M contract data and failure data), some solutions are discussed to improve the 

reliability. Potentially, the replacement costs could be further reduced by investments into on-board 

information recorders (FMS). The developed model for corrosion failures based on ‘real-time’ FMS 

data shows that potentially savings are attainable, especially for users operating in wet climates (up 

to 20% for heavy users with contracts of 6 years, which is enormous in the field of repair and 

maintenance). Furthermore, the results can be improved when more data and knowledge on 

component degradation is available. In addition, the model highlights the need to incorporate the 

geographical regions of operation into the replacement decision. 

Moreover, both models reveal relations between truck usage and component deterioration, which is 

useful, not only for development of maintenance and replacement policies, but also for development 

of component redesigns. 

The third alternative, in which a random sample of on-board information recorders (FMS) is used to 

make replacement decisions, seems to have low potential value. Regression analysis reveals that the 

R&M contract parameters explain only a limited proportion of the variance of the FMS variables. The 

potential savings are considerably larger for the abovementioned decision model in which R&M 

contract parameters are direct input for the replacement decision model. 

                                                           
1
 ADR is required when hazardous goods are transported. 
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It is expected that shortly the value of truck availability will be included into the service contract. It is 

advised to simultaneously deploy the replacement decision model based on R&M contract data 

because its potential savings are considerable whereas few investments are required (since the data 

is already available).  

Furthermore, since this research demonstrates the substantial potential savings of both the model 

based on R&M contract data and the model based on on-board information recorders, it is 

recommended to apply the developed methodology to other components (which have already been 

prioritized in this research). 
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IV List of definitions 

Term Synonym (DAF term) Definition 

Age variable - Variable that most accurately describes the age with 
regards to a specific failure mode 

Availability Uptime Fraction of operating time the vehicle is available for 
use 

Breakdown ‘stranding’ Machine (truck) failure, after which it is no longer able 
to operate.  

Breakdown 
repair 

- Type of corrective maintenance, applied when a truck is 
subject to breakdown. 

Catastrophic 
failure 

- A failure characterized by the complete loss of 
component performance. 

CFV pilot CFV pilot The pilot study in which DAF installed on-board 
information recorders (FMS systems) into a selection of 
trucks, to collect data on real truck usage. The pilot has 
been running since the end of 2011, and comprises 98 
trucks with an R&M contract.  

Corrective 
replacement 

Corrective repair 
(‘reparatie’) 

The original condition is to be restored after a failure 
has occurred (Veldman, Klingenberg & Wortmann, 
2011), resulting in either a breakdown repair, an urgent 
repair, or an occasion repair. 

Covariate 
vector 

- Combination of all relevant parameters R&M contract 
parameters (e.g. mileage; Operation Type; etc.), which 
is input for the proportional hazards model. 

Drop - A truck stop, to either load or unload goods 

Endogenous 
factor 

- Factor within the control of DAF (i.e. challenge) 

Exogenous 
factor 

- Factor beyond the control of DAF 

Failure ‘falen’ A component is degraded in such a way that corrective 
maintenance is required.  The failure can be either a 
wear-out failure, random failure or wear-in failure, and 
the result can be either a breakdown repair, emergency 
repair or occasion repair. 

Failure rate - See ‘hazard rate’ 

FA, FT, FTG  Three truck types which all have 4x2 axles 

FMS Fleet Management 
System 

On-board information recorder that can be 
implemented into trucks. See also ‘FMS data’. 

FMS data FMS+ data Operational truck data, captured through a truck's 
electronic network by on-board information recorders, 
and continuously sent to a central data warehouse. This 
dataset is being expanded with some additional 
parameters. In this report, ‘FMS’ refers to this 
expanded dataset. 
Synonym: Connected trucks data 

FMS sample 
data 

- If only a sample of trucks is equipped with FMS, the 
resulting data from this sample is called ‘FMS sample 
data’. 
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Functional 
failure 

- See ‘failure’. 

Hazard rate - The rate at which functioning components fail (which 
can be interpreted as the probability that a functioning 
component fails within the next interval of negligible 
interval length). Synonym: failure rate 

Imperfect 
repair 

See next column Maintenance activity which partly restores item health 
(El-Ferik & Ben-Daya, 2008). These activities can be 
either preventive or corrective 

Maintenance - General term for maintenance, inspection and 
replacement activities. 

Observed 
corrosion 
factor 

- See     
  in the List of Parameter Definitions 

Occasion repair ‘Gelegenheidsreparatie’ Type of corrective maintenance which can be 
postponed until the next scheduled maintenance. 

Operate to 
Failure (OTF) 
policy 

- Operate To Failure policy, which means no preventive 
replacement is performed. 

OR clutch - Overrun clutch, which is a subcomponent of the starter 
motor 

Proportional 
hazards model 

 Statistical model, which is an extension of the 
traditional failure modes because it allows for 
additional variables impacting the hazard rate. See also 
section 4.3.1. 

PHA  Proportional hazards assumption, see page 16.  

Predictor  Independent variable in a regression analysis. 

Preventive 
maintenance 

- Maintenance activities that are conducted after a 
specified period of time or after a specified amount of 
machine operation (Swanson, 2001). See also ‘time-
based preventive maintenance’ and ‘usage-based 
preventive maintenance’. Preventive replacement 
includes not only the maintenance (‘onderhoud’) as 
defined by DAF, but also preventive replacement (see 
below). 

Preventive 
replacement 

Preventive repair Replacement of a component when it has not failed yet 

R&M contract 
data 

- Data upon which the Repair & Maintenance (R&M) 
contracts are based, comprising both truck 
specifications and usage specifications. 

Real-time FMS 
data 

 For trucks with an on-board information recorder 
(called ‘FMS’), DAF can collect truck usage data 
continuously (i.e. ‘real-time’). This distinguishes real-
time FMS data from sample FMS data. See also ‘FMS 
sample data’. 

Savings - Difference between the expected costs of the Operate 
to Failure policy and the expected costs of the optimal 
policy based on truck usage data (either R&M contract 
data or FMS data) 
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Time-based 
preventive 
maintenance 

Y-service Maintenance activities which are executed on a timely 
basis (e.g. on a yearly basis) 

Total relevant 
repair and 
maintenance 
costs (TRRM 
costs) 

- See page 4. 

Truck 
specifications 
data 

‘truck specs data’ Data on the truck configuration including amongst 
others the truck series, axle configuration, engine type 

Turning point -  The point at which the OTF policy and preventive 
replacement policy yield similar cost savings 

Unobserved 
corrosion 
factor 

- See     
  in the List of Parameter Definitions 

Unplanned 
repair 

- Collective term for both urgent repairs and breakdown 
repairs  

Urgent repair - Type of corrective maintenance, in which the truck can 
still operate but requires an intermediate service stop 
at one of the DAF dealers. 
Type 1 urgent repair: the truck can complete its current 
delivery. 
Type 2 urgent repair: the truck needs to be driven to 
the nearest dealer immediately and carefully 

Usage 
specifications 
data 

‘inzetspecificatie data’ Data on the expected truck usage as indicated 
beforehand by the customer 

Usage-based 
preventive  
maintenance 

X-service Maintenance activities which are executed after a 
certain usage limit (in terms of number of kilometers) 
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V List of parameter definitions 
Parameter Unit Definition 

   - Cosinus parameter reflecting the impact of seasonality on 
the corrosion factor for region   in month   

   - Cosinus parameter reflecting the yearly average corrosion 
factor of region   

  - Shape parameter of Weibull distribution (dimensionless) 

        € per 
component 

Corrective replacement costs (for a unit of component  , 
which is an optional index) 

        € per 
component 

Preventive replacement costs (for a unit of component  , 
which is an optional index) 

  
  Eq. months in 

average climate 
Sum of real corrosion factors of all months in period   
(with realization   

 ) 

     Eq. months in 
average climate 

Corrosion factor of region   in month   (random variable, 
with realization     , and expectation  ̂   

  for observed 

corrosion factors (    ) and expectation  ̂   
  for 

unobserved corrosion factors (    ) 

  ( )   Eq. months in 
average climate 

Real corrosion factor of month   given that the truck 
operates/operated in region  ( ) (see also     ) 

    
  Eq. months in 

average climate 
Observed corrosion factor of region   in month   (random 
variable, with expectation  ̂   

 ) 

    
  Eq. months in 

average climate 
Unobserved corrosion factor of region   in month   
(random variable, with expectation  ̂   

 ) 

    - Coefficient of variation for the unobserved corrosion factor 
(per region) 

    - Coefficient of variation for the observed corrosion factor 
(per region) 

    - Application type Construction Goods Carrier (used as 
index) 

   - Dummy variable indicating whether observation   has 
failed (    ) or not (    ) 

  € Maximum absolute error of the expected costs for 
preventive and corrective replacements (specifiable in the 
decision tool for the CBM model based on R&M contract 
data) 

 ( ) Failures per 
unit of age 
variable   

Hazard rate as a function of age variable    

   Failures per 
unit of age 
variable   

Threshold for the hazard rate at which to replace 
preventively, in case of an infinite horizon (i.e. life-cycle 
perspective) 

  Years Finite horizon which is equal to the service contract 
duration 

    - Hazard ratio of application type   compared to the 
reference application type ‘general haulage’ 

  - Bias of the observed corrosion factor     , as fraction 
between the real and hypothesized average corrosion 
factor  

  - Set of possible biases   
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   Number of 
records 

Number of FMS status records collected per month 

 ( ) Number of 
categories 

Number of categories in which to divide the normal 
distribution 

 ( ) Number of 
categories 

Number of categories in which to divide the possible range 
of age variables       {         } 

  Number of 
iterations 

Number of iterations for Monte Carlo simulation for 
evaluation of the CBM model based on R&M contract data 

  (  )  Cumulative hazard rate of observation   up to failure or 
censoring time    (used in calculation of deviance residual  

  
   , see page 23)  

  ( ) Number of 
failures 

Number of expected failures until time t 

  - Month (index) 

   - Current month (index) 

  * Scale parameter of Weibull distribution 
  Number of 

preventive 
replacements 

Number of preventive replacements for the preventive 
replacement policy based on R&M contract data 

  - Period number (index) for model on real-time FMS data 

   Number of 
observations 

Number of observations for covariate   (for PHM modeling) 

     % Fraction of time that a truck is operating in region   in 
month   (with expectation  ̂   ) 

 ̃    % Some certain fraction of time that a truck is operating in 
region   in month   (see also     ) 

     % Some uncertain fraction of time that a truck is operating in 
region   in month   (with    ∑        ) 

   % Probability of a warm start (for electrical wear-out failure 
mode of the starter motor) 

  - Region (index) 

     - Binary variable indicating whether the truck is driving 
through region   within a specified  time interval 

   - Martingale residuals (see page 23) 

  
    - Deviance residual (see page 23) 

 ( ) % Probability of surviving until age    

   % Threshold value for the survival probability at which to 
replace preventively, in case of an infinite horizon (i.e. life-
cycle costs) 

   - Application type Sea-container (used as index) 

  Years Time interval at which to replace preventively in case of 
infinite horizon-perspective 

   
   

 € Real expected optimal TRRM costs from the beginning of 
period   through the end of contract duration 

(hypothesized value is  ̂ 
   

) 

   
    € Real expected TRRM costs of the OTF-policy, from the 

beginning of period   through the end of contract duration 
(hypothesized value is  

  ̂ 
   ) 
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 € Real expected TRRM costs (caused by wear-out failures) 
from the beginning of period   through the end of contract 
duration, when the component is replaced at the beginning 

of period   (hypothesized value is   ̂ 
 

) 

   
  € Real expected TRRM costs (caused by wear-out failures) 

from the beginning of period   through the end of contract 
duration, when the component is not replaced at the 

beginning of period   (hypothesized value is   ̂ 
 ) 

     Months Time stamp for status record   in month   (the difference  
            is denoted in months) 

        Engine oil temperature (     at the moment of an engine 
start is used to determine the heaviness of an engine start) 

 ̅(  ) Years Average time (in years) to reach hazard rate    (for 
calculation of life-cycle costs) 

   Eq. months in 
average climate 

Age variable of corrosion development until beginning of 
period   

  € per year Long-term expected costs (i.e. in case of infinite horizon) 

  ̂    Eq. months in 
average climate 

Average corrosion factor of all historical observations 
 ̂ ( )   until beginning of period   

   - Set of possible     

   - Set of possible     

   * Regression coefficient of covariate   

   * Value of covariate   

* Unit depends on the ‘age variable’ (e.g. time or km’s) 

**Unit depends on covariate   
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1. Introduction 
This report is the result of a master thesis carried out at the headquarters of DAF Trucks N.V., located 

in Eindhoven, the Netherlands. This work contributes to DAF in the following ways: 

 Methodology to incorporate truck usage data into the component replacement decision, and 

to evaluate the potential value of incorporating the data; 

 Development of a guide for identification of CBM opportunities, with special focus on DAF’s 

potential sources of truck usage data. This guide can also be valuable to other companies; 

 Design of decision tools for the models developed in this research; 

 Prioritization of components for application of the condition based maintenance (CBM) 

methodology based on truck usage data. 

Further, this work contributes to science in the following ways: 

 Development of a decision model for multiple preventive replacements within a finite 

horizon, with equal replacement intervals; 

 Application of the Extended Proportional Hazards Model, for modeling the relation between 

truck usage parameters and failure hazard; 

 Development of random generator for Monte Carlo simulation for an Extended Proportional 

Hazards Model with Weibull baseline hazard function; 

 Development of a decision model for a finite horizon with periodic opportunity to replace 

preventively, for a component with one or multiple relevant failure modes; 

This chapter serves as an introduction to the research by introducing the company (section 1.1) and 

its service organization (section 1.2).  

1.1 DAF Trucks N.V. 
Since its establishment in 1924, DAF Trucks N.V. has developed into a global company specialized in 

the development, production, marketing, sales, and service of trucks. Each truck is customized in 

order to fulfill every customer’s requirements. The trucks can be divided into three categories: the XF 

series are heavy trucks, designed for long haul transportation; the middle-weighed CF truck series are 

designed for regional, national, and international transport and can operate on both smooth roads 

and rough terrains; and the light-weighed LF series is designed for urban and regional transportation. 

DAF has several types of customers: 

 Transporters of own goods: these companies do not have transportation as their core-

business, and range from small (e.g. florists) to very large (e.g. supermarket chains); 

 Third Party Logistics Providers (3PL):  transportation is the core-business of these companies; 

 Rental companies: these companies sub rent their trucks. 

Trucks are produced in facilities in Eindhoven and Westerlo (Belgium) and are sold globally. In 2011, 

DAF expanded its leadership in the European Union in the over 16 ton segment to 15,5%, which puts 

DAF on its way towards its target of 20% over the medium term. 
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1.1.1 Organization 

DAF Trucks N.V. is a full subsidiary of the American organization PACCAR Inc., and employs 

approximately 8.600 people worldwide. Its headquarters is located in Eindhoven, the Netherlands. As 

shown in the organizational structure in Figure 3, DAF consists of six main departments: Marketing & 

Sales, Finance, ITD, Operations, Product Development and Purchasing. This project is carried out at 

the After Sales department (sub department of Marketing & Sales) which is responsible for all after 

sales activities. 

DAF Trucks N.V.
 

Marketing & Sales
 

Product 
Development

 

Operations
 

ITD
 

Purchasing
 

Finance
 

Paccar Parts
 

After Sales
 

Commercial 
Services

 

Technical Info. Training 
& Diagnostics

 

Market Service
 

Product & 
Services Planning

 

Product Planning 
 

Quality Engineering
+ Supplier Quality

 

Quality Management 
& Reliability

 

Quality Mgt
 

Reliability Eng
 

Testing
 

Component 
Testing

 

DAF Trucks 
Subsidiaries

 

Multi Support
 

 

Figure 3: Organizational structure of DAF Trucks 

1.2 Service organization 
In the service organization, three stakeholders play an important role:  

 DAF Trucks N.V.;  

 DAF dealers (who are independent);  

 Customers.  

DAF Trucks has a large network of independent DAF dealers which are officially licensed by DAF and 

serve as a linkage between DAF Trucks N.V. and their customers. The license entitles dealers to 

perform both sales activities and after sales activities for DAF trucks. The sales activities comprise 

selling trucks and service contracts to customers. By means of such a service contract, DAF covers the 

repair and maintenance costs incurred by customers. 

As part of the after sales service, DAF offers preventive and corrective maintenance services. 

Preventive maintenance consists of both periodic inspections and replacements, and corrective 

maintenance comprehends three types: occasion repairs (repairs postponed until next scheduled 

maintenance stop); urgent repairs (i.e. unplanned service stops at DAF Dealer that cannot wait until 

next scheduled maintenance stop); and breakdown services. For the latter service, DAF Trucks 

provides telephone support and road assistance, and if necessary tows the truck to a proximate DAF 

dealer. DAF dealers claim all incurred costs at either DAF Trucks N.V. or the customer, depending on 

the service contract and type of maintenance action. As a service towards its customers, DAF offers 

several service packages through which they cover various types of repair and maintenance costs.  
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DAF offers the following options: 

 No service package: DAF only provides warranty for a number of crucial repairs for a limited 

time period. The basic warranty package (Warranty Plus I) only includes driveline repairs, 

whereas the more comprehensive package (Warranty Plus II) some additional repairs; 

 Care Plus only covers minor maintenance activities, such as refilling a number of fluids, and if 

necessary, replacement of v-belts and wiper blades; 

 Xtra Care additionally includes the inspection and insurance of driveline components; 

 The “Full Care” service package is the most comprehensive package and covers all preventive 

and corrective maintenance actions within the contract period. This service package 

constitutes approximately 80% of total contracts; 

 Flex Care, which is a flexible package with a number of optional insurances. When all options 

are chosen, this service package is equivalent to a Full Care package.  

Further, DAF attempts to continuously improve their truck design and after sales service. To these 

ends, customers and dealers can provide useful feedback2. For instance, feedback on frequently 

failing component can result in either a new component design or a preventive maintenance action 

(of which a call back procedure is also an option). 

In conclusion, these three stakeholders are highly interdependent. When making business decisions, 

DAF needs to thoroughly consider its effect on all stakeholders and their relations. 

1.2.1 Total relevant repair and maintenance costs (TRRM costs) 

In addition to the three abovementioned stakeholders, competition is an important factor for DAF. 

DAF operates in a highly competitive environment, with numerous competing organizations. 

Therefore, in order to enhance its competitiveness, DAF needs to offer high quality products and 

services against low costs. To this end, DAF has developed a strategy “Best Business Proposition” in 

which it highlights its focus on providing the best overall product and service. 

As part of this strategy, DAF offers service contracts (see also section 1.2) in which the following costs 

are covered: component costs, labor costs for maintenance activities, and possible additional costs 

such as towing costs. However, these service contracts currently do not include the value of truck 

availability, whereas availability is becoming more and more important for customers (owing to 

declining profit margins in the transport sector). This might provide an opportunity for DAF to 

captivate its customers by offering a service contract that covers the value of availability.3 In the 

nearby future, DAF plans to offer contracts that cover the value of availability, which implies it will 

have as direct objective to minimize all maintenance and repair related costs within the contract 

duration (including non-availability costs). 

This objective will benefit both DAF and its customers (with and without service contract): firstly, 

since DAF does not aim to generate profit from these service contracts, it adjusts the contract costs 

to reflect the expected costs. This will benefit the customers with service contract through lower 

                                                           
2
   DAF Trucks N.V. has several subsidiaries which are all organized under the Marketing & Sales division. Each subsidiary 

represents DAF in a different region and communicates with the dealers in this region (see Figure 3). 
3
   The value of availability differs from user to user, and depends amongst others on a possible value reduction of 

(perishable) goods, or fines for delayed delivery (imposed by the shipping agent’s customer). These costs related to non-

availability are currently paid by the customer and contribute to their Total Cost of Ownership. 
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costs and higher availability (i.e. lower Total Cost of Ownership). Secondly, this objective will benefit 

DAF since it leads to an improved competitiveness and therefore to more customers. Moreover, 

DAF’s parent company PACCAR Parts benefits from service contracts because it implies that they can 

sell more spare parts.  

This thesis is aligned with this perspective by using the objective function to minimize the total 

relevant repair and maintenance cost (TRRM costs),4 which include the following costs over the 

service contract duration: 

 Costs of non-availability (both planned and unplanned); 

 Possibly towing costs and other additional costs (in case of breakdown); 

 Component costs; 

 Labor costs for maintenance activities. 

Note that repair and maintenance policies can also affect other costs than repair and maintenance 

costs. For instance, preventively replacing a component might positively affect the residual truck 

value. However, this project only focuses on the total relevant repair and maintenance costs. 

  

                                                           
4
   The word ‘relevant’ is used to emphasize inclusion of the value of non-availability. 
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2. Project design 
This chapter presents the project design. Section 2.1 presents the description of challenges and the 

resulting project objective. Based on this project objective, research questions are defined (section 

2.2) and the research approach is presented (section 2.3). 

2.1 Description of challenges and project objective 
Appendix A provides an overview of DAF’s challenges with regards to the reduction of total relevant 

repair and maintenance costs. DAF desires not only to reduce its total relevant repair and 

maintenance costs, but also to increase truck availability for the customer. This highlights the need 

for a more proactive approach, and one of the major challenges is the development of an efficient 

methodology to incorporate truck usage data into maintenance decision making. This challenge is 

selected for analysis in this project. 

For several reasons, condition based maintenance (CBM) can be a useful methodology to enhance 

maintenance decision making. Firstly, in literature, a wide range of applicable knowledge has 

accumulated. Further, DAF is collecting some data that enables development of an applied CBM 

methodology based on truck usage data (see also section 2.3.1). Moreover, DAF desires to examine 

which investments in data collection could yield substantial benefits. In general, additional 

information entails decreasing marginal benefits and increasing marginal costs, and the challenge is 

to find the optimum amount of information collection. This can be explored by construction of a CBM 

methodology. Furthermore, DAF desires to incorporate availability into their service contracts, which 

makes proactive maintenance more interesting for DAF. For these reasons, this project sets out to 

investigate the utility of Condition Based Maintenance (CBM) for the improvement of these insights 

and, eventually, performance.  

This is illustrated by the project objective to identify possibilities to reduce total relevant repair and 

maintenance costs, through development of a Condition Based Maintenance (CBM) methodology 

based on truck usage data and knowledge. 

2.2 Research questions 
Based on the project objective, the following research questions are defined: 

1. How to develop a CBM decision model based on truck usage data? 

1.1 Which truck usage indicators are expected to be related to component failures? 

1.2 How to determine optimal replacement times based on truck usage data?  

1.3 How to integrate the CBM decision model with current maintenance practices of 

DAF? 

2. What is the potential value of incorporating the data into the CBM decision model? 

2.3 Research approach 
Development of a CBM model (first research question) is required to explore the potential value of 

truck usage data (second research questions). This section first discusses potential sources of truck 

usage data and subsequently presents the research procedure. 
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2.3.1 Potential data sources 

This project focuses on the following potential data sources: 

1) Currently available R&M contract data; 

2) Data from on-board information recorders (FMS) in all trucks. These devices not only record 

but also continuously transmit information to the central data warehouse, which would 

enable real-time condition monitoring; 

3) Data from on-board information recorder (FMS) in only a sample of trucks, from which 

general conclusions can be drawn that can also be used for  preventive maintenance 

decisions for truck without on-board information recorder; 

4) Possibly other currently uncollected truck usage data. 

Data source 1: currently available R&M contract data 

R&M contract data consists of some parameters on truck configuration and information on the 

customer’s expected truck usage, e.g. mileage, off-road truck usage and number of daily drops 

(which is the number of times per day a truck stops to either load or unload). This information might 

be helpful for prediction of component failures and has negligible investment costs since the data is 

already being collected. However, the data source has limited usability for the following reasons: 

Firstly, customers can only fill out their expected usage beforehand. Since it is difficult to accurately 

predict truck usage over the full contract duration, the realized usage might vary widely. Moreover, 

there are conflicting interests between the customer, the dealer and DAF Trucks N.V., which might 

lead to an optimistic estimation of truck usage. In these cases, real usage will differ from the usage 

specifications. Thus, the R&M contract data contains some measurement noise, which might make 

this data source less useful for failure prediction. 

Data source 2: on-board information recorder in entire fleet (real-time FMS data) 

In order to more accurately monitor truck usage, DAF has the option to implement on-board 

information recorders (called Fleet Management Systems: FMS). Through such systems, DAF can 

monitor a variety of truck usage variables on a real-time basis (e.g. traveling distance, braking 

frequency and intensity, and number of engine starts). This data source should enable more accurate 

estimation of the remaining useful life (RUL) of components, but comes at an investment cost.  

The DAF truck measures a large variety of data streams and DAF has selected part of the data 

streams to be sent to the DAF central data warehouse for analysis. This project focuses on the 

selection of data streams including the current expansion (planned in spring 2013), which is referred 

to as ‘FMS’ throughout this report. 

Data source 3: a sample of on-board information recorders (FMS sample data) 

This project also focuses on the potential value of providing a random sample of trucks with a FMS 

(an on-board information recorder). The information from this sample might not only be valuable to 

predict failures for trucks without FMS. In the case of a random sample, the method is illustrated in 

Figure 4: the sample can be used to draw general conclusions on the relation between FMS variable 

and component failure (translation step 2 in the figure). For trucks without FMS, the FMS variable is 

not measured, but it might be possible to estimate this variable using other information on truck 

usage, such as R&M contract data (translation step 1). In this translation step, the current truck 

sample with FMS data (started in 2012) is used. For these customers the R&M contract data was 

validated and adjusted if necessary, which improved data accuracy. 
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To clarify the method, consider the following example: R&M contract data such as mileage and 

application type (e.g. general haulage, garbage collection) could be translated into an estimated 

number of starts, which is an FMS variable. Subsequently, the estimated number of starts is input for 

a degradation model, to determine the hazard rate and the corresponding optimal replacement 

policy. This relation between number of starts and degradation model can be derived from the FMS 

sample, and needs to updated frequently to the most recent data. The major advantage is that only a 

sample of trucks needs to be provided with an on-board information recorder (FMS), which requires 

smaller investments. However, this method also entails two major drawbacks: the inaccuracy of 

translating R&M contract data into estimations for FMS variables, and the limited amount of failure 

data collected on trucks with FMS. 

Translation step 1 Translation step 2

FMS 
variables

R&M contract 
variables

Failure 
prediction

 
Figure 4: Method for using only a sample of on-board information recorders for failure prediction 

This project focuses on the value of current R&M contract ‘variables’, i.e. answers to current 

questions regarding truck usage (and truck specifications). These questions are used to establish an 

eligible maintenance interval, and are proven to be related to repair and maintenance costs. 

Furthermore, these truck usage questions are designed such that they can be answered with 

reasonable accuracy, such as ‘application type’ with amongst others the options ‘general haulage’ 

and ‘garbage collection’. This project does not focus on improvement of these questions, amongst 

others because it is difficult for customers to accurately answer more direct usage questions, e.g. on 

‘the number of starts per day’ or ‘braking frequency and intensity’. 

Data source 4: other currently uncollected truck usage data 

The guide for identification of CBM opportunities (presented in section 3.4.1) might also bring to light 

other data sources that might be relevant for failure prediction of a component. See also the 

application of this guide on two components (Appendix J and Appendix K). However, since the focus 

is on currently available data and FMS data, these data sources are not included into the decision 

models. 

2.3.2 Research procedure 

The general set-up of a business problem solving project comprises a problem definition, analysis and 

diagnosis, plan of action, implementation, and evaluation. In this project, the first four stages are 

executed, for which the procedure is illustrated in Figure 5 below. 
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Figure 5: Research Framework 

The steps within the Diagnosis & Analysis phase are derived from the framework for CBM Design 

(Stadhouders, 2011) and adjusted to suit DAF’s current situation. 

Step 1: Selection of a unit to monitor consists of a truck selection and component prioritization. For 

each selected component, a thorough analysis is performed comprising the following steps: 

Step 2: Selection of condition indicators. The aim is to test not only hypothesized relations but also 

unexpected relations. Therefore, for the R&M contract data, a wide selection of possible relevant 

parameters is investigated. For FMS data, little investments are made so far. Therefore, to investigate 

the potential value of this data source, first a wide range of CBM opportunities are explored using the 

“Guide for identification of CBM opportunities” (see section 3.4). 

Step 3: Determine prognostic modeling approach. In literature, a wide variety of prognostics 

modeling approaches have been discussed, each with specific assumptions and approximations. 

These characteristics can pertain to mathematical issues, but they also require a thorough 

assessment of the conditions in which the approach is applicable (Sikorska, Hodkiewicz & Ma, 2011). 

In this project, each model is developed to fit DAF’s conditions and the data source under 

consideration (discussed in section 2.3.1). 

 
Step 4: Determine maintenance policy. First a CBM model is developed based on currently available 

data (R&M contract data), and its performance is evaluated. A sensitivity analysis is performed to 

investigate the effect of several important parameters such as the contract duration, replacement 

costs and contract parameter values. Second, CBM models are developed based on respectively real-

time FMS data, and FMS sample data.  The potential value of these data sources is also evaluated and 

a sensitivity analysis is performed, which is crucial, especially for these models because they are 

partially based on expert knowledge (instead of field data). 

The following chapter deals with step 1 of the Analysis & Diagnosis phase: the selection of a unit to 

monitor. 
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3. Selection of a unit to monitor 
The aim is to provide a methodology for CBM that can be used for many truck types and many 

components. For the purpose of model building, a selection needs to be made, which pertains to the 

following aspects. 

3.1 Level of granularity 
Firstly, CBM models can be developed on several levels of granularity: 

 System analysis, i.e. analysis of truck failures without distinguishing between the different 

components; 

 Component analysis: analysis of failures of a specific component. This can be divided further 

into two sub-categories: 

o Analysis of independent components; 

o Multi-component analysis: analysis of the interactions between components. DAF 

already has some knowledge on interactions between the degradation of different 

component (theoretical relations), but would also like to explore unexpected 

relations by means of data mining. However, data mining is beyond the scope of this 

project. 

Since DAF collects failure data on component level, this level of granularity is chosen. 

Interdependency of components is further discussed in section 5.1. Analysis on component level 

means that first a truck type needs to be selected and subsequently, components can be prioritized. 

3.2 Truck selection 
One truck type is selected since component degradation behavior can vary between truck types. A 

Multi Criteria Decision Analysis (MCDA) is performed to prioritize truck types, because the selection 

involves both qualitative and quantitative criteria and multiple stakeholders are involved in repair 

and maintenance, each with different criteria and weights (Labib, Williams & O’Connor, 1998). The 

following criteria are relevant for truck selection for both analyses:  

1. Dataset volume: the Continent R&M claim dataset of the truck type should be sufficiently large 

to perform statistical analysis. The larger the dataset, the more reliable the results. Appendix B 

summarizes the data selection criteria; 

2. Variance in truck usage: only when the sample observations have different truck usage 

characteristics is it possible to measure the effect of truck usage characteristics on failures. 

3. Relevance: although the purpose of the model is to show the methodology, there is a preference 

towards analyses that can be directly applied in practice (i.e. since the truck type will stay in the 

field for a substantial period). Further, there is a preference towards a truck type with a large 

current (and recent) and future sales volume because this also increases relevance. 

Since these criteria have different measurement scales, they need to be consolidated to the same 

scale. Details on the scaling can be found in Appendix C, together with other details on the truck 

selection procedure (e.g. criteria weighting, and evaluation). As shown in Appendix D, the XF105 

truck type with 4x2 axles (i.e., the FA, FT and FTG trucks) is selected for further analysis since it has 

the highest weighted total. It contains the largest dataset and is most relevant, which outweighs the 

assessment that the usage and truck specifications contain less variation than the CF 85 truck type. 
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3.3 Component prioritization 
After truck type selection, components need to be prioritized. Although each truck consists of 

numerous different components, not every component seems suitable for CBM implementation. 

According to Koochaki, Bokhorst, Wortmann, and Klingenberg (2011), CBM is advised when all of the 

following requirements are met:  

1) Failure predictability: it should be technically feasible to detect a failure before its 

occurrence, either by direct information on item condition (e.g. through sensors) or by 

statistical analysis of historical data; 

2) Failure consequence: failures should have an adverse effect on safety, availability, quality, 

and other performance indicators; 

3) Financial justification: it should be financially justifiable to implement CBM. 

Without thorough investigation, an accurate evaluation of these criteria is impossible. In fact, it is the 

aim of this project to investigate the potential value of CBM implementation. To decide in which 

order to examine components, a priority list of components is developed based on a Multi Criteria 

Decision Analysis with criteria that are in line with the abovementioned three conditions for CBM 

implementation (see Appendix C). Several employees were involved in the component prioritization 

procedure:  

 Reliability Engineering Employees, who are experts on the deterioration process and the impact 

of usage characteristics; 

 An employee who frequently analyzes failures data and related costs, which makes him an 

expert in available data, and failure costs and frequency; 

 An employee with expertise on FMS data; 

 An employee with a background in examining claim data and is involved in meetings regarding 

maintenance policies. Therefore, he has knowledge on all decision criteria 

First, based on the abovementioned criteria, a shortlist of components is made, which constitutes 

43% of total repair costs (R&M claims only). Then, a discussion is held with all abovementioned 

employees to reach consensus on the weights of all criteria and the scores for all components on 

those criteria. Appendix E shows a complete overview of the MCDA, comprising the components 

shortlist, the selection criteria (and weights), and evaluation of all components. Further, Appendix F 

shows some additional notes on the shortlist, and criteria weighting, scaling and scoring. The analysis 

reveals that the starter motor has the highest priority; therefore, this component is selected as pilot 

for the remainder of the project. 

3.4 Identification of CBM opportunities 
As discussed in section 3.3, three CBM requirements need to be evaluated in order to determine the 

CBM potential. To evaluate requirements 1 and 2 (failure predictability and consequences), a failure 

mode and effect analysis (FMEA) can provide useful insights. In general, an FMEA is utilized to 

identify failure modes which are likely to cause each functional failure, and to ascertain the failure 

effects associated with each failure mode (Moubray, 1997). When the focus is on proactive 

maintenance, the FMEA should place relatively much emphasis on prognostics compared to 

diagnostics. Further, in order to evaluate the third CBM requirement, the analysis should also place 

emphasis on exploration of potential savings. To these ends, a guide for identification of CBM 

opportunities is developed (derived from Hoeks (2012)), which helps in three major ways: 
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 It helps to identify failure modes and categorize them into types of failures; 

 It helps to identify potentially valuable degradation factors for failure prediction; 

 It helps to explore the potential savings that can be obtained through CBM. 

As mentioned earlier, DAF desires to explore the potential value of several data sources: 

 R&M contract data: this data source is already available so that the maintenance policy can 

be based on field data. 

 FMS data: only limited data is available, so the maintenance policy is partially based on 

expert knowledge gathered using the guide. These guidelines facilitate the distinction 

between a maintenance model based on real-time FMS data, and FMS sample data (see 

guideline 4 through 6). 

 

For validation purposes, first the guide has been applied extensively to the starter motor (see section 

6.2), and subsequently, a quick scan was performed for the alternator containing guidelines 1 

through 6 (see Appendix K). 

3.4.1 Guide for identification of CBM opportunities 

1. Identify differences in component design within the range of trucks under consideration: 

And in case component designs and their failure behavior differ significantly, execute the remaining 

guidelines for each component design separately.  

This guideline is important because when failure behavior differs significantly between component 

designs, it might imply that the designs have different relevant failure modes and/or different CBM 

models and parameters. 

2. Describe the most relevant failure modes and their criticality:  
Relevant failure modes are defined as failure modes which occur frequently, are not likely to be 

designed out shortly, and for which the component needs to be replaced after failure. Describe each 

failure mode in terms of: 

 what happens; 

 how frequently it occurs (as percentage of total starter motor failures): this helps to establish 

the relevance (and criticality) of the failure mode; 

 and the consequences of failure (likelihood of breakdown, unplanned and occasion repair, 

and the likelihood and severity of any consequential damage). This helps to establish the 

average corrective replacement costs for each failure mode separately. Any cost differences 

between failure modes might lead to differences in proactivity: the higher the corrective 

replacement costs for a failure mode, the more important it is to prevent the failure mode; 

Further, investigate whether component redesigns are expected, and describe their expected impact 

on the failure frequency and consequence for each failure mode. If failure modes are expected to be 

designed out shortly, then they do not seem interesting to apply CBM on. 
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3. Describe the detectable failure modes in terms of which (sub)components fail and how 
they fail: 

For each failure mode, describe what happens technically with these (sub)components. This is 

important because it helps to categorize the failure modes into a type of failure, to identify the age 

variable (in case of wear-out failure modes), and to identify interdependencies between failure 

modes (see bullets below). Furthermore, such a description of the failure mode is required to identify 

detectable phenomena in the next guideline. 

 Categorize each identified failure mode into a type of failure, which indicates the relation 

between age variable and failure rate and therefore helps to establish limits on the shape 

parameter   (see Figure 6): 

I. Random failures, characterized by a constant failure rate; 

II. Early failures, characterized by high initial failure rate which decreases over time. These 

failures can be divided into the following sub categories: 

a. Failures caused by production issues. These types of failures are generally dealt 

with by improving component design (i.e. ‘Design Out Maintenance’ strategy); 

b. Failures caused by wear-in; 

III. Wear-out failures, characterized by an increasing failure rate. 

 For wear-out failures, also indicate the ‘age variable’, which is the variable that most accurately 

describes the amount of work the component has done (e.g. mileage, time). This variable is 

crucial for development of the degradation model. 

 Also indicate to what extent failure modes are (in)dependent. Any significant 

interdependencies between failure modes should be taken into account when developing the 

degradation model. 

This research focuses on the use of truck usage data, which is indirect information on component 

wear-out; therefore, this research predominantly focuses on wear-out failures. 

 
Figure 6: Bath curve model 

5
 

  

                                                           
5 Retrieved from http://benabb.wordpress.com/2009/05/10/bath-tub-curve-sci-fi-reality/ (last reviewed on 26 June 2013) 

http://benabb.wordpress.com/2009/05/10/bath-tub-curve-sci-fi-reality/
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4. Describe failure modes in terms of all detectable phenomena (either the failures or the 
effects):  

Describe in what way(s) a failure mode are detectable or predictable;  

 detectability pertains to whether a components’ degradation level can be 

measured/observed directly (e.g. through inspection or sensors). In case failures can be 

detected, estimate the time between degradation signal and functional failure (i.e. the P-F 

interval: see Figure 7Figure 7), which determines whether timely action can be undertaken. 

Furthermore, the longer the P-F interval, the better the preventive replacement action can 

be planned;  

 predictability pertains to the possibility to deduct the level of degradation from other 

observations. For failure prediction, identify possibly relevant parameters/variables from 

R&M contract data, FMS data and other potential condition indicators; 

This guideline is crucial to get an indication of the monitoring possibilities. The distinction between 

detectability and predictability is important because they require different CBM approaches. 

 
Figure 7: P-F interval (Sikorska et al., 2011) 

5. Determine accuracy of measurements: 

In this guideline, investigate how accurate the measurements and the deducted degradation 

estimations are in order to know how valid the conclusions are. This is crucial because the 

measurements can only be used for CBM development if they are sufficiently accurate. 

 In case failures can be detected, determine whether the same measurement value can also be 

produced by other failure modes or other phenomena. This is important because different 

failure modes (and other phenomena) require different actions (owing to differences in 

likelihood and severity of failure). Therefore, one wants to be sure to draw the right conclusions 

when interpreting degradation signals. If different failure modes cannot be distinguished by 

measurable condition indicators, then these might be merged and analyzed as one failure 

mode. 

 In case failures can be predicted (e.g. using either R&M contract data or FMS data), estimate 

the potential predictive value of the identified parameters/variables. Related to this, is the 

extent to which wear-out is influenced by an individual’s driving behavior: 
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o If wear-out is not (or barely) influenced by an individual’s driving behavior, then there is 

possibly a strong relation both between R&M contract data and relevant usage parameters 

within the FMS dataset (translation step 1 in Figure 4), and between the FMS variable and 

deterioration behavior (translation step 2 in Figure 4). Then, an FMS sample might be 

sufficient to accurately predict failures;  

o However, if wear-out is significantly influenced by an individual’s driving behavior, then 

possibly the R&M contract data is only weakly related to the FMS data. This would reduce 

the potential value of FMS sample data. To get an idea of the potential value of real-time 

FMS data, it is important to evaluate whether such individual’s driving behavior can be 

measured using the FMS data;  

o Note that the relation between R&M parameters and FMS data (translation step 1) can be 

verified using the CFV pilot, in which a small sample of trucks is already provided with an 

FMS system6. A strong relation would indicate a minor impact of individual driving 

behavior, and therefore high potential value of FMS sample data. 

6. Determine which wear-out failure modes are interesting to monitor:  

From the previous guidelines it can now be determined which failure modes have the technical 

characteristics to apply CBM to. This research focuses on the potential value of FMS data, so one or 

more failure modes are selected that seem to be reasonably predictable using this data source. The 

selection of failure modes is input for the next guideline.  

7. Determine whether it is economically feasible to initiate CBM on this component, through 

development of a maintenance policy:  

Since a CBM program often requires investments to install monitoring systems, it should be analyzed 

whether the potential cost savings would outweigh the investments. To explore the potential value 

of FMS data, two maintenance policies are to be developed: one based on real-time FMS data, and 

one based on FMS sample data. These maintenance policies should fit the current maintenance 

practices of the company. 

 
 

                                                           
6 In the future, an increased number of variables will be measured. However, the CFV pilot does not contain these 
additional parameters.  
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4. General CBM model 
As described in the research framework (see Figure 5), the subsequent steps after selection of a unit 

to monitor are: selection of relevant condition indicators, determining a prognostic modeling 

approach, and determining the maintenance policy. These steps are described in chapter 5 and 6, for 

respectively the CBM models for R&M contract data and the CBM model for the two models based 

on FMS data. 

This chapter applies to all developed CBM models and describes consecutively the type of approach, 

set of potential preventive replacement moments and the general modeling approach. 

4.1 Finite horizon versus infinite horizon approach 
This project focuses on replacement costs within the contract duration; hence, a finite horizon 

approach is adopted. Alternatively, an infinite horizon approach could be adopted in which the life-

cycle costs are minimized. To illustrate the difference between these approaches, the expected costs 

based on the contract duration are compared with the average costs over an infinite horizon. 

4.2 Set of potential moments for preventive replacement 
To perform repair and maintenance activities, trucks need to be transported to their dealer; 

therefore, every service stop has substantial fixed costs. In coping with these fixed costs, several 

maintenance clustering policies have been developed (e.g., Zhu, Peng & Van Houtum, 2012). In 

theory, DAF has the following options with regards to maintenance clustering: 

 Firstly, it is possible to perform an intermediary stop solely for preventive replacement. This 

does not seem attractive, owing to high non-availability costs; 

 Secondly, the current planned maintenance stops are performed roughly every six months 

and provide a cost-effective opportunity to perform preventive maintenance activities. In 

addition, it might be desirable to perform preventive maintenance activities at the home 

dealer to strengthen the relationship between dealer and customer, which might increase 

customer loyalty; 

 Thirdly, it is also possible to combine preventive maintenance with unplanned service stops. 

However, this seems unattractive for several reasons: firstly, unplanned service stops are 

generally not performed at the home dealer (because trucks generally need to go to the 

nearest dealer).  Therefore, it would be impossible for dealers to prepare the preventive 

replacement actions by allocating labor capacity and ordering the required spare part(s). 

Further, these non-home dealers would charge additional labor costs, making this option 

more costly. 

Thus, the planned maintenance stops are used as alternatives for planning preventive replacement 

activities. These planned maintenance stops occur roughly every six months but can vary, depending 

on the truck and usage specifications indicated upon the agreement of the service contract. 

Therefore, maintenance is assumed to be performed every six months and the optimal replacement 

time is determined accordingly. Hoeks (2012) demonstrated that the resulting expected costs are 

nearly identical to the minimum costs when preventive replacement is possible at any time. 



16 
 

4.3 General modeling approach 
The next step is to determine the appropriate modeling approach that suits DAF’s situation. Both the 

R&M contract data and FMS data are indirect condition information, through which the component’s 

health is only partially observable (compared to e.g. a sensor that would measure the component’s 

health directly). Therefore, DAF needs to focus on CBM models that can deal with partially 

observable items, such as Artificial Neural Networks (ANNs), (semi) Hidden Markov Models (HMM) 

and Proportional hazards models (PHM). For both types of data, a PHM is constructed. 

4.3.1 Proportional Hazards Model (PHM) 

Conventional failure distributions (e.g. Weibull) are widely used to model failure behavior in the 

form of failure rates, which depend on the age variable  . When multiple independent variables 

impact the failure rate, these all need to be incorporated into the age variable  . Alternatively, the 

failure rate could be modeled by a Proportional Hazards Models (PHM), which is an extension of 

such conventional failure distributions that distinguishes age variables and a set of covariates   (i.e. 

set of condition variables) (Jardine et al., 2006). These covariates can represent both ambient 

conditions (external variables) and internal (diagnostic) variables. Further, covariates can be both 

continuous variables (such as the FMS variables) and categorical variables (such as various R&M 

contract variables).  A PHM consists of a baseline hazard function that only depends on time (or 

usage) and a term that only depends on the covariates but not on time:  (   )    ( ) 
   . 

However, the PHM may be extended to an “Extended Cox model” by adding time-dependent effects, 

in which case   is also a function of time:  ( ). The mathematical relation between hazard rate and 

survival function is as follows: 
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In case of a proportional hazards model without any time-dependent effects of covariates (i.e. 

 ( )   ), we have: 
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PHM has various advantages, such as its flexibility: either a parametric (e.g. Weibull) or non-

parametric model can be fitted for the baseline hazard function (using respectively full or partial 

likelihood estimation) (Sikorska et al., 2011). Further, PHM can deal with censored data which is 

important because many components survive the end of the contract duration   (after which DAF 

no longer collects failure data). Moreover, the model and its results (e.g. covariate coefficients) are 

well interpretable for non-statisticians. However, PHM additionally has the following properties and 

assumptions (Sikorska et al., 2011) which need to be checked: 

1) Times to failure are independent and identically distributed; 

2) Covariates have a multiplicative effect on the baseline hazard rate; 

3) All influential covariates should be included into the model (Sikorska et al., 2011): excluding 

significant covariates negatively affects model accuracy and could cause violation of one of 

the abovementioned assumptions and properties. 

4) Proportional hazards assumption (PHA), which has two implications: 

 Firstly, the effect of the covariates on the failure rate is assumed to be time 

independent: for a continuous variable   , at any time an increase of one unit yields an 

increase in the hazard rate of     (other covariate values held fixed) (Zhang, 2005). For 
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a dichotomous variable   , at any time the category with      has a failure rate 

which is a factor     higher than the category indicated with     . In case of violation 

of the assumption of time-independent effects of covariates, one can either partition 

the components into a number of groups (with homogenous ambient conditions or 

properties), or the conventional PHM can be extended to a Dynamic PHM by taking 

into account time dependent effect of covariates (Park, Jun, Kim & Lin, 2011); 

 Secondly, the ratio between the failure rate of two objects with respectively covariate 

vectors    and   , is assumed to be constant (Zhang, 2005): 

 ( |  )

 ( |  )
 

  ( ) 
 ( )   

  ( ) 
 ( )   

  (     )
  ( ). The name Proportional Hazards Model is derived 

from this property; 

5) Further, items are assumed to be repaired perfectly (to an ‘as-good-as-new’ condition); 

Assumption checking 

The assumption of ‘perfect repair’ is reasonable because after failure, a new component is installed 

into the truck, which has an as-good-as-new condition. However, the assumption might not always 

be completely satisfied: although the replaced component has an as-good-as-new condition, other 

truck components might be deteriorated and in case of interdependency between truck 

components, the deterioration of one component could increase the failure rate of other 

components. The assumption of restoration to an as-good-as-new condition is released in an 

extension of the Proportional Hazards Model: the Proportional Intensity Model (Lugtigheid, Jardine 

& Jiang, 2007). 

In addition, assumptions 1 through 4 can be checked for the model based on R&M contract data 

because sufficient field data is available (see Appendix H). For the models based on FMS data, 

insufficient field data is available to check these assumptions.  
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5. Model development for R&M contract data 
This chapter presents the development of the CBM model based on R&M contract data. This data 

source comprises customer’s expected truck usage indicated beforehand, which implies that the 

optimal replacement time (either in terms of years or number of kilometers) can already be 

determined at the start of the contract. Section 5.1 and 5.2 describe respectively the method to 

determine the optimal replacement times and the performance comparison with the Operate to 

Failure policy. Section 5.3 presents the Proportional Hazards Modeling Procedure. 

5.1 Set of preventive replacement times 
As discussed in section 4.2, roughly every six months DAF has the opportunity to preventively 

replace components that have an increasing failure rate, on trucks with contract duration   (i.e. 

finite horizon perspective). Further, two assumptions are made: firstly, it is assumed the component 

needs to be replaced upon failure; and secondly, the replacement is assumed to result in an as-good-

as-new condition (see section 4.3.1). Sherwin (1997) proves that under these circumstances, equal 

preventive replacement intervals are optimal (since discounting costs is not necessary in finding 

relatively short replacement intervals). Choosing any other replacement time would increase the 

cumulative failure density function (owing to the increasing failure rate). Therefore, with   

preventive replacements, replacement times 
   

 
   {     } are chosen. Although the real 

replacement time depends on the scheduling of planned service stops (X-services and Y-services) 

which might not be exactly each 6 months, it is assumed that components can be replaced exactly at 

these replacement times 
   

 
. 

Note that when degradation is based on number of kilometers instead of time, then the best option 

for preventive replacement is still at half the contract duration, under the assumption that mileage is 

equally divided between the first and second half of the contract duration. 

Further, note that when the assumption of perfect repair is released,  it might be more cost-effective 

to delay component replacement. For this model, it would mean that the optimal replacement time 

would shift away from equal replacement intervals: the first replacement intervals would be 

extended, and the last replacement intervals would be reduced. 

5.2 Cost model for evaluation of R&M contract data 
To make the most cost-effective decision, the corresponding expected TRRM costs are compared 

with the expected costs of the Operate to Failure (OTF) policy. 

5.2.1 Operate to Failure (OTF) policy 

Suppose that component   is subject to an OTF policy. Then, the basic renewal equation can be used, 

which means that the expected number of replacements   ( ) is equal to the probability 

[    ( )] of a first replacement within finite horizon  , plus the expected number of 

replacements in the remaining time     after the first replacement at time  : 

  ( )  [    ( )]  ∫   (   )    ( )  
 

 

 



19 
 

In other words, [    ( )] reflects the expected number of first replacements, and the integral 

reflects the expected number of replacements after the first replacement. Each corrective 

replacement costs        , resulting in the following expected TRRM costs: 

      
   ( )    ( )          

5.2.2 Preventive replacement at half the (remaining) horizon  

The abovementioned renewal equation can be used to develop the cost evaluation method for the 

preventive replacement policy. To clarify this method, first only one preventive replacement within 

the horizon   is considered, at time 
 

 
. With probability   (

 

 
), the component survives until 

 

 
 and is 

replaced preventively, at cost        . Then, for the remaining horizon (also with length 
 

 
), the 

expected number of replacements is equal to   (
 

 
), and the TRRM costs for this half of the horizon 

are equal to   (
 

 
)         . However, with probability     (

 

 
), the component does not survive 

until 
 

 
. If the component fails at time   

 

 
, it should be determined whether preventively replacing 

the component halfway the remaining horizon      is more cost-effective than the OTF policy. 

This results in the following recursive formula for the expected TRRM costs of the preventive 

replacement policy: 
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5.2.3 Multiple preventive replacements 

The model above can be extended to multiple preventive replacements within horizon  . With   

preventive replacements (resulting in     equally divided intervals), the expected TRRM costs are 

as follows: 
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In this formula, the min-function reflects the optimal number of preventive replacements after initial 

failure at time   
 

   
. Further, for    ,       

     
(

 

   
  ) are the expected costs of 

interval 
 

   
   in which an Operate to Failure strategy is employed. 

5.2.4 Computation method 

Analytical solvation of the abovementioned cost formulas is complicated, and although 

approximation methods exist (e.g. Jiang, 2009), Monte Carlo simulation yields more accurate results 

(when using sufficient number of iterations). Therefore, Monte Carlo simulation is employed to 

estimate the expected TRRM costs. Derivation of the random generator for failure times can be 

found in Appendix I. Since the cost formula is recursive, first the simulation is performed for small 

values of  , so that these results can be used as input for the simulation of larger values of  . 
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5.2.5 Alternative: optimal replacement intervals based on life-cycle costs 

The decision model above pertains to the costs within the contract duration (i.e. finite horizon), 

which deviates substantially from the decision model when minimizing life-cycle costs (i.e. average 

costs over an infinite horizon). In the latter decision model, the optimal replacement interval    can 

be determined using the following formula: 

 ( )  
       ( )        (   ( ))

   ( )
 

In which  ( ) are the long-term expected costs per year;    and    are respectively the preventive 

and corrective replacement costs (index for component   omitted;   is the time at which to replace 

preventively (in years); and    ( ) is the average time (in years) until replacement (either 

preventive or corrective):    ( )     ( )  ∫     ( )  
 

 
 in which   ( ) is the failure 

probability density function. As an approximation, the integral can be discretized by dividing the 

time interval [   ] into   segments of size   ⁄  years, resulting in the following approximation:  

∫     ( )  
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    in which  (   )   ( ) is an estimation of the 

failure probability in time interval [(   )  
 

 
   

 

 
], with a mean life of 

    

 
 
 

 
 year. 

So, the aim is to find the threshold value    that minimizes life-cycle costs, which can be achieved 

numerically by computing  ( ) for various values of  , or graphically by plotting the outcomes in a 

graph (Legát, Zaludova, Cervenka & Jurca, 1996). 

5.3 Proportional hazards modeling procedure 
The process of PHM modeling is derived from Park, Choi, Kim & Bae (2010) and adapted to include 

stratification as a possible solution for violations of the proportional hazards assumption. As 

illustrated in Figure 8, this process comprises several steps which are explained in this section. A 

demonstration of the entire procedure for the starter motor can be found in the Appendix H. 
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Figure 8: Process of the proportional hazards modeling (derived from Park et al., 2010) 
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Data preparation 

First, the dataset needs to be prepared and should include three types of variables: a failure time 

variable providing either the failure time or the censoring time; a dichotomous status variable 

indicating either failure (1) or suspension (0); and a set of potentially relevant covariates (i.e. R&M 

variables). The covariates could be selected using hypotheses on the relevance for failure prediction. 

Alternatively, covariates for which no such hypotheses exist could be selected so that their possible 

effect on the hazard rate can be tested. For this project, the data was gathered from DAF’s Data 

Warehouse, as this data warehouse includes amongst others R&M contract data (Customer Contract 

Management System) and claim data (from Claim Handling). 

Univariate analysis 

After the data preparation step, a univariate proportional hazards analysis is performed to get a 

preliminary indication of the relation between each covariate and the hazard rate (using a 

conservative cut-off value of        to prevent early elimination of possibly relevant covariates; 

Bursac, Gauss, Williams, and Hosmer, 2008). For the continuous covariate (mileage), also some 

variable transformations are examined (e.g. natural logarithm or quadratic function). The resulting 

significant variables form the basis of the covariate selection step.  

Selection of significant covariates (including interaction terms) 

Although for this step some automated procedures are available, these either lead to suboptimal 

models (e.g. the conventional step-wise selection), or they are only suitable for small sample sizes 

(e.g. the advanced purposeful selection procedure of Bursac et al., 2008). Therefore, as advised by 

Bursac et al (2008), the model is developed manually, by adding and removing (interaction) 

covariates and evaluating each (intermediate) model based on both covariate significance and the 

Akaike Information Criterion (AIC). The AIC is appropriate for comparing models (both nested and 

non-nested) with possibly different number of parameters. It balances parsimony with goodness-of-

fit by penalizing models that have a great number of parameters (Cook, 2008). The AIC for model   

with a   -length parameter vector    is defined as: 

   ( )            (    |    ) 

in which     (    |    ) is the log-likelihood when model   is fitted on the dataset. The model 

with smallest AIC is selected because it implies the best relative goodness-of-fit. 

Evaluation of proportional hazards assumption (PHA) 

Subsequently, for each covariate the proportional hazards assumption (PHA) needs to be checked by 

examining whether the residuals are time-independent. The residual calculation procedure and 

corresponding chi-square test can be found in Grambsch and Therneau (1994) and can be executed 

by software packages such as R. In case of assumption violation, either the model can be extended 

so that it incorporates the time-dependent effect of the covariate, or the covariate can be stratified, 

which means the dataset is divided into subsets (based on the covariate-values) and a model is 

developed for each subset (Cook, 2008). Further, the evaluation of global goodness-of-fit of the 

proportional hazards model is based on the chi-squared global model test proposed by Schoenfeld 

(1980) which is the most objective validation method according to Abeysekera and Sooriyarachchi 

(2009). This test can be automatically outputted by software programs such as R, and tests the 

hazard proportionality by evaluating the correlations between the covariates’ Schoenfeld residual 

and time (or a transformation of time, e.g. ln(time)). 
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Estimation of baseline hazard function 

When the proportionality assumption is satisfied, the baseline hazard and survival function can be 

estimated.  The proportional hazards model is a semi-parametric model, implicating that it is 

possible but not necessary to specify a parametric model (e.g. Weibull) for the baseline hazard 

function. A parametric model can be more convenient for calculations, but requires additional 

constraints on the shape of the survival function which might reduce goodness-of-fit. For the starter 

motor, both a non-parametric (i.e. Kaplan-Meyer) and a parametric (i.e. Weibull) baseline hazard 

function is fitted. To obtain the estimates of the Kaplan-Meyer baseline hazard function, the 

following formula is adapted from Cook (2008) (to incorporate the time-dependent hazard rate): 

 ̂ ( ( ))  
 ( )

∑   ̂( ( ))
    

   ( ( ))

 

in which  ( ) is the number of deaths at that time;  ̂( ( ))
     is the vector multiplication of 

covariates and their regression coefficients at time  ( ); and  ( ( )) is the set of individuals that 

neither has failed nor has been right-censored before time ( ). Then, the survival curve can be 

estimated as follows: 

 ( )    ∫  (   )  
 

    ∫   ( ) 
 ( )    

 

  

Note that the effect of the covariates (represented by  ( )) might be a function of time owing to the 

possible inclusion of time-dependent effects. Therefore, it is not possible to further simplify the 

formula. 

The parameters of the Weibull proportional hazards model can be estimated using the following log-

likelihood formula (for derivation, see Appendix H): 
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in which      if observation   is uncensored and      if   is right-censored, for observation 

       . Also, in  case Heaviside functions are used to incorporate time-dependent effects, 

 (  )
  is a ‘case function’ (see also Appendix H). A Weibull proportional hazards model can be 

developed in two ways: the formula above could be maximized using full likelihood estimation. 

Controversially, Park et al (2011) propose to first fit the regression coefficients   (using partial 

likelihood estimation) and deal with possible proportional hazards assumptions, and subsequently fit 

the baseline hazard function (using likelihood estimation with fixed   values). The latter method 

results in the following parameter estimation:        and        .7 Note that   can be 

interpreted as the age (in years) at which 62.3% of the components have failed in case all covariate 

values would be equal to zero (   ). However, in practice no trucks have such covariate-vectors 

(e.g. they always have a mileage greater than zero). Thus, the resulting Weibull baseline hazard 

function for the starter motor is: 

  ( )  (
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7
 The starter motor supplier uses     and the difference with the established        might arise because the supplier 

only considers wear-out failures (under normal operating conditions), whereas the failure data also contains wear-in and 
random failures, and also contains failures under irregular operating conditions. 
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Comparing parametric and non-parametric models 

The AIC can be used to compare between either parametric or non-parametric models, but this 

criterion cannot be used to compare a parametric with non-parametric models because they treat 

the data differently: non-parametric models only evaluate the ranking of the event times whereas 

parametric models also take into account the timing of events. 

Model validation: goodness-of-fit 

Although the preceding steps focused on fitting the best possible model onto the failure data, this 

does not necessarily imply that the model is a good representation of the failure data. The model 

was partly validated by assessing the goodness-of-fit of the covariate function and its proportional 

hazards assumptions (using the global chi-squared test of Schoenfeld (1980). However, it is also 

necessary to evaluate the goodness-of-fit of the model including baseline hazard function. As 

aforementioned, two baseline hazard functions are fitted. The non-parametric baseline fitted, based 

on Kaplan-Meyer estimates, has a good internal validation because it is fitted directly on the 

observed failure data without requiring any assumptions or parameterization. For this reason, 

Kaplan-Meyer is frequently used to develop plots of the observed survival curve, implying that it 

serves as an eligible reference point for the goodness-of-fit of the Weibull distribution. A first 

indication of the model fit can be obtained by plotting both the Kaplan-Meyer survival curve and the 

parametric survival curve for several ‘observation types’ (i.e. covariate vectors). For the models 

fitted on the starter motor, see Appendix H. 

The goodness-of-fit of the Weibull baseline is assessed by comparing the deviance residuals of the 

Kaplan-Meyer and Weibull model, which are calculated as follows (Therneau, Grambsch & Fleming, 

1990; Müller, 2004):   
       (  )  √   (       (     )) in which: 

    are the martingale residuals:         (  ) (with   (  ) is the cumulative hazard rate 

of observation   up to failure or censoring time   . Thus,    ranges from 1 (for outliers with 

short contract duration) to    (for outliers with long contract duration); 

    (  ) is equal to -1 if the martingale residual is negative, and +1 if the residual is positive; 

    has value 1 if observation   has failed, and 0 if observation   was right-censored. 

As recommended by Park et al. (2011), outliers are defined as observations with absolute residual 

value larger than 3. 

Hazard ratio analysis 

Before proceeding to the replacement decision model, a hazard ratio analysis should be performed 

since it provides useful insights into the effect of covariates on the failure rate. The hazard ratio of 

two covariates    and    is as follows:  

 ( |  )

 ( |  )
 

  ( ) 
 ( )   

  ( ) 
 ( )   

  (     )
  ( ) 
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6. Model development for FMS data 
This chapter describes both the model based on real-time FMS data and FMS sample data. Both 

models are developed based on the guidelines for identification of CBM opportunities. Guidelines 1 

through 6 of the guide serve to gather important information in preparation of the model 

development. For the starter motor, a summary is provided in section 6.1 below, and the details can 

be found in Appendix J. In addition, the guide has been validated by applying guidelines 1 through 6 

to the alternator (see Appendix K). 

In guideline 7, a CBM model is developed to determine whether it is economically feasible to initiate 

CBM on the component. This guideline is discussed in section 6.2 and 6.3 for respectively the model 

based on real-time FMS data and FMS sample data. 

6.1 Summary of guidelines 1 through 6 for starter motor 
This section summarizes the main results from guidelines 1 through 6 for the starter motor. Details 

can be found Appendix J. The degradation behavior of the starter motor appeared to be more 

complicated than initially expected, with influences from numerous external conditions (amongst 

others caused by the position of the starter motor, close to the ground). The relevant wear-out 

failure modes are corrosion and mechanical wear-out, constituting respectively 36% and 13% of 

failures within the first two years (the remaining failures are wear-in failure and random failures, 

some of which have already been designed out). Unfortunately, insufficient knowledge is available 

on the mechanical wear-out failure mode; therefore, only the corrosion failure mode is selected for 

development of a CBM decision model (guideline 7). 

6.2 CBM model development based on real-time FMS data 
As described in section 3.4.1, guideline 7 discusses “determining whether it is economically feasible 

to initiate CBM on this component, through development of a maintenance policy”. Since in this 

guideline, the focus is restricted to the failure mode corrosion (see Appendix J), it needs to be 

assumed that this is the only relevant wear-out failure mode. This section consists of the following 

subsections: development of degradation model; estimation of model parameters; and development 

of the cost model. 

6.2.1 Development of degradation model 

Age variable   

As mentioned in guidelines 4 and 5, environmental factors have an enormous impact on corrosion 

development. Such a deterioration process can be modeled by a piecewise-deterministic Markov 

Process (PDMP; De Saporta, Dufour, Zhang & Elegbede, 2011) which assumes the deterioration 

process to follow a deterministic trajectory given by the laws of physics, comprising two parts: one 

part represents the physical system (e.g. temperature, pressure) and the other part describes its 

regime of operation and/or its environment. Since the FMS data is not sufficient to describe this type 

of model, it is beyond the scope of this project. Instead, a Weibull distribution is employed to reflect 

the impact of the environment on corrosion. Because of the pivotal role of the climate (i.e. region) 

on component age, the age variable   should reflect the amount of time spent in each region  . 

Therefore, age variable  ̂  is defined as follows: 
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 ̂  ∑ ∑∑     (           )   ̂   
 

   

  

   

  (   )

   

 

in which  ̂  is the estimated age variable at the beginning of period  . 8  This is an estimate because 

the age cannot be observed perfectly, as will be explained later. Further,      is a time stamp of an 

FMS status record   (and in each month,    status records are collected);  ̂   
  is the expectation of 

observed corrosion factor corresponding to the region     in month  . The binary variable      

indicates whether the truck is driving through region   during the time interval             

between two status records (with unit ‘months’). Further, the first summation is required to sum 

over all months from period 1 up to and including period    . 

Since the truck location is recorded frequently (amongst others during every truck start-up and after 

each 2 km), it can be reasonably assumed that each time interval             belongs to only one 

month. Further, when the number of status records    is very large (i.e.    approaches infinity), 

then the time spent in each region   in a month can be expressed as a fraction      (∑         

    ). Note that this fraction may be different for different months, and might even vary between 

identical months of different years. After a significant period of operation, this fraction can be 

estimated using historical data from the individual user. The predicted (i.e. expected) development 

of age variable    from the beginning of period   to the beginning of period     is formulated as 

follows: 

 ̂     ̂  ∑ ∑ ̂     ̂   
 

   

   

    (   )   

 

In which  ̂  is the estimated age at the beginning of period  ;  ̂   
  is the expectation of unobserved 

corrosion factor corresponding to the region     in month  ; and     (   )    and 

      are respectively the first and last month of period     

In addition to the expected development of age variable  , the uncertainty of this age development 

plays a crucial role. Two types of uncertainty can be distinguished: uncertainty of fraction     ; and 

uncertainty of corrosion factors     
  and     

 . 

Uncertainty of fractions      

Uncertainty of fraction      is an important user characteristic. For some users, the fraction of time 

the truck operates in each region is already known at the start of the contract (e.g. because they 

have fixed long term contracts with their customers). In that case, the variability of      reduces to 

zero, which means the model is relatively simple. However, seldom is such low uncertainty realistic, 

especially for the long term because operational schedules are often made shortly before operation. 

This uncertainty can be expressed in several ways. The first alternative is to divide the total 

operation time into some fractions  ̃    in which the truck is certainly operating in region  , and 

some uncertain fraction   . Then, for each region   the realized fraction      can expressed as a 

certain fraction of time  ̃    plus some uncertain fraction     : in other words,       ̃        , 

with ∑ ( ̃        )         and               . The second alternative is to assume a 

fixed number of time intervals    within a month, and in each interval, the truck is operating in only 

region (for each region the probability is     ). This would imply a multinomial distribution with    

                                                           
8
 Period   has the length of a semester, because it can be assumed that a truck visits the dealer for a regular service stop 

roughly twice per year (see section 4.2). 



26 
 

observations and   categories (i.e. regions), in which the size of    determines the variability: for 

    , the variability of realized fraction       is largest because the truck can only be operating in 

one region per month: i.e.      is either 0 or 1. Contrarily, for large   , variability is small and the 

Central Limit Theorem implies that the fraction of time in each region would approach a normal 

distribution (Montgomery & Runger, 2004), with standard deviation of the fraction is 
        (      )

  
      (      ). The preference for one of the alternatives depends on the 

specific customer characteristics: for trucks with a schedule comprising a fixed and uncertain part, 

the first alternative would be preferred; for trucks that are assigned to a certain customer/region 

with some probability, the second alternative is preferred. In the remainder of this chapter, the 

second alternative is chosen, with       for all months  . 

Furthermore, it is assumed that the fractions can be estimated reasonably, without any bias. This 

might not always be the case, for instance if a user suddenly changes its area of operation from one 

climate to another and DAF is not aware of it. 

Uncertainty of observed and unobserved corrosion factor (    
  and     

 ) 

For each month   and region  , the expected corrosion factor  ̂    can be estimated. However, the 

real corrosion factor      deviates from this expectation, e.g. because the weather varies from day 

to day and from location to location (also within a region), and also because of other factors such as 

salt on the roads. As illustrated in Figure 9, this leads to uncertainty of two variables: firstly, the 

prediction of the unobserved corrosion factor (for months     ) is subject to uncertainty, hence it 

is expressed  as random variable     
 . Secondly, the estimation of current age    is subject to 

uncertainty because the age can only be estimated using the history of truck locations, the 

temperature in the starter motor environment (based on the engine oil temperature), and possibly 

an approximation of humidity (by measuring whether the wiper blade is activated9). Other relevant 

ambient conditions such as exposure to salt and dirt cannot be measured. Therefore, it may not be 

possible to perfectly observe the real corrosion factor, which means that the observed corrosion 

factor     
  is also a random variable. Two types of uncertainty can be distinguished: firstly, the 

uncertainty can be expressed as variability of the two abovementioned variables, based on some 

expected value (discussed in some more detail in the subsection “Variability of corrosion factor” 

below); furthermore, because it is difficult to estimate both the unobserved corrosion factors and 

current age   , the expected value might even be structurally biased. Both the variability and bias 

might lead to sub-optimal replacement decisions and their impact on the expected costs is described 

in section 6.2.3). 

 
Figure 9: Graphical representation of uncertainty of both the ‘observed’ and unobserved corrosion factor 

Variability of corrosion factors (    
  and     

 ) 

The variability of both variables (    
  and     

 ) can  be estimated by fitting the most suitable 

probability distribution (e.g. Gamma or normal distribution) both for the prediction of the total 

corrosion factor of period   (i.e.   
 , comprising unobserved corrosion factors 

                                                           
9
 This is currently not measured within the FMS dataset but could be included in the future, if desired. 
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∑   ( )  
  

  ( )
    (   )  for given regions  ( ) in month  ), and for current age    (comprising 

observed corrosion factors     
 , ). The amount of uncertainty is reflected by the coefficient of 

variation: high uncertainty is reflected by a large   , which is calculated as           for 

unobserved corrosion factor     
 , and           for observed corrosion factor     

 . By 

distinguishing only two   -values (    and    ), it is assumed that the    is fixed and equal for all 

regions and all months (i.e. the month is only important for distinguishing between observed and 

unobserved corrosion factors), whereas in practice both     and     might be function of both 

region   and month  , which could be denoted as         and        . Further, a fixed    for all 

regions implies that regions with larger expected corrosion development  ̂    also have a larger 

coefficient of variation. 

Note that     is generally larger than     because the observed corrosion factor can be estimated to 

some extent using the observed temperature and wiper blade activity, whereas the predicted 

corrosion can only be based on long-term weather forecasts. In other words, by observing the 

corrosion factor of region   in month  , the random variable     
  changes to random variable     

  

which has a smaller standard deviation and might have a different expectation. Appendix L shows 

the derivation of the standard deviations:    
      √∑ ( ̂ ( )  

 )
    

    (   )  ; and   ̂ 
     

√  
 ̂   

√  (   )
 in which current age  ̂  is based on   (   ) months (i.e.     previous periods, and 

each period comprises   months). 

Impact of application type and other potentially relevant factors 

As discussed in guideline 4 and 5 of the guide (Appendix J), the higher hazard rate for application 

types construction goods carriers (CGC) and sea-containers (SC) might (partially) be explained by 

their extraordinary exposure to dirty and humid environments. This effect of application type could 

be modeled in several ways. Firstly, the effect could be modeled such that application type has a 

direct impact on the expected corrosion factors  ̂   
 . This impact might vary between different 

regions and months: for instance, the application type might have relatively little impact on 

corrosion factor in a wet region (since this region is already humid) and a relatively high impact in a 

dry region (because normally this region would cause little corrosion, but this might be different for 

the abovementioned application types). Alternatively, this could be modeled as a covariate in a 

Proportional Hazards Model (PHM), implying that each of these application types constantly has a 

higher hazard rate than other truck types with the same value for the age variable. If more data 

becomes available on corrosion failures and the regions of operation, it will be possible to determine 

which model describes reality the best. In this project, it is decided to model the effect as a covariate 

in a PHM. 

Not only application type but also other relevant factors can be taken into account, either using a 

covariate or by including it into the function for the age variable. For instance, it is hypothesized that 

the relatively low failure rate for trucks with ADR specification is caused by a minor difference in 

configuration that might retard corrosion development. In addition, a positive relation is expected 

between the number of operating hours and corrosion, because trucks are especially exposed to 

heavy ambient conditions while driving. The number of operating hours can be measured by the 

FMS system, so this relationship can be quantified. For example, it might be possible to differentiate 
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the corrosion factor  ̂ ( )   between time intervals (           ) in which the truck is operational 

and time intervals in which the truck is idle. 

6.2.2 Estimation of model parameters 

Expected corrosion factor  ̂   
  for region   in month   

As discussed in guideline 4 and 5 of the guide (Appendix J), increasing the number of regions would 

increase prediction accuracy. For simplicity, three regions are defined (   ):   , reflecting wet 

climates (e.g. UK, Netherlands);   , reflecting average climates (e.g. Germany, France); and   , 

reflecting warm and dry climates (e.g. Spain). For each of these regions, the expected corrosion 

factors  ̂   
  need to be estimated (since the unobserved corrosion factors are relevant for failure 

prediction).  Since seasonal effects generally show a cosine-type of behavior, the expected corrosion 

factors for each month could be roughly estimated as in Figure 10.10 The ‘average climate’ has an 

average corrosion factor of 1, in order to maintain a physical meaning of the corrosion factor, i.e. 

“the equivalent number of months in average climate”. Further, the ratio between wet climates and 

average climates could be estimated based on failure data, as explained in more detail later in this 

section. For dry climates too little failure data was available, and based on common sense it is 

hypothesized that corrosion development is negligible, especially during the summer months. For all 

climates, the winter is generally the harshest, especially since salt is often sprinkled on icy roads 

during winters (although a rainy autumn might cause more corrosion than a dry winter). 

Quantification of these seasonal effects are difficult, therefore these effects are estimated are based 

on common sense. 

  
Figure 10: Expected corrosion factors  ̂   

  for each region   and month   

Expected observed corrosion factors 

The unobserved corrosion factors     
  discussed above are used to predict the age development in 

the subsequent periods; hence, these values are crucial in determining the expected costs and 

savings for the remaining contract duration. However, for operational decision making, also the 

observed corrosion factors     
  are important because these are used to estimate the current age 

 ̂ . The expected corrosion factor  ̂   
  can be different from the initial expectation  ̂   

 , because 

some information can be gathered on the temperature and humidity in which the truck operated 

(see section 6.2.1). The following recursive formula can be used to update the age estimate  ̂  

periodically: 

                                                           
10
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0.00

0.50

1.00

1.50

2.00

1 2 3 4 5 6 7 8 9 10 11 12

C
o

rr
o

si
o

n
 f

ac
to

r 
c(

r,
m

) 

Month m 

Region 1: wet climate

Region 2: average
climate

Region 3: warm and
dry climate



29 
 

 ̂   ̂    ∑ ∑      ̂   
 

   

  (   )

    (   )   

 

Expected fraction of time operating in region   (    ) 

Further, for each truck an estimation needs to be made for the expected fraction of time it is 

operational in each region (    ). The first estimation can be made by discussing the geographical 

regions of operation with the user. Thereafter, this fraction can be estimated using empirical data, 

and needs to be updated every period   using information from the previous periods. If the 

expected fraction  ̂    is identical for all months ( ̂     ̂ ), then: 

 ̂ ( )  
∑ ∑      (           )

  
   

  (   )
   

   
 

Alternatively, for the situation in which  ̂    is dependent on month  , a similar formula can be 

derived in which only observations of month   are taken into account. 

Parameters of baseline hazard rate  

For the baseline hazard rate, a Weibull distribution is assumed, for which shape parameter   and 

scale parameter   need to be estimated. 

Shape parameter  : Since the risk of failure by corrosion is hypothesized to increase very quickly, it 

is estimated that       (Zuashkiani et al., 2009), and as a starting point,     is chosen. Note 

that a large   also implies that a failure can be accurately predicted based on the age variable. A 

sensitivity analysis is performed to investigate the impact of  . 

Scale parameter  : Estimation of the scale parameter   can be based on failure data from DAF’s 

revision workshop, which has failure data on failure mode level and on country level, for the first 

two years (and occasionally third years). Therefore, the failure frequency for two major countries 

with overall speaking an average climate (Germany and France) can be used to estimate   with the 

following formula:   
 

[   ( ( )]  ⁄   (which is rewritten from  ( )    (  ⁄ ) ). 

Taking the first two years as the time range and using   as discussed above, age variable   can be 

expressed as the equivalent number of months in average climate” (i.e. 24 for France and Germany). 

Table 1 provides an overview of the calculation procedure: for trucks sold in France and Germany in 

2009 and 201011, the number of corrosion failures and other failures are counted and multiplied by 

two because it is estimated that the available dataset only contains 50% of the failures. For 

components that have failed on some other failure mode, it is not known whether it would have 

failed on corrosion if it would not have failed on the other failure mode. Therefore, as a rough 

estimate to take into account the limited information on the corrosion development of these 

‘suspensions’, half of these components are deducted from the entire population (i.e. sales 

numbers). The failure percentage of CF85 trucks is most representative for the specific climate 

because these trucks generally operate locally or regionally, whereas XF105 trucks generally operate 

on long distances. Furthermore, both truck types have an identical starter motor and starter motor 

experts hypothesize that both truck types are equally vulnerable to corrosion failures. Therefore, the 

                                                           
11

 For these years it can be ensured that data is available for the full range of two years. Data source of the sales numbers is 
MI Portal, information to be requested at the Claim Assessment department. 



30 
 

failure percentage of CF85 trucks can be used to calculate the expected        equivalent months 

in average climate.  

As mentioned above, this estimate is based on the hypothesis that only 50% of failures is collected; 

however, for the countries under consideration it later appeared that this percentage might be 

higher, which would result in a higher  -estimate. As an upper bound, it can be assumed that 100% 

of failures is collected, resulting in       . A sensitivity analysis is performed to investigate the 

impact of parameter changes. In the future, it is recommended to only use the data on failure mode 

level to determine the proportion of each failure mode; assuming that these proportions are 

representative, they can be multiplied by the total number of failures within 2 years to obtain an 

estimate of the number of failures per failure mode. This way, a more accurate estimate can be 

attained. 

 
Table 1: Calculation of cumulative fraction failed on corrosion after two years of operation 

Note that no differences in application type are considered here (whereas construction goods 

carriers en sea-containers are expected to have a higher failure rate), because application type is 

only traceable for customers with service contract, whereas the considered failure data also includes 

customers without service contract. 

Alternative estimation procedure: If it can be reasonably assumed that all failure data is available, 

then as an alternative to the estimation procedure discussed here, the beta en eta might be 

estimated simultaneously using the failure data from the revision workshop, with the maximum 

likelihood estimation method (which is also used for the estimation of the Weibull parameters of the 

CBM model based on R&M contract data, see Appendix H). The reliability of such estimation is 

restricted by the limited range of failure data (i.e. only the first two years of operation). 

Ratio between corrosion factors of different regions 

The estimated   and the results from Table 1 can also be used to estimate the ratio between 

corrosion factors of respectively average climates and wet climates (e.g. Netherlands):     

[   ( ( )]  ⁄       [   (       )]  ⁄        equivalent months in average climate in two 

years (i.e. 24 months), corresponding to a ratio of 1.44. Therefore, the cosine parameter for wet 

climates is        . 

Hazard ratio for application types CGC and SC 

Although the model on R&M contract data indicated a hazard rate of respectively 2.33 and 2.10 for 

CGC and SC (i.e.                     ), these results cannot be generalized to a model for one 

specific failure mode, with a different age variable.  Therefore, these results only give a preliminary 

indication of the coefficients   for this model. Unfortunately, insufficient failure data is available on 

the relation between application type and corrosion failures, and the hazard could not be estimated 

                   
France and 

Germany, XF105

France and 

Germany, CF85

France and 

Germany, 

XF105 and CF85

Netherlands, 

XF105

Netherlands, 

CF85

Netherlands, 

XF105 and 

CF85

Sales 2009 and 2010                       13,650                     3,044                   16,694                  3,120                  1,756                 4,876 

Failures on corrosion                             464                        100                         564                     176                      156                     332 

Failures on other failure 

modes
                            732                        116                         848                     294                      208                     502 

Percentage failed on 

corrosion

3.5% 3.3% 3.5% 5.9% 9.4% 7.2%
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by experts either. As a preliminary estimate, a hazard ratio of 2 is used for both application types, i.e. 

           ( )      . 

Coefficients of variation for uncertainty of corrosion factors 

Since for each    larger than zero, computational requirements increase with a factor  ( ), it is 

investigated to what extent these types of uncertainty affect the outcome. As will be discussed in 

section 7.3.2.3, it appears that the coefficient of variation for observed corrosion factors has a 

negligible impact on the savings. Therefore,     is set to zero. The uncertainty of unobserved 

corrosion factors does have some impact, and         seems to be a reasonable initial parameter 

setting. 

6.2.3 Development of cost model 

As discussed in section 4.2, roughly twice per year DAF has the opportunity to perform preventive 

maintenance actions. Therefore, to evaluate the costs of this policy, it is assumed that the horizon   

comprises     discrete periods of a half year. For the starter motor not only the corrosion 

development but also mechanical degradation is a relevant wear-out mode; therefore, the 

component state at the beginning of period    {       } can in general be described by  two 

age variables      and      and their vector of relevant covariates      and      which describe 

additional variables affecting the hazard rate. Since too little is known about the mechanical wear-

out failure mode to incorporate this failure mode into the model, its corresponding age variable is 

omitted in the presented cost model (see also subsection “Multiple relevant failure modes” below). 

Further, note that the covariates for the corrosion development are not time-dependent; hence, this 

variable is also omitted . For each period   the following order of events take place: 

 New age    is realized, and is estimated by  ̂ ; 

 For each possible combination of  ̂  and  ̂   , the probability of survival until beginning of 

period     is calculated; 

 Decision is made on replacement strategy (either replace or wait), based on their expected 

costs until the end of the horizon; 

  ̂ 
   ( ̂ ) is defined as the expected minimum TRRM cost caused by wear-out failures, from the 

beginning of period   until the end of contract duration  ; that is, 

  ̂ 
   ( ̂ )     {  ̂ 

 ( ̂ )   ̂ 
 ( ̂ ) } 

in which   ̂ 
 ( ̂ ) are the expected TRRM costs caused by wear-out failures from the beginning of 

period   until the end of the contract duration   when the component is replaced at the beginning 

of period  , and   ̂ 
 ( ̂ ) are the expected TRRM costs when the component is not replaced at the 

beginning of period   (i.e. ‘wait’). Since discounting is ignored,   ̂ 
 ( ̂ ) is formulated as follows (for 

all   {       }): 

  ̂ 
 ( ̂ )   [  ̂   

   ( ̂   | ̂ )   (    | ̂ )]   [{  ̂   
   (      )       }  {   ( ̂   | ̂ )}]  

in which  ̂     ̂   ̂  and  ( ̂   | ̂ )  [ 
(
 ̂ 
 
)
 

 (
 ̂   

 
)
 

]

     

 is the probability that the 

component survives the next period, with corresponding expected costs   ̂ 
   ( ̂   |  ), and 

probability    ( ̂   | ̂ ) that the component fails during the next period, with corresponding 

expected costs   ̂   
   (      )       . Here, it is assumed that when the component fails during 
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period  , the newly installed component is still as good as new at the beginning of period    . 

Further, if the component would be replaced preventively at the beginning of period  , then 

  ̂ 
 ( ̂ )         [  ̂ 

   ( ̂   |    )   ( ̂   |    )]

  [{  ̂   
   ( )       }  {   ( ̂   |    )}] 

At the end of the contract, the remaining costs are zero:   ̂     
   ( ̂     )     ̂     . 

Incorporation of corrosion factor variability 

As aforementioned (see section 6.2.1), the uncertainty of both the predicted corrosion factor and 

current age    can be best estimated by some continuous probability distribution of which the 

standard deviation can be specified. However, for a continuous distribution, the resulting cost 

function would be too complex for analytical solvation. For instance, the expected costs of the ‘wait’ 

strategy for a specific  ̂ -estimate would be as follows: 

  ̂ 
 ( ̂ )  ∫   ̂ 

(  )∫   (  
 )    ̂ 

 (     
 )

 

 

   
 

 

 

    

In which   ̂ 
 (     ) are the expected costs of waiting as formulated earlier, and   (  

 ) and   ̂ 
(  ) 

are the distribution functions for respectively the unobserved corrosion factor   
  and current age 

  . For the preventive replacement strategy, a similar formula can be derived: 

  ̂ 
 ( ̂ )  ∫   ̂ 

(  ) ∫   (  
 )    ̂ 

 (  )
 

 
   

  

 
    in which   ̂ 

 (  ) is formulated as described 

earlier. 

As an approximation, the distributions   ( ̂ ) and   (  
 ) can be categorized, which is formulated as 

follows (using    as illustration, but for the unobserved corrosion factor   
 , the same procedure can 

be applied):  

 (     )   (          )   (     )   (       ) 

Unfortunately, no data is available on the degree of uncertainty, making it difficult to ground the 

choice of a probability distribution. Although the Gamma distribution has the realistic property that 

all values are nonnegative, a normal probability distribution is assumed because of its convenience 

for computation. Furthermore, since the corrosion factors of six months are pooled, the probability 

of negative values is relatively small. The discretized gamma distribution can be found in 

Chakraborty and Chakravarty (2012), and the probability density function (pdf) of the normal 

distribution is  

 (     
( )

)   ((    )  )   ((      )  ) 

The number of categories  ( ) is positively related to not only approximation accuracy but also 

computational intensity. Therefore, as a trade-off,  ( )    is chosen (for both the prediction 

uncertainty and the uncertainty of the current age   ). As illustrated in Figure 11, the upper 

threshold value corresponding to category    is defined as      (   )   . For the tails of the 

distribution, the probability of exceeding the thresholds    and    are also taken into account (so 

that the sum of probabilities of all categories is equal to 1):   (     )   ((    )  ) and 

 (     )     ((    )  ) 
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Further, the average value of a category    is approximated by  ̅  
       

 
           , in which 

the tails of the distribution are cut-off at thresholds         and        . Although the 

extreme values of these tails are interesting for the analysis, cutting the tails of at these thresholds is 

a reasonable approximation because the probability of exceeding either one of these thresholds is 

only    (  )                .  

In conclusion, this distribution can together with the   -estimate be applied to both the age variable 

   and for the predicted corrosion factor   , to reflect the variability of both variables. 

 
Figure 11: Normal distribution categorized into 6 categories, with corresponding thresholds    

Impact of structural bias   

The cost model above is grounded on the assumption that the average value for both the observed 

and unobserved corrosion factors      and       can be estimated correctly, i.e. without bias. 

However, in case of significant bias, the replacement decision would be based on the hypothesized 

average corrosion factors  ̂    and  ̂    (with corresponding hypothesized cost 

  ̂ 
 ( ̂ ) and   ̂ 

 ( ̂ )), whereas the real corrosion factors have averages    ̂    and    ̂    (with 

real expected costs    
 ( ̂ ) and    

 ( ̂ )). If    , the estimates are unbiased; if    , the 

corrosion factor is overestimated; and if    , the corrosion factor is underestimated. The formulae 

for the hypothesized expected costs remain as discussed earlier in this section, and the formula for 

the real expected costs is as follows: 

   
   ( ̂ )  {

   
 ( ̂ )      {  ̂ 

 ( ̂ )   ̂ 
 ( ̂ )}    ̂ 

 ( ̂ )

   
 ( ̂ )      {  ̂ 

 ( ̂ )   ̂ 
 ( ̂ )}    ̂ 

 ( ̂ )
 

In other words, the replacement decision is based on the hypothesized    {  ̂ 
 ( ̂ )   ̂ 

 ( ̂ )}, and 

the corresponding real expected costs    
   ( ̂ ) are equal to either    

 ( ̂ ) or    
 ( ̂ ), 

depending on the choice to either replace immediately or wait. 

In case of any possible bias of the estimated fractions  ̂   , a similar model could be developed. 

Optimal decision making taking into account possible scenarios for uncertainty 

As abovementioned, the uncertainty of corrosion factors (in terms of       and    ) can affect both 

   
 ( ̂ ) and    

 ( ̂ ). Suppose that DAF is aware of these possible uncertainties and can assign 

probabilities to various scenarios for the uncertainty. Such a scenario can be described as a set 

(         ), with probability  [         ].
12 Then, these probabilities can be used to calculate a 

weighted    
 ( ̂ ) and    

 ( ̂ ): 

  

                                                           
12

 with ∑ ∑ ∑  [               ]                         
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 [   
 ( ̂ )]  ∑ ∑ ∑  [         ]                       

 ( ̂           )  

 [   
 ( ̂ )]  ∑ ∑ ∑  [         ]                       

 ( ̂           )  

In which    
 ( ̂           ) and    

 ( ̂           ) are the expected costs based on both the 

estimated current age    ̂ , and the coefficients of variation     and    . Then, the optimal 

decision is equal to    
   ( ̂ )     { [   

 ( ̂ )]  [   
 ( ̂ )] }.  

Note that bias can be assumed to be negligible in situations in which it is possible to perfectly 

observe component condition, for instance by means of inspection (e.g. for the starter motor if the 

cover could be removed to measure corrosion), In this situation, however, component condition is 

not perfectly observable, and since it might be difficult to estimate corrosion factors, they might be 

biased. An exploration of the quantitative effects of such a decision model is beyond the scope of 

this project: when exploring the potential savings of the CBM policy (section 7.3), it is assumed that 

bias is negligible (i.e.    ). 

Multiple relevant wear-out failure modes 

As mentioned in guideline 1 through 6 (section 3.4.1), all relevant failure modes should be modeled. 

For the starter motor, only corrosion was modeled because it is the dominant wear-out failure mode 

and although the mechanical wear-out failure mode is also relevant, too little knowledge is available 

on the degradation behavior to model this failure mode. When sufficient knowledge becomes 

available, the current model can be extended to incorporate both failure modes, using the following 

method. For both models, the age variable and possibly covariate values   should be modeled. Then, 

when both failure modes are independent, the survival probability  (    |  ) is the probability of 

surviving all relevant failure modes   {     }:  (                |           )   (        |     )  

 (        |     ). When failure modes are dependent, they should be aggregated into one failure 

mode. 

Optimal replacement time for minimization of life-cycle costs 

Availability of real-time data changes the decision model not only for finite horizon perspectives but 

also for the life-cycle cost perspective, because the replacement decision can be made based on the 

condition data (instead of time or km’s for the R&M contract data). For a monotonic increasing 

hazard rate, a threshold value can be determined at which the component is replaced preventively. 

This threshold value can be expressed in terms of either the hazard rate  ( ), the survival probability 

 ( ), or age variable  ̂ , because they are related directly through  ( )    ∫  (   )  
 

  

[  ( ̂  ⁄ ) ]
 [   ]

 (see section 4.3.1). The corresponding long-term expected costs are as follows 

(Legát et al., 1996): 

 (  )  
               (    )

   (  )
 

In which  (  ) are the long-term expected costs per year;    is the survival probability at which to 

replace preventively (assuming that when the survival probability drops below   , then the 

component can be replaced immediately); and    (  ) is the average time (in years) until 

replacement, either preventive or corrective: 
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   (  )   ̅(  )     ∫     ( )  
 ̅(  )

 
, in which  ̅(  ) is the average time (in years) to reach 

threshold   . The corrosion age development can only be determined per month; hence, the formula 

needs to be discretized to months:    (  )   ̅(  )     
 

  
 ∑

((   )  )

 
 [ (

   

  
)   (

 

  
)]

 ̅(  )
    

in which  ̅(  ) is the average time (in years) until threshold    is reached, and  ̅(  ) is the 

corresponding number of months. 

So, the aim is to find the threshold value    that minimizes life-cycle costs, which can be achieved 

either graphically or numerically (Legat et al., 1996). In case the hazard rate includes time-

dependent covariates which can also decrease in time, then the hazard rate is not monotonic 

increasing, making it more difficult to establish the optimal threshold value    (or    when the 

threshold is expressed in terms of the hazard rate). An algorithmic solution can be found in Banjevic, 

Jardine, Makis, and Ennis (2001). Further, the threshold hazard rate    should include all relevant 

wear-out failure modes. In case of multiple relevant wear-out failure modes, the threshold value can 

be expressed in terms of the total survival probability      which is a function of all hazard rates. For 

instance, for two failure modes:     (  ( )   ( ))    (  ( ))    (  ( )) 

Comparison with infinite horizon perspective for policy based on R&M contract data 

The developed decision model based on FMS data only pertains to the corrosion failure mode and 

the component might also fail on other failure modes; hence, the life-cycle costs of the corrosion 

failure mode are a lower bound for the total expected TRRM costs for the starter motor. This makes 

it impossible to compare the calculated life-cycle costs of the policy based on FMS data with the life-

cycle costs of the policy based on R&M contract data. 

6.3 CBM model development based on FMS sample data 
As explained in section 2.3.1 (see Figure 4 on page 7), the FMS model based on sample data consists 

of two translation steps. In the first step, R&M parameters are translated in to an estimation of the 

relevant FMS variables, and in the second step, the estimation for the FMS variable is used both to 

predict the failure rate and to determine the optimal replacement time. In the next subsection, the 

general model is discussed (comprising both translation steps). Since some field data is available to 

perform a preliminary analysis on translation step 1, special emphasis is placed on this step (see 

subsection 6.3.2). 

Note that this section focuses on the CBM model development based on a completely random 

sample. Then, to estimate the FMS variable for trucks without FMS, other truck usage data is 

required, resulting in the method of Figure 4. However, DAF also has various customers with a large 

number of trucks that have a similar operation, and then the observations of one truck might be 

generalizable to other trucks of the same customer with the same operation. Therefore, instead of 

using a random sample, it is also possible to install FMS into a selection of trucks per customer, and 

generalize the observations of this selection to the customer’s other trucks without FMS. The value 

of such a generalization depends on both the similarity of operation and on the influence of driver 

behavior on the FMS variable. As an extreme example, if both trucks drive exactly the same route, 

then the observed ‘region of operation’ of one truck should be an accurate estimate for the 

geographical region of operation of the other truck, because the similarity of operation is high and 

the influence of driver behavior is low. Thus, the approach of installing FMS into a selection of trucks 

per customer might also be valuable, and this method can be tested with the new sample of ‘new 
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XF’ trucks with FMS. This sample includes several customers with more than 5 ‘connected’ trucks; 

therefore, it is recommended future research to test for these customers whether the collected 

FMS-data is similar.  This research focuses on the option to install FMS into a random sample of 

trucks. 

6.3.1 CBM decision model: illustration based on failure mode ‘corrosion’ 

As described earlier, the corrosion failure mode of the starter motor is selected to illustrate the 

functioning of the CBM models based on FMS data (both real-time data and sample data). The most 

relevant FMS parameter for this failure mode is the fraction of time the truck operates in each 

region ( ̂     ̂     ̂   ). Other relevant parameters to (partially) observe the weather conditions 

are the temperature in the starter motor environment (approximated by the engine oil 

temperature), and humidity (which can potentially be approximated by an indicator of wiper blade 

activity). In translation step 1, these three parameters would need to be estimated using R&M 

contract data. For instance, the average fractions ( ̂     ̂     ̂   ) can be estimated using R&M 

contract parameters such as Operation Area, Operation Type (local, regional, or long-distance), and 

home service dealer location. It might be possible to ask the customer more precisely about their 

area of operation, or DAF could even ask to update their area of operation. However, it is 

questionable whether such questions are desirable from a privacy point-of-view. The other FMS 

variables that reflect the weather conditions also need to be estimated using R&M contract 

parameters; however, these estimations might be extremely inaccurate, so alternatively the weather 

forecast could be used to approximate the weather conditions. In translation step 2, the estimated 

FMS variables are used to approximate the corrosion development, using the following formula: 

 ̂     ̂  ∑ ∑ ̂     ̂   
 

   

   

    (   )   

 

Since no FMS data is collected for that user, the replacement times can already be determined at the 

start of the contract, just like for the policy based on R&M contract data. Hence, the formula from 

section 5.2.3 can be used to find the optimal number of replacements. And the degradation model 

(which determines the function of survival probability  ( )) is the same as for real-time FMS data: 

for the corrosion failure mode, this is a Weibull failure rate with covariates for the application types 

Construction Goods Carriers en Sea-containers. 

Although the replacement times can already be determined at the start of the contract, these might 

need to be revised when new data becomes available. For instance, failure data from the FMS 

sample is continuously collected and can be used to update the estimation of corrosion factors  ̂   
 , 

and the failure parameters (i.e.   and   for the Weibull function). In addition, a user might indicate a 

change in truck usage (for which the contract needs to be adjusted), so that the fractions  ̂    need 

to be updated. In such cases, the original replacement time needs to be revised.  

6.3.2 Translation step 1: illustration based on failure mode ‘electrical wear-out’ 

In translation step 1, the relevant FMS parameters need to be related to R&M contract data, which 

requires field data on the relevant FMS variables (for a sample of trucks with R&M contracts). 

Currently, a CFV pilot study is being performed in which FMS data is collected from 162 users (both 

continental and UK users), and 98 of these users have an R&M contract. However, for the selected 

failure mode ‘corrosion’, the current FMS data on the region is insufficiently reliable. Therefore, this 

failure mode is not suitable to demonstrate the methodology of ‘translation step 1’ (Figure 4), so 
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instead, the wear-out failure mode ‘electrical wear-out’ is chosen.13 This section describes the model 

and section 7.4  describes the corresponding results. 

Relevant FMS variables for electrical wear-out 

As mentioned in guideline 3 in Appendix J, electrical wear-out is best described by the age variable 

‘work’. Work is related to both the number of starts (which can be measured by the FMS system), 

and the temperature in the direct environment of the starter motor which can be roughly divided 

into cold, normal and warm. 14 Table 23 in Appendix J shows the required work for a start under each 

of these three conditions. Each type of start has a different weighting factor: cold, normal and warm 

starts have respectively factor 8, 2.5, and 1. Since a warm start has a factor of ‘1’, the age variable 

can be interpreted as the ‘equivalent number of warm starts’. 

The type of start can be deducted from the engine oil temperature:15 for instance, when oil 

temperature is low, this means not only that ambient temperature is low, but also that a significant 

time has passed since the last start. Hence, the starter motor performs a cold start. A similar 

reasoning can be applied to normal and warm starts. The aim is to determine the fraction of 

respectively cold, normal and warm starts. 

In conclusion, the relevant FMS parameters are the ‘number of starts’ and ‘engine oil temperature’, 

so in translation step 1 these need to be related to R&M contract parameters. 

Source and structure of datasets 

The required FMS data is obtained from the Customer Field Validation (CFV) pilot, which is stored in 

the Telematics Data Warehouse. The corresponding R&M contract data is collected from two 

sources: the Continental R&M contract data is stored within the Data Warehouse and the UK data 

originates from a contact person from DAF UK, collected via the DAF Multi Support division (located 

in Eindhoven). 

Because the FMS dataset consists of multiple trucks, with numerous observations per truck, the 

dataset has a multi-level structure (Hofmann, 1997). For example, each truck has a large number of 

days for which the number of starts is registered. Therefore, several alternatives exist to describe 

the relation between R&M variables and the relevant FMS variable(s): Hierarchical linear modeling 

(i.e. multi-level regression analysis), data aggregation and data disaggregation. In this case, we are 

interested in predicting differences in (average) FMS variables between trucks (i.e. aggregation) 

instead of differences between observations within a truck (modeled using either hierarchical linear 

modeling or disaggregation). Therefore, the data is aggregated to the truck level (e.g. for each truck, 

the number of starts on each day is aggregated to an average number of starts per day). 

Methodology of analysis 

The most eligible method is a linear regression analysis on each truck type (i.e. XF, LF, CF). In such an 

analysis, the effect of one predictor is controlled for by other predictors that are included into the 

model, to obtain the individual effect of a predictor. Hence, when two predictors are highly 

                                                           
13

 For electrical wear-out, not only sufficient FMS data is available, but also sufficient knowledge (the latter distinguishes 
electrical wear-out from mechanical wear-out) 
14 When temperatures are low (-16 C), then oil is thicker, so the engine needs to deliver more torque, so also the starter motor 
needs to work harder to start the engine (i.e. the start duration is longer and the required electrical power is higher). 
15 Ignition On most accurately describes the moment the engine is started, and triggers a status record including a record of the 

engine oil temperature. 
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correlated, then only one of them is generally significant. Regression analysis is preferred over 

ANOVA, which focuses on testing whether differences exist between groups (e.g. local versus long 

distance operators), but not on the quantitative effect of each predictor. The results are described in 

section 7.4.  
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7. Results 
This chapter describes the results for the starter motor, for the various policies based on respectively 

R&M contract data (section 7.2), real-time FMS data (section 7.3) and FMS sample data (section 7.4). 

The model based on R&M contract data is grounded with field data, which means expected savings 

can be calculated. The savings are defined as the difference between the expected costs of the 

Operate to Failure policy and the expected costs of the optimal policy based on truck usage data 

(either R&M contract data or FMS data). For both models based on FMS data, limited data is 

available, which means the main purpose is to explore the potential savings, and to build intuition on 

the impact of parameters. For all policies, estimation of the replacement costs (both preventive and 

corrective) is crucial, which is the topic of the next section. 

7.1 Estimation of replacement costs 
In order to make preventive replacement decisions, the average costs for both preventive and 

corrective replacements need to be determined. The average preventive replacement costs are the 

sum of the parts costs (including mark-up) and labor costs (using target labor time and average labor 

costs), which are assumed to be equal to the occasion repair costs (  
 
      ). No non-availability 

costs are incurred since preventive replacement can be combined with a planned service stop.  

The average corrective replacements costs are a weighted average of three types of corrective 

replacements: occasion repairs, urgent repairs, and breakdown repairs. The weights are a reflection 

of the probability of each type of failure and are determined as follows. Firstly, it is assumed that all 

occasion repairs are performed at the home service dealer and all unplanned repairs (i.e. either 

urgent or breakdown repairs) are performed elsewhere. This provides a conservative estimate for 

the proportion between occasion and unplanned repairs (because in practice trucks might visit their 

home dealer for an unplanned repair if they are nearby). Secondly, the unplanned repairs can be 

divided into urgent and breakdown repairs by evaluating data from ITS (International Truck Service), 

because generally, drivers call ITS when they require either an urgent or breakdown repair. For each 

type of corrective replacement, the average costs are estimated by evaluating claim data, in which 

breakdown repairs can be distinguished from the other replacements. Subsequently, the non-

availability costs are added, which are respectively €800 and €1550 for urgent and breakdown 

repairs. For occasion repairs, the non-availability costs depend on whether the repair is combined 

with a planned service stop. If the occasion repair is not combined with a service stop (14,5% of the 

cases), then an alternative truck needs to be hired, costing € 250. Hence, the expected non-

availability costs are € 36. Table 2 summarizes the cost estimation for the starter motor (  
  

    ). 

Note that for the starter motor, the component replacement costs excluding availability costs differ 

only slightly from the planned replacement costs, because a failure of this component does not 

entail high consequential damage. And since the difference between corrective and preventive 

replacement costs determines the potential value of preventive replacement, the impact of non-

availability costs is large for this component, as will be discussed in section 7.2.1. 
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Sub-
division 
1 

Sub-
division 
2 

Overall 
Proportion 

Non-
availability 
costs 

Corrective 
costs (excl. 
non-availability 
costs) 

Corrective 
costs (100% 
non-availability 
costs) 

Corrective 
costs (50% 
non-availability 
costs)  

Occasional repairs 33.3% - 33.3% € 36 € 611 € 647 € 629  

Urgent repairs 
66.7% 

16.1% 10.7% € 800 € 611 € 1,411 € 1,011  

Breakdown repairs 83.9% 55.9% € 1,550 € 867 € 2,417 € 1,642  

Total 100.0% 100.0% 100.0% 
Weighted 
average: 

€ 754 € 1,719 € 1,237 

Table 2: Average corrective replacement costs for starter motor 

7.1.1 Non-availability costs 

The abovementioned non-availability costs are estimates for the average costs of non-availability for 

a customer. In practice, these average non-availability costs might differ from a customer’s value of 

availability for two reasons. First, a customer’s non-availability costs might deviate from this 

average, depending on amongst others value reduction of (perishable) goods and fines for late 

delivery (imposed by the shipping agent’s customer). Furthermore, a customer might or might not 

desire to fully cover these non-availability costs into a service contract. Since the value of availability 

for customers is currently not known, the estimated average costs are used as a standard 

throughout this report, and is referred to as ‘100% non-availability costs’. Further, a sensitivity 

analysis is performed to illustrate the impact on the optimal policy and corresponding savings (see 

next section), by also evaluating the policy when including 50% non-availability costs and 0% non-

availability costs. See also Table 2. 

7.2 Results for CBM policy based on R&M contract data 
Using the replacement costs calculated above and the developed CBM policy (see section 5.2), the 

expected TRRM costs are computed for both the preventive replacement policy and the Operate to 

Failure policy. The expected savings are defined as the cost difference between both policies. The 

expected costs and savings are computed by running a Monte Carlo simulation for the failure times 

for each contract (       iterations per experiment).16 Appendix I demonstrates the derivation of 

the random generator for the Monte Carlo simulation. This section describes the results of the 

experiments. 

7.2.1 Average expected costs and cost savings over entire set of contracts 

In this section, the average expected costs and cost savings over the entire set of contracts are 

computed since these give an indication of the overall expected costs and potential savings. 

Furthermore, the impact of both the contract duration and the value of truck availability is 

investigated by means of a sensitivity analysis. 

Experiments 

The average expected cost savings are defined as the average savings over all current R&M contracts 

for XF105 trucks (FA, FT, FTG) that end in 2014 or later. For these 7,805 contracts, it is assumed that 

the contract is just agreed upon, and the truck is just put into use. Figure 12 shows the expected 

TRRM costs of the OTF-policy and the optimal policy, for three estimations of the corrective 

replacement costs, taking into account respectively 0%, 50% and 100% of non-availability costs (see 

also section 7.1). The contract duration is varied from       to     (i.e. assuming a fixed 

                                                           
16

 30,000 iterations result in an average estimation error of approximately € 20 for a contract duration of 8 years. For 
smaller contract duration, the estimation accuracy is considerably higher. 
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contract duration for the entire contract set). Note that the average contract duration is 

approximately 5 years, and the majority of contract durations range between 4 and 6 years. 

However, also smaller values are important to evaluate, not only for users with short term contracts, 

but also for users with longer lasting contracts: when a component fails, the preventive maintenance 

decisions needs to be re-evaluated for the remaining horizon. 

Results 

In this figure, the expected additional TRRM costs of including non-availability costs into the service 

contract are reflected by the cost difference between the various scenarios. For instance, if an 

average service contract would have a duration of 6 years, the cost difference between including 0% 

and 100% non-availability costs is approximately € 550 (i.e. 55%). These additional TRRM costs 

should be reflected in the fixed service fee of the service contract. Further, the attainable cost 

savings are equal to the cost difference between both policies, and since in Figure 12 these 

differences are not clearly visible for all scenarios, they are depicted in Figure 13, as a percentage of 

TRRM costs (of the Operate to Failure policy). 

 
Figure 12: Expected average costs of OTF-policy and optimal policy, for various corrective replacement costs 

Figure 13 illustrates the exponential impact of the contract horizon on the savings: for small 

horizons, preventive replacement is not effective at all. However, when the horizon increases, 

preventive replacement becomes interesting for more and more trucks, starting with the trucks with 

the heaviest application. Further, when the horizon increases, the savings per contract also increase. 

In addition, this figure illustrates the enormous impact of taking into account non-availability costs: 

when 100% non-availability costs are included, the costs savings are more than 10 times larger than 

when only 50% is included. Further, when no non-availability costs are taken into account at all, 

savings are nil: preventive replacement is not even beneficial for the heaviest users with a contract 

duration of 8 years. 
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Figure 13: Expected cost savings of preventive replacement policy, for various corrective replacement costs 

Whereas Figure 13 demonstrates the total expected savings for the current contract set, it is also 

interesting to investigate the fraction of contracts for which preventive replacement would be 

effective. This is shown in Figure 14. In accordance with Figure 13, preventive replacement is not 

effective for any truck if the horizon is smaller than 3 years. However, when the contract duration H 

increases, more and more contracts become eligible for preventive replacement, especially when 

100% of non-availability costs are included. 

 
Figure 14: Fraction of contracts for which preventive replacement would be effective 

7.2.2 Expected savings on user level 

Although the previous section shows the average expected savings, it does not give any information 

on the differences between users. To this end, Figure 15 shows the expected savings for some 

extreme user types (as defined in Table 18 in Appendix H). Note that this figure also shows the 

‘negative savings’, to illustrate possible additional costs of performing one preventive replacement 

(compared to no preventive replacements). Whereas for light users preventive replacement is not 

even effective for contracts of 8 years, for heavy users preventive replacement is already effective 

for contracts of 3.0 years. Moreover, for contract durations exceeding 5.0 years, two replacements 

are already more cost-effective than one replacement, and exceeding 7.5 years, even three 

replacements would be optimal.  
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Further, note the significant differences in attainable cost savings. Whereas Figure 13 (section 7.2.1) 

displays the average expected cost savings over the entire contract set, savings are substantially 

higher for heavy users: for instance, for the heavy user from Figure 15 with an assumed contract 

duration of 6 years, expected savings would be 13% (compared to the average of 1.5%). 

 
Figure 15: Expected savings for different user types 

7.2.3 Impact of covariate values on expected savings per user 

The differences between the user types above are explained by their different covariates (i.e. R&M 

contract parameters. This section discusses the impact of each covariate on the potential savings, 

and the next subsection provides possible explanations for these results.  

To investigate the effect of each covariate, the other variables need to remain constant. Therefore, 

as a reference point, a user is chosen with value 0 for all dummy covariates, and           

       . Figure 16 shows the impact of assigning respectively value 1 to one of the dummy 

variables or an additional 20,000 to the mileage variable. For the reference user, the turning point 

(i.e. the point at which the OTF policy and preventive replacement policy yield similar cost savings) is 

reached at    5 years. Almost the same results are shown for trucks with body type FA (causing 

the line to be hardly visible) which confirms the small regression coefficient    . For applications 

Construction Goods Carrier and Sea-Container, potential savings are considerably higher. Further, 

note that for the user operating in East-Europe, the starter motor does not even need to be replaced 

preventively in case of an horizon of 8 years. 

  
Figure 16: Impact of covariate values on expected savings 
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Examination of the effect of ‘CtMileage, ‘OperationType’ and ‘ADRWith’ are somewhat more 

complicated, due to the various time-dependent effects and interactions. Therefore, two types of 

comparisons are made: first, the comparison above in which the reference user has value 0 for all 

dummy variables; secondly, the comparison in which the reference user has both               

  and           (and still                  ). 

In the first comparison (Figure 16 above), compared to the reference user, changing the 

OperationType has a negligible effect on the savings. This is explained by the fact that 

OperationType only has a significant effect on the hazard rate after 3 years and then the remaining 

horizon is already relatively small which makes preventive replacement less interesting. In contrast, 

for the user with ADR, the attainable savings of preventive replacement are significantly lower: no 

preventive replacement is required unless the horizon is at least 8 years. For mileage, an additional 

100,000 km/year results in similar potential savings as for application types Construction Goods 

Carriers and Sea-Containers. 

Figure 17 illustrates the completely different effects when users both operate locally/regionally and 

have ADR specification (i.e. reference user 2, with                                       

       ): preventive replacement is not desirable because failure risk is negligible (see also 

subsection ‘Hazard ratio analysis’ in Appendix H). Further, mileage has a remarkable impact: when 

trucks operate both locally/regionally and have ADR specification, then higher mileage implies 

smaller risk of failure. In fact, when mileage is only 50,000 then the failure rate is so high that 

expected savings of preventive are similar to the savings of reference user 1 (i.e. long distance, no 

ADR, and a mileage of 200,000). 

 
Figure 17: Interaction effect of OperationType, ADRWith and CtMileage (note: reference user 2 has OperationType=1; ADRWith=1; and 
CtMileage=125,000) 

7.2.3.1 Possible explanations for impact of covariates 

This section discusses possible explanations for the results above. These possible explanations are 

provided by experts, and are partially validated using the CFV pilot (although the small sample size 

thwarts drawing any reliable conclusions: see also Appendix P). 

The amplifying effect of mileage can be explained by several reasons. Firstly, high mileage is an 

indication of intensive truck use, which means it is also exposed more to ambient conditions such as 

salty roads (which accelerates corrosion). Secondly, for XF trucks, mileage is positively related to the 

number of starts, as was analyzed with data from the CFV pilot. The finding that the effect of 
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mileage is largest in the first two years of operation cannot be explained theoretically. Warranty 

contracts generally have a duration of 2 years, so it is possible that the relation between mileage and 

failure rate is stronger for warranty contracts than for the (longer lasting) R&M contracts. To verify 

this, the modeling procedure should be repeated with a dataset comprising only R&M contracts. 

The mitigating effect of ADR specification might be explained by the better electrical installation: for 

ADR trucks the current is switched off during idleness, which retards the corrosion process. When 

ADR trucks operate locally or regionally, the effect is dependent on the mileage: higher mileage 

implies that the start system is kept in a warm environment (because of the engine heat), which 

dries the start system and could retard the corrosion process. In general, however, (i.e. for trucks 

that do not have the combination of local operation and ADR specification), mileage has an 

amplifying effect on the hazard rate. This can be explained by the positive relation between mileage 

and the number of starts. Further investigation is required to confirm these possible explanations. 

The amplifying effect of construction goods carriers can probably be explained by the amount of 

exposure to dirt and water exposure17, which accelerates both corrosion and degradation of 

mechanical components and possibly also water ingress. For sea-containers, exposure to humidity 

also accelerates degradation, as well as the salty environment (which is particularly related to 

corrosion). Alternatively, these two application types might be positively related to the number of 

engine starts, which accelerates degradation. The CFV pilot contains some users that are expected to 

carry construction goods, which appears to have a non-significant negative correlation with the 

number of starts (on average 1 start fewer per day). However, when including more variables into 

the multiple regression analysis, the effect of application ‘construction goods carriers’ is controlled 

for by body type (rigid (i.a. FA) vs. tractor (i.a. FT)) and having a rigid body type appears to have a 

significant negative effect. After controlling for body type, the effect of application type 

‘construction goods carrier’ becomes positive, but still non-significant (which might be explained by 

the small sample size). 

The mitigating effect of Operation Area Eastern Europe (OpAreaEastEU) can mainly be explained by 

data inaccuracy: until recently, the claims for Eastern European countries have not been collected by 

the central data warehouse. This means that many of these users have been incorrectly identified as 

‘suspension’ (i.e. not failed until end of measurement) and therefore, the effect of OperationArea is 

unreliable. Further, several Eastern European users have as operation area West Europe, which also 

increases the number of suspensions for this area. Therefore, the empirically established failure rate 

for these West-European users should be interpreted as a lower bound for the real failure rate. See 

also section 7.2.10. 

Operating locally/regionally (instead of long distance) has a mitigating effect on the hazard rate, but 

only after year three. Currently, no explanation can be given so further research is required to 

investigate this result. 

Although no significant effect was found for the number of daily drops18, no conclusions can be 

drawn from this result. Due to the homogeneity of usage for trucks within the selected truck type 

(XF105), only 15 out of 16,027 observations have more than 6 drops per day (the others have max. 
                                                           
17

 Construction goods carriers might be exposed to higher amounts of water if they are cleaned more often than other 

trucks. However, this could not be verified. 
18

 The number of daily drops is the number of times per day a truck stops to either load or unload goods. 
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6). Further, the sample of XF trucks in the CFV pilot does not even contain any users with more than 

6 drops per day. However, when analyzing all truck types within the CFV pilot, the number of daily 

drops is a significant predictor of the number of daily starts. However, this does not necessarily 

imply that the number of drops might also be a significant predictor within the XF series. More 

observations are required to draw any valid conclusions. 

7.2.4 Reliability of truck usage information 

The above described results are obtained under the assumption that the R&M contract data is 

correct. However, as aforementioned (see section 2.3.1), truck usage occasionally deviates from the 

usage indicated in the R&M contract data. Then, replacement decisions are made based on the R&M 

contract data whereas real usage is different, possibly leading to suboptimal decisions and a 

mismatch between contract value and service contract fee. This section discusses the impact of 

information reliability of Application Type and mileage on the expected costs and savings. 

Reliability of Application Type 

The (small) CFV pilot revealed that 14% of application types are (in general) heavier than indicated, 

and an additional 11% is possibly used as construction goods carrier (CGC) instead of the indicated 

application general haulage (CGC is a significantly heavier application type in terms of the starter 

motor, but not in terms of general TRRM costs) . Note that an application type which is heavier in 

general does not necessarily imply a larger hazard rate for the component under consideration (i.e. 

starter motor). For example, application type ‘garbage collection’ is in general heavier than ‘general 

haulage’, but only construction goods carriers and sea-containers have been proven to have larger 

hazard rates for the starter motor. Although the CFV sample might not be representative, it indicates 

that information is not completely reliable. Therefore, a sensitivity analysis is performed to 

investigate the impact of unreliable information on both expected costs and expected savings. 

Figure 18 shows the expected additional costs for several degrees of unreliability, averaged over all 

7,805 current contracts (see also section 7.2.1): the percentage ‘unreliability’ pertains to the 

hypothetical percentage of current users who did not state that they have application type 

construction goods carrier or sea-container, but in reality are ‘construction goods carriers’ (e.g. 

100% unreliability would mean that 7,741 out of 7,805 contracts are incorrect, because the other 64 

already stated to be either construction goods carriers or sea-containers). 

These additional costs have two reasons: firstly, a heavier application always implies higher expected 

TRRM costs, even if the optimal replacement policy is chosen. However, when R&M contract data is 

unreliable, the chosen replacement policy might not be optimal because for the ‘real’ (i.e. heavier) 

truck usage, it might be cost-effective to perform more preventive replacements. That is the second 

reason for additional costs due to information unreliability, and can be interpreted as ‘uncaptured 

savings’, because these costs could be saved if the R&M contract data would be correct. Therefore, 

assuming that in practice, truck usage might only be heavier than indicated (never lighter), then the 

expected savings based on the (lighter) R&M data constitute a lower bound for the real expected 

savings: when the chosen number of preventive replacements is still optimal for the ‘real’ truck 

usage, then all attainable savings are captured; however, when the heavier truck usage implies an 
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increase in the optimal number of preventive replacements, then some of the attainable savings are 

uncaptured.19  

 
Figure 18: Average expected additional replacement costs for several degrees of unreliability 

It is interesting to examine the impact of the information reliability on the uncaptured savings as 

fraction of the average current optimal costs (i.e. averaged over the current contract set), which is 

demonstrated by Figure 19. The wavy behavior of the figure (as a function of contract duration) can 

be explained as follows: for the majority of construction goods carriers, it becomes interesting to 

replace preventively when contract duration is 4 to 6 years. Thus, significant savings could be 

obtained by replacing preventively. However, based on the possibly unreliable contract information, 

it would be optimal not to replace the starter motor for the majority of contracts (see Figure 14 for 

the percentage of contracts as function of contract duration). Therefore, the uncaptured savings are 

large when contract duration is between 4 and 6 years. For a contract duration of 7 years, the 

uncaptured savings are substantially smaller because then the optimal policy is often identical for 

both the ‘real’ truck usage and the indicated truck usage. At an horizon of 8 years, it becomes 

interesting to perform two preventive replacements for a number of construction goods carriers, 

which causes another rise in uncaptured savings. 

Since for the majority of the contracts the contract duration ranges between 4 and 6 years, the 

uncaptured savings are enormous: in case of 10% unreliability, the uncaptured savings for a contract 

of 5.5 years (1.4%) are even twice as large as the currently captured savings (depicted in Figure 13). 

This is because most cost savings can be attained for the users with application type Construction 

Goods Carrier and Sea-container, and if their service contract indicates a different application type, 

then it might be decided not to replace preventively, resulting in uncaptured savings. 

                                                           
19

 Note that when real truck usage is lighter than indicated, then the ‘uncaptured savings’ would become negative if the 
real optimal number of replacements (based on real usage) is lower than the optimal number of replacements based on 
the indicated R&M data. In addition, real TRRM costs would be lower than expected. 
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Figure 19: Uncaptured savings as fraction of expected optimal costs, for several degrees of unreliability 

Reliability of mileage 

Not only the real Application Type or Operation Area occasionally differs from indicated, also 

mileage frequently deviates: on average, mileage is 13% lower than indicated (with a standard 

deviation of 24%). This deviation can have various reasons (as discussed in section 2.3.1). For all 

R&M contracts, DAF periodically checks the real mileage and if necessary changes the contract. DAF 

can also use the updated ‘average yearly mileage’ as input for the CBM decision tool (see section 

7.2.8), to update the maintenance policy and corresponding expected costs and savings. Therefore, 

deviations in mileage need not result in suboptimal replacement decisions. 

Conclusion on impact of information (un)reliability 

In conclusion, although the degree of (un)reliability is not known, this analysis illustrates its potential 

impact on additional costs and uncaptured savings. Note that this analysis is based only on the 

(un)reliability of the parameters application type and mileage. Some other R&M parameters are also 

hypothesized to be unreliable (e.g. operation area), for which a similar analysis can be performed as 

for application type. The amount of additional costs and uncaptured savings depend on the impact 

of the parameter on the hazard rate, and depend on whether ‘real’ truck usage is heavier or lighter 

than indicated in the R&M contract. 

7.2.5 Optimal replacement interval based on life-cycle costs 

The results in previous sections are based on minimization of costs within the finite contract 

duration (i.e. finite horizon approach). If DAF would aim to minimize the life-cycle costs, the optimal 

replacement interval would deviate substantially from the intervals based on the finite-horizon 

approach. In this section, these differences are illustrated by comparing both approaches for a 

‘heavy’ user, a ‘light’ user, and the average of all users. For both approaches, it is assumed that DAF 

has two opportunities per year to perform preventive replacements. For the cost model of the life-

cycle approach, see section 5.2.5. 

Heavy user: within the current contract set, the smallest optimal replacement interval is   years and 

the corresponding costs are € 537 per year. These costs are higher than the finite horizon costs for 

    years with one replacement at the end of the second year (€ 410 per year), which can be 

explained as follows: from a finite horizon perspective, no replacement is required at the end of the 

horizon because the truck’s residual value is not taken into account. But from a life-cycle 
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perspective, the component is replaced every 2 year. For the light and average user, a similar 

reasoning can be applied. 

Light user: the largest replacement interval within the current contract set is    years, with expected 

yearly costs of € 56. Average user: the average of all replacement intervals within the current 

contract set is 5.1 years, and the average yearly costs are € 242. 

Such a life-cycle approach could imply that replacement is recommended just before the end of the 

contract, which would be sub-optimal from a finite-horizon perspective. Therefore, when aiming to 

minimize the TRRM costs within the contract duration, the finite horizon decision model from 

sections 5.2.2 through 5.2.4 should be used. 

7.2.6 Contract valuation 

The cost savings pertain to the expected cost difference between the preventive replacement policy 

and OTF policy when the contract is already agreed upon, which is useful to select the most cost-

effective maintenance policy. However, also the absolute expected costs of both policies can be 

calculated using the decision tool (see section 7.2.8), which can support establishment of the 

contract value. Further, the attainable savings can be interpreted as additional room for negotiation 

when discussing the contract with the customer. 

In addition, it is possible to determine the additional TRRM costs of including the value of 

availability, since this is the difference between the optimal costs when including the value of 

availability and the optimal costs when excluding the value of availability. This might be useful to 

compare the contract value of various alternatives for the value of truck availability. 

7.2.7 Considerations after corrective replacement 

After a component has failed, the initial replacement decision needs to be re-evaluated for the 

remaining contract duration. As an example, consider the reference user in Figure 16, with contract 

duration    . Since expected savings are positive, the optimal decision is to replace preventively 

at 
 

 
   years. Now suppose that the component fails at the end of year 2. Then, the replacement 

decisions needs to be re-evaluated. For the remaining contract duration of     years, the 

expected savings of preventive replacement are negative, indicating that it is most cost-effective not 

to replace preventively anymore. Such an analysis can be made for each contract, which is 

supported by the decision tool developed for DAF (see section 7.2.8). 

In general, after a corrective replacement, the expected savings for the remaining contract duration 

are smaller than for the initial contract duration. To increase the attainable savings for this 

component, it would be beneficial to extend the contract duration after a component has failed. 

Therefore, an extended contract might be offered to the customer so that DAF covers the costs for 

that component over a longer time period. Although such a contract extension may not be attractive 

when only one component has failed (due to amongst others the required negotiation efforts), it 

might be attractive when multiple components fail simultaneously (caused by high consequential 

damage). 

7.2.8 CBM decision tool 

Because all abovementioned results are based on the current dataset, they give a reasonable 

indication of the potential savings; however, they do not support operational CBM decision making 
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for new contracts. Furthermore, when parameter values change, the results need to be updated. For 

these reasons, a decision tool is developed which can be used to determine for new contracts the 

optimal number of preventive replacements and corresponding expected costs and savings. In 

addition, parameter values can be adjusted to new failure data. Figure 20 shows screenshots of the 

decision tool. 

The user of the decision tool can determine the precision by specifying the maximum error   of the 

expected costs for preventive and corrective replacements, and the confidence (   ) that this 

maximum error is not exceeded. The number of iterations   should satisfy the following constraint 

(Law & Kelton, 2000):      ⁄  √  ( )  ⁄     

Assuming that based on a minimum sample of      , the estimated variance   ( ) will not change 

significantly as the number of iterations further increases, then the required number of iterations 

can be approximated by     (   )  (
     ⁄

 
)
 

. 

 

 
Figure 20: Screenshots of CBM Decision tool in Excel (above is the ‘Dashboard’-sheet, below is part of the 
‘ContractsTable’-sheet) 
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7.2.9 Seasonal effects 

In the developed decision, the survival probability  ( ) is assumed to be independent of the season 

of operation. However, it might be desirable to take into account any seasonal effects into the 

decision making process. This section discusses the seasonal effect on the hazard rate and its impact 

on replacement decision making. 

Figure 21 illustrates the seasonal effect of observed starter motor failures. In this figure, all failures 

are first categorized into the year in which they failed (i.e. ‘1st year failures, 2nd year failures etc.). 

Subsequently, for each category the number of failures per month is determined. The resulting 

figure shows that during the winter (especially January and February), the failure rate is significantly 

higher.  This can be explained theoretically, because corrosion develops fastest in the winter (see 

section 6.2.1), and also electrical wear-out increases as a result of cold starts (see section 6.3.2). This 

seasonal effect has implications for the optimal replacement time: due to uncertainty with regards 

to the planning of service stops (i.e. they are not performed exactly each six month), the optimal 

replacement time might fall between two service stops. Then, it is advised to replace the starter 

motor prior to the winter. 

 
Figure 21: Seasonal effect of observed starter motor failures 

7.2.10 Conclusion and discussion of results 

This chapter illustrates both the substantial potential cost savings through preventive maintenance, 

and the need to align replacement policies with the usage profile, because for some users the 

potential savings are substantial, whereas for other users no savings seem to be attainable at all. 

Further, the results demonstrate the enormous impact of the value of truck availability: preventive 

replacement is only interesting when taking into account the value of availability, and the more 

value a user attaches to availability, the more attractive preventive replacement becomes. 

Furthermore, contract duration also has a major impact on potential savings: the longer the 

contract, the more savings are attainable. 

The obtained results are even a lower bound for the potential savings, due to two types of data 

inaccuracy. Firstly, the dataset used for model development appeared to contain trucks for which 

not the full claim history is available: some trucks do not have a contract from the start of operation, 

implying that no failure data is available for the first period of operation. Furthermore, for some 

countries DAF does not have the full claim history. These countries constitute 6.7% of the entire 

dataset, and 50% of the subset with Operation Area Eastern Europe. This  explains the low failure 

rate of East-European countries, and makes this covariate unreliable. Further, since the subset of 

Operation Area West-Europe also includes 6.4% trucks that contain only part of claim history, the 

found results can be interpreted as a lower bound for the identifiable relations and attainable 
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savings. In the future, it is recommended to only include contracts for which full failure history is 

available. This could be checked by examining whether an R&M claim has been received within the 

first 1.5 years, because a client with service contract should have had a regular service stop within 

this period. The second type of data inaccuracy is caused by the time range of the dataset: the 

model is grounded on failure data on Euro 5 trucks, ranging from 2006 until March 2013. After 2006, 

the starter motor has been redesigned to resolve some wear-in failures, which means these failure 

modes are no longer relevant. 

 The current analysis takes into account all failures, which can slightly affect the parameter 

estimations. In the future, R&M claim data could be linked to the revision workshop database (which 

has failure data on failure mode level for the first two years). Trucks that have failed on completely 

resolved failure modes should be excluded from the analysis. 

Note that in this model for starter motor failures, the Weibull baseline hazard rate was fitted and 

validated. If for other components, the Weibull baseline hazard rate does not fit the failure data, 

then alternative baseline hazard rates should be investigated. In literature, more advanced methods 

can be found to fit a smooth baseline hazard function to the failure data (see e.g. Royston (2011)). 

Alternatively, the Kaplan-Meyer approach can be used, but its hazard function is not smooth, which 

is less convenient for analysis. 

7.3 Results for CBM policy based on real-time FMS data 
This section describes the results for the CBM policy based on real-time FMS data, for which the 

decision model presented in section 6.2. The initial parameter settings are summarized in Table 3. 

Since the parameter estimations are based on limited failure data and on expert knowledge, a 

sensitivity analysis on these parameters is crucial, and helps to build intuition on the impact of the 

various parameters on the results.  

The motivation for the initial estimates of both the model degradation parameters and the model 

accuracy parameters can be found in respectively section 6.2.2 and Appendix M. Further, the usage 

parameters can differ widely between users. The chosen settings are reasonably representative for 

an average user, and are suitable to demonstrate the impact of the replacement decision model. 

Section 7.3.1 graphically illustrates the replacement policy and its cost impact. Subsequently, section 

7.3.2 and 7.3.3 discuss the impact of changes in respectively degradation model parameters and 

usage parameters. Then, section 7.3.4 provides a comparison with the expected life-cycle costs, and 

section 7.3.5 presents a decision tool for both the finite horizon approach (i.e. focusing on costs 

within contract duration) and the life-cycle approach. In the final section, the results are discussed. 
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 Degradation model parameters Definition Initial estimate 
  Weibull shape parameter 3 

  Weibull scale parameter 74.4 

(        ) Yearly average corrosion factors (           ) 

(        ) Parameters reflecting seasonal impact of 
corrosion factors 

(            ) 

     Covariate regression coefficient for 
application type CGC 

  ( ) 

    Covariate regression coefficient for 
application type SC 

  ( ) 

  Estimation bias (    means no bias) 1 

    Coefficient of variation for the unobserved 
corrosion factor (per region) 

1.5 

    Coefficient of variation for the observed 
corrosion factor (per region) 

0 

Model accuracy parameters Definition Initial estimate 
  Number of regions 3 

 ( ) 
Number of categories in which to divide the 

normal distribution 
6 

 ( ) 

Number of categories in which to divide the 
possible range of age variables       

{         } 
100 

Usage parameters Definition Initial estimate 
  Contract duration (years) 6 

      Corrective replacement costs (€) 1719 (100% non-availability 
costs) 

      Preventive replacement costs 611 

( ̂     ̂     ̂   ) 
Expected fraction of time that a truck is 

operating in each of the regions, in month   
(
 

 
 
 

 
  )    {         

 } 

     Dummy variable for application type CGC 0 

    Dummy variable for application type SC 0 

Hemisphere Truck operating on northern versus Southern 
hemisphere 

Northern 

Start month of contract - 1 (January) 

Table 3: Initial parameter settings for exploration of potential savings 

7.3.1 Illustration of the replacement policy and impact on expected costs 

The functioning of the replacement policy and the impact of preventive replacements on the 

expected costs and potential savings can be illustrated by plotting for various periods the expected 

costs and savings as a function of the estimated age  ̂ . These plots are depicted in Figure 22 for the 

costs from the beginning of respectively period 2, period 7 and period 11 until the end of the 

contract duration (   , so 12 periods)). In period 11, which is almost the end of the contract 

duration, immediate replacement is advised when the age  ̂     . So, from this age, the optimal 

costs do not increase any further as function of  ̂  . However, the OTF-costs will increase further 

because the larger the ‘age’, the higher the risk of failure. Therefore, from the threshold  ̂     , 

both costs start to deviate, which means that savings can be attained. A few periods earlier, in 

period 7 the threshold age for immediate replacement is  ̂    , as shown by the blue marker. 

However, the expected optimal costs already deviate significantly from the OTF-costs from  ̂     

because from that age, there is a reasonable chance that in one of the remaining periods, preventive 

replacement is desired (e.g. in period 11). For components that are as good-as-new in period 7, 

preventive replacement is probably not interesting anymore; hence, for these components the 

savings are nil. In period 2, the truck still has a large remaining horizon; therefore, savings are 

expected even if the component is still as good as new (i.e. if  ̂   ). The optimal costs remain 
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increasing as function of age, which means that the component will not be replaced immediately at 

the beginning of period 2. Note that in period 2, the range of possible ages is relatively small because 

the component only has been in operation for one period, and every period the age can increase 

further. Therefore, the x-axes of the three figures have different ranges. 

In conclusion, the replacement decision and the expected optimal costs are highly dependent on 

both the component’s age and the remaining number of periods. The sensitivity analyses in the 

following sections assume a user at the start of the contract, with an as-good-as-new component 

and a contract duration of 6 years. 

   

 
Figure 22: Expected costs and savings as a function of age, for respectively period 2, 7, and 11 (with    ) 

7.3.2 Sensitivity analysis on model parameters 

This section discusses the impact of changes in model parameters, compared to the initial parameter 

settings (see Table 3). 

7.3.2.1 Impact of failure parameters 

The Weibull estimates for shape parameter     and scale parameter        are based on 

limited statistical data and expert knowledge (see section 6.2.2); therefore, a sensitivity analysis on 

these parameters is imperative. The results are shown in Figure 23 and illustrate several effects. 

Firstly,  expected optimal costs are decreasing in scale parameter  . This parameter can be 

interpreted as the age at which 62.3% of starter motors has failed. Hence, the larger  , the longer 

the average lifetime of the starter motor, resulting not only in lower expected TRRM costs, but also 

in lower potential savings of the preventive replacement policy. As discussed in section 6.2.2, the 

estimation procedure resulted in a lower bound       , which means the potential savings should 
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be interpreted as an upper bound for the potential savings. Furthermore, recently, the starter motor 

has been redesigned to reduce the vulnerability to corrosion, and further improvements are 

currently in development. Therefore,   is expected to be larger than currently estimated, and Figure 

23 shows the potential effects. 

Secondly, the expected costs are decreasing in   and the potential savings are increasing in  , which 

is explained as follows: the   determines the extent to which failure times are concentrated around 

their mean, i.e. large   implies highly concentrated failure times. In other words, the   is a measure 

of the ‘certainty’ of failure times. And in the extreme case, if age development and even failure time 

are deterministic (i.e.   is  very large), then the preventive replacement time could be set just before 

it would fail, resulting in low costs. When   decreases, uncertainty of the failure time increases, 

which means it becomes more difficult to determine the optimal replacement time: in some 

scenarios, replacement would be too early (if age development would have been lower than 

expected) and in some cases replacement would be too late (if after a decision to wait, the 

component fails). In other words, when   decreases, then the expected costs would increase and 

the potential savings would decrease. Obviously, for increasing  , the reverse relationship applies. 

Since the impact of both   and   are substantial, it is important to estimate these values correctly 

which requires sufficient and accurate failure data on failure mode level.  

 
Figure 23: Expected optimal costs (left) and potential savings (right) for various   and  -values (the markers show the 
initial estimate of either the   or the  ) 

7.3.2.2 Impact of differences in corrosion factors between regions 

The initial parameter settings (        )  (           ) reflect the relative impact of each region on 

the corrosion. And the more this relative impact differs between regions, the more the preventive 

replacement policy needs to be differentiated between users (depending on their estimated 

fractions ( ̂     ̂     ̂   )); hence, it would also become more important to measure the region of 

operation, which means the potential value of FMS data would increase. 

7.3.2.3 Impact of structural bias and uncertainty of corrosion factors     
 ,     

  

Since in this report, structural bias is assumed to be negligible, only the variability of both 

unobserved corrosion factor     
  and     

  can cause respectively the expected corrosion factors 

 ̂   
  and  ̂   

  to deviate from the real corrosion factors. This section discusses the impact of the 

variability on the expected costs and savings. 
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As demonstrated by Figure 24, the variability of unobserved corrosion factor (        versus 

     ) has relatively little impact on the expected OTF-costs, optimal costs and corresponding 

savings. This is the effect of ‘pooling’ multiple months into a period of 6 months: each month has a 

       , but for the entire period the coefficient of variation is considerably smaller. Further 

investigation of these minor differences can be found in Appendix N. 

 
Figure 24: Impact of         versus       on the expected OTF costs, optimal costs and savings (as function of 
contract duration  ) 

The variability of observed corrosion factor     
  can cause the estimated current age  ̂  to deviate 

from real age   . However, over a significant number of observations (i.e. months), variability of  ̂  

becomes small, which is explained by the denominator of the formula for the standard deviation 

(see Appendix L):    ̂ 
     √  

 ̂   

√  (   )
. Therefore, the expected cost differences between 

      and       are minor, especially for large contract duration (see Table 4). And since the 

setting       can substantially increase computation time, this setting is used as default 

throughout this chapter. 

Contract 
duration   

0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6 

   ̂ 
   

 (%) 0 0.3 0.2 0.3 0.2 0.2 0.1 -0.1 -0.2 -0.1 -0.1 0.0 

   ̂ 
    (%) 0 0.3 0.2 0.3 0.2 0.2 0.1 0.1 0 0 0 0.0 

Expected 
 savings (%) 

0 0 0 0 0 0 12.1 4.2 1.4 0.6 0.1 0.1 

Expected savings 
(€) for       

0 0 0 0 0 0 1.8 37 122 201 272 317 

Expected savings 
(€) for        

0 0 0 0 0 0 2.1 39 124 202 272 317 

Table 4: Differences in cost estimations: (costs for       minus costs for      ) 

7.3.3 Sensitivity analysis on usage parameters 

This section discusses the impact of changes in usage parameters, compared to the initial parameter 

settings (see Table 3). 

7.3.3.1 Impact of contract duration   and non-availability costs 

The service contract duration generally varies between 0 and 8 years (2 years would correspond with 

a warranty contract); therefore, it is important to investigate the impact of the contract duration on 
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the costs. Further, each customer valuates availability differently; therefore, it is also important to 

investigate the impact of the value of availability.  

Figure 25 provides an overview of the impact of both parameters on the expected optimal costs and 

OTF costs. The potential savings are the difference between both costs. For 100% non-availability 

costs, savings seem attainable for contract durations larger than 4 years, which is interesting 

because for the majority of contracts, the duration ranges between 4 and 6 years. For 50% non-

availability costs, savings can be attained for contract durations larger than 5 years, and for 0% non-

availability no savings seem to be attainable (hence, these results are omitted from Figure 25). 

Naturally, the attainable savings are always higher when a higher percentage non-availability cost is 

included, because the larger the corrective replacement costs, the more interesting preventive 

replacement becomes. Further, the expected costs of both the optimal policy and the OTF policy are 

increasing in the value of truck availability. 

 

Figure 25: Expected costs for both the optimal policy and OTF policy, for various non-availability costs  

7.3.3.2 Impact of time spent in each region ( ̂     ̂     ̂   ) 

To get an impression of the overall cost savings for the entire set of service contracts, it would be 

necessary to have information on the operating regions of each truck. Since the FMS data is not 

collected yet, it is impossible to accurately estimate the fractions ( ̂
   

  ̂
   

  ̂
   

) for the current 

customers. Therefore, a sensitivity analysis is performed to explore for each type of customer the 

attainable savings.  

Figure 26 shows the results, in which the purple marker corresponds with the initial parameter 

settings ( ̂     ̂     ̂   )  (
 

 
 
 

 
  ). Fraction  ̂    is put on the x-axis, and each line corresponds with a 

different  ̂    (note that  ̂       ̂     ̂   ). The figure demonstrates the substantial impact of the 

region of operation on both the expected costs and the potential savings. For trucks that mainly 

operate in dry climates, costs on corrosion failures are low, and no significant savings can be 

attained from replacing preventively. And when the fractions in wet and average climates increase, 

then not only the expected costs increase but also the potential savings increase, up to enormous 
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amounts: for instance for a user operating only in wet regions, cost savings up to 20% can be 

attained. 

 
Figure 26: Expected optimal costs (left) and potential savings (right) for various fractions  ( ̂     ̂     ̂   ) 

Impact of time-dependent fractions ( ̂
   

  ̂
   

  ̂
   

) 

In the entire sensitivity analysis it is assumed that fractions are constant over the contract duration, 

whereas in practice these might vary over time. In the decision tool (see section 7.3.5), the 

estimated ( ̂     ̂     ̂   ) can be filled out differently for each month. This is important, because 

although variations between months have a minor impact on the expected costs and savings (as long 

as the average fraction remains the same; see Appendix O), they have a substantial impact on the 

optimal replacement time: users who spend the first part of the contract mainly in wet climates, will 

require earlier replacement than users who spend the first part of the contract mainly in dry 

climates. Further, it is possible that within each year, a user spends one semester in a wet region and 

one semester in a dry region. This would cause a different expected corrosion factor between both 

semester, which is also the case if the start month of the contract is in the middle between summer 

and winter (e.g. April or October). The effects of the latter situation are discussed in the next section. 

7.3.3.3 Impact of start month of contract 

In the initial parameter settings, the start month of the contract is set to January which causes little 

differences between the two semesters in a year. Contrarily, for contracts that start in spring or 

autumn, the two semesters contain a summer with (generally) little corrosion development, and a 

winter with (generally) substantial corrosion development. This enables a better replacement policy, 

because it is best to replace just before the winter. Thus, the start month might affect the optimal 

timing of replacement. Further, the impact of the start month on expected costs and potential 

savings depends on the contract duration: for an even number of periods (i.e. contract duration is an 

integer number of years), the start month has a minimal impact on the expected costs and savings, 

as demonstrated by the red and orange lines in Figure 27. In case of an odd number of periods, the 

trucks undergo the first semester one more time than the second semester. This results in a 

reasonable large impact of the start month on the costs and savings, as demonstrated by the blue 

lines in Figure 27 (note the y-axes that start at respectively €1000 and €190). In conclusion, these 

impacts of the start month should be taken into account when developing the service contract.  

Note that the impact of the start month would increase if the seasonality of corrosion factors 

increases (which is reflected by the parameters (        )). 
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Figure 27: Expected costs (left) and potential savings (right) for both contract duration       and     

7.3.3.4 Impact of application type and its hazard coefficients 

So far, the sensitivity analysis has focused on trucks with other application types than construction 

goods carriers (CGC) and sea-containers (SC). As discussed in section 6.2.1, these two application 

types are expected to have an accelerated corrosion development. These application types are 

modeled as covariates, and the values      and       reflect the hazard ratio (     and      ) 

compared to other application types.20 Figure 28 shows the potential impact of these hazard ratio’s 

on the expected costs and savings for various user types (i.e. users with different fractions 

( ̂     ̂     ̂   ) ).       would imply that application type   would not significantly affect the 

failure rate, so additional costs and savings are nil for all fractions (compared to other application 

types). When     increases, then the hazard rate increases; hence, also the costs and savings 

increase (for all user types).  

 
Figure 28: Expected costs and savings for trucks with application type CGC or SC, for various hazard ratio’s compared to 
other application types (e.g. general haulage) 

7.3.4 Optimal replacement time for minimization of life-cycle costs 

The results in section 7.3.1 through section 7.3.3 are all based on a finite horizon (i.e. based on the 

contract duration) and as discussed in section 6.2.3, in case of an infinite horizon (i.e. life-cycle 

approach) the replacement decision is different. 

                                                           
20

 Thus,          and            . See section 4.3.1 for more information on the hazard ratio. 
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Although it is important to include all relevant wear-out failure modes, only the wear-out failure 

mode ‘corrosion’ is taken into account due to deficient knowledge on the mechanical wear-out 

failure mode. Further, since our model does not include any time-dependent covariates, the failure 

rate is monotonic increasing which implies that the optimal threshold hazard rate    can be found 

numerically and graphically, using the formula presented in section 6.2.3.  Figure 29 shows the 

minimum expected life-cycle costs for various user types, each with a different set of fractions 

( ̂     ̂     ̂   ). In general, the more a truck operates in wet climates, the shorter the average 

optimal replacement time and the higher the expected optimal life-cycle costs. 

The indicated replacement time is only an average, because in practice, the component will be 

replaced when the estimation of age variable  ̂  exceeds its threshold. And the exact time at which 

these thresholds are reached will vary in practice, depending on the realized fractions      and 

observed corrosion factors     
 . 

 
Figure 29: Graphical representation of expected life-cycle costs as function of the average time until preventive 
replacement 

Comparison with finite-horizon costs 

For instance, user 5 in the figure (which corresponds with the initial parameter settings) has an 

optimal average preventive replacement time of roughly 3.5 years, with expected costs € 282 per 

year.21  These yearly life-cycle costs are larger than the yearly finite horizon costs for 7 years, 

because from a finite horizon perspective, no replacement is required at the end of the horizon 

because the truck’s residual value is neglected. But from a life-cycle perspective, the component is 

replaced preventively after (on average) every 3.5 years of operation. In conclusion, when the focus 

is only on the costs within the contract duration, then a life-cycle cost perspective would lead to 

suboptimal decisions. 

7.3.5 CBM decision tool 

The sensitivity analyses of the previous sections provide an exploration of the potential impact of 

the model parameters on both costs and savings, using as reference point the initial parameter 

                                                           
21

 The overall average replacement time is shorter, because the component can also fail before reaching the threshold 
value for replacement. 
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settings (see Table 3). Obviously, it cannot provide a complete picture with all combinations of 

parameters, and it might be interesting to explore the expected costs and savings for other 

parameter settings, for instance when parameter estimations are updated. Therefore, a decision 

tool is developed that enables changing all parameters discussed in this section. The decision tool 

provides for each period and each possible age  ̂  the following output: expected cost of not 

replacing yet   ̂ 
 ( ̂ ); expected costs of immediately replacing   ̂ 

 ( ̂ ); the optimal decision 

(either “Wait” or “Replace”) and corresponding expected costs   ̂ 
   ( ̂ ); the expected costs of the 

OTF-policy   ̂ 
   ( ̂ ); and the corresponding potential savings  (i.e. the difference between 

  ̂ 
   ( ̂ ) and    ̂ 

   ( ̂ )). Further, it calculates the life-cycle costs as function of the average 

replacement time (as graphically illustrated by Figure 29). 

7.3.6 Conclusion and discussion of results 

The sensitivity analyses demonstrate that this decision model could yield savings for several types of 

users, especially users who operate in wet climates and with a long contract duration    

Furthermore, this model highlights the need to incorporate the geographical regions of operation 

into the replacement decision. As discussed earlier, the initial parameter estimations are based on 

limited statistical data and expert knowledge, which limits the accuracy of parameter estimates. 

Therefore, the sensitivity analysis also provides an exploration of the impact of parameter changes 

on the expected TRRM costs and savings. This sensitivity analysis could be extended by means of a 

factorial experiment, in which interactions between all parameters can be investigated. 

Furthermore, the calculated expected TRRM costs should be interpreted as a lower bound and the 

potential savings should be interpreted as an upper bound, for several reasons. Firstly, the starter 

motor has been redesigned to reduce the vulnerability to corrosion, and further improvements are 

currently in development; it is yet unknown to what extent this will cause the   (and possibly other 

parameters) to increase. Furthermore, already a lower bound for the  -value was obtained (as 

discussed in section 7.3.2.1). Secondly, it is assumed that the corrosion factors     
 ,     

  and 

fractions ( ̂     ̂     ̂   ) are estimated without any bias. And since estimation bias would lead to 

suboptimal decisions, the calculated potential savings are an upper bound. Thirdly and very 

importantly, as discussed in section 6.2.3, all wear-out failure modes should be incorporated into the 

decision model, but the failure mode ‘mechanical wear-out’ was not taken into account because too 

limited knowledge is available on the factors influencing this failure mode. Therefore, this decision 

tool only indicates the optimal replacement time with regards to the corrosion degradation, whereas 

in the meanwhile the component might fail on other failure modes (e.g. mechanical wear-out), 

causing an increase in TRRM costs and a decrease in potential savings of preventive replacement. 

For the life-cycle costs, this implies that the real optimal life-cycle will be shorter, and the average 

replacement costs will be higher (because the fraction corrective replacements will be higher than 

estimated). 

7.4 Results for CBM policy based on FMS sample data 
This section describes the results for the CBM policy based on FMS sample data, focusing on 

translation step 1 (see Figure 4 on page 7). As described in section 6.3, the methodology of 

translation step 1 is demonstrated by means of the failure mode ‘electrical wear-out’. The relevant 

FMS parameters are the ‘number of starts’ and ‘engine oil temperature’, so these need to be related 

to R&M contract parameters. 
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7.4.1 Hypothesized relevant R&M parameters 

Number of starts: The number of starts is hypothesized to be related to the number of drops per 

day, and application type. Further, mileage might be a significant parameter because high mileage 

can be related to an intensive truck use (e.g. long days, and 7 days per week), which could mean that 

the truck is started more frequently. 

Fraction of cold, normal and warm starts: Since the probability of a warm start depends partially on 

the time duration the engine has been switched off before it is restarted, this probability might be 

related to R&M parameters such as application type, number of drops per day, and mileage. Further, 

the probability of a cold start depends not only on the time duration the engine has been switched 

off, but also on the ambient temperature; therefore, in addition to the abovementioned parameters, 

also the season and the area of operation (which is an R&M parameter) are expected to be 

relevant.22 

Unfortunately, the sample size is limited; therefore, it was not possible to accurately test the 

significance of all R&M parameters. 

7.4.2 Statistical analysis 

This section summarizes the main results of the modeling procedure to relate R&M contract data to 

the average number of starts and fraction of cold, normal and warm starts (details can be found in 

Appendix P).  

For the subset of XF trucks (comprising only 42 trucks), the average number of starts is significantly 

related to two R&M parameters: mileage and body type (rigid versus tractor). These parameters can 

explain 25% of the variance (as indicated by the   ). The original standard deviation of the number 

of starts is       starts); hence, using this regression model to estimate the average number of 

starts, the remaining standard deviation is  ̂      starts. For the fraction of warm starts   , only 

application type ‘construction goods carrier’ is a significant predictor, explaining 21.1% of variance. 

The original standard deviation is       , and the remaining variance is  ̂      . Although 

these results (i.e. the   ) are reasonable for a regression analysis of ‘human behavior’, the variance 

of the estimates can only be reduced to a limited extent. 

7.4.3 Conclusion and discussion of results 

This analysis provides a preliminary indication of the limited potential value of a CBM model based 

on FMS sample data. It shows that the XF105 truck series contains significant differences with 

regards to the outcome variables (average number of daily starts and percentage of cold and warm 

starts) and only a limited proportion of this variance can be explained by R&M parameters. This 

means that even the prediction for the average value contains significant error, leading to 

substantial bias of the degradation estimates. Thus, translation step 1 seems to be insufficiently 

inaccurate to base replacement decisions upon. 

Further, also ‘translation step 2’ might be inaccurate because only having a sample of FMS data 

would imply a limited amount of failure data on trucks with FMS. The amount of failure data is 

                                                           
22

 Note that the fraction of cold starts also depends on other factors, for instance whether the truck is located inside or 

outside during idleness (e.g. during the night). 
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especially limited for components that do not fail frequently, and for failure modes with multiple 

relevant parameters (because all parameters need to be estimated, requiring sufficient 

observations). This would make it difficult to quantify the effect between FMS parameters and the 

hazard rate. Thus, it is not recommended to relate R&M parameters to the failure rate indirectly 

through an estimate of the FMS variable; the model based on R&M contract data in which R&M 

parameters are related directly to the failure rate seems to be substantially more valuable. 

Limitations 

The analysis only provides a preliminary indication because it has the following limitations. Firstly, 

due to the small sample size, the estimated model accuracy    might even be overestimated and the 

contribution of predictors may be underestimated (leading to non-significant results) (Field, 2005). 

On some R&M parameters, all users within the sample have the same value (e.g. operation area 

West-Europe, and no ADR specification), which means that it is not even possible to examine the 

effect of these parameters. Thus, when increasing the size and heterogeneity of the sample, the 

effect of individual predictors can be explained better. Secondly, note that the effect of individual 

predictors might be biased because the small set of customers in the sample might not be 

representative for the entire population. Thirdly, due to the limited amount of data, no valid model 

could be developed for the monthly fraction of starts, whereas Table 30 in Appendix  illustrates that 

the fractions are clearly subject to seasonality. In conclusion, the current sample only provides a 

preliminary indication of the possibility to explain differences in the dependent variable. More 

accurate results can be obtained if a larger and more representative sample is used (containing more 

customers and a larger time horizon). 
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8. Conclusion, limitations, implementation, and recommendations 
This research focused on identification of opportunities to reduce component replacement costs 

(including costs for truck non-availability) through development of a replacement decision model 

based on truck usage data. Several types of truck usage data have been identified, and for each data 

source a Condition Based Maintenance model has been developed and aligned with the current 

maintenance practices at DAF. Further, the potential value of incorporating each of the data sources 

has been investigated. This chapter first presents the main conclusions; then, some research 

limitations are discussed, after which the implementation procedure and recommendations for DAF 

are presented. 

8.1 Conclusion 
Firstly, a replacement decision model has been developed based on the currently available R&M 

contract data (containing some basic information on truck configuration and expected truck usage). 

The analysis demonstrates the substantial potential cost savings of preventive replacements when 

the value of truck availability is included into the service contracts. For instance, for service contracts 

of 6 years, the potential savings are 1.5% on average and even 13% for the heaviest users. Further, it 

demonstrates the need to align replacement policies with the usage profile, because preventive 

replacement is especially cost-effective for users with a long contract duration, a high mileage and 

for Construction Goods Carriers and Sea-containers, whereas preventive replacement is generally 

not advised for users with small contract duration, low mileage and for trucks with ADR 

specification. Furthermore, relatively little investment is required to implement this decision model 

since the required truck usage data is already available. In addition to a reduction of replacement 

costs, the identification of predictors of starter motor failures (e.g. ADR specification) provides 

valuable information for the product development department, to investigate failure causes and 

possibly improve component design. 

Potentially, the replacement costs (TRRM costs) could be further reduced by installation of on-board 

information recorders (FMS data). The developed model for corrosion failures based on ‘real-time’ 

FMS data shows that potentially savings are attainable, especially for users operating in wet 

climates. For instance, for a user who has a contract of 6 years and operates only in wet climates, 

cost savings up to 20% might be attainable on starter motor replacements, which is an enormous 

saving in the field of repair and maintenance. Furthermore, the model highlights the need to 

incorporate the geographical regions of operation into the replacement decision. Further, an 

additional potential benefit of FMS data is the possibility to reveal relations between truck usage 

and degradation behavior, which would be useful, not only for development of maintenance and 

replacement policies, but also for development of component redesigns. 

In addition to the abovementioned decision models, a third alternative is evaluated in which the on-

board information recorders are installed into only a random sample of trucks, so that the collected 

data from this sample can be generalized to other users. For these users without on-board 

information recorder (FMS), the R&M contract data might be used to estimate the FMS variable, and 

subsequently the estimated FMS variable can be used to base replacement decisions upon. 

However, regression analysis revealed that the R&M contract parameters explain only a limited 

proportion of the variance of the FMS variables. Furthermore, only having a sample of FMS data 

would imply a limited amount of failure data on trucks with on-board information recorders, which 

limits the accuracy of a degradation model based on FMS data. Therefore, this alternative does not 
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seem attractive; the potential savings are substantially larger for the abovementioned decision 

model in which R&M contract data is direct input for the replacement decision model. 

This research provides the methodology to develop replacement decision models based on R&M 

contract data and FMS data, and to explore its potential value. This methodology is general so that it 

can also be applied to other truck components. 

8.2 Limitations 
This section first discusses limitations that apply to all developed decision models. Subsequently, 

some specific limitations for each of the decision models are discussed. 

8.2.1 General limitation 

Although all developed models are general, they are applied to only the pilot component (the starter 

motor). In general, the potential savings of preventive replacement are dependent on the failure 

frequency, failure consequence23, the extent to which components wear-out, and the extent to 

which this wear-out is related to truck usage. Since these characteristics differ from component to 

component, it is recommended to also apply the developed methodology to other components (see 

also recommendations in section 8.4). 

Further, the value of availability refers to the extent to which customers would like to cover 

availability into their service contract. This differs from user to user, depending on amongst others 

possible value reduction of (perishable) goods, or even fines for delayed delivery (imposed by the 

shipping agent’s customer). Since currently no data is available on the customer’s value of 

availability, this value is approximated by the average costs of non-availability for a customer, and a 

sensitivity analysis is performed to investigate the impact of the value of availability on the potential 

savings. 

8.2.2 Decision model based on R&M contract data 

The currently developed model contains two types of data inaccuracy that can be improved when 

the procedure is repeated. First, the used dataset includes some customers for which only part of 

the component replacement history is available. As a result, for the minority of contracts (i.e. 

Eastern-European countries) the current results are not valid, and for the majority of contracts (i.e. 

Western-European countries) the results are a lower bound for the attainable savings. Second, the 

model is grounded on failure data from January 2006, which includes failure modes that are no 

longer relevant. Therefore, the obtained results are a lower bound for the attainable savings. In 

future analyses, trucks which have failed on a completely resolved failure mode can be excluded 

from the analysis since DAF has some failure data on failure mode level for the first two years of 

operation (for the starter motor). In conclusion, it is expected that the potential savings would even 

increase further when more accurate data is used. 

Another data limitation is more difficult to resolve, and is related to the occasionally unreliable 

usage information in service contracts. In case of unreliable contract information, usage is generally 

heavier than indicated; hence, the expected replacement costs will be higher than expected. 

Further, the chosen replacement policy might not be optimal for the ‘real’ (i.e. heavier) truck usage, 

because it might be cost-effective to perform more preventive replacements than initially decided 

                                                           
23

 The failure consequence is related to non-availability costs and high consequential costs (when a failure also causes 
damage to other components).   
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based on the unreliable information. As a result, some cost savings might be ‘uncaptured’, because 

these costs could have been saved if the optimal number of replacement would have been chosen. 

However, if the chosen number of replacement is also optimal for the real usage, then the real 

savings are even higher than expected based on the (lighter) R&M contract data. Therefore, 

assuming that in practice, truck usage might only be heavier than indicated (never lighter), then the 

expected savings constitute a lower bound for the real expected savings.  

8.2.3 Decision model based on real-time data from on-board information recorders 

To develop the model based on on-board information recorders (FMS data), sufficient knowledge is 

required on the degradation behavior of the component under consideration. For the pilot 

component (the starter motor), degradation behavior appeared to be complicated; therefore, it is 

only partially comprehended by experts which factors play a role in each of the failure modes. 

Furthermore, insufficient statistical failure data is available on trucks with FMS systems, which 

makes it currently impossible to identify any statistical relations between FMS parameters and 

failures. Therefore, the developed replacement decision model for FMS data is based on limited 

statistical data and expert knowledge, which limits the reliability of the results. A sensitivity analysis 

was performed to investigate the impact of parameter changes on the results (see section 7.3). This 

sensitivity analysis could be extended by means of a factorial experiment, in which interactions 

between all parameters can be investigated. 

Further, the calculated expected replacement costs (TRRM costs) should be interpreted as a lower 

bound and the potential savings should be interpreted as an upper bound, for several reasons. 

Firstly, the starter motor has been redesigned to reduce the vulnerability to corrosion, and further 

improvements are currently in development. It is yet unknown to what extent this will cause a 

change in the failure parameters (e.g. Weibull scale parameter  ). Furthermore, already a lower 

bound for the  -value was obtained (as discussed in section 7.3.2.1). Secondly, it is assumed that 

both the corrosion factors and the time spent in each region are estimated without any bias. And 

since estimation bias would lead to suboptimal decisions, the potential savings are an upper bound. 

Thirdly, as discussed in section 6.2.3, all relevant wear-out failure modes should be incorporated into 

the decision model, but the failure mode ‘mechanical wear-out’ was not taken into account because 

too limited knowledge is available on the factors influencing this failure mode. This decision model 

only indicates the optimal replacement time with regards to the corrosion degradation, whereas in 

the meanwhile the component might fail on other failure modes (e.g. mechanical wear-out or a 

random failure), causing an increase in TRRM costs and a decrease in potential savings of preventive 

replacement. 

Some other limitations follow from the modeling choices. For instance, it is assumed that the 

fraction of time      the truck spends in each region   in each month   follows a multinomial 

distribution with one observation per month, which affects the variance of these fractions. Its 

impact can be investigated by considering some alternatives (which are discussed in section 6.2.1). 

Further, the number of regions (set to 3 in this research) affects the accuracy of the estimated 

corrosion factors: the more accurate the regions are defined (including their corrosion factors), the 

better the estimates for the component’s age and corrosion factors will be. 
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8.2.4 Decision model based on only a sample of on-board information recorders 

As discussed in section 8.1, the decision model based on a random sample of trucks with on-board 

information recorders seems to have minor potential value, amongst others because regression 

analysis revealed that R&M contract parameters explain only a limited proportion of the variance of 

the FMS variables. This analysis is based on a small sample of trucks with on-board information 

recorders, and on a small selection of FMS variables. However, it is not expected that other FMS 

variables can be estimated with sufficient accuracy since the decision model requires quite high 

explanatory power of the regression model. Thus, although the analysis is based on a limited amount 

of data, it already provides a reasonable indication of the minor potential value of this model. 

Alternatively, if a customer has a large number of trucks with a similar operation, then a selection of 

these trucks might be provided with on-board information recorders (instead of a random sample). 

The observations of this selection might be generalizable to the other trucks of the same customer. 

The potential value of this sample can be investigated using the recently introduced sample of ‘new 

XF’ trucks with on-board information recorders. This sample includes several customers which have 

multiple trucks with on-board information recorder; if these trucks have a similar operation, it can 

be tested whether this also results into similar FMS observations. Then, it might be sufficient to 

install on-board information recorders into only a selection of trucks from each customer.  

8.3 Implementation 
This section presents the implementation procedure for both the replacement decision model based 

on R&M contract data and the decision model based on data from on-board information recorders. 

8.3.1 Replacement decision model based on R&M contract data 

For implementation of the replacement decision model based on R&M contract data, two 

alternatives are possible, each with a different level of automation: 

 In the first alternative, the replacement decision tool needs to be fully integrated with DAF’s 

current contract valuation tool (‘DAF Multi Support Calculator’), requiring software 

development. This way, the optimal costs and savings of the preventive replacement policy can 

be taken into consideration during the contract negotiation phase. And after agreeing upon the 

service contract, the optimal number of replacements can be automatically included into the 

customized repair and maintenance policy so that the dealer can see when the component 

needs to be replaced. Since this alternative involves a high level of automation, the operational 

costs will be negligible. However, it requires a relatively high initial investment in terms of costs 

(for software development), labor (in engineer hours), and time to implement; 

 The second alternative involves a lower level of automation: instead of requiring full 

integration of the decision tool with DAF’s current contract valuation tool, this alternative 

requires software which can periodically and automatically load the set of new service 

contracts into the decision tool, so that the decision tool outputs the optimal replacement 

times. Subsequently, the dealer needs to be informed automatically, which also requires 

software. This alternative would require relatively little investment into process automation. 

However, its disadvantage is the inability to use the optimal costs and savings as input for the 

contract negotiation phase. 
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Maintenance of decision model 

Further, to maintain an updated decision model, it is recommended to yearly update all model 

parameters with the most recent failure data, using the methodology developed in this research. 

When composing the required dataset, it is important to only include contracts for which it can be 

reasonably assumed that all claim history is available (for the component under consideration). The 

updated parameters need to be inputted into the replacement decision tool. 

In addition, in order to remain able to update these parameters using the failure data, it is crucial to 

maintain a good registration of the component replacements. Therefore, after implementation, it 

should be registered which replacement is corrective and which is preventive. This also applies to 

the decision model based on data from on-board information recorders and any other preventive 

decision model. 

Required resources 

On the short term, the second alternative is the most feasible solution. This alternative would 

require the following resources: 

 Implementation: the implementation phase requires one engineer who spends several weeks 

full-time on process automation (and possibly costs for software procurement); 

 Maintenance: updating the degradation model to new failure data requires one engineer to 

spend approximately one day per year per component; 

 Operation: the operational costs are negligible due to process automation. 

8.3.2 Decision model based on on-board information recorders 

Implementation of the decision model based on data from on-board information recorders would 

require the following actions: 

 First, DAF needs to invest into installment of on-board information recorders into the trucks; 

 Before the start of a service contract, DAF needs to discuss the geographical regions of 

operation with the user, in order to get a preliminary estimate of the user’s regions of 

operation; 

 Before each planned service stop, the component’s age needs to be estimated based not only 

on the user’s realized regions of operation, but also on the realized ambient conditions (e.g. 

starter motor temperature, reflected by the engine oil temperature, and humidity, 

approximated by wiper blade activation). Further, if necessary, the expected geographical 

regions of operation need to be updated for the remaining contract duration, using the 

corresponding formula from section 6.2.2 (page 29). Such a process would require several 

investments, discussed in the subsection “Resources” below. 

 The updated parameters need to be inputted into the decision tool, so that the tool provides 

the optimal decision: either replace immediately, or wait until the next planned service stop 

and re-decide then. The tool also provides the expected replacement costs until the end of the 

horizon, which can be useful to evaluate contract value; 

 The dealer should be automatically informed about the optimal decision so that the decision 

can be put into practice, which  also requires software development. 

Maintenance of decision model 

Further, to maintain an up-to-date decision model, the degradation model parameters need to be 

periodically updated using the most recent data on corrosion failures (see section 6.2.2), taking 
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several hours per component per year. In addition, the data warehouse (which includes all data from 

on-board information recorders) needs to be maintained. 

Required resources 

As abovementioned, implementation requires several investments:  

 First, investments into on-board information recorders are required; 

 Second, a server environment is required which can process large amounts of data;  

 Further, personnel and electronic equipment are required to set-up and maintain the server 

environment. These investments are significant, but the FMS data could serve numerous 

purposes. Hence, the implementation decision should be based on all potential benefits, of 

which the preventive replacement policy discussed in this research constitutes only a fraction; 

 In addition, specific for the preventive replacement policy, software is required to 

automatically update the component’s age and expected geographical regions of operation, 

and to automatically inform the dealer when to replace components preventively. 

8.4 Recommendations 
It is expected that shortly, the value of truck availability will be included into the service contract. It 

is advised to simultaneously deploy the replacement decision model based on R&M contract data 

because its potential savings are considerable whereas few investments are required (since the data 

is already available). The next section discusses the main recommendations on this decision model. 

Subsequently, recommendations are given on both replacement decision models based on on-board 

information recorders. 

8.4.1 Recommendations on decision model based on R&M contract data  

As discussed in section 7.2.4, R&M contract data can be unreliable. To improve reliability, contract 

information could be validated by examination of additional customer information. In addition, DAF 

can warn their customers about the possible suboptimal replacement decisions when information is 

incorrect, which would negatively affect both DAF and the customer. More reliable contract data 

would result into better replacement decisions not only for the customer itself, but also for the 

entire set of service contracts, because more reliable contract data would improve both model 

accuracy and the significance of regression parameters. 

Since this research demonstrates the substantial potential savings of the model based on R&M 

contract data, it is recommended to apply the methodology to more components. In the 

prioritization phase (section 3.3), a Multi Criteria Decision Analysis has been performed to prioritize 

components based on their suitability for condition based maintenance. In addition, components 

can be categorized according to their reliability target, which indicates how frequently a component 

is allowed to fail. Since failure frequency is one of the criteria affecting the potential value of 

condition based maintenance (see Appendix C), a rough indication of the overall potential value can 

be obtained by exploring for each category the potential value of condition based maintenance. It is 

recommended to investigate the following six components, which have the highest priority within 

their category, and together constitute 28% of total replacement costs: 
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Category Selected components Category description 

A Brake pads (rear axle 
1)24; battery 

Wear parts, with accepted replacement (or even multiple 
replacements) within period of use 

C Starter motor; 
alternator 

Wear parts, for which failure is accepted on a number of 
trucks (50% over an 8 year lifetime) 

D Turbocharger Parts that wear but that are not expected to fail, with 
acceptable failure percentage of 10% over an 8 year lifetime 

E Oil pump Parts that are designed for overall service life, which means 
extremely high reliability targets are set. Although reliability 
problems are resolved by redesigning, still condition based 
maintenance might be beneficial for some customers 
(depending on their truck usage). 

F For category F, no component is selected. These components are designed for 
overall service life (just like category E) and components that do not meet the 
reliability targets are redesigned rather than replaced preventively. Therefore, 
condition based maintenance does not seem beneficial.  

Table 5: Component selection based on reliability target categories 

Note that if the expected cost savings for the selected category D component are negligible, then it 

is advised to skip the analysis of category E components because it seems unlikely that savings are 

higher for category E components than for category D components. 

8.4.2 Recommendations for decision models based on on-board information 

recorders 

The results for the starter motor indicate the substantial potential value of data from on-board 

information recorders. Therefore, it is advised to apply this methodology to other prioritized 

components as well (listed in Table 5). The first six guidelines of the developed ‘guide for 

identification of condition based maintenance opportunities’ can already provide an indication of 

the extent to which FMS parameters are related to degradation behavior; in guideline 7 these 

relations can be quantified in order to explore the potential value of FMS data for reduction of 

replacement costs. 

Furthermore, failure data on failure mode level is crucial to identify relevant failure modes, and to 

develop degradation models on failure mode level. Starter motor failures are generally repaired and 

resold as second-hand, so for failed starter motors the failure cause is examined; therefore, for this 

component sufficient failure data is available. However, for components that are not revised, only a 

small selection of components is returned, and this selection mainly consists of failures within the 

first year of operation. Furthermore, since selection is not random, the sample might not be 

representative. Therefore, for components that are not revised, current failure data might be 

insufficient, and in these cases supplementary failure data should be collected, for instance by 

requesting and analyzing the replaced components from several (representative) dealers. 

It is recommended not to further investigate the potential value of a decision model based on a 

random sample of on-board information recorders (FMS systems). However, for the newly 

introduced sample of trucks with on-board information recorders (see also 8.2.4), it is recommended 

to analyze the similarity of FMS observations between trucks of the same customer. If these trucks 

                                                           
24

 The truck comprises several brake pads and the brake pads on rear axle 1 are recommended since these have the highest 
failure frequency. 
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have similar FMS observations, it would be possible to install on-board information recorders into 

only a fraction of the trucks of a customer, and generalize the FMS observations to other trucks of 

the same customer. In general, such a decision model would result in less accurate condition 

monitoring but would also require a considerably smaller investment, making it an interesting 

alternative for further investigation. 
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Appendix A 

Overview of challenges with regards to reduction of TRRM costs 

(7) Reliability tests do not 
systematically include effects of 
different operating conditions  

(8) Widely varying 
truck usage 

(3) Amount of analytical 
foundation for 

preventive maintenance 
policy

(4) Preventive maintenance  
adjustments primarily ad-hoc

(9) Amount of 
insight into effect 
of truck usage on 

failures

(34) Total relevant 
repair and maintenance 

costs

(30) Number of 
failures (compared to 

target)

(10) Varying 
Component 

Lifetime

(1) 
(Sub)optimalIty 
of maintenance 

policy

(33) Reliability of 
component 

design

(8) Widely 
varying truck 

usage

(12) 
Production 

badge issues

(11) Random 
errors

(24) Alignment 
between maintenance 

policy and real truck 
usage

(19) Maintenance 
based on usage 

specification

(21) Accuracy of 
information of usage 

specification 

(23) Real truck 
usage not 
accurately 
predictable 
beforehand

(20) Difference 
between 

incentives DAF 
and DAF dealers

(18) Contract costs 
based on usage 

specification

(13) Level of insights 
into real truck usage and 

its effects on failure

(31) Availability  
increasingly 
important

(32) Lower 
profit margins 
for customers

(2) Efficiency of 
preventive 

maintenance

(14) Amount of 
data on real truck 

usage

(6) Reliability tests 
occasionally ommitted

(22) Difference 
between real truck 

usage and usage 
specification

(5) Reliability test 
results generally not 

used for maintenance 
policy

(15) Amount of methodology 
to incorporate specifications 
data in maintenance decision 

making

(16) Amount of 
priority to 

maintenance

(25) Amount of 
failure prevention 

through 
inspections

(26) 
Observability of 

deterioration 

(28) 
Clustering 
difficulties

(8) Widely 
varying truck 

usage

(29) Interval length based 
upon reliability tests which 

are mainly performed 
under average 
circumstances

(27) 
(Sub)optimality of 

interval lengths

(17) uptime 
increasingly 

important for 
customer

 

Legend  

Gray boxes Factors beyond the control of DAF trucks 

White boxes  Factors within the control of DAF trucks (i.e. ‘challenges’) 
Figure 30: Overview of challenges 
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Appendix B 

Data selection for analysis 

Region: Only data from the “Continent region” (which excludes the UK) is considered because only 

in this region both the warranty data and Repair & Maintenance data is available. For the UK region, 

no warranty data is available which means the majority of repair claims within the first two years are 

missing. The remaining repairs are covered within the Repair & Maintenance service contract. 

Type of service contract: only customers with service contracts are considered since only for 

these customers the usage specifications are registered. Each type of service contract covers a 

different range of component failures, and failure data is registered only for component failures that 

are covered within the service contract; therefore, the relevant service contracts are selected after 

component selection. 

Types of failures: Only first component failures are considered since data analysis of second 

failures is complicated: at the moment of first replacement, the truck will already be somewhat 

degraded which could interact with the degradation process of the new component. Further, 

parameters (such as number of kilometers) are not reset after a failure which complicates data 

preparation. 

Time range: All trucks that comply with the Euro 5 norm are analyzed, which results in a truck 

database with truck delivery dates ranging from January 2006 to March 2013. 
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Appendix C 

Truck selection procedure 

Procedure description 

To combine knowledge of multiple sources, two employees with different expertise are involved in 

weighting the criteria and evaluating criterion 2: one employee frequently analyzes failures data and 

related costs, which makes him an expert in the financial impact of specification parameters; the 

other employee has a background in examining claim data and is involved in meetings regarding 

maintenance policies. Therefore, he has more qualitative knowledge on the impact of specification 

parameters on deterioration. 

If the dataset is too small (see criterion 1), no statistical analysis is possible at all. Therefore, first a 

shortlist of truck types was made based on dataset volume, in conjunction with an expert in analysis 

of failure data (for cost computations). The following truck types are evaluated using the decision 

criteria mentioned above: 

 XF 105 4x2 axles (both FA and FT) and XF 105 FTG 

 CF 85 4x2 axles (both FA and FT) and XF 105 FTG 

 LF45 FA 

The FT and FTG body types are merged into one alternative since they have similar truck 

specifications and applications. The main difference between both trucks is that the FTG body 

contains several additional parameters. It is hypothesized and assumed that these body types show 

similar failure behavior as function of specification data. Note that, depending on the modeling 

approach, it might be possible to examine whether failure behavior differs between both truck 

bodies by introducing a categorical variable into the analysis. 

The criteria are evaluated as follows: 

Criterion 1 is measured by examining the UK R&M claim dataset.  

Criterion 2 is assessed qualitatively, by answering the following questions: 

1. How much difference in usage specifications is there between trucks of the same truck type? 

(0 = small, 10 = large) 

2. How much difference in relevant truck specifications is there between trucks of the same 

truck type? (0 = small, 10 = large) 

a. Explanation: relevant truck specifications pertain to the truck specifications that are 

related to component degradation behavior (e.g. motor power and presence of an 

motor brake). 

Criterion 3 is measured by examining the sales forecasts: What are the current and expected future 

worldwide R&M sales figures for this truck type (taking into account the expected number of years 

the truck will still be sold)? 

Scaling 

Criterion 1: Scaling this criterion is not straight forward. First, the larger the dataset, the more 

reliable results can be obtained. In addition, the required minimal sample size (of failure data of the 

eventually chosen component) depends amongst others on the modeling approach, the number of 

parameters, and the desired effect sizes. This complicates the scaling. Therefore, the largest dataset 

is scaled as the maximum score (10), and the categories are proportionally scaled. 
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Criterion 3: Scaling of this criterion is not straight forward either. Generally, larger current and 

future sales numbers increase the relevance of the analysis. The same approach is used as criterion 

1: the largest sales numbers are scaled as the maximum score (10), and the categories are 

proportionally scaled. 

Evaluation 

Criterion 1: This criterion is evaluated based on the total fleet size of the entire historical Repair & 

Maintenance database for the Continental region. This dataset needs some preparations before the 

failure data can be analyzed. For instance, each truck can involve multiple failures. Further, the 

analysis only considers trucks for which the component repairs (of the selected component) are 

covered within the R&M contract; therefore, only a sub sample of truck can be analyzed. 

Nonetheless, DAF employees confirm the entire historical R&M database for the Continental region 

to be representative for the eventual dataset. Table 6 summarizes the division of this R&M database. 

The right column is scaled such that the largest share (XF 105) is evaluated as 100. Proportional 

scaling would not be justified here, since the marginal value of additional observations decreases 

with sample size. For instance, an increase in sample size from 10 to 100 (90 increase) has a larger 

impact on reliability than an identical increase from 1000 to 1090. In order to roughly represent this 

relation, the other values are scaled first proportionally, after which the square root is taken. See 

right hand side column of Table 6. 

Truck type   
Division   of R&M database for 
continental region (% of trucks) 

Division scaled 

   
  

      
 

Evaluation    using 

scare root:     √   

XF 105 4x2 and 
FTG 27,0% 

1 1 

CF85 4x2 and FTG 1,2% 0,046 0,214 

LF45 FA 5,6% 0,208 0,456 

Others 66,1% - - 

Total 100% - - 

Table 6: Division of R&M 

Criterion 2: For cost evaluation purposes, DAF already analyzes the financial impact of specifications 

on repair costs. The specifications are classified into three categories (low, medium and high 

impact). The high-impact specifications are: body type; application; PTO; road type. These 

specifications receive particular attention because they are related to the most frequent and most 

expensive failures. 

Criterion 3: DAF’s R&M future sales targets cannot be used because they are not specified per truck 

type. these. However, since the R&M 2012 sales are expected to be representative for the future 

sales, these are used to evaluate this criterion25. Furthermore, in 2014 all current truck types will 

evolve to adjust to the new Euro 6 norms. Therefore, the direct relevance of the analysis will be 

relatively low. The division of R&M 2012 sales are summarized in Table 7. As in Table 6, the right 

column is scaled such that the largest share (XF 105) is evaluated as 100 and the other values are 

scaled proportionally. Proportionally scaling is justified here, owing to a constant marginal value of 

applying a preventive maintenance policy to additional trucks. 

                                                           
25

 The sales in 2012 are more representative than the complete portfolio, since the portfolio comprises trucks 
with a contract duration up to 10 years and therefore also reflects outdated sales numbers. 
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Truck type 
Division of R&M Sales 2012 
(% of trucks) Division scaled 

XF 105 4x2 and FTG 56,8% 100 

CF85 4x2 and FTG 6,2% 10,9 

LF45 FA 10,2% 18,0 

Others 26,8% 47,1 

Total 100% - 
Table 7: Division of R&M sales 2012 
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Appendix D 

Truck selection - Results of Multi Criteria Decision Analysis 

 

 

Weight (%) Explanation
XF 105 4x2 axles 

and XF 105 FTG

CF 85 4x2 axles 

and CF 85 FTG
LF45 FA

60%

The larger the dataset, the more reliable the results of 

the statistical analysis 
10 2,1 4,6

30%

When the sample observations have widely varying truck 

usage characteristics, it enhances measurement of the 

effect of truck usage characteristics on failures. 5 8 3

70%
1.       How much difference in usage specifications is 

there between trucks of the same truck type?  (0 = 

small, 10 = large)

Usage specifications are specifications as reported in the 

R&M contract. E.g., % off-road operations, number of 

daily stops, PTO. 5 8 3

30%

2.       How much difference in relevant truck 

specifications is there between trucks of the same 

truck type?  (0 = small, 10 = large)

Relevant truck specifications pertain to the truck 

specifications that are related to component degradation 

behavior (e.g. motor power and presence of an motor 

brake) 5 8 3

10%

Preference towards analyses that can be directly applied 

in practice (immediately, or in future)

10 1,1 1,8

Total: 100 % Weighed total: 8,50 3,77 3,84

Weight division 

(in %):

Variance in truck usage

Dataset volume: what is the total  number of  trucks  with R&M 

contract in the historical dataset for the Continent region ? (0 = no 

data, 10 = largest share of all truck types); scaling using square 

root)

Criterion

Relevance: What are the current and expected future worldwide 

R&M sales figures for this truck type (taking into account the 

expected number of years the truck will still be sold )? (0 = no 

current and expected future worldwide R&M sales, 10 = largest 

share of all truck types); proportional scaling)
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Appendix E: Component selection 

 

Weight Explanation TensionersPulley Turbocharger Battery

D D A

50 Average: 5,1 Average: 5 Average: 6,6

60%

When abundant knowledge is available on the impact of different usage characteristics, it can 

enhance the analysis, for instance by identifying interactions between usage characteristics. 

Further, this knowledge helps to estimate parameters in the models based on FMS+ data. 3 5 8

The higher the value of truck usage data on failure predictions, the more relevant the analysis 

will be. Related to this criterion is the impact of driving style on degradation. A component of 

which the degradation is substantially influenced by the driving style is probably less suitable for 

decision making based on the sample only, since real truck usage could differ significantly from 

the usage specifications. On the contrary, decision making based on real-time data would 

become more interesting because it captures variances in driving style. Although these 

analyses have conflicting interests, only one component will be selected for both analyses, to 

enable proper comparison.

Subaverage: 8.25 Subaverage: 5 Subaverage: 4.5

R&M contract data (truck specs and usage indication): 

(0 = small, 10 = large)
Usage indicators are: yearly distance (in km), % off-road, number of daily stops, PTO, 

appliation type. Truck specs are amongst others: axle configuration, motor engine, presence of 

intarder.

9 5 3

FMS+ data (connected trucks data): (0 = small, 10 = 

large)
For instance: speed, distance, foot brake time, exhaust brake time, avg. fuel usage, coasting 

time, cruise control time, PTO related parameters
8 5 5

10 Average: 5,2 Average: 7,5 Average: 7

70%
The more the component fails, the more interesting preventive replacement

4 9 7

30% If yes, then this might be preferred over preventive replacement. 8 4 7

40

Failure consequence is related to the relative difference between corrective and preventive 

replacement consequences. The absolute difference is mainly determined by availability impact 

and high consequential costs, and to take into account the relative  difference, preventive 

replacement costs are evaluated:

Average: 4,75 Average: 8,9 Average: 4,9

45%

Type 1 urgent repair is defined as type of repair in which the truck can complete its current 

delivery, Type 2 urgent repair is defined as type of repair in which the truck needs to be driven 

to the nearest dealer immediately and carefully. Breakdown: A situation in which the driver is 

required to stop immediately (at the roadside), then this is also interpretted as breakdown, 

regardless of the response of the driver. 

4 9 7

45%
Repair costs include part costs, labour costs and additional costs such as towing costs), and 

also the impact of failure on the degradation of other components.
5 9 3

10% Preventively replacing a component is more interesting if it is inexpensive, 7 8 4

Total: 100 Weighed total: 5.0 6.8 6.0

Preventive replacement costs: what are the costs and 

availability impact of preventive replacement? (0 = high, 10 

= low)

3. Failure consequence

Weight division of 

criterion (in %):

Availability impact: What are the probabilities of 

breakdowns, urgent repairs and occasional repairs? (0 = 

always occasional repair; 4 = urgent repair type 1; 6 =  

repair type 2; 10 = always breakdown)

High consequential costs:  What are the repair costs? (0 = 

low, 10 = high). 

Categorie

Is it feasible to ‘design out maintenance’ by redesigning the 

component within reasonable costs? (0 =easily feasible, 10 

= not feasible at all)

How frequently does the component fail? (0 = never, 10 = 

frequently)
Weight division of 

criterion (in %):

2. Failure frequency

Weight division of 

criterion (in %):

10%

30%

Criterion

How much knowledge is available on the physical 

deterioration behavior of the component (and the impact of 

different usage characteristics)? (0 = little, 10 = much).

1. Relation between truck usage data and deterioration

 What is the hypothesized value of truck usage data on 

prediction of failures?
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Water Pump Compressor Alternator Starter Motor EAS Oil Pump Brake discs Brake Pads Exhaust pipe V-belt

C D C C D E C A E C

Average: 5,2 Average: 4,8 Average: 4,9 Average: 8,1 Average: 4,2 Average: 4,8 Average: 8,6 Average: 8 Average: 6,2 Average: 4

8 8 8 8 7 8 9 8 10 6

Subaverage: 1 Subaverage: 0 Subaverage: 0.25 Subaverage: 8.25 Subaverage: 0 Subaverage: 0 Subaverage: 8 Subaverage: 8 Subaverage: 0.5 Subaverage: 1

1 0 1 6 0 0 8 8 2 4

1 0 0 9 0 0 8 8 0 0

Average: 4,2 Average: 5,6 Average: 9,1 Average: 6,5 Average: 5,6 Average: 3,7 Average: 7,3 Average: 9 Average: 3 Average: 4,2

3 5 10 8 5 1 7 9 3 3

7 7 7 3 7 10 8 9 3 7

Average: 3,9 Average: 5,2 Average: 7,15 Average: 7,35 Average: 3,25 Average: 9,3 Average: 2,2 Average: 6,2 Average: 2,55 Average: 7,85

3 5 10 10 3 10 1 5 2 10

5 5 5 5 2 10 3 7 3 7

3 7 4 6 10 3 4 8 3 2

4.6 5.0 6.2 7.6 4.0 6.5 5.9 7.4 4.4 5.6
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Camshaft Oil cooler
Valves + Operating 

mechannism

Windscreen wiper 

blades
Oil Pressure Switch Engine Block Fuel Feed Pump Tachograph Engine Control Unit

E D E A E E D D F

Average: 2,4 Average: 3,1 Average: 2,5 Average: 5,1 Average: 1,2 Average: 6,5 Average: 5,9 Average: 1,2 Average: 0,6

4 4 4 7 2 7 8 2 1

Subaverage: 0 Subaverage: 1.75 Subaverage: 0.25 Subaverage: 2.25 Subaverage: 0 Subaverage: 5.75 Subaverage: 2.75 Subaverage: 0 Subaverage: 0

0 1 1 3 0 5 2 0 0

0 2 0 2 0 6 3 0 0

Average: 2,9 Average: 4,2 Average: 4,1 Average: 10 Average: 3,7 Average: 4,1 Average: 3,4 Average: 7,3 Average: 3,8

2 3 2 10 1 2 4 7 2

5 7 9 10 10 9 2 8 8

Average: 7,75 Average: 6,25 Average: 7,15 Average: 1,9 Average: 6,4 Average: 4,95 Average: 4,8 Average: 2,5 Average: 4,45

7 7 8 1 10 4 6 2 5

8 6 7 1 2 7 4 2 4

10 4 4 10 10 0 3 7 4

4.6 4.5 4.5 4.3 3.5 5.6 5.2 2.3 2.5
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Appendix F 

Notes on component selection procedure 
Development of shortlist 

Note that engine oil and filters are not on the shortlist. These components do not fail, instead their 

quality reduces in such a way that it can have a negative impact on the degradation of other 

components. Therefore, definition of a failure threshold for these components is complicated. 

Further, DAF already replaces these components preventively (although the replacement intervals 

could be optimized by means of more differentiation between customers). Since no failure data is 

available on these components, the evaluation of optimal replacement intervals requires particular 

focus on the physical degradation behavior (e.g. through development of a physical CBM model), 

which is beyond the scope of this report. 

Weights 

Originally, also criteria were included on failures that cause safety hazards and failures that cause 

irritation. However, these are assigned a weight of zero because: 

 Safety concerns are of such critical importance that zero failures with safety hazards are 

allowed. Therefore, these are not treated using preventive replacements but they are 

redesigned until they are completely resolved. 

 Irritation has a negligible weight compared to availability impact and high consequential 

costs. 

Further, available knowledge on deterioration behavior is crucial, especially for exploration of the 

potential value of currently uncollected data. Further, the failure consequences are important 

because a higher difference between corrective and preventive replacement costs implies a higher 

potential value of a proactive replacement policy. The failure frequency criterion was assigned a 

relatively low weight because, as illustrated by Scarf (2007) in Figure 31, CBM is an appropriate 

strategy in case of low failure frequency and high failure consequence. Further, when designing out 

maintenance is not possible, CBM can also be valuable for components that fail frequently.  

 
Figure 31: Schematic classification diagram of appropriate maintenance actions based on two decision criteria (Scarf, 2007) 

Criteria scoring 

All items were evaluated quantitatively, in conjunction with employees. Even failure frequency 

cannot be measured quantitatively because the readily available dataset only consists of R&M claims 

and therefore excludes the warranty claims which are the majority of claims within the first two 

years. More importantly, since some components are covered within all contracts and other 

components in only part of the contracts, the numbers are distorted. Also replacement costs were 

assessed qualitatively for time saving purposes because estimations would require case-to-case 

analysis of claims.  
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Appendix G 

R&M parameter definitions 

Event data: 

Variable Definition 

FailureBool 
Boolean variable indicating whether the component has failed within the 
contract duration 

FailureTime 
In case of failure, returns the failure time and in case of suspension returns the 
latest recorded time (both in years) 

Covariates: 

Continuous variables: 

Variable Definition 

CtMileage Expected yearly mileage (in km/year) 

Dummy variables: 

Variable Definition 

Tr
u

ck
 

Ty
p

e FTG 1 if truck type = FTG, 0 otherwise (i.e. either FT or FA) 

FA 1 if truck type = FA, 0 otherwise (i.e. either FT or FTG) 

A
p

p
lic

at
io

n
 T

yp
e 

APPbulkPowder 1 if Application Type = Bulk Powder, 0 otherwise 

AppSandGravel 1 if Application Type = Sand & Gravel 0 otherwise 

AppSeaContainer 1 if Application Type = Sea-container, 0 otherwise 

AppConstructionGoodsC 
1 if Application Type = Construction Goods Carrier, 0 
otherwise 

AppMissc 
1 if Application Type = any other than the abovementioned 
and general haulage (baseline), 0 otherwise 

O
p

er
at

io
n

 

A
re

a OpAreaEastEU 1 if Operation Area is Eastern Europe, 0 otherwise 

OpAreaScandC 1 if Operation Area is Scandinavian Countries, 0 otherwise 

ADRWith 1 if ADR specification = yes, 0 otherwise 

RoadTypeOffroad 1 if Road Type is not solely On Road, 0 otherwise 

DropsMoreThan6 1 if trucks perform 7 - 15 drops per day, 0 otherwise 

OperationType (shortened by 
“OpType”) 

1 if Operation Type is either local or regional, 0 if long 
distance 

OperationType*ADRWith 
(shortened by OpType*ADRWith) 

Interaction variable of OperationType and ADRWith (1 if both 
OpType and ADRWith are 1, otherwise 0) 

CtMileage*OperationType*ADRWith 
Interaction variable of CtMileage, OperationType, and 
ADRWith (eqal to CtMileage if both OperationType and 
ADRWith are 1, otherwise 0) 
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Appendix H 

Proportional hazards modeling for starter motor failure 
The dataset of starter motor failures comprises 16,026 starter motor observations, of which 1658 

have failed within the contract duration, and the others are right-censored. Some further notes on 

data selection can be found in Appendix B. Time (in years) is selected as age variable, since the 

starter motor’s working age is determined by amongst others the number of starts and numerous 

external conditions, and both factors are hypothesized to be more time-related than distance-

related. 

First, a univariate analysis is performed for each covariate (as summarized in Table 8, with cut-off 

value        to prevent early elimination; Bursac et al., (2008)). For mileage, also some basic 

variable transformations are explored, which yield lower goodness-of-fit than the untransformed 

mileage-variable (see likelihood test ratio in Table 9). The definition of the covariates in Table 8 can 

be found in Appendix G. 

Covariate                
       

CtMileage 16,027 1 6.46E-
06 

7.70E-
07 

8.38 0 

DropsMoreThan6 15 0.904 -0.101 0.708 -0.142 0.89 

OperationType 995 0.668 -0.404 0.104 -3.87 0.00011 

ADRWith 1,349 0.462 -0.773 0.118 -6.58 4.80E-11 

FA 124 1.95 0.666 0.173 3.84 0.00012 

FTG 78 0.905 -
0.0994 

0.379 -0.262 0.79 

APPbulkPowder 150 0.754 -0.283 0.29 -0.975 0.33 

AppSandGravel 74 1.02 0.0245 0.409 0.06 0.95 

AppSeaContainer 81 2.01 0.697 0.22 3.17 0.0015 

AppConstructionGoodsC 62 2.08 0.732 0.22 3.33 0.00087 

AppMissc 219 1.74 0.551 0.162 3.4 0.00067 

OpAreaEastEU 127 0.356 -1.03 0.379 -2.73 0.0064 

OpAreaScandC 344 1.07 0.0694 0.166 0.417 0.68 

RoadTypeOffroad 65 1.57 0.45 0.303 1.49 0.14 

Table 8: Univariate proportional hazards analysis (performed in software R) 

Covariate             
       Likelihood 

test ratio 

CtMileage 6.46E-06 1 7.70E-07 8.38 0 65.2 

SQRT.CtMileage. 0.00427 1 0.000624 6.84 7.90E-12 46 

Ln.CtMileage. 0.844 2.32 0.123 6.87 6.60E-12 48.5 

CtMileage.2 1.23E-11 1 2.09E-12 5.88 4.00E-09 29.5 

Table 9: Univariate proportional hazards analysis for transformations of mileage-variable 

The covariate significance in Table 8 is a valuable starting point for the model building. After 

numerous iterations with removal and addition of both covariates and interaction terms, three 

candidate models remain (based on covariate significance and    ) as depicted in respectively Table 

10, Table 11, and Table 12. Bursac et al. (2008) argue that a covariate needs to be included into the 
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model, either if it has a significance level       or if its exclusion affects one or more other 

parameters by at least 20% (i.e. ‘significant confounding’). Model A (Table 10) includes the covariate 

OperationType which is just significant, and is highly significant as interaction with ADRWith and 

CtMileage. To test the necessity of including OperationType, in model B (Table 11), this covariate and 

its interaction terms are excluded from the model, which results in a worse (i.e. higher)    . Also, 

removing only the non-significant interaction term CtMileage*OperationType*ADRWith affects the 

other coefficient estimations by more than 20%. Therefore, the modeling process is succeeded with 

Model A.   

Covariate             
       

CtMileage 6.32E-06 1 8.15E-07 7.76 8.50E-15 

OperationType -2.09E-01 0.811 1.10E-01 -1.9 5.80E-02 

ADRWith -6.95E-01 0.499 1.22E-01 -5.7 1.20E-08 

OpAreaEastEU -1.17E+00 0.31 3.80E-01 -3.09 2.00E-03 

AppConstructionGoodsC 8.56E-01 2.353 2.23E-01 3.84 1.20E-04 

AppSeaContainer 7.50E-01 2.116 2.23E-01 3.37 7.60E-04 

FA 5.90E-01 1.805 1.75E-01 3.37 7.40E-04 

OperationType*ADRWith 4.32E+00 75.392 1.52E+00 2.84 4.60E-03 

CtMileage*OperationType*ADRWith -4.36E-05 1 1.68E-05 -2.6 9.20E-03 

Table 10: Regression coefficients of candidate model A (AIC= 28,809.47) 

Covariate             
       

CtMileage 6.63E-06 1 7.81E-07 8.48 0.00E+00 

ADRWith -7.07E-01 0.493 1.18E-01 -6.01 1.90E-09 

OpAreaEastEU -1.18E+00 0.306 3.80E-01 -3.12 1.80E-03 

AppConstructionGoodsC 8.13E-01 2.255 2.22E-01 3.66 2.50E-04 

AppSeaContainer 7.99E-01 2.223 2.20E-01 3.63 2.90E-04 

FA 5.91E-01 1.807 1.75E-01 3.38 7.10E-04 

Table 11: Regression coefficients of candidate model B (AIC= 28,815.33) 

Covariate             
       

CtMileage 6.22E-06 1 8.16E-07 7.62 2.50E-14 

OperationType -2.12E-01 0.809 1.10E-01 -1.921 5.50E-02 

ADRWith -6.95E-01 0.499 1.22E-01 -5.703 1.20E-08 

OpAreaEastEU -1.17E+00 0.311 3.80E-01 -3.078 2.10E-03 

AppConstructionGoodsC 8.46E-01 2.33 2.23E-01 3.797 1.50E-04 

AppSeaContainer 7.96E-01 2.216 2.20E-01 3.612 3.00E-04 

FA 5.88E-01 1.8 1.75E-01 3.36 7.80E-04 

OpeationTypeADRWith -1.63E-01 0.849 4.75E-01 -0.343 7.30E-01 

Table 12: Regression coefficients of candidate model C (AIC= 28,814.74) 
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Assumption checking 
For the selected model, the assumptions need to be evaluated. Assumptions 1 through 3 of section 

4.3.1 are evaluated later in this appendix, in the ‘model validation’ section (page 93). Here, the 

proportional hazards assumption (PHA) is evaluated, as shown in Table 13 (using cut-off value of 

  
    

 
 

    

 
        for individual parameters and        for the PHA of the global model).26 

Covariate          

CtMileage -0.072 7.701 0.006 

OperationType -0.050 4.178 0.041 

ADRWith 0.040 2.625 0.105 

OpAreaEastEU -0.051 4.248 0.039 

AppConstructionGoodsC -0.044 3.201 0.074 

AppSeaContainer 0.025 1.025 0.311 

FA 0.074 8.953 0.003 

OperationType*ADRWith 0.003 0.017 0.895 

CtMileage*OperationType
*ADRWith 

-0.002 0.007 0.935 

GLOBAL                        NA 33.8538 9.48e-05 

Table 13: Evaluation of Proportional hazards assumption for Model A 

Dealing with violation of proportional hazards assumption (PHA) 
Firstly, we deal with the violation of the PHA for covariate CtMileage. To investigate the reason for 

violation, the corresponding variable (CtMileage) is categorized into two categories (respectively 

smaller or larger than its median: 140,00 km/year), and for both categories, the expected and 

observed survival curves are constructed.27 Figure 32 shows that initially the expected survival fits 

the observed survival well, but after approximately 3 years, the observed curve for the ‘small 

mileage’ category starts to deviate somewhat from the expected curve. Also, the observed curve for 

the ‘high mileage’ category deviates slightly from the expected curve in the first few years but after 3 

years, the curves overlap. Apparently, at age 3, the effect between mileage and failure rate changes, 

and as a consequence, the hazards are not proportional. This motivates using a Heaviside function 

with step at 3 years: 

                                                           
26

 To take into account the increasing type I error in case of multiple tests, Bonferroni’s correction is applied, i.e. threshold 

value          in which   is the number of parameters tested. 
27

 The observed survival curve is calculated using Kaplan-Meyer estimation (non-parametric method), and to enable a fair 
comparison, Kaplan-Meyer estimation is also used to calculate the baseline hazard function for the expected survival curve 
(so that the fit of the covariate can be evaluated properly). 
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Figure 32: Observed vs. expected survival curve for split dataset (based on CtMileage) 

Each observation is split into two intervals by introducing a new variable   ( )   {      }. This 

means that all starter motors that have survived two years are partitioned into two segments: one 

which is right-censored at time 3, and one which has start time 3 and the original failure time. This 

allows for calculation of a time-dependent effect, because the covariate effect in the second segment 

is the summation of the general effect            and the time-covariate interaction               

(because the covariate               only has value 1 after the threshold value of     ): 

                                       

However, the proportional hazard assumption is still violated. The procedure is repeated with cut-off 

value       (i.e.   ( )   {      }, and now both CtMileage and CtMileage:gt satisfy the 

proportional hazards assumption as shown in Table 14 (note that for two covariates the PHA is still 

violated). Further, Table 15 illustrates that the time-covariate interaction is significant and goodness-

of-fit (AIC) has improved. The time-covariate interaction is negative but is outweighed by the positive 

main effect. This means that at all times, mileage has an augmented effect on the hazard rate, and 

the effect is largest before age     . 

Covariate          

CtMileage -0.02822 1.30531 0.25324 

OperationType -0.04812 3.8168 0.05074 

ADRWith 0.04062 2.71807 0.09922 

OpAreaEastEU -0.05115 4.33573 0.03732 

AppConstructionGoodsC -0.04316 3.0913 0.07871 

AppSeaContainer 0.02494 1.05844 0.30357 

FA 0.07364 8.94441 0.00278 

OpType*ADRWith 0.00312 0.01924 0.88968 

CtMileage*OpType*ADRW
ith 

-0.00217 0.00939 0.92279 

CtMileage:gt1 0.01736 0.46329 0.49609 

GLOBAL NA 30.2180 0.000403 

Table 14: Evaluation of Proportional hazards assumption for extended PHM 
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Covariate             
       

CtMileage 8.24E-06 1 1.15E-06 7.2 6.20E-13 

OperationType -2.27E-01 0.797 1.11E-01 -2.05 4.10E-02 

ADRWith -7.00E-01 0.497 1.22E-01 -5.74 9.50E-09 

OpAreaEastEU -1.15E+00 0.316 3.80E-01 -3.03 2.40E-03 

AppConstructionGoodsC 8.47E-01 2.332 2.23E-01 3.8 1.50E-04 

AppSeaContainer 7.39E-01 2.095 2.23E-01 3.32 9.10E-04 

FA 5.91E-01 1.806 1.75E-01 3.38 7.30E-04 

OperationType*ADRWith 4.34E+00 76.4 1.53E+00 2.84 4.50E-03 

CtMileage*OperationType*ADRWith -4.35E-05 1 1.68E-05 -2.59 9.50E-03 

CtMileage*gt1 -3.56E-06 1 1.57E-06 -2.28 2.30E-02 

Table 15: Regression coefficients of extended PHM (AIC= 28,806.32) 

Final covariate selection 
This procedure is repeated to examine and resolve all (nearly) PHA violations for the other variables, 

which results into the final model as shown in Table 16. In total, a time-dependent effect has been 

modeled for four variables: for mileage and FA a Heaviside function gt1 with step at     , and for 

OperationType and ADRWith a Heaviside function gt2 with step at     . OperationType and 

ADRWith were not most significant, but due to the large sample size (resp. OperationType=1 and 

ADRWith=1) it is important to accurately reflect the impact of these variables on the hazard rate. 

Note that for FA and OperationType, the main effect has become non-significant. This means that 

both variables only affect the hazard rate after a certain time limit: after year 2, FA truck types have a 

significantly higher hazard rate than FT and FTG truck types; and after year 3, locally and regionally 

transporting trucks have a significantly lower hazard rate than trucks operating on long distance. 

Table 17 shows that all the PHA is now satisfied for all covariates, and also for the global model. 

Further, relative goodness-of-fit has improved (to              ).  

Covariate             
       

CtMileage 8.39E-06 1 1.15E-06 7.321 2.50E-13 

OperationType -5.60E-02 0.946 1.26E-01 -0.445 6.60E-01 

ADRWith -9.18E-01 0.4 1.65E-01 -5.573 2.50E-08 

OpAreaEastEU -1.15E+00 0.316 3.80E-01 -3.033 2.40E-03 

AppConstructionGoodsC 8.47E-01 2.333 2.23E-01 3.798 1.50E-04 

AppSeaContainer 7.42E-01 2.101 2.23E-01 3.330 8.70E-04 

FA -5.45E-02 0.947 4.11E-01 -0.133 8.90E-01 

OperationType*ADRWith 4.39E+00 80.513 1.53E+00 2.875 4.00E-03 

CtMileage*OperationType*ADRWith -4.35E-05 0.99999 1.68E-05 -2.597 9.40E-03 

CtMileage*gt1 -3.87E-06 0.999997 1.58E-06 -2.455 1.40E-02 

OperationType*gt2 -5.58E-01 0.572 2.40E-01 -2.321 2.00E-02 

ADRWith*gt2 5.32E-01 1.703 2.39E-01 2.227 2.60E-02 

FA*gt1 8.69E-01 2.385 4.53E-01 1.920 5.50E-02 

Table 16: Regression coefficients of final extended PHM (AIC= 28,797.27) 
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Covariate          

CtMileage -0.01409 3.23E-01 0.570 

OperationType -0.00094 1.43E-03 0.970 

ADRWith -0.00072 8.57E-04 0.977 

OpAreaEastEU -0.03973 2.62E+00 0.106 

AppConstructionGoodsC -0.04528 3.40E+00 0.065 

AppSeaContainer 0.033377 1.90E+00 0.168 

FA 0.007335 8.96E-02 0.765 

OpTypeADRWith 0.002951 1.73E-02 0.895 

CtMileageOpTypeADRWith -0.00309 1.91E-02 0.890 

CtMileage*gt1 0.008205 1.03E-01 0.749 

OperationType*gt2 -0.00033 1.83E-04 0.989 

ADRWith*gt2 -0.00117 2.24E-03 0.962 

FA*gt1 0.017648 5.14E-01 0.473 

GLOBAL NA 1.31E+01 0.440 

Table 17: Evaluation of Proportional hazards assumption for final extended PHM 

Estimation of baseline hazard function 
Two types of models are fitted: both a non-parametric and a Weibull baseline hazard function. 

Non-parametric baseline hazard function (Kaplan-Meyer estimation) 

The Kaplan-Meyer estimation is used to obtain estimates of the baseline hazard rate and the survival 

function (Cook, 2008): 
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This results in the following survival functions in which   ( ) illustrates the theoretical scenario in 

which the covariate vector is a null vector. 

 
Figure 33: Estimated survival times using Kaplan-Meyer 
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Weibull baseline hazard function 

The parameters of the Weibull proportional hazards model can be estimated based on the following 

log-likelihood formula (Cook, 2008): 
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  needs to be transformed in order to solve with Excel’s Solver add-in. 
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If this procedure is applied to our situation with Heaviside functions on two time steps (with     , 
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This result can be used for the likelihood estimation: 
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and      if observation   is uncensored and      if   is right-censored, for observation 

       . This log-likelihood is maximized for   and   using the Solver in Excel. As explained in the 

main text, the fitted Weibull distribution results in the following baseline hazard function   ( ) for 

observation  : 
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 ( )  is the vector of covariate coefficients as in Table 16. 

Model validation 

As explained in the main text, a first indication of the goodness-of-fit of the parametric model can be 

obtained by plotting the survival curves for several types of users (i.e. a user type is a group of users 

with identical covariate vectors). Figure 34 shows that both models yield similar survival estimates.  

Secondly, the deviance residuals of the Weibull baseline hazard function are compared with the 

Kaplan-Meyer baseline hazard, to evaluate whether the Weibull baseline is a good fit. Therefore, as a 

reference point, first the deviance residuals of the Kaplan-Meyer baseline are determined, yielding 

59 outliers (|  
   |   ), all caused by failures within the first 0.6 years of operation (see Figure 35). 

The outliers are 3.55% of all failure observations and 0.37% of all observations. Thus, the Kaplan-

Meyer model performs well at prediction of wear-out failures, but cannot predict early failures. This 

is not surprising, as these early failures are likely to be caused by other factors than normal operation 

(e.g. production issues). As illustrated in Figure 36, the Weibull baseline yields 73 outliers, which is 

only 14 more than the Kaplan-Meyer baseline, also caused by failures within the first 0.62 years of 

operation. Note that censored observations are not likely to be outliers because of the censoring 

time, which is generally relatively early. In conclusion, the goodness-of-fit of the Weibull model is 

validated. 

The validation of the goodness-of-fit also implies that assumptions 1 through 3 in section 4.3.1 can 

reasonably assumed to be valid. 
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Figure 34: Survival curves of three extreme types of users as defined in the Table below (both Kaplan-Meyer and Weibull 
distribution) 

Parameter Light user
28

 Heavy user Average user 

CtMileage 100,000 340,000 143,439.85 

OperationType 0 0 0.06 

ADRWith 1 0 0.08 

OpAreaEastEU 0 0 0.01 

AppConstructionGoodsC 0 0 0.00 

AppSeaContainer 0 0 0.01 

FA 0 0 0.01 

OperationType*ADRWith 0 0 0.01 

CtMileage*OperationType*ADRWith 0 0 1,051.29 
Table 18: Three user types, in which the average user is hypothetical, with all values equal to the population average 

 
Figure 35: Deviance residuals for Kaplan-Meyer regression model 

 
Figure 36: Deviance residuals for Weibull regression model 

                                                           
28

 Note that the user types are defined based on the starter motor failure data  
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Hazard ratio analysis 

The hazard ratio provides useful insights into the effect of covariates on the failure rate. Table 19 

provides an overview of the coefficients and corresponding hazard ratios (see column Expected:    ). 

Covariate         
 

Hazard ratio 

Expected: 
    

Lower bound Upper bound 

CtMileage (x 10,000) 0.084 0.01 1.09 1.06 1.11 
OperationType -0.056 0.13 0.95 0.74 1.21 
ADRWith -0.918 0.17 0.40 0.29 0.55 
OpAreaEastEU -1.150 0.38 0.32 0.15 0.67 
AppConstructionGoodsC 0.847 0.22 2.33 1.51 3.61 
AppSeaContainer 0.742 0.22 2.10 1.36 3.25 
FA -0.055 0.41 0.95 0.42 2.12 
OperationType*ADRWith 4.390 1.53 80.51 4.02 1617.76 
CtMileage*OperationType*ADRWith 
(x10,000) 

-0.435 0.17 0.65 0.47 0.90 
CtMileage*gt1 (x10,000) -0.039 0.02 0.96 0.93 0.99 

OperationType*gt2 -0.558 0.24 0.57 0.36 0.92 

ADRWith*gt2 0.532 0.24 1.70 1.07 2.72 

FA*gt1 0.869 0.45 2.39 0.98 5.79 
Table 19: Hazard ratio (including 95% CI) per 10,000 units change for CtMileage and its interactions and per unit change 
for all other covariates 

Parameter Reference category Dominant feature within reference category 

CtMileage (km/year) 0 Not applicable: only theoretical reference because 
in practice, no trucks have zero mileage  

OperationType Long distance Only “long distance” 

ADRWith No ADR specification Only “No ADR specification” 

OpAreaEastEU All other operation areas  Mainly operation Area West Europe 

AppConstructionGoodsC All other applications than 
construction goods carriers 

and sea-containers  

Mainly General Haulage 

AppSeaContainer 

FA (rigid) FT or FTG (tractor) Mainly FT 
Table 20: Parameters and their reference category (which forms the baseline) 

For the application ‘construction goods carrier’, the hazard ratio is 2.33 implying that a construction 

goods carrier has a hazard rate which is 2.33 times as high as the reference category (comprising 

mainly general haulage applications). Similarly, the hazard rate of users with application ‘sea 

container’ is 2.10 times as high as the reference category. Whereas these ratios are both constant in 

time, for mileage a time-dependent effect was found. This means that the hazard ratio is 1.09 for the 

first two years, and       (             ) from the start of the third year (both per 10,000 units). 

This implies that a user who drives 10,000 km/year more has 9% higher hazard rate in the first two 

years and 4.6% higher hazard rate from the start of year three. 

Further, note the interactions  OperationType*ADRWith and CtMileage*OperationType*ADRWith in 

conjunction with the main effects (including time-dependent effects) of these three covariates.  The 

relation between these three covariates and the hazard rate appears to be quite complex. First, the 

interactions are disregarded by looking at the subset of OperationType=0 (long distance operators): 

trucks with ADR have a hazard rate which is 60% lower in the first three years, and 32% (=  

             ) lower from the start of year four. Similarly, looking at the subset of ADR=0 (no ADR), 
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operation type is no significant factor in the first three years of operation, but from the start of year 

four, trucks operating either locally or regionally have a 43% lower hazard rate than long-distance 

operators. Now, we consider the interaction effects: for trucks with both OperationType=1 and 

ADRWith=1 the effects on the failure rate are different. In particular, mileage has a different effect: 

for these trucks, higher mileage implies a lower hazard rate (see negative coefficient of third order 

interaction).  An example might elucidate this: suppose truck 1 and truck 2 have the same mileage 

and both operate locally/regionally, but truck 1 has ADR whereas truck 2 does not (see Table 21). 

Covariate Truck 1 Truck 2 

CtMileage 100,000 100,000 

OperationType 1 1 

ADRWith 1 0 
Table 21: Example covariate vectors of different truck types 

Then, for the first three years (before time-dependent effects become significant), truck 1 has a 

hazard rate which is 58%  (                         ) lower than truck 2. From the start of year 4, 

the hazard rate is still 30% (                               ) lower. As another example, Table 22 

shows the hazard ratio for the heavy user versus the average user as defined in Table 18. The 

difference in hazard rate is initially very large, but reduces with age (although the difference remains 

significant). Comparisons with the light user type would yield extreme hazard ratio’s because the 

hazard for the light user type is extremely low. Similarly to these examples, the hazard rate can be 

compared for numerous trucks with different covariate vectors. 

Time Hazard ratio 

    7.39 

      6.56 

    3.99 

Table 22: Hazard Heavy user – average user 

Possible explanations for results 

These results could be explained by some experts, and are partially validated using the CFV pilot, 

which are described in section 7.2.3.1. 
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Appendix I 

Monte Carlo simulation: random generator for failure times 
Disregarding time-dependent effects, the survival function is as follows. 
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For models without time-dependent effects, the last formula can be inputted into the Monte Carlo 

simulation. However, the random generator is more complicated for models with time-dependent 

effects, such as the developed model for the starter motor. For instance, for a model with Heaviside 

functions at time    and   , the procedure is as follows: as a first step, the last formula can be used  

to simulate whether the component fails  within the first interval (    ). If not, then a second 

random generator needs to be used for  ( |  )  [ 
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Using similar algebra as shown above, the resulting random generator is: 
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Then, it needs to be checked whether the component would fail before the end of the interval (i.e. 

       ), and if not, a third random generator needs to be used for the final interval (    ): 
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In summary, the following code needs to be used: 
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Appendix J 

Starter Motor – Guideline 1 through 6 for identification of CBM 

opportunities 
The information in this section is gathered by means of interviews with employees within the 

product development department, and documentation on the deduction of the lifetime 

requirements for the starter motor (i.e. internal document with doc. nr. 51520/03- 077; supplier’s 

“technical customer information” document (TKU)). 

 

1. Identify differences in component design within the range of trucks under consideration: 

An identical starter motor is installed in all XF105 FT, FA and FTG trucks, which means no distinction 

needs to be made between starter motor types. For the new XF series, although two slightly different 

starter motors will be installed, they have exactly the same technical design and no differences in 

failure behavior are expected. Thus, it is hypothesized that also for the new XF series, no distinction 

needs to be made between starter motor types. 

2. Describe the most relevant failure modes and their criticality, and 
3. Describe the detectable failure modes in terms of which (sub)components fail and how 

they fail: 
Although the failure behavior of the starter motor is highly complex, with various unresolved 
questions, the following main failure modes can be distinguished: 

 Electrical wear-out: under normal to ideal operating conditions (i.e. no production issues, no 

significant water or dirt exposure and no excessive vibrations) the lifetime of the electrical 

subcomponents is most critical. Figure 37 provides a schematic overview of these sub-

components. Due to long-term usage of the starter motor, the carbon brush and other electrical 

components wear out. This amplifies the sparking process, which accelerates degradation until 

connection is disturbed. The corresponding ‘age variable’ (i.e. the variable that most accurately 

describes the age with regards to this failure mode) is the amount of work (i.e. delivered power 

integrated over time, measured in          =    ); 
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Figure 37: schematic overview of the electrical subcomponents of the starter motor  

 Corrosion: The starter motor is positioned close to the ground and is only partially covered with a 

protective cap, making the component vulnerable to ambient conditions such as salt, dirt, and 

water. When the starter motor is subject to these conditions, it causes the electrical connections 

to corrode. Especially the main contact is vulnerable because it is constantly electrically loaded 

(even during idleness, except for trucks with ADR specification) which accelerates corrosion. 

Thus, the age variable is ‘time’, although degradation is highly affected by environmental factors 

and usage types. Also the starter motor relay contacts suffer significantly from corrosion. 

Although in general, only the relay contacts would need to be replaced, in practice the complete 

starter motor is replaced for users with service contracts. Shortly, a redesign will be introduced 

(involving silicon filling) to reduce the vulnerability of the starter motor with regards to water 

and dirt exposure; however, it is unclear to what extent this will reduce corrosion development; 

 Mechanical wear-out, comprising two types:  

o Firstly, owing to the starter motor’s function as driving mechanism, the mechanical 

components wear-out after a significant time in ‘starting mode', causing grease reduction 

and material distortion until it can no longer perform its designated function. The age 

variable that best describes this type of mechanical wear-out is the “cumulative starting 

duration” (i.e. the sum of all start durations). However, the starter motor is designed for a 

total starting duration that is a multitude of what is reached in practice. Therefore, the 

starter motor should not be subject to such a mechanical wear-out. However, in practice 

this failure mode is occasionally encountered, and is possibly caused by irregular operating 

conditions (i.e. significant water and dirt exposure and excessive vibrations). The impact of 

these operating conditions and the hazard rate is unknown. 

o A different type of a mechanical wear-out failure is the slipping of the starter motor 

overrun clutch (OR clutch)/pinion: when the starter motor has activated the engine, it 

needs to be decoupled. At that moment, the OR clutch absorbs the forces from the starter 

motor and engine, causing material distortion and eventually ‘slipping’ of the OR 

clutch/pinion. The corresponding age variable is the number of starts; 
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o Note that electrical wear-out might affect mechanical wear-out to some extent because 

electrical degradation causes an increase in start duration, which accelerates mechanical 

wear-out. 

 Pinion sticking / burr: during a normal start, the starter motor correctly engages the engine. 

However, during approximately 1% of the starts (occurring randomly), the starter motor does not 

correctly engage the engine (called a ‘blind start’). When that occurs, the software should ensure 

that the starter motor timely stops engaging. However, occasionally a blind start is not stopped 

timely, which might damage the gear wheel and starter ring gear (causing ‘burrs’). As a result, 

after starting the starter motor, the gear wheel might not smoothly return into the starter motor; 

instead, it might lead to partly sticking into the ring gear.  This causes the engine to propel the 

starter motor (instead of the other way around), which eventually results in starter motor failure. 

Although the root causes for not stopping timely are unknown, it seems to arise randomly (i.e. at 

a constant failure rate). Further, the starter motor is currently being redesigned to reduce the 

number of blind starts; 

 Venting hole, water ingress: when driving through extremely wet surfaces or when cleaning the 

truck thoroughly using water, large amounts of water might penetrate the venting hole of the 

starter motor via the flywheel housing inspection hole. This random event could cause the 

starter motor to fail (which can be expressed as ‘internal corrosion’, which is distinguished from 

the ‘corrosion’ failure mode mentioned above); 

 Overheating, which is a type of starter motor misuse: if the starter motor is used consecutively 

for a long time period (e.g. 90 seconds), the starter motor gets overheated. For instance, after an 

engine breakdown, drivers occasionally seem to use the starter motor to move the truck to a 

convenient location. The truck software should prevent such misuse, but possibly the software 

might not always function properly or the software might be by-passed (in yet unknown ways). 

This is a random failure, as it can happen at any moment during the truck lifetime; 

 De-aerating: another type of misuse can happen when de-aerating the fuel system (when the 

fuel filter needs to be replaced). Although a hand pump should be used, also the starter motor 

can be used. The starter motor design should enable at least 20 of such de-aerations using the 

starter motor, without any further impact on the starter motor lifetime (see internal document 

‘doc. 51520/03-077)’; 

 Numerous other types of misuse behavior pertain to violations in design instructions, which are 

assumed to be complied with by DAF; 

 Further, some fraction of starter motor failures is categorized as miscellaneous. 

In addition, the starter motor supplier expects that vibrations (especially during driving) also 

accelerate deterioration. However, it is unclear which failure modes are affected by these vibrations, 

which illustrates the complexity of starter motor failures. 

Failure consequence: Only alert drivers might observe degradation signals of any of the 

abovementioned failure modes timely, so that the consequence might be limited to an urgent repair 

(see also guideline 4 and 5). Otherwise, the truck will break down shortly. For corrosion, no 

indication of an imminent starter motor failure can be observed at all. Therefore, corrosion failures 

are expected to nearly always result in breakdown. 
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Failure frequency: Failure data on the level of failure modes is only available within the first two to 

three years29, and it turned out to be impossible for experts to approximate the failure frequency 

over the entire truck lifetime (8 years).  Furthermore, the supplier does not have any statistical 

failure data on failure mode level at all. Therefore, the failure frequency within the first two to three 

years (for trucks operating from January 2011) is used to obtain a first indication of the failure 

frequency (see Figure 38). For wear-out failure modes, these frequencies are a lower bound for the 

overall failure frequency. 

 
Figure 38: relative failure frequency of the most relevant failure modes 

The guide proceeds with the relevant wear-out failure modes: mechanical wear-out and corrosion. 

Further, since electrical wear-out might become relevant in the future (if the corrosion and 

mechanical wear-out problems are reduced), this failure mode is also discussed in guidelines 4 and 5. 

4. Describe failure modes in terms of all detectable phenomena (either the failures or the 
effects), and  

5. Determine accuracy of measurements: 
Although corrosion occurs at the exterior of the starter motor, it is currently not possible to detect 

the degree of corrosion through inspection, due to the presence of a cover that protects the starter 

motor from environmental factors such as dirt, water and salt. When predicting corrosion, it is crucial 

to take into account the substantial impact of environmental factors. The FMS system periodically 

records the truck location, from which the environmental effects could be estimated. For instance, it 

is possible to categorize regions based on their climates, and assign a ‘corrosion factor’ to each of the 

regions. For instance, regions with dry climates cause a negligible amount of corrosion development 

and regions with humid climates amplify corrosion development. Further, to take into account 

seasonal climate differences within a region, each region could be assigned one ‘corrosion factor’ per 

season (e.g. per month). This factor can also reflect the likelihood of salty roads. However, it would 

still only partially reflect the real effect of climate on corrosion, especially because real climate can 

deviate significantly from the average climate of a region (e.g. temperature, humidity, salt). 

Furthermore, the prediction accuracy depends on the granularity of the defined regions: a higher 

number of regions implies more detailed information, which increases prediction accuracy. In 

addition, truck usage varies, causing differences in exposure to humidity, salt, and dirt. These effects 

of truck usage can probably be predicted most accurately using the R&M contract parameter 

‘application type’. The model on R&M contract data revealed that construction goods carriers and 

sea-containers have significantly higher failure hazards, which is possibly related to respectively dirt 

and water exposure. 

                                                           
29

 DAF assesses the failure cause at the revision workshop for failures within the warranty period (2 years) and also third 
year failures outside warranty are sometimes assessed because either courtesy warranty is provided or the starter motor 
supplier is interested in the failure causes. 

21% 

15% 

13% 11% 
7% 5% 

28% 
Corrosion on wiring clamp 30

Corrosion: relays contact defect

Pinion slipping

Wiring clamp 45 burnt (resolved
production problem)
Pinion sticking
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For mechanical wear-out, some signals might be observable, such as mechanical noise from the 

starter motor during a start. When this degradation signal is observed, the starter motor should be 

replaced within a very limited number of starts (i.e. one or several days, depending on truck usage 

and severity of signals). Therefore, it is not possible to timely observe these signals by the dealer, but 

only by alert drivers. Further, timely observation and action can only reduce the failure consequence 

from breakdown to an urgent repair. 

The age variable of mechanical wear-out is the ‘cumulative starting duration’, but also operating 

conditions such as starter motor temperature seem to play a crucial role. Unfortunately, insufficient 

information is available on the impact of operating conditions on mechanical wear-out. Therefore, it 

is currently impossible to develop a degradation model for this failure mode. 

For electrical wear-out, a failing starting attempt might be a sign of an imminent starter motor 

failure. However, it could also be a sign of any other problem within the start system (including 

battery, wiring, contact key), so it is not possible to distinguish failures using this measurable effect. 

Still, this observation means that an urgent repair is required for one or more parts of the start 

system, or otherwise a breakdown will follow soon. Thus, it is not possible to replace preventively 

after observing a failing starting attempt. Another alternative is the possible detection of large drops 

in current (between the batter and starter motor power connection (terminal 45)), which are a sign 

that the contacts are burning in. However, at the time this can be observed, a failure will follow very 

shortly, so it is probably not even possible to reduce the consequence to an urgent repair. 

As mentioned in guideline 3, electrical wear-out is best described by the age variable ‘work’. Work is 

significantly related to the temperature in the direct environment of the starter motor,30 which can 

be roughly divided into cold, normal and warm. Table 23 shows the required work for a start under 

each of these three conditions. The condition can be deducted from the engine oil temperature: for 

instance, when oil temperature is low, this means not only that ambient temperature is low, but also 

that a significant time has passed since the last start. Hence, the starter motor performs a cold start. 

A similar reasoning can be applied to normal and warm starts. 

  Normal start  Cold start Warm start 

Ambient and starter motor 
temperature (   ) 

20 -20 100 

Temperature (   ) (of battery and 
engine oil temperature) 

20  -20*  100 

Start duration ( ) 1.6 4 1 

Average current (I) / voltage (U) 300A/22V 500A/19V 250A/22V 

Average power        (    ) 6,600 9,500 5,500 

Work W delivered by  
starter motor (      ) 

12,500 40,000 5,000 

Degradation weight   2.5 8 1 
Table 23: required work during start for various temperatures 

*implying 15% of normal battery capacity 

Note that the required work can also be estimated when both the start duration and electrical power 

are measured (see Table 23). Both are measured by the Engine Control Unit (ECU), but can currently 

not be transferred to the FMS system. If desired, such an information transfer might be enabled by 

                                                           
30

 when temperatures are low (-16 C), then oil is thicker, so the engine needs to deliver more torque, so also the starter 
motor needs to work harder to start the engine (i.e. the start duration is longer and the required electrical power is higher). 
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improving software design. In this project the currently available temperature is used as an indication 

of the required work, using the weights revealed from the most right column in Table 23, derived 

from the relative work for the various types of starts. 

Influence of user behavior: the user can influence the starter motor in several ways: first, he can 

accelerate degradation by means of the types of misuse described earlier. However, this is expected 

to occur only occasionally. Moreover, these types of misuse can currently not be measured by the 

FMS parameters: for both misuse types ‘overheating’ and ‘de-aeration, information on start duration 

would need to be collected. Second, the user might mitigate component degradation by keeping the 

engine idle during overnight stops. This would prevent cold starts because it prevents the 

components from cooling down (or even from freezing). A small downside is the (minor) impact on 

degradation of other truck components such as the battery. Although no empirical evidence is 

available, it is hypothesized that users behave significantly different with regards to ‘keeping the 

engine idle during overnight stops. Third, in case a supporting battery is used to activate the starter 

motor, the cold cranking amps of the supporting battery determine the cranking speed (in rpm), 

which affects mechanical degradation (of amongst others the OR clutch). However, a supporting 

battery is generally not used, and the impact on degradation is limited. Thus, the user can influence 

deterioration only to a limited extent, which indicates that results from an FMS sample might be 

generalized to other users (based on the R&M contract data). However, the potential value of FMS 

sample data still depends on the extent to which the FMS variables can be predicted using FMS data. 

Thus, keeping the motor idle during overnight stops is the only significant impact of users that could 

be measured using FMS. 

6. Determine which wear-out failure modes seem to be interesting to monitor:  
The corrosion failure mode seems most interesting to monitor, because this is the most relevant 

wear-out failure mode and the relevant factors are reasonably known. Further, numerous other truck 

components are subject to corrosion (e.g. bearings and electrical connections), which increases the 

relevance of a methodology for monitoring the corrosion development. Furthermore, corrosion is 

expected to become more and more relevant issue for the truck in general because an increasing 

fraction of the truck is connected electronically, and it is not possible to detect corrosion (except for 

detection through inspections, if the specific location of corrosion can be reached): it can only be 

either prevented by protecting the component from ambient conditions, or predicted using a CBM 

model. 

Mechanical wear-out is also relevant and all relevant wear-out failure modes should be taken into 

account when developing a CBM decision model; however, too little is known about the degradation 

behavior of mechanical wear-out, which thwarts development of a maintenance decision model. The 

FMS data might be valuable for illumination of the degradation behavior, so that in the future, the 

maintenance decision model can also incorporate this failure mode (see also guideline 7).  

Although under ideal operating conditions, the starter motor is expected to fail on electrical wear-

out, in practice this does not seem to be a relevant failure mode, because the starter motor 

practically always fails on other failure modes before the electrical connections are worn-out. 

Therefore, this failure mode is not monitored. In the future, if other failure modes are designed out 

and electrical wear-out becomes a relevant failure mode, then its deterioration behavior can be 

modeled using the above described qualitative analysis (see guidelines 4 and 5).  
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Appendix K 

Alternator – Guideline 1 through 6 for identification of CBM 

opportunities 
This appendix provides a quick scan for the identification of CBM opportunities for the alternator, 

using guideline 1 through 6 of the guide (see section 3.4.1). 

1. Identify differences in component design within the range of trucks under consideration: 

Within both the XF105 series and the new XF series, two types of alternators can be distinguished, 

each with a different current. It is important to take this distinction into account in the remaining 

guidelines. 

Further, the alternator differs between the XF105 and new XF series with regards to the component’s 

position: in the XF105 series, the alternator is located relatively low (relatively close to the engine), 

making this component somewhat more vulnerable to ambient conditions and also to higher 

temperatures. However, in the new XF series, the alternator will be located higher, solving these 

(minor) issues. 

2. Describe the most relevant failure modes and their criticality; and 
3. Describe the detectable failure modes in terms of which (sub)components fail and how 

they fail: 
The dominant failure mode is wear-out of the bearings and brushes. The wear-out of these 

subcomponents is related to the amount of current that is delivered throughout the operating life. 

Also the amount of vibrations affects wear-out. Wear-in and random failures play an insignificant 

role. 

4. Describe failure modes in terms of all detectable phenomena (either the failures or the 
effects):  

5. Determine accuracy of measurements: 
Although the current can currently not be measured, there is a DFM connection which can measure 

the voltage, from which the current can be derived. The signals from this DFM connection are 

currently not collected within the FMS data. 

Within the FMS data, it is possible to measure the remaining battery capacity, and if it does not reach 

the full charge capacity, it is a sign that some electrical component is not functioning well (e.g. 

alternator, battery); hence, it is recommended to perform an unplanned service stop, in order to 

diagnose the problem before a breakdown occurs. 

 

Alternatively, the current can be estimated indirectly using the two main factors that affect the 

current: the engine speed (rpm) and the alternator temperature (which is proportional to the coolant 

temperature). They can both be measured by the current FMS system. Also the amount of vibration 

affects wear-out, because it causes the electrical contacts to degrade.  This could be detected by 

measuring the resistance within the contacts, but this parameter is currently not measured by the 

FMS system. Alternatively, the engine speed (rpm) seems to be a reasonable predictor because it is 

the major cause of vibrations during driving.31 

                                                           
31

 Vibrations from the chassis (due to bad road quality) are largely absorbed by the suspension system. Furthermore, 
vibrations during starting have a negligible impact compared to vibrations during driving, since the starting time is short 
compared to the driving time. 
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In the XF105 series, the temperature and some other ambient conditions also affect wear-out, and 

these conditions cannot be measured by FMS data. Fortunately, in the new XF series these conditions 

should not play a significant role anymore. 

Drivers can defer deterioration by choosing relatively high engine speed, which can be measured 

using FMS data. The extent to which engine speed can be estimated based on R&M contract 

parameters is currently unknown and would have to be examined using data from the CFV pilot. 

In conclusion, the alternator condition can probably be predicted reasonably accurately using the 

FMS measurements. The condition can be observed even better if signals from the DFM connection 

would also be collected.  

6. Determine which wear-out failure modes are interesting to monitor: 

Only the wear-out of the bearings and brushes seems to be interesting to monitor. 

7. Determine whether it is economically feasible to initiate CBM on this component, through 
development of a maintenance policy:  

For the alternator, this phase of the guide is beyond the scope of the project. It might be possible to 

develop a Weibull model if all relevant factors (engine speed, alternator temperature, vibration) can 

be incorporated into one age variable. Alternatively, if one or more variables can be modeled as a 

covariate influencing the hazard rate, then it might be possible to develop a (Weibull based) PHM 

model.  

Note that Elwany, Gebraeel and Maillart (2011) developed a degradation model for the wear-out of 

bearings, which might be useful in situations in which vibrations of the bearings are a direct condition 

indicator. This model is not applicable in this situation, because for trucks, the vibrations are a cause 

of wear-out rather than a direct condition indicator. Furthermore, this model could only be applied if 

the vibrations are measured, and they are currently not measured.  
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Appendix L 

Derivation of standard deviation for age variable    and predicted 

unobserved corrosion   
  

For a specified    , the variance   
  of current age    can be estimated as follows: 

 [  ]   [  ( )  
    ( )  

      (  (   ))   (   )
 ]  

Since these corrosion factors can reasonable be assumed to be independent between different 

months (perhaps not between days), this formula can be rewritten to:  
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The main difficulty of this formulation is that it requires each observation  ̂ ( )  
 , causing an enormous 

computational complexity. To solve this, it could be assumed that all historic corrosion factors 

( ̂ ( )  
 )

 
 until period   are equal (i.e.  ̂    

 ̂ 

  (   )
), which would yield a lower bound for the real 

variance  [  ]. Alternatively, it can be assumed that the entire corrosion development  ̂  is caused 

by only half of the months, so half of the months has  ̂      
 ̂ 

  (   )
 and the other half has 

 ̂     . This would yield the following estimation for the variance (assuming independence 

between the realized corrosion factors of different months): 
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Hence,   ̂ 
 √ [  ]      √  

 ̂ 

√  (   )
, which is a factor √  higher than the     based on the 

assumption of equal historical corrosion factors. Thus, when variation of the historical corrosion 

factors  ̂ ( )   increases, then also     increases. This implies that the     is also related to the impact 

of seasonal effects and the variation of regions in which the truck operates, but quantification of 

these effects is difficult. Overall, assuming   ̂ 
     √  

 ̂   

√  (   )
 seems to be a reasonably 

conservative approximation for the variability of the current age development   , except for small 

values of  ̂   : the approximation error decreases when  ̂           . 

                                                           
32

 Here, it is assumed that the average corrosion factor for region   in month   are unbiased. 
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For the variability of the second variable, the unobserved corrosion factor   
  ∑  ̂ ( )  

 
    of 

period  , a multinomial distribution is assumed with       (see section 6.2.1, subsection Variability 

of fractions     ). Therefore, for each scenario (i.e. for each combination of regions  ( ) in the next 

6 months), the standard deviation can be based on the corrosion factors of those ‘given’ regions; 

hence, it does not require the approximation that was used for the current age  ̂ . Therefore, for a 

specific    , the standard deviation of the predicted corrosion development  age    is formulated as 

follows:    
      √∑ ( ̂ ( )  

 )
    

    (   )  . 

Both types of uncertainty need to be taken into account when making replacement decisions. 
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Appendix M 

Impact of model accuracy parameters 
Model accuracy can be described by three parameters: the number of defined regions  ; the number 

of categories  ( ) in which to divide the normal distribution; and the number of categories  ( ) in 

which the range of possible   -values is divided when going through the dynamic model. Increasing 

these three parameters would enhance accuracy, but would also dramatically increase 

computational intensity. As discussed in section 6.2,     and  ( )    are chosen. To determine 

the right value for  ( ), a small pilot is performed in which  ( ) is varied for the initial parameter set, 

and some other scenarios by varying the fractions       . For these scenarios, the difference in 

expected savings between 100 and 500 categories ranges from € 0.3 to € 1.2 (depending on the 

fractions, with a maximum difference of 0.4%). This validates the choice for 100 categories. Note that 

the error is highest at the end of the horizon, because at that stage age can vary the most, so age 

categories are larger. However, it has little impact on the expected costs and savings over the entire 

horizon.  
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Appendix N 

Explanation of impact of     on expected costs 
As demonstrated in Figure 39, the expected OTF-costs show a cyclic effect, which can be explained as 

follows. For small contract durations, age remains relatively low, so the failure probability is relatively 

small; in that case, larger uncertainty of unobserved corrosion development increases the chance of 

failure, resulting in higher costs. However, for larger contract durations, the failure probability 

becomes relatively high (especially for high fractions    and   ); and uncertainty means that there is 

also a chance that age develops less than expected, and therefore for large contract duration, 

uncertainty has a positive effect on the expected OTF-costs. When contract duration increases 

further (to    ), at least one failure is expected, and for the (small) remaining horizon after failure, 

the above explained logic repeats itself, causing a cyclic effect. However, it is important to note that 

these are minor in relative terms (see y-axes of the charts in Figure 24). 

For small contract durations, the impact on the expected optimal costs is similar to the OTF-costs: 

replacement is not interesting, and the uncertainty increases the chance of failure and therefore also 

the expected costs. However, for a contract duration of approximately       years (and the other 

parameter settings as in Table 3), preventive replacement becomes more interesting. For       

and      , it is only occasionally interesting to replace (depending on the realized regions of 

operation), and therefore for       and        , three scenarios are possible: first, if age 

development is less than expected, then no preventive replacement is required, implying lower costs 

than in the case of      . However, when age development is either as expected, or even higher 

than expected, then the component would be replaced preventively at fixed costs      ; hence, in 

these cases optimal costs are equal to the costs for       and      . Therefore, expected 

optimal costs at a contract duration of       years are smaller for         than for      . 

When   increases further (   ), preventive replacement is almost certainly required, but when 

uncertainty is high, the component might fail again within the remaining horizon after replacement. 

Therefore, for large  , the optimal costs are larger for         than for      . 

These results are obtained for the initial parameter estimates, with (              )   (
 

 
 
 

 
  ) 

   {          }    For other fractions, the effects will be similar but with a different ‘cycle 

length’: the larger the fractions    and   , the shorter the cycle. 

 
Figure 39: Differences in expected OTF costs, optimal costs and savings between       and 
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Appendix O 

Impact of time-dependent fractions ( ̂     ̂     ̂   ) versus constant fractions 

To evaluate the effect when fractions change over time (versus constant fractions), several scenarios 

are evaluated (see left-hand side of Table 24 and Table 25). In all scenarios, an equal amount of time 

is spent in each region over the entire contract duration; however, the distribution of fractions 

between the first and second half of the contract duration is different (which is an extreme case of 

time-dependent fractions). Table 24 and Table 25 show that even in this extreme case, the 

differences in expected costs and savings are minor. Thus, when the aim is to calculate the expected 

costs and potential savings, it is not crucial to take into account time-dependent fractions (as long as 

the average fraction is estimated correctly). However, for replacement decisions it is still crucial to 

take into account these time-dependent fractions. 

Fractions    
   ̂     

   ̂  Potential 
savings   {       }    {            } 

(
 

 
 
 

 
  ) (  

 

 
 
 

 
) 1214 1493 279 

(
 

 
 
 

 
  ) (

 

 
 
 

 
  ) 1219 1488 269 

(
 

 
 
 

 
  ) (

 

 
 
 

 
  ) 1208 1499 290 

(     ) (     ) 1219 1483 264 

(     ) (     ) 1204 1504 300 

Maximum difference  €15 (=1.2%) €21 (=1.4%) €31 (=10%) 

Table 24: Expected costs (both OTF and optimal) and savings for different scenarios, all with the same total amount of 
time spent in each region 

Fractions    
   ̂     

   ̂  Potential 
savings   {       }    {            } 
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) 731 771 40 
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) (

 

 
   

 

 
) 732 769 38 

(
 

 
   

 

 
) (

 

 
   

 

 
) 732 769 37 

(     ) (     ) 740 760 20 

(     ) (     ) 727 760 32 

Maximum difference  13 (=1.7%) €11 (=1.4%) €20 (=50%) 

Table 25: Expected costs (both OTF and optimal) and savings for different scenarios, all with the same total amount of 
time spent in each region 
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Appendix P 

Estimation of FMS variables using R&M contract data 
In this appendix, models are developed to explain variations in both the number of starts and the 

engine oil temperature, using R&M contract data. 

Model development for number of starts 
Although the required sample size depends on the required model accuracy, a rule of thumb can be 

used to find the minimum acceptable sample size. In this case, we are interested in testing both the 

overall model (i.e. whether number of starts can be predicted accurately), and testing the 

contribution of each individual predictor. For just the former goal, the rule of thumb is to use a 

minimum sample size of      , with k predictors (Field, 2005). For just the latter goal, the 

minimum sample size is      . Thus, for a model with 11 predictors,33 and with both goals, the 

maximum of both rules of thumbs should be used to obtain the lower bound of 138 observations. 

Note that this is just the minimum sample size for prediction of the FMS variable(s) using R&M 

parameters (‘translation step 1’ in Figure 4). For ‘translation step 2’, a larger sample size is advised, 

preferably with long lasting R&M contracts and with sufficient observations per predictor. 

Model based on CFV sample including all three truck types (i.e. XF, CF, LF) 

Unfortunately, the CFV pilot only comprises 98 observations in total, and only 42 of the truck type of 

interest (XF). As a result of such a small sample size, the estimated model accuracy    might be 

overestimated and the contribution of predictors may be underestimated (leading to non-significant 

results) (Field, 2005). Further, the CFV pilot only contains users with operation area ‘West-Europe’ 

and without ADR specification, which makes it impossible to test the effect of these predictors. In 

addition, truck type and ‘drops per day’ are highly correlated, because all XF trucks have ‘1 to 6 

drops’ and all LF trucks have ‘over 16 drops’. Only the set of CF trucks shows some variation (mainly 

‘1 to 3’ and ‘1 to 6’). Furthermore, the sample contains a limited number of customers, each with 

several trucks, which also limits the validity of the results. 

Table 26 shows the best fitting model for the population including all three truck types (i.e. XF, CF, 

LF), obtained by manually entering and removing predictors based on their significance. It reveals 

that the number of drops per day is a significant predictor of the number of starts (it is even a slightly 

better predictor than truck type, and owing to the high correlation, truck type becomes non-

significant). In particular, compared to the baseline of ‘1 to 3 drops’, having ‘over 16 drops’ increases 

the number of starts, and remarkably, ‘1 to 6 drops’ decreases the number of starts. The explanation 

might be in the origin of both categories: all trucks with ‘1 to 3 drops’ are UK and trucks with ‘1 to 6 

drops’ are continental. So apparently, continental trucks with few drops need fewer starts than UK 

trucks with few drops. Table 26 further shows that Sand & Gravel trucks have a larger number of 

starts, which is also remarkable because this truck type was found to have no (significant) effect on 

starter motor failures. All other parameters are non-significant, including the application 

                                                           
33 Based on the results of the R&M model, the predictors of interest are: mileage; body type (tractor vs. rigid); operation type (local, 
regional, long distance); ADR specification; application type (general haulage, construction goods carrier, and sea-container); operation 
area (West-Europe, East-Europe, Scandinavian Countries, Africa) number of drops (because it is expected to be related to number of 
starts). After dividing into dummy variables, the model would contain 11 predictors. 
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‘construction goods carrier’ which is significantly related to starter motor failures (possibly through 

exposure to dirt).34  

Parameter        t Sig 95% Confidence 

Interval 

(Constant) 16.916 .903 18.730 .000 15.122 18.709 

OneToSixDrops -8.741 1.038 -8.424 .000 -10.801 -6.680 

Over16Drops 4.355 1.241 3.509 .001 1.890 6.819 

AppType_SandGravel 3.063 1.092 2.804 .006 .894 5.232 

Table 26: Parameter estimations of model for the number of starts, based on entire CFV pilot (comprising all truck types) 

Although the model explains a reasonable amount of variation in number of starts (    
      ), it 

mainly explains differences between truck types, whereas we are also interested in prediction of the 

number of drops within the XF series.  

Model based on XF truck subsample  

Unfortunately, the dataset (comprising 42 observations) does not contain any users with operation 

type ‘local’ and only 2 who operate ‘regional’. Further, all 42 users have ‘1 to 6’ drops per day. 

Therefore, both operation type and ‘drops per day’ are excluded from analysis. The resulting model 

explains 25% of the variation in number of starts per day between XF trucks (see     
       ). As 

illustrated by Table 27, mileage has a positive effect: every additional 100,000 mileage corresponds 

with 1.88 additional daily starts. Further, rigid trucks start more frequently than tractors. Owing to 

the small sample size, all other predictors are non-significant (at the 5% significance level). Using this 

model to estimate the number of starts, the remaining variance is  ̂  
   

   
 

∑ (    ̂ )
  

   

   
 

     

    
 

            , whereas without regression analysis the variance would be                . 

Parameter        t Sig 95% Confidence 

Interval 

VIF 

(Constant) 6.271 1.211 5.176 .000 3.820 8.721 n.a. 

CtMileage 1.880E-5 .000 2.656 .011 .000 .000 1.024 

Rigid -1.818 .729 -2.494 .017 -3.293 -.344 1.024 
Table 27: Parameter estimations of model for the number of starts, based on XF trucks from CFV pilot 

Assumptions checking 
Linear regression requires some assumptions that need to be checked before accepting the model 

(Field, 2005). 

Residual independence 

Firstly, residuals should be independent; otherwise, the model does not sufficiently describe the 

model underlying the data, reducing model fit. This assumption can be tested with the Durbin-

Watson test (incorporated in software such as SPSS and Minitab), which tests whether adjacent 

residuals are correlated. A value of 2 indicates perfectly independent residuals, and as a conservative 

rule, values below 1 and above 3 cause concerns, although values close to 2 might still be 

                                                           
34 Using as reference category: truck type XF; operation type ‘long distance’; application type ‘general haulage’; ‘1 to 3 drops per day’; and 
body type ‘tractor’.  
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problematic depending on the sample and model (Field, 2005). In the regression of XF trucks, Durbin 

Watson test statistic is 2.520, which reasonable assures that the assumption is met.  

Homoscedasticity assumption 

Secondly, errors should satisfy the homoscedasticity assumption, which means that variance should 

be the same for all values of the predictor value. This can be evaluated visually by plotting the 

standardized residuals against the standardized predicted outcome (see Figure 40). Owing to the 

small dataset and the small number of predictors (each with limited variation), the dataset only 

contains eight unique combinations of predictor values, resulting in eight unique predictions (hence 

the vertical lines in Figure 40). Due to the small sample size, no reliable conclusions can be drawn 

from this plot, although the second vertical line might cause some concerns because residuals are 

grouped. 

 
Figure 40: Plot of standardized residuals against standardized predicted values (for dataset comprising only XF trucks) 

Normality assumption 

Further, residuals should be normally distributed, which can be examined by plotting a histogram 

and normal probability plot and can be tested quantitatively using the Kolmogorov-Smirnov test. In 

case of perfectly normally distributed residuals, all dots would lie on the diagonal line in Figure 41 

(right hand side). Although the graph shows some deviations, the Kolmogorov-Smirnov test (Table 

28) shows that these are not significant. 

  
Figure 41: histogram and normal probability plot of model residuals (of dataset comprising only XF trucks) 

Parameter Statistic df Sig. 

Standardized 

Residual 

.127 42 .087 

Table 28: Kolmogorov-Smirnov test of normality, testing the null hypothesis that residuals are normally distributed 

Multi-collinearity 

Additionally, the model should not contain any multi-collinearity, which is satisfied if the Variance 

Inflation Factor (VIF) of each predictor is smaller than 10 and the average VIF is ‘not substantially 
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greater than 1’ (Field, 2005, p. 197). The most right column of Table 27 (in this appendix) shows that 

this assumption is satisfied. 

Outlier checking 

Since outliers might be affecting your model, these should be identified and treated carefully. 

Identification is possible by looking for standardized residuals lager than 2: in an ordinary sample, 5% 

of cases is expected to have residual values larger than 2. Table 29 shows that 2 out of 42 (4.8%) 

observations are outliers. Both case 32 and 37 are investigated in more detail by calculating both the 

Cook’s distance which is well below 1, indicating that both cases do not significantly influence the 

model. 

Case 

Number 

Std. 

Residual 

Number of starts per 

day 

Predicted 

Value Residual 

Cook’s 

distance 

32 2.6 13.8 7.7 6.1 .14 

37 3.3 16.6 9.0 7.6 .21 
Table 29: outlier identification (based on XF trucks from CFV pilot) 

Dealing with assumption violations 

One can deal with violations of one or more of these assumptions by including more predictor 

variables, or by variable transformations. Further, influential outliers can be removed to improve 

model accuracy. 

Model development for engine oil temperature 
As discussed in section 6.3, starts are divided into three types: cold, normal and warm starts. The 

average division into types of starts depends on the season, as demonstrated in Table 30. However, 

this division might also differ significantly between users due to differences in truck usage, which 

might be captured by the R&M contract data. Therefore, the aim is to use the R&M contract data to 

estimate the fraction of each type of start. Unfortunately, for a substantial part of the sample, data 

was collected for less than a year, resulting in too many missing values to develop a month-based 

model for the fraction of warm and cold starts. Therefore, this Appendix only discusses estimation of 

the year-average fractions. 

 
Table 30: Fraction of each type of start, per month   

Model development for fraction of warm starts 

As discussed in section 6.3, the fraction of warm starts generally depends not only on ambient 

temperature, but also on the time duration that the engine is turned off before it is restarted, which 

might be related to &M parameters such as application type, number of drops per day, and mileage. 

A warm start is defined as a start with          . The CFV data includes status records that are 

triggered by several events, of which the “Ignition On” event most accurately describes the moment 

the engine is started. Such status records include a record of the engine oil temperature. 

Table 31 shows the best fitted model based on the entire CFV dataset, comprising XF, CF, and LF 

trucks, with         . The constant percentage (82.5%) indicates the    for trucks that have value 

‘0’ for all relevant predictors (with same reference user as in model for number of starts). 

Month m Yearly average 1 2 3 4 5 6 7 8 9 10 11 12

Fraction warm starts 89.1% 87.3% 86.4% 88.5% 88.5% 89.2% 90.6% 91.2% 91.4% 90.5% 90.1% 88.4% 87.7%

Fraction normal starts 10.8% 12.4% 13.1% 11.4% 11.5% 10.7% 9.4% 8.8% 8.6% 9.5% 9.9% 11.6% 12.2%

Fraction cold starts 0.09% 0.36% 0.45% 0.12% 0.02% 0.07% 0.00% 0.00% 0.00% 0.00% 0.02% 0.00% 0.06%
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Construction goods carriers and sand & gravel trucks even have a larger fraction of warm starts, and 

also having a CF truck increases the percentage of warm starts. Further, UK users generally have 

fewer warm starts. 

Parameter     *      t Sig 

(Constant) - 0.825 1.360 60.619 .000 

Application Type Construction 

Goods Carrier 

11 0.478 1.289 3.705 .000 

Application Type Sand & Gravel 14 0.528 1.282 4.116 .000 

UK 17 -0.270 1.332 2.028 .046 

Truck Type CF 37 0.3618 1.072 3.375 .001 
Table 31: Parameter estimations of model for fraction of warm start, based on entire CFV pilot (comprising all truck 
types) 
*Number of observations that have value ‘1’ for dummy variable   (out of 80 observations in total) 

Model for fraction of warm starts based on XF truck subsample  

The model above partially explains variation between truck types, whereas we are also interested in 

prediction of the number of drops within the XF series. Owing to the limited sample size (N=42), only 

application type construction goods carrier is a significant predictor, explaining 21.1% of variance (as 

indicated by the   ). Using this model to estimate the fraction of warm starts, the remaining 

variance is  ̂  
   

   
 

∑ (    ̂ )
  

   

   
 

     

    
       , whereas without regression analysis the 

variance of warm starts would be          . 

Parameter     *      t Sig 

(Constant) - 0.856 .682 125.515 .000 

Application Type Construction 

Goods Carrier 

9 0.483 1.473 3.280 .002 

Table 32: Parameter estimations of model for fraction of warm start, based on XF trucks from CFV pilot 

Assumptions checking 

For this model, the same assumptions need to be checked as for the model of the number of starts. 

Model development for fraction of cold starts 

The previous section discussed modeling the percentage of warm starts, but does not explain any 

differences between cold and normal starts. Therefore, a similar model is developed for the fraction 

of cold starts, defined as       . The resulting model explains 48.5% of variance between all trucks 

(comprehending XF, CF, and LF trucks). As shown in Table 33, both UK trucks, regionally operating 

trucks, and construction goods carriers appear to have a relatively low fraction of cold starts, 

whereas both rigids and sand & gravel trucks have a relatively high fraction of cold starts. 
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Parameter     *    (in %)   (in%) t Sig 

(Constant) - .152 .030 5.077 .000 

UK 4 -.137 .067 -2.037 .047 

Rigid 22 .192 .041 4.654 .000 

Application Type Construction 

Goods Carrier 

11 -.142 .045 -3.130 .003 

Application Type Sand & Gravel 13 .178 .060 2.985 .004 

Operation Type Regional 10 -.201 .063 -3.218 .002 
Table 33: Parameter estimations of model for fraction of cold start (in %), based on entire CFV pilot (comprising all truck 
types, with 80 observations in total) 

Model for fraction of cold starts based on XF truck subsample  

When considering only XF trucks, the resulting model explains 40.0% of variance, with somewhat 

different predictors: still, rigids and sand & gravel trucks have a higher fraction of cold starts. 

Contrarily, construction goods carriers have lower fraction of cold starts. Using this model to 

estimate the fraction of cold starts, the remaining variance is  ̂  
   

   
      , whereas without 

regression analysis the variance of cold starts would be         . 

Parameter           t Sig 

(Constant) - .063 .039 1.606 .117 

Rigid 23 .307 .085 3.613 .001 

Application Type Construction 

Goods Carrier 

9 -.132 .065 -2.041 .048 

Application Type Sand & Gravel 4 .248 .056 4.416 .000 
Table 34: Parameter estimations of model for fraction of cold start, based on XF trucks from CFV pilot (33 observations in 
total) 

 


