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Abstract 

In this master thesis project, a new method for forecasting intermittent demand is introduced 

and subsequently used in a case study which was executed at NedTrain, a Dutch company 

which performs maintenance of rolling stock. The new method developed in this thesis takes 

information about maintenance sessions in future into account and has been compared with 

the following well-known methods from literature: Moving Average, Exponential Smoothing, 

Croston’s method and the Approximation of Syntetos and Boylan. Moreover, the above 

mentioned forecasting methods have been compared with the forecasts generated by 

NedTrain’s software program.  

The performance of every forecasting method was assessed by calculating the mean error, 

the mean squared error and the mean absolute deviation. In addition, also some ‘rough’ 

stock calculations were made. The results show that the forecast accuracy of the forecasts 

generated with NedTrain’s software program can be improved. However, the differences in 

forecast accuracy between the different forecasting methods disappear to a large extent 

when ‘rough’ stock levels are calculated. 

 

Keywords Maintenance, Spare parts, Forecasting, Intermittent Demand 
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Executive Summary 

 
 
Problem definition 

NedTrain performs maintenance activities of rolling stock. However, in order to execute 

replacement activities, sufficient stock levels of spare parts need to be available. To 

determine these stock levels, accurate forecasts of the demand are required. However, 

forecasting spare parts demand is not easy. Demand for spare parts is often intermittent, 

which means that the demand pattern contains a lot of periods with zero demand and that 

demand arrives infrequently. In addition, the demand sizes, when demand occurs, may have 

a large variance. 

Intermittent demand items can be very expensive. Inventory for parts with intermittent 

demand may take up to 60% of the total investment in stock (Johnston et al., 2003). This 

means that stocking these items in an inappropriate amount leads to unnecessarily high 

costs. Therefore, small improvements in managing these items may already lead to 

substantial cost savings (Eaves and Kingsman, 2004; Syntetos, Babai, Dallery, & Teunter, 

2009). 

 

 

Approach 

The objective of this thesis was to improve the forecast accuracy of spare parts demand at 

NedTrain. Therefore, the forecast accuracy of several demand forecasting methods has 

been compared by using real intermittent demand data from NedTrain. Demand forecasts 

generated with NedTrain’s software program XelusParts were compared with demand 

forecasts made by several well-known methods from literature and a new method which was 

developed in this thesis. The methods from literature used in this comparative study are 

Moving Average, Exponential Smoothing, Croston’s method and the Approximation of 

Syntetos and Boylan.  

Two variants of the new method were elaborated in this thesis: one with and one without 

prior knowledge about future maintenance sessions. The variant with prior knowledge knows 

exactly when every capital good will be maintained beforehand (including the type of 

maintenance session). However, the one without prior knowledge tries to forecast when 

every capital good will be maintained in future. Both variants estimate the number of parts of 

a certain type which will be needed when a certain type of maintenance session will be 

executed in the next month. These estimates are made for every type of maintenance 

session by making use of exponential smoothing. Multiplying these number with the 

(expected) number of maintenance sessions during the next month and adding up all 

calculated numbers results finally in the total demand forecast for the next period for the 

specific spare part under consideration.  
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Results 

The results from the comparative study show that the mean error and the mean squared 

error of both variants of the new method are better than the mean error and the mean 

squared error of the demand forecasts generated by XelusParts. However, Exponential 

Smoothing and the Approximation of Syntetos and Boylan actually outperform both variants 

of the new method. The comparative study even shows that the demand forecasts 

generated by XelusParts lead to the worst forecast accuracy from all methods compared in 

this study, which means that all other methods perform better. Potential solutions which 

might improve the forecasts accuracy of XP are: using unique parameter values for every 

part, implementing the forecasting methods in XP in the same way as defined in literature 

and generating unrounded forecasts. 

Moreover, the results from ‘rough’ stock calculations show that the differences in stock levels 

are much more modest than the differences in forecast accuracy. However, in order to come 

up with accurate stock level conclusions, more exact stock calculations (i.e. calculations 

where the on hand stock is tracked after every occurrence) are needed. These more exact 

stock calculations are a subject for further research. Furthermore, the performance of 

NedTrain’s formula for calculating the 𝑘-factor of the safety stock was tested. The results 

show that the performance of this formula is poor. The reason for this is that the service level 

(i.e. fill rate) realized with this formula deviates significantly from pre-determined service 

levels. 

Both variants of the new method try to take (expected) fluctuations in the number of 

maintenance sessions per month into account. However, based on the results of this case 

study, both variants of the new method were not able to achieve an advantage. However, it 

is expected that when the number of spare parts needed for executing maintenance 

sessions is strongly correlated with the number of maintenance sessions executed in that 

period, that the new method will outperform all other methods. Simply because the new 

method is able to take (expected) fluctuations in the number of maintenance session during 

every month into account. Methods such as Moving Average or the Approximation of 

Syntetos and Boylan are not able to incorporate such information beforehand and only use 

this information in a reactive way. Furthermore, the second gain of the new method deals 

with the diversity of types of maintenance sessions for which a particular part is needed. In 

case this diversity is small, it is again expected that the new method will outperform all other 

methods. Moreover, in case the number of types of maintenance sessions changes in future, 

then the new method is able to deal with this changing environment. 
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1. Chapter 1: Research Introduction 

 

In this chapter, first an introduction to NedTrain in general and details about the maintenance 

depot of NedTrain in Maastricht are given in section 1.1. The problem description is given in 

section 1.2. Subsequently, an overview of the corresponding literature is provided in section 

1.3. The research assignment is elaborated in section 1.4. The scope is given in section 1.5 

and the structure of this report is explained in section 1.6. 

 

1.1 NedTrain 

NedTrain has more than 165 years of experience in maintaining, servicing, cleaning and 

overhauling rolling stock and is responsible for more than 2800 coaches. NedTrain is a fully-

fledged subsidiary company of the Nederlandse Spoorwegen (Dutch Railways, NS) and 

takes care of all rolling stock of the NS. The goal of NedTrain is to ensure that passengers 

arrive at their destination on time with a safe (i.e. maintained) and clean train, every day 

(NedTrain, 2014). 

NedTrain performs three types of maintenance activities (NedTrain, 2014):  

 Daily maintenance: safety checks, cleaning activities and small repairs and 

replacements. Note that a replacement implies replacing a defective part by a new 

part, whereas a repair does not always requires a new part. In the latter case, the 

condition or the functioning of the part is improved; 

 Short and long term maintenance: safety checks together with the repair and 

replacements of parts; 

 Revision: overhauling and converting the inside and outside of a train (e.g. 

modernising the interior). 

In 2013, NedTrain had a turn-over of €500 million and employs more than 3000 FTEs 

(Nederlandse Spoorwegen, 2014a). The organization chart of NedTrain is shown in figure 

1.1. NedTrain has more than 30 locations in the Netherlands for executing the three types of 

maintenance activities mentioned above. These locations can be categorized (according to 

the organization chart) as follows: 

 Maintenance depots (Dutch: Onderhoudsbedrijven, OBs). Every train, which consists 

of several coaches, needs to visit an OB every once in a while. An OB takes care of 

the short and long term maintenance activities. The OBs are located in 

Leidschendam, Maastricht, Onnen and Watergraafsmeer. More details about OB 

Maastricht are provided in section 1.1.1; 

 Service sites or service depots (Dutch: Servicebedrijven, SBs). The SBs are located 

next to the railway network in The Netherlands and are responsible for daily 

maintenance; 

 Components Company (Dutch: NedTrain Componenten Bedrijf, NCB). The NCB 

produces, repairs, refurbishes and orders parts and is located in Tilburg. These parts 

are subsequently distributed by the central warehouse (LCC), which is also located in 

Tilburg; 
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 Refurbishment and Overhaul (R&O) Workshop. The R&O Workshop is located in 

Haarlem and is responsible for the revision and modernising of trains. In addition, 

wheel sets and bogies of all trains (except for the locomotives) are revised at this 

location.  

 

 
 

 

 

 

 

 

 

 

Figure 1.1    Organization chart of NedTrain (Van Aspert, 2013) 

 

1.1.1 Maintenance Depot Maastricht 

The Master Thesis Project is conducted at the maintenance depot of NedTrain in Maastricht. 

OB Maastricht is operational since 1871 and it employs about 150 FTEs. The organization 

chart of OB Maastricht is shown in figure 1.2. It should be mentioned that Engineering and 

Maintenance consists of five teams who actually perform the maintenance activities. 

 
 

 

 

 

 

 

 

 

Figure 1.2    Organization chart of OB Maastricht 
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OB Maastricht performs short and long term maintenance activities, which consist of 

repairing and/or replacing ‘small’ parts but also of exchanging main parts such as wheel 

sets, bogies, compressors and traction engines. These activities are executed by three shifts 

24 hours a day and 7 days a week. OB Maastricht maintains the following types of trains: 

 Equipment ’64 (Dutch: Materieel ’64, MAT ’64). This is the oldest type of train which 

is currently in use by the NS. The MAT ’64 is used to travel between a number of 

local stations. In Dutch it is called a “stoptrein” or “sprinter”; 

 ICRm coaches (Dutch: InterCity Rijtuigen). The ICRm is an intercity with a single 

deck and travels between (large) cities; 

 Locomotives 1700. These types of locomotives are used to pull the ICRm coaches; 

 VIRM. The abbreviation VIRM stands for ‘Verlengd InterRegio Materieel’ which is 

Dutch for Extended InterRegio Equipment (Nederlandse Spoorwegen, 2014b). The 

VIRM is an intercity and is commonly known as the double deck train. 

 

1.2 Problem Description 

As mentioned in section 1.1, NedTrain performs maintenance activities of rolling stock. 

However, in order to execute replacement activities, sufficient stock levels of spare parts 

need to be available. To determine these stock levels, accurate forecasts of the demand are 

required. However, forecasting spare parts demand is not easy. Demand for spare parts is 

often intermittent, which means that the demand pattern contains a lot of periods with zero 

demand and that demand arrives infrequently. In addition, the demand sizes, when demand 

occurs, may have a large variance. This is termed as lumpy demand. In figure 1.3 of Wang 

and Syntetos (2011), two intermittent demand patterns are shown. One demand pattern has 

very low demand sizes (slow demand) and the other demand pattern has highly variable 

demand sizes (lumpy demand).   

 

 

 

 

 

 

Figure 1.3    Two intermittent demand patterns for slow and lumpy demand (Wang & Syntetos, 2011) 

An intermittent demand pattern can be caused by the number of customers (or orders), the 

magnitude of (customer) orders and the variation of the order frequency (Eaves and 

Kingsman, 2004). For example, a few customers with large order sizes who order 

infrequently may cause a lumpy (intermittent) demand pattern. Wang and Syntetos (2011) 

consider the preceding maintenance activities (preventive and corrective) as a cause for an 

intermittent demand pattern.  
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Intermittent demand items can be very expensive. Inventory for parts with intermittent 

demand may take up to 60% of the total investment in stock (Johnston et al., 2003). This 

means that stocking these items in an inappropriate amount leads to unnecessarily high 

costs. Therefore, small improvements in managing these items may already lead to 

substantial cost savings (Eaves and Kingsman, 2004; Syntetos, Babai, Dallery, & Teunter, 

2009). 

 

1.3 Literature Review 

During the years, several advancements have been made in the area of forecasting 

intermittent demand. In the subsections below several well-known forecasting methods are 

described. Other less-known and/or less important methods (for this thesis) can be found in 

the literature review of Baart (2014). This section ends with a subsection in which some well-

known forecast accuracy measures are described. 

 

1.3.1 Moving Average and Exponential Smoothing 

Two commonly used methods for forecasting intermittent demand are Moving Average (MA) 

and Exponential Smoothing (ES) (Syntetos & Boylan, 2005). Moving Average uses the 

average of the last 𝑁 historical demand data periods to generate a forecast for the next 

period (𝑡 + 1). The forecast for the next period (𝑥𝑡+1) is calculated with the following formula: 

𝑥𝑡+1 =
1

𝑁
∑𝑑𝑡−𝑁+𝑖

𝑁

𝑖=1

, (1.1) 

where 𝑑𝑡−𝑁+𝑖 denotes the demand in period 𝑡 − 𝑁 + 𝑖. 

Exponential Smoothing generates a forecast for the next period by applying exponentially 

declining weights to all past data. More specifically, it uses the previous forecast (𝑥𝑡), the 

most recent demand data observation (𝑑𝑡) and a smoothing constant (𝛼) in the following 

way: 

𝑥𝑡+1 = (1 − 𝛼) ∗ 𝑥𝑡 + 𝛼 ∗ 𝑑𝑡 , (1.2) 

where 0 ≤  𝛼 ≤ 1. 

The smoothing constant determines how quickly the forecast for the next period is able to 

react to changes in the demand pattern. A large smoothing constant means that more weight 

is assigned to the most recent observation and less weight to the past observations. In that 

way, the forecast for the next period is more sensitive to changes in the demand pattern. A 

small smoothing constant results in the opposite. Commonly used (and realistic) smoothing 

constant values are in the range of 0.05-0.20 (Croston, 1972; Willemain, Smart, Shockor, & 

DeSautels, 1994). 
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1.3.2 Croston’s method 

Moving Average and Exponential Smoothing are both inappropriate for forecasting 

intermittent demand according to Croston (1972). In his paper, Croston (1972) expresses the 

bias and shows that these methods result in inappropriate stock levels. As a consequence, 

he proposes a new method (abbreviated as CR). This method divides the demand pattern 

into two elements: the demand size and the demand interval. The demand size is the 

magnitude of an order (number of units) and the demand interval is the time between two 

demand incidences (number of time periods). 

Croston’s method updates the demand size and the demand interval separately by making 

use of exponential smoothing. Both are only updated if the demand in the current period 

(𝑑𝑡) is positive: 

�̂�𝑡+1 = {
�̂�𝑡,                                              𝑖𝑓 𝑑𝑡 = 0

(1 − 𝛼) ∗ �̂�𝑡 + 𝛼 ∗ 𝑑𝑡 ,           𝑖𝑓 𝑑𝑡 > 0,
        (1.3) 

and 

�̂�𝑡+1 = {
�̂�𝑡 ,                                             𝑖𝑓 𝑑𝑡 = 0

(1 − 𝛼) ∗ �̂�𝑡 + 𝛼 ∗ 𝑘𝑡,           𝑖𝑓 𝑑𝑡 > 0,
        (1.4) 

where 0 ≤  𝛼 ≤ 1. Furthermore, �̂�𝑡+1 and �̂�𝑡+1 are the forecasted demand size and demand 

interval for period 𝑡 + 1, respectively. Finally, 𝑘𝑡 denotes the number of periods since the 

previous positive demand (in period t). 

The ratio of the forecasted demand size and the forecasted demand interval gives the 

forecast for the next period (𝑥𝑡+1) (Croston, 1972): 

𝑥𝑡+1 = 
�̂�𝑡+1

�̂�𝑡+1

.        (1.5) 

As shown by formulas 1.3 and 1.4 above, Croston’s method assumes a common smoothing 

constant for the demand size and the demand interval. However, Schultz (1987) applied 

Croston’s method by using different smoothing constants. 

Although the fact that Croston’s method is theoretically more sophisticated, empirical 

evidence shows that the benefits in forecast accuracy are more modest than expected 

(Syntetos & Boylan, 2001). In other words, the gains in performance are modest when 

compared with other, more straightforward forecasting methods. There is even evidence 

which suggests losses in forecast accuracy (Syntetos & Boylan, 2001). In their paper, 

Syntetos and Boylan (2001) identify one of the causes of the forecast inaccuracy of 

Croston’s method. They find that the basic idea of Croston, which consist of separately 

updating the demand size and the demand interval, is correct. However the ratio of these 

quantities leads to a biased forecast of demand per time period. So if inventory rules are 

based on the separate estimates, no bias will occur. But if they are based on the estimates 

of demand per time period, a bias will always be expected. This bias is the result of a wrong 

mathematical derivation of the expected estimate of demand per time period. Simulation 

results show that the bias increases as the smoothing constant value increases (Syntetos & 

Boylan, 2001). 
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1.3.3 Syntetos and Boylan Approximation 

In order to overcome Croston’s bias, Syntetos and Boylan (2005) came up with another 

method for forecasting intermittent demand. This method, the Syntetos and Boylan 

Approximation (SBA), is to a large extent based on Croston’s original method. It also 

separately updates the demand size and interval by making use of exponential smoothing 

and uses the ratio as an estimate for the next period. However, the only difference with the 

original method from Croston is that the new method has an extra factor, which has to be 

multiplied with the ratio of the forecasted demand size and interval for period 𝑡 + 1: 

𝑥𝑡+1 = (1 −
𝛼

2
) ∗  

�̂�𝑡+1

�̂�𝑡+1

.        (1.6) 

This extra term will approximately eliminate the bias of Croston’s original method (Syntetos 

& Boylan, 2005). 

 

1.3.4 TSB method 

Teunter, Syntetos and Babai (2011) argue that Croston’s method has two disadvantages. 

Besides the first disadvantage of having a (positive) bias, which has already been 

demonstrated by Syntetos and Boylan (2001), Teunter et al. (2011) mention another 

disadvantage. This disadvantage is the fact that Croston’s original method is not able to deal 

with obsolescence issues, because it only updates the forecast after each period with a 

positive demand. By using Croston’s original method it is possible that some spare parts, 

which will never be used anymore in future because equipment is taken out of operation (i.e. 

there will be no demand anymore), are kept on stock. This is of course a very expensive 

situation. Their article proposes a new forecasting method which can handle both 

disadvantages of Croston’s original method. 

The forecasting method of Teunter et al. (2011) (abbreviated as TSB) updates the demand 

size in exactly the same way as Croston’s original method and only after periods with 

positive demand. However, TSB updates the demand probability instead of the demand 

interval (by making use of exponential smoothing). This update is performed every period in 

contrast with updating the demand interval by Croston’s original method, where the demand 

interval is only updated after a positive demand. The demand probability is calculated with 

the following formula (Teunter et al., 2011): 

�̂�𝑡+1 = (1 − 𝛽) ∗ �̂�𝑡 + 𝛽 ∗ 𝑝𝑡 ,        (1.7) 

where 0 ≤  𝛽 ≤ 1. Furthermore, �̂�𝑡+1 denotes the forecasted demand probability for period 

𝑡 + 1  and 𝑝𝑡 is equal to 1 if there was a demand occurrence in period t and 0 otherwise. 

Multiplying the forecasted demand probability with the forecasted demand size gives the 

forecast for the next period (𝑡 + 1) (Teunter et al., 2011): 

𝑥𝑡+1 = �̂�𝑡+1 ∗ �̂�𝑡+1.        (1.8) 

It should be noted that Teunter et al. (2011) use two different smoothing constants (𝛼 for 

updating the demand size and 𝛽 for updating the demand probability), because the updating 

frequency of the demand size differs from the updating frequency of the demand probability. 
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The main difference with Croston’s original method is that TSB can deal with obsolescence 

issues because it updates the forecast every period. So after a long period with zero 

demands, the demand probability goes to zero, which consequently results in a zero 

forecast. 

 

1.3.5 Two-Step method 

Most methods for forecasting spare parts demand available in literature are based on 

historical demand data (e.g. CR, SBA). The Two-Step (2S) method from Romeijnders, 

Teunter, and Van Jaarsveld (2012) is different because it takes the underlying maintenance 

activities into account. This is done by looking at the component level instead of only the part 

level when forecasting demand for spare parts (note that a component may consist of 

multiple similar and/or multiple different parts). The repair process is (partly) responsible for 

the intermittent and lumpy demand of spare parts (Romeijnders et al., 2012).  

The 2S method starts at the component level and first updates for every component 𝑐 

(𝑐. = .1,… , 𝐶) the forecast of the number of (component) repairs per period by making use of 

exponential smoothing. Thereafter, the method updates (for a specific spare part under 

consideration) the average number of spare parts needed for the repair of one component of 

type 𝑐. This is also done by making use of exponential smoothing and updates are only done 

if the number of (component) repairs was positive. Multiplying the forecasted number of 

(component) repairs of type 𝑐 with the forecasted average number of spare parts needed to 

repair one component of type 𝑐 yields the total demand for a specific spare part under 

consideration which will be needed for repairing components of type 𝑐 in the next period. 

Summarizing over all types of components results in the forecast for the total demand of the 

specific spare part under consideration for the next period (Romeijnders et al., 2012). 

 

The results of Romeijnders et al. (2012) show that 2S is not better (and not worse) than ES, 

MA, CR, SBA and TSB. However, Romeijnders et al. (2012) state that if information about 

maintenance activities is available (i.e. it is known when specific components will be 

repaired), 2S has the potential to outperform the other methods. By incorporating this 

information, the inaccuracy of 2S can be reduced by 20% for the mean absolute deviation 

and the mean squared error. Other methods (e.g. ES, MA, CR) cannot incorporate this 

information (Romeijnders et al., 2012). 

 

1.3.6 Forecast Accuracy Measures 

In literature several forecast accuracy measures have been used for assessing the 

performance of different forecasting methods. Three well-known measures are listed below: 

 Mean Error (ME). The ME calculates the forecast error for every period and 

subsequently takes the average of all forecast errors. It expresses the bias and is 

calculated as follows: 

𝑀𝐸 =
1

𝑛
∑𝑒𝑡

𝑛

𝑡=1

,        (1.13) 
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where 𝑒𝑡 denotes the forecast error in period 𝑡, which is the difference between the 

forecasted demand (𝐹𝑡) and the actual demand (𝐷𝑡) in period 𝑡 (𝑒𝑡 = 𝐹𝑡− 𝐷𝑡). 

Furthermore, 𝑛 represents the number of forecasts which are evaluated. 

 Mean Squared Error (MSE). The MSE takes the average of all squared forecast 

errors and is calculated with the following formula: 

𝑀𝑆𝐸 =
1

𝑛
∑𝑒𝑡

2

𝑛

𝑡=1

,        (1.14) 

where 𝑒𝑡
2 denotes the squared forecast error in period 𝑡, which is the squared 

difference between the forecasted demand (𝐹𝑡) and the actual demand (𝐷𝑡) in period 

𝑡. Furthermore, 𝑛 represents again the number of forecasts which are evaluated. 

 Mean Absolute Deviation (MAD). This measure can be calculated with the following 

formula: 

𝑀𝐴𝐷 =
1

𝑛
∑|𝑒𝑡|

𝑛

𝑡=1

,        (1.15) 

where 𝑒𝑡 and 𝑛 are defined in the same way as for the ME and MSE.  

 

It should be noted that besides ‘per period forecast error measures’ such as ME, MSE and 

MAD also some additional measures are needed for evaluating the performance of different 

forecasting methods. Simply because an improved forecast accuracy is not always equal to 

a better customer service level (CSL) or a reduced cost of inventory (Syntetos & Boylan, 

2006). However, a higher CSL and/or lower inventory costs actually contribute to reach the 

main purpose of forecasting: serving customers on time in a cost efficient way (Wallström & 

Segerstedt, 2010).  

 

1.4 Research Assignment 

The objective of the Master Thesis Project is to improve the forecast accuracy of spare parts 

demand at NedTrain. It is known that NedTrain generates (monthly) demand forecasts for 

determining ‘appropriate’ stock levels. This means that improving the forecast accuracy may 

increase the service level (i.e. the availability of spare parts) without investing extra money in 

stock and/or reduce the total investment in stock while keeping the service level unchanged. 

However, before an improvement can be made, first it is necessary to understand in detail 

how forecasts of spare parts demand are currently made at NedTrain. This leads to the 

following research question: 

1. How does NedTrain generate forecasts for spare parts demand and what are the 

consequences of this procedure? 

Corresponding underlying research questions are: 

 Which forecasting methods are currently used by NedTrain? 
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 How does NedTrain assign a forecasting method to a certain part (i.e. what are the 

characteristics or decision variables in order to choose for a certain forecasting 

method)? 

In addition, it should be known how forecasts are currently translated into stock levels at 

NedTrain. This results in the following research question: 

2. How does NedTrain use forecasts to determine the corresponding stock levels and 

what are the consequences of this methodology?  

At the moment, NedTrain only uses historical demand data in order to generate monthly 

demand forecasts. Furthermore, it is known that not every maintenance session contains the 

same maintenance activities and spare parts demand is of course the result of performed 

maintenance activities. This suggest that information about maintenance sessions in future 

may provide valuable information for a forecaster. So if it is known in advance which 

activities will be performed during maintenance sessions in future, forecasts for spare parts 

demand can try to incorporate this additional information. This leads to the following 

research question:  

3. How can information about maintenance sessions (i.e. activities) in future be used in 

order to improve monthly forecasts of spare parts demand at NedTrain (i.e. to 

improve the forecast accuracy)? 

The fourth research question is related with the performance of the new forecasting method: 

4. What is the value of the new forecasting method? 

Here, value refers to the usefulness (and feasibility of the implementation) of the new 

forecasting method. In other words, does this method significantly improve the forecast 

accuracy of spare parts demand and what are the consequences for the corresponding 

stock levels?  

Corresponding underlying research questions are: 

 What is the performance of the forecasting methods which are currently used by 

NedTrain in terms of mean error (ME), mean squared error (MSE), mean absolute 

deviation (MAD) and stock levels? 

 What is the performance of the new forecasting method in terms of ME, MSE, MAD 

and stock levels? 

 How does the new method perform (in terms of ME, MSE, MAD and stock levels) in 

comparison with the current forecasting methods of NedTrain? 

 How does the new method perform (in terms of ME, MSE, MAD and stock levels) in 

comparison with well-known forecasting methods from literature? 

The last research question deals with the appropriateness of the new method in a changing 

environment. The circumstances within companies change constantly. This may for example 

be due to new insights or a new management team (e.g. a new maintenance policy), or due 

to a changing demand pattern. Most methods available in literature are not really able to 

deal with such changes. This leads to the following research question: 

5. How well can the new method deal with a changing environment? 
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1.5 Scope 

As mentioned before, the objective of the Master Thesis Project is to improve the forecast 

accuracy of spare parts demand by incorporating information about maintenance sessions 

(i.e. activities) in future. The best place to acquire detailed information about maintenance 

sessions and activities is of course a maintenance depot. In order to keep the Master Thesis 

Project feasible within the prescribed period, only one maintenance depot and one type of 

equipment are investigated. 

The Master Thesis Project only focusses on the maintenance depot of NedTrain in 

Maastricht. All other locations of NedTrain are not within the scope of this project. 

Furthermore, the project only focusses on the VIRM (see figure 1.4) and the main focus is on 

short term maintenance (Dutch: Kort Cyclisch Onderhoud, KCO). All other types of 

equipment which are maintained in OB Maastricht are outside the scope of this project. The 

reason for selecting the VIRM and its short term maintenance is that this type of 

maintenance of the VIRM receives currently much attention in OB Maastricht. Besides 

improving the execution of maintenance activities, all other related processes need to be 

investigated and (eventually) improved. For example staffing, but also the availability of 

spare parts. 

  

 

 

 

 

Figure 1.4    VIRM (Nederlandse Spoorwegen, 2014b) 

 

1.6 Structure of the Thesis 

The remainder of this report is organized as follows. The current practice at NedTrain is 

described in chapter 2. In chapter 3, a new method for forecasting intermittent demand is 

introduced and elaborated. All details of the case study which has been executed at 

NedTrain are discussed in chapter 4. In chapter 5, the conclusions and recommendation are 

given. 
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2. Chapter 2: Current Practice at NedTrain 

In this chapter, the current practice at NedTrain is described. More specifically, the current 

practice at OB Maastricht which is relevant for this thesis. Short term maintenance of the 

VIRM is described in section 2.1. In section 2.2, three different types of storage locations of 

spare parts at OB Maastricht are discussed. Thereafter, in section 2.3, the current 

forecasting methodology at NedTrain is explained. The way how stock levels are determined 

at NedTrain is provided in section 2.4. In the last section, section 2.5, the consequences of 

stock-out situations are discussed. 

 

2.1 Short Term Maintenance 

The VIRM is subject to two types of maintenance: short term maintenance (Dutch: Kort 

Cyclisch Onderhoud, KCO) and long term maintenance (Dutch: lang cyclisch onderhoud, 

LCO). Short term maintenance needs to be executed on a regular basis (i.e. several times a 

year), whereas long term maintenance only needs to be executed every three or five years 

for example.  

The replacement activities of parts during short term maintenance of the VIRM can be 

classified into three categories: 

 GAO (Dutch for: Gebruik Afhankelijk Onderhoud) replacements: Use Based 

Maintenance. Some parts have to be replaced after a certain time period or amount 

of kilometres. For this type of maintenance it is therefore exactly known which parts 

have to be replaced. Also the timing is known in advance. In other words, GAO 

replacements are planned (and preventive) maintenance activities; 

 TAO (Dutch for: Toestand Afhankelijk Onderhoud) replacements: Condition Based 

Maintenance. This means that parts have to be replaced if they do not meet a 

specified standard; 

 DAO (Dutch for: Defect Afhankelijk Onderhoud) replacements: Failure Based 

Maintenance. In this case, parts are replaced when they are broken. 

The categories TAO and DAO contain most of the replacement activities. TAO and DAO 

replacements are unplanned maintenance activities. This means that it is not (exactly) 

known which and when parts have to be replaced on forehand. The parts which have to be 

replaced are determined during the inspection of a maintenance session (i.e. the part does 

not meet a specified standard or the part is broken).  

Three short term maintenance policies of the VIRM are described in the subsections below. 

 

2.1.1 Maintenance policy C-Staat 

Short term maintenance of the VIRM needs to be executed every 112 days or every 75.000 

kilometres. It should be noted that these intervals may not be exceeded. Exceeding one of 

these intervals implies that the train cannot be used anymore for carrying passengers until 

the required maintenance activities have been executed. Short term maintenance with an 

interval of 112 days or 75.000 kilometres is called the ‘C-staat’. The ‘C-staat’ consists of four 
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different maintenance sessions and each session lasts approximately three days. During 

every maintenance session, several job descriptions are executed by a team of mechanics. 

A job description (Dutch: werkbeschrijving, WB) describes the sequence of all necessary 

actions of a maintenance activity, which need to be executed by a mechanic, in a step by 

step way. All maintenance activities which need to be performed at NedTrain are described 

in job descriptions. 

The VIRM is maintained in OB Maastricht since December 2010. At that moment in time, 32 

VIRMs were moved from OB Leidschendam to OB Maastricht. Although the ‘C-Staat’ is the 

“standard” type for short term maintenance of the VIRM, a new maintenance policy called 

‘GOIDS’ was applied to these trains. This new maintenance policy is explained in detail in 

section 2.1.2 below. 

It should be noted that during the years more trains were moved to OB Maastricht. Since 

June 2014, 47 VIRMs are maintained in OB Maastricht. An overview of VIRMs which are 

maintained in OB Maastricht during the years is given in Appendix A. 

 

2.1.2 Maintenance policy GOIDS 

As mentioned in section 2.1.1, in December 2010, 32 VIRMs were maintained in OB 

Maastricht according to a new maintenance policy. This new maintenance policy is called 

’GOIDS’ (Dutch for: Geen Onderhoud In De Spits) which implies that no maintenance 

activities can be performed during rush hours. ‘GOIDS’ is based on the fact that preventive 

and corrective maintenance activities should be performed when the demand for train 

capacity (i.e. seats) is at its lowest point. This means that the VIRM can only be maintained 

at night or during the weekend. As a consequence, the available time for performing 

maintenance activities is much shorter than in the old situation (‘C-staat’) where a train visits 

and stays in a maintenance depot for several days. This means that the VIRM, which is 

maintained according to the ‘GOIDS’ policy, should visit a maintenance depot more 

frequently, in order to execute all necessary and required maintenance activities. Therefore, 

a VIRM of OB Maastricht needs to visit a maintenance depot at least every 37 days (or 

25.000 kilometres) instead of at least every 112 days (or 75.000 kilometres). 

The maintenance policy ‘GOIDS’ consists of twelve maintenance sessions. After that, the 

cycle starts over again. Maintenance sessions one, two, four, five, seven, eight, ten and 

eleven are performed at night, whereas maintenance sessions three, six, nine and twelve 

are performed during the weekend.  

 

2.1.3 Maintenance policy MOOD 

Initially, when OB Maastricht started with ‘GOIDS’ in December 2010, all job descriptions of 

one ‘C-staat’ maintenance session were arbitrarily divided over three shorter maintenance 

sessions. However, due to much shorter time windows within ‘GOIDS’, it was necessary to 

take a close look at the exact content of every maintenance session (i.e. to ensure that the 

train can leave the maintenance depot on time). This finally resulted in so-called clusters, 

where a cluster consists of one or several smartly combined job descriptions. For example, 

job descriptions which need to be executed at the same place in the train are now within one 

cluster and thus in one maintenance session instead of distributed over several maintenance 
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sessions. Furthermore, the competences and workload of the mechanics were also taken 

into account. The clustering of job descriptions in a smart way resulted in large time savings 

and therefore in a significant efficiency improvement of 9% for NedTrain. The new clustering 

of job descriptions within ‘GOIDS’ was implemented in June 2014. Since then they use the 

name ‘MOOD’ (Dutch for: MOdulair OnDerhoud) instead of ‘GOIDS’. The reason for this is 

that ‘GOIDS’ incurred some negative associations due to its moderate performance since 

the introduction in December 2010. Note that the number of maintenance sessions (i.e. 12) 

was left unchanged. 

For standardization purposes, (groups of) clusters were categorized into modules. OB 

Maastricht uses nine different modules: A1, A2, B1, B2, B3, C1, C2, C3 and C4. 

Furthermore, every maintenance session consists of three or four different modules. For 

clarification, an overview of terms is given in figure 2.1. 

 

 

 

 

 

Figure 2.1    Overview of terms within ‘MOOD’ 

 

An overview of modules which are performed during a specific maintenance session is given 

in table 2.1. The available time for performing maintenance activities at night and during the 

weekend is 6 and 18 hours, respectively. Due to the fact that more time is available during 

the weekend, more modules and thus more maintenance activities are assigned to these 

sessions. 

Table 2.1    Modules per maintenance session 

Maintenance session A1 A2 B1 B2 B3 C1 C2 C3 C4 

1 (night)          

2  (night)          

3  (weekend)          

4  (night)          

5  (night)          

6  (weekend)          

7  (night)          

8  (night)          

9  (weekend)          

10  (night)          

11  (night)          

12  (weekend)          

Maintenance 

session 

Module

Cluster

Job 

description
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It can be concluded from table 2.1 that modules A1 and A2 have a frequency of twelve per 

cycle and are executed during every maintenance session. Modules B1, B2, B3 and C1, C2, 

C3, C4 are performed four and one time(s) per cycle, respectively. Furthermore, it can be 

concluded that modules B3, C1, C2, C3 and C4 are always executed during the weekend 

when more time is available for performing maintenance activities. Finally, maintenance 

sessions one, four, seven and ten contain the same modules. This is also true for 

maintenance sessions two, five, eight and eleven. 

 

2.1.4 Important remark 

Maintaining trains outside rush hours was a request of the customer. By doing so more 

trains would be available during rush hours when the demand for train capacity (i.e. seats) is 

at its highest point. However, due to the gained insights while developing the clusters and 

modules of ‘MOOD’, one found that even more trains can be available when the number of 

maintenance sessions is set back to four. This may sound strange, but by doing so eight A1 

modules and eight A2 modules can be saved. Note that module A1 contains all maintenance 

activities related to preparing the train for maintenance and that module A2 contains all 

maintenance activities for preparing the train for operational use.  

Although setting back the number of maintenance sessions from twelve to four means that 

one or more rush hours will be violated (i.e. missed), in the end (i.e. in total) more trains will 

be available. The cause of this gain is the smart clustering within ‘MOOD’ (i.e. the decrease 

in throughput time). 

It is therefore expected that in future the number of maintenance sessions and thus the 

interval between maintenance sessions will change again. At the moment there are still a 

number of restrictions (e.g. the competences of the mechanics), otherwise this new concept 

would be implemented as soon as possible. 

 

2.2 Storage Locations of Spare Parts 

Spare parts which are needed for executing (short term) maintenance activities are stored at 

three different types of locations at OB Maastricht. These storage locations are the 

warehouse, the ‘look-and-grab’ stock (Dutch: kijkgrijp voorraad) and the JIS-carts (JIS is the 

abbreviation for Just-In-Sequence, Dutch: JIS-karren or JIS-kasten). 

Spare parts which are located at the warehouse can either be picked before the arrival of the 

train or during the maintenance session. In the information system Maximo, which captures 

all information about required maintenance activities, parts can be linked to a certain 

maintenance activity. As soon as a planner prepares an entry of a train with certain 

maintenance activities in Maximo, a work order is generated at the warehouse. Then a 

warehouse employee needs to pick the listed parts and puts them in a green box in the GI-

zone (Dutch: gereserveerde voorraad). As soon as the train arrives, the box with parts is 

brought to the exact location in the workshop. However, the problem with short term 

maintenance of the VIRM is that only one part is registered in Maximo, which means that 

only one part can be picked (and reserved) in advance.  
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As mentioned in section 2.1, the categories TAO and DAO contain most of the replacement 

activities of the VIRM. Spare parts which are needed for performing TAO and DAO 

replacements are the result of inspections which means that these parts can only be 

requested at the moment when a maintenance activity is executed. These spare parts need 

to be requested via the iPads of the mechanics. However, there are also some GAO (i.e. 

planned) replacements. The part which is already registered in Maximo is a GAO 

replacement. The parts which are needed for the remaining GAO replacements are located 

at two other types of locations which are described in the paragraphs below. 

The ‘look-and-grab’ stock contains parts which are both cheap and small and is located in 

the workshop. Examples are bolts, nuts and rings. OB Maastricht has two different types of 

‘look-and- grab’ stock. One type is owned by NedTrain itself and the second type is owned 

by an external company. The parts of both types are stored according to a two-bin system. 

This means that as soon as one bin becomes empty, the second bin becomes the first one. 

Once a week all empty bins are collected and new bins are ordered at the supplier. An 

advantage of this system is that mechanics can easily acquire parts which are needed for 

executing their maintenance activities without requesting and registering them via their iPad.  

The third and last storage location are the JIS-carts. These carts are located at the workshop 

between the maintenance tracks. The VIRM has two different carts: one for interior and one 

for exterior. The exact content is based on (incorrect) historical usage numbers and input 

from the mechanics. The advantage of these carts is that mechanics can easily take spare 

parts from these carts without requesting and registering them via their iPad. After all 

maintenance activities are finished on a train, a warehouse employee needs to check for 

every part located at the JIS-carts if it has been used or not for that specific train. In that way 

spare parts usage should be correctly registered in the system. However, the usage of these 

carts in practice is not as expected. The content is not accurate and some mechanics do not 

even know which spare parts are exactly located at these carts. 

 

2.3 Forecasting Spare Parts Demand 

NedTrain generates forecasts for spare parts demand with the software program XelusParts 

(XP). These forecasts are made (and updated) on a monthly basis and determined for a 

whole month. However, there are no logistical reasons why a time period of one month is 

chosen. In addition, XP rounds all demand forecasts and uses a ‘round up point’ of 0,6. The 

reason for rounding demand forecasts and why a ‘round up point’ of 0,6 is chosen is also 

unknown. Note that it is remarkable that XP rounds already all forecasted values. So this 

means that XP uses rounded values for determining its stock levels. Moreover, only the 

demand of spare parts which are located at the warehouse and the JIS-carts are forecasted 

with XP. The demand of parts from the ‘look-and-grap’ stock are not forecasted. Parts from 

the ‘look-and-grap’ stock are cheap and should always be amply available due to the use of 

a two-bin system. 

NedTrain distinguishes two types of demand: recurring and non-recurring demand. Non-

recurring demand is planned demand which means that it is known in advance which parts 

will be needed and in which quantities. Examples are long term maintenance activities and 

construction modifications. A construction modification (Dutch: constructiewijziging, CW) is a 

maintenance activity in which a train is fitted with a newer version of a certain part. The 
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number of parts which are needed for non-recurring maintenance activities are entered 

manually beforehand by a long term planner (Dutch: lange termijn planner, LTP) in a 

different software program (ProPlan) and are subsequently uploaded into XP.  

Recurring demand is unplanned demand and occurs in contrast to non-recurring demand on 

a regular basis. However, in practice, recurring demand is the result of both planned and 

unplanned maintenance activities. Examples are short term maintenance activities and extra 

entries. An extra entry (Dutch: extra binnenkomst, EBK) is an unplanned entry and means 

that a train needs corrective maintenance. As mentioned in section 2.1, replacements during 

short term maintenance of the VIRM are mainly TAO and DAO (i.e. unplanned) 

replacements. However, there are also some GAO (i.e. planned) replacements. Although 

short term maintenance activities of the VIRM contain a few GAO replacements (of which 

the parts are located at the warehouse or JIS-carts), all spare parts demand for short term 

maintenance of the VIRM is classified as recurring (unplanned) demand. 

It should be noted that recurring demand for a particular part is only a requests for that part 

at the warehouse. The part can only be physically used for executing a maintenance activity 

when a disbursement has occurred. In case all recurring demand (requests) and non-

recurring demand during a month are issued by the warehouse of the OB, then the sum of 

the recurring and non-recurring demand is equal to the disbursements (i.e. the realized 

demand) of that month. However, the number of recurring demand requests can be higher 

than the number of “recurring disbursements” in a particular month. This might be the case 

when a part is requested by a mechanic but at that moment in time, insufficient stock is 

available at the warehouse. Then the part can be issued during the next month, which 

means that the disbursement occurs in another month than the demand request. Another 

possibility is that a part is requested twice but only one part is needed (and issued) and the 

second request has not been cancelled. The same situation occurs when a request for a 

wrong part is not cancelled by the mechanic. 

XP uses recurring demand history for generating forecasts of future demand. The total 

requirements (i.e. the total demand forecast) for a certain part in a certain month is equal to 

the sum of the recurring demand forecast and the predetermined amount of non-recurring 

demand by a long term planner. These numbers are subsequently used for calculating the 

stock levels. The exact moments when forecasts and stock levels are calculated by XP (i.e. 

the timing) is not known.  

It should be noted that forecasts for recurring demand are purely based on historical demand 

data. This means that NedTrain does not take information about maintenance sessions in 

future into account. At the moment, XP uses four different methods for forecasting recurring 

demand. These methods are Moving Average, Single Exponential Smoothing, Double 

Exponential Smoothing and Weighted Average. It should be noted that XP contains several 

other forecasting methods, namely: Failure Rate, Manual Forecast, Leading Indicator, Linear 

Regression, Winters Method, Adaptive Smoothing, Trended Annual and Croston’s method. 

However, these methods are currently not used by NedTrain. It is remarkable that Croston’s 

method is not used by NedTrain, because this method is especially suitable for intermittent 

demand according to Croston (1972). 
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The details of the four different forecasting methods which are currently used by NedTrain 

and the details why NedTrain does not use Croston’s method (anymore) are described in the 

subsections below. Furthermore, which criteria are used for selecting a specific forecasting 

method is described in the last subsection of this paragraph. 

 

2.3.1 Moving Average 

This method has already been explained in section 1.3.1. Therefore, only some special 

cases are discussed in this paragraph. In case there are less than 𝑁 periods of historical 

demand data available, XP uses all remaining periods, starting from the first non-zero 

demand period. The reason for starting with the first non-zero demand period is unknown. 

However, in order to avoid inflated forecasts due to a lack of historical demand data periods, 

XP uses another parameter. This parameter is called Minimum History Periods for 

Forecasting and ensures that enough historical demand data observations are used for 

generating forecasts of spare parts demand. In the User Guide of XP it is stated that this 

parameter is especially appropriate for slow-moving items with a significant number of zero 

demand periods. 

 

2.3.2 Single Exponential Smoothing 

Single Exponential Smoothing or simply Exponential Smoothing is just like MA already 

explained in section 1.3.1. However XP uses a different variant of ES than the one 

discussed in section 1.3.1. The demand forecast for the next period (𝑥𝑡+1) is calculated as 

follows by XP: 

𝑥𝑡+1 = (1 − 𝛼) ∗ 𝑥𝑡 + 𝛼 ∗
1

𝑁
  ∑𝑑𝑡−𝑁+𝑖

𝑁

𝑖=1

,        (2.1) 

where 0 ≤  𝛼 ≤ 1. Furthermore, 𝑁 is the number of most recent historical demand data 

observations which are used for generating the forecast of the next period and α denotes the 

smoothing constant. Finally, 𝑑𝑡−𝑁+𝑖 denotes the demand in period 𝑡 − 𝑁 + 𝑖 and 𝑥𝑡 is the 

forecasted demand for period t. It should however be noted that the value of 𝑁 of ES may 

differ from the value of 𝑁 of MA.  

As shown by formula 2.1, the forecast generated by XP takes a weighted average of the 

previous forecast and the average demand during a certain period. The last term of formula 

2.1 (i.e. taking the average of a number of most recent historical demand data observations) 

differs from formula 1.2 where only the most recent historical demand data observation is 

taken. Therefore, it can be concluded that XP uses a different variant of ES than most 

papers available in literature. 

It should be noted that when there are less than 𝑁 periods of historical demand data 

available, XP uses again all remaining periods, starting from the first non-zero demand 

period. Moreover, the parameter Minimum History Periods for Forecasting again ensures 

that enough historical demand periods are used for generating forecasts. 
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2.3.3 Double Exponential Smoothing 

Double Exponential Smoothing (DES) is particularly useful for fast-moving items with 

significant trends according to the User Guide of XP. DES calculates forecasts based on a 

trend factor. This trend factor is applied for a certain number of periods (i.e. “the periods of 

trend”). After this period, a fraction of this trend factor is used for generating forecasts. 

In order to be able to generate demand forecasts with DES, first two demand variables (𝐷𝑉1 

en 𝐷𝑉2) have to be calculated. The demand variables for period 𝑡 + 1 are calculated as 

follows: 

𝐷𝑉1,𝑡+1 = 𝛼 ∗
1

𝑁
  ∑𝑑𝑡−𝑁+𝑖

𝑁

𝑖=1

+ (1 − 𝛼) ∗ 𝐷𝑉1,𝑡,        (2.2) 

𝐷𝑉2,𝑡+1 = 𝛼 ∗ 𝐷𝑉1,𝑡+1 + (1 − 𝛼) ∗ 𝐷𝑉2,𝑡,        (2.3) 

where 0 ≤  𝛼 ≤ 1.  

Or in case there is no calculation for the prior period: 

𝐷𝑉1,𝑡+1 =
1

𝑁
∑𝑑𝑡−𝑁+𝑖

𝑁

𝑖=1

,        (2.4) 

𝐷𝑉2,𝑡+1 = 𝐷𝑉1,𝑡+1.        (2.5) 

It should again be noted that the values of 𝛼 and 𝑁 of DES may differ from the values of 

𝛼 and 𝑁 of other forecasting methods. 

After the two demand variables are calculated, the trend factor can be determined: 

𝑇𝑟𝑒𝑛𝑑 =
(𝐷𝑉1,𝑡+1 − 𝐷𝑉2,𝑡+1) ∗ 𝛼

1 − 𝛼
.        (2.6) 

This trend factor is subsequently used to calculate the demand forecast for period 𝑡 + 1 

(𝑥𝑡+1, i.e. the demand forecast for the first period of “the periods of trend”): 

𝑥𝑡+1 = 2 ∗ 𝐷𝑉1,𝑡+1 − 𝐷𝑉2,𝑡+1 + 𝑇𝑟𝑒𝑛𝑑.        (2.7) 

The remaining demand forecasts of “the periods of trend” (i.e. 𝑥𝑡+2, 𝑥𝑡+3 and so on) are 

calculated as follows: 

𝑥𝑡 = 𝑥𝑡−1 + 𝑇𝑟𝑒𝑛𝑑.        (2.8) 

Note that during “the periods of trend” only one trend factor value is used. The trend factor 

for the first period of “the periods of trend” is also used for all remaining periods during “the 

periods of trend”. 
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The demand forecasts beyond “the periods of trend” are calculated by using a second 

smoothing constant (𝛽) in the following way: 

𝑥𝑡 = 𝑥𝑡−1 + (𝛽 ∗ 𝑇𝑟𝑒𝑛𝑑),        (2.9) 

where 0 ≤  𝛽 ≤ 1. 

Note again that the trend factor which is used for calculating for the demand forecast of the 

first period of “the periods of trend” is also used for calculating the demand forecasts beyond 

“the periods of trend”. 

Last but not least, it should be noted that the variant of DES used by XP is different than the 

ones which are described in textbooks such as Nahmias (2009). Then, no fixed trend factor 

is used for example. 

 

2.3.4 Weighted Average 

The last forecasting method which is currently used by NedTrain is Weighted Average (WA). 

XP calculates the demand forecast for the next period (𝑥𝑡+1) by applying a different weight to 

(the average demand during) a number of most recent demand periods (𝑁1) and a number 

of demand periods prior to these most recent demand periods (𝑁2), in the following way: 

𝑥𝑡+1 = 𝛼 ∗
1

𝑁1
 ∑𝑑𝑡−𝑁1+𝑖

𝑁1

𝑖=1

+ (1 − 𝛼) ∗
1

𝑁2
 ∑𝑑𝑡−𝑁1−𝑁2+𝑖,

𝑁2

𝑖=1

        2.10 

where 0 ≤  𝛼 ≤ 1. Furthermore, 𝑑𝑡−𝑁𝑥+𝑖 denotes the demand in period 𝑡 − 𝑁𝑥 + 𝑖 and it 

should again be noted that the value of 𝛼 of WA may differ from the value of 𝛼 of ES. 

In case there are less than 𝑁1 periods of demand history available, 𝛼 is replaced by one. 

Furthermore, all remaining demand periods are used if the number of demand periods prior 

to the most recent demand periods is less than 𝑁2. Finally, the parameter Minimum History 

Periods for Forecasting also applies to WA. 

 

2.3.5 Croston’s method 

In the past, Croston’s method has been used by NedTrain for forecasting recurring demand 

(in addition to several other methods). However, due to its moderate performance in 

practice, NedTrain has decided not to use this method anymore.  

A study of consultancy firm Gordian in 2009 at NedTrain found out that the version of 

Croston in XP deviates from the original method of Croston in literature. XP’s version of 

Croston’s method does not divide the forecasted demand size by the forecasted demand 

interval as shown by formula 1.5. In contrast, XP forecasts that the forecasted demand size 

(�̂�𝑡+1) will be expected after �̂�𝑡+1 time periods. The forecasts for the periods in between are 

equal to zero. Furthermore, in the User Guide of XP it is stated that if there is still no demand 

after �̂�𝑡+1 time periods, then the forecasted demand size is forecasted for the next month. 
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2.3.6 Selection Criteria 

As discussed before, NedTrain currently uses four different forecasting methods: MA, SES, 

DES and WA. In order to choose an appropriate method for every spare part, four sigma 

ratios (i.e. one for each method) are calculated by XP. The sigma ratio is equal to the square 

root of the MSE divided by the average demand of that part. In formula: 

𝑆𝑖𝑔𝑚𝑎 𝑟𝑎𝑡𝑖𝑜 =
√𝑀𝑆𝐸

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑒𝑚𝑎𝑛𝑑
.       (2.11) 

After the four sigma ratios are calculated, XP chooses (i.e. selects) the method with the 

smallest sigma ratio. This method is subsequently used for generating demand forecasts for 

the specific spare part under consideration. Note that the average demand of all four sigma 

ratios is the same for a specific spare part under consideration. Therefore, it can be 

concluded that the method which minimizes the MSE is chosen by XP. 

Furthermore, also so-called MSE-ratios are calculated. A MSE-ratio is calculated by dividing 

the MSE of an alternative method by MSE of method which is currently used by XP. This 

number needs to be multiplied with 100. In case this ratio is smaller than 100 for two 

successive periods, than XP generates an advice for changing the current forecasting 

method. Therefore, it can be concluded that the demand of a certain part may be forecasted 

by several methods over time. 

It should be noted that parameter values (partly) determine the performance of a forecasting 

method. An interesting remark is that the parameter values of the forecasting methods within 

XP are not part dependent. This means that parts do not have their own parameter values. 

For example, if two parts are both forecasted with MA, then the same number of historical 

demand periods are used for generating demand forecasts of both parts. 

 

2.4 Determining Stock Levels 

As discussed before, NedTrain uses demand forecasts for determining its stock levels. The 

details of this procedure are discussed in this section.   

XP calculates the safety stock for the OBs with the following formulas: 

𝑆𝑎𝑓𝑒𝑡𝑦 𝑠𝑡𝑜𝑐𝑘 = 𝑘 ∗ 𝜎𝐿𝑇𝐷,        (2.12) 

where 𝑘 and 𝜎𝐿𝑇𝐷 are defined as follows: 

𝑘 = 𝑚𝑎𝑥

[
 
 
 
 
 
 

0,
−1

√2
𝑙𝑛

[
 
 
 
 
 
2√2 ∗ (1 −

𝑆𝐿
100) ∗ 𝐿𝑜𝑡𝑠𝑖𝑧𝑒

𝜎𝐿𝑇𝐷 [1 − 𝑒
(
−√2∗𝐿𝑜𝑡𝑠𝑖𝑧𝑒

𝜎𝐿𝑇𝐷
)
]

]
 
 
 
 
 

]
 
 
 
 
 
 

,         (2.13) 

𝜎𝐿𝑇𝐷 = √
6

22
∗ √𝑀𝑆𝐸,        (2.14) 
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where k is a safety factor and 𝜎𝐿𝑇𝐷 denotes the standard deviation of the (recurring) demand 

during the lead time and the review period.  

The replenishment lead time for an OB is equal to six days. This means that the time 

between the placement of an order and the moment when the order arrives is equal to six 

days. Although the stock levels are checked at every moment of the day by XP (i.e. a 

continuous approach), regular transportation is only possible at one fixed moment in time on 

working days. This means that NedTrain uses a periodic review system with a review period 

of one day. Therefore, it can be concluded that the lead time plus review period together are 

equal to six days. Nevertheless, this time period of six days seems rather long. 

Due to the fact that the number of working days in a month is equal to 22, the replenishment 

lead time is divided by 22 in formula 2.14. Furthermore, the Lotsize is the quantity which will 

be allocated to the OBs and SL denotes the service level where the service level is defined 

as the percentage of demand which can be immediately fulfilled from stock (i.e. the fill rate). 

Although formula 2.12 is well-known in literature, the origin of formula 2.13 is unknown. Even 

the company who made and sold XP to NedTrain cannot explain its structure.  

XP transforms the calculated safety stock into periods, the so-called ‘Periods Of Supply’. 

This means that the safety stock calculated with formula 2.12 needs to be divided by the 

average forecasted recurring demand during the next twelve months. After that, the number 

of ‘Periods Of Supply’ is again translated into units by adding all forecasted recurring 

demand during the ‘Periods Of Supply’ (Gordian, 2009). 

The total number of parts which will be kept on stock at NedTrain is equal to the safety stock 

plus all recurring and non-recurring demand during the replenishment lead time. XP checks 

at every moment of the day whether the net on hand balance of the OB is lower than the 

safety stock plus the demand during replenishment lead time. If this is the case, then parts 

will be allocated (i.e. send) to the OB. Although the study of Gordian in 2009 at NedTrain 

does not give a definition of the term net on hand balance, it is assumed that the net on 

hand balance will be equal to the physical stock at hand minus all backorders (i.e. demand 

requests which cannot be immediately fulfilled but which will be fulfilled as soon as a delivery 

has been arrived). 

 

2.5 Consequences of Stock-out Situations 

In this section, the consequences of stock-out situations on both the short and long run are 

discussed. A stock-out situation occurs when insufficient stock is available when a mechanic 

needs a certain spare part (one or more times) in order to execute a replacement activity. 

As mentioned before, a train which is maintained according to ‘GOIDS’ or ’MOOD’ can only 

be maintained at night or during the weekend. The regular transportation possibilities, 

‘Pakketnet’ and ‘Roadnet’, are not possible at these moments. This means that spare parts 

in case of a stock-out situation can only be delivered by a courier. This way of transportation 

is of course much more expensive than regular transport. In 2013, in total €386.808,- was 

paid by NedTrain for 2481 courier services. The costs for 242 courier services to OB 

Maastricht (i.e. for all equipment series: VIRM, MAT’64, ICRm and Loc’1700) was equal to 

€54.291 in 2013, which implies that the contribution of OB Maastricht with regard to the total 
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costs of courier services by NedTrain in 2013 was equal to 14%. The average price of a trip 

by a courier to OB Maastricht in 2013 was therefore almost equal to €225,-. 

It is also possible that a courier cannot deliver a certain part. This may have two causes. The 

first one deals with the fact that a courier cannot deliver the necessary part(s) on time. A 

train which is maintained at night within ‘GOIDS’ or ’MOOD’ needs spare parts within a short 

time period. This time period has even become shorter when the new (i.e. smarter or more 

efficient) clusters were implemented in June 2014. After the implementation, a train is only 

maintained between 23:00 and 05:00 hours (‘MOOD’) instead of between +/-19.00 and 

05.00 hours (‘GOIDS’). This means that parts which are needed (i.e. unplanned replacement 

activities as a result of inspections) halfway or at the end of a maintenance session cannot 

be delivered (and replaced by a mechanic) on time in case that insufficient stock is available 

in the warehouse. Another cause for the problem occurs when a part is not available at any 

location of NedTrain in the Netherlands. Both causes have the same consequences. If the 

relevant part(s) is/are related with the safety of the train, it means that the train cannot leave 

the maintenance depot on time. The train has to wait until the part(s) is/are delivered and 

replaced. In case the part(s) is/are not a safety issue, the train can leave the maintenance 

depot on time and the part(s) will be replaced during the next maintenance session. 

In case that trains are too often not delivered on time by NedTrain, the customer, NS 

Reizigers (NSR), needs to take some action. NSR needs to buy extra VIRMs in order to 

increase their buffer with spare equipment. Purchasing a new VIRM which consists of four 

coaches costs approximately 32 million Euros including all relevant maintenance activities 

during a period of 20 years. Buying new equipment due to a large number of delayed trains 

on a regular basis as a result of a low availability of spare parts is of course unacceptable. 

This consequence emphasises the importance of performing maintenance activities within 

the predetermined time periods such that the trains can leave the depot on time (i.e. having 

the correct spare parts available in the right quantities at the right place and moment in 

time). 

If the forecast accuracy of spare parts demand can be improved, while the total stock 

investment remains unchanged, an increase in service level can be expected. This means 

that both the number of trips by a courier and the number of trains which cannot leave the 

maintenance depot on time will decrease. As a consequence, the costs of courier services 

will decrease and NSR does not need to purchase new trains. 
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3. Chapter 3: A New Forecasting Method 

3.1 Introduction 

Forecasts for spare parts with an intermittent demand pattern are most often entirely based 

on historical demand data (e.g. Croston’s method and the Approximation of Syntetos and 

Boylan). Forecasters then try to deal with the compound nature of such a demand (i.e. 

demand sizes and demand intervals) in a reactive way: the demand pattern is a given (Wang 

& Syntetos, 2011). However, a(n) (intermittent) demand pattern is caused by something. In 

order to figure out what that cause might be, forecasters should take a step back. This 

means that they need to look at the maintenance processes that generate such a demand 

pattern (Wang & Syntetos, 2011). 

Two methods for forecasting intermittent demand that indeed take a look at the maintenance 

processes are the method from Wang and Syntetos (2011) and the 2S method of 

Romeijnders et al. (2012). The latter method is already explained in section 1.3.5. The 2S 

method forecasts spare parts demand by first looking at the component level. It is stated that 

if it is known in advance when specific components will be repaired then 2S has the potential 

to outperform methods such as MA, CR, SBA and TSB. The method from Wang and 

Syntetos (2011) is based on a modelling concept called delay time. This means that this 

method makes use of the reliability characteristics of a spare part in order to generate 

demand forecasts. By doing so, this method has the ability to outperform the Approximation 

of Syntetos and Boylan (Wang & Syntetos, 2011). 

In this chapter, a new method for forecasting intermittent demand is introduced. Just as the 

method from Wang and Syntetos (2011) and the 2S method of Romeijnders et al. (2012), 

this new method tries to incorporate additional information. The new method is based on the 

fact that not every maintenance session of a certain maintenance program contains the 

same maintenance activities. Furthermore, spare parts demand is of course the result of 

performed maintenance activities. This might imply that information about (expected) 

maintenance sessions or activities in (the near) future may provide valuable information 

when generating forecasts for spare parts demand.  

Two different variants of the new method are elaborated in sections 3.2 and 3.3 below. The 

first variant uses prior knowledge, whereas the second variant does not use any prior 

knowledge when forecasting spare parts demand. 

 

3.2 New Method With Prior Knowledge 

Consider a number of capital goods which are maintained according to a certain 

maintenance program. The maintenance program consists of several different maintenance 

sessions. This means that the content of every session is different. After all different 

maintenance sessions are executed, the cycle starts over again. As mentioned in section 

3.1, this first variant of the new method uses prior knowledge which means that it is known 

ahead of time when every capital good will be maintained. Furthermore, also the type of 

every maintenance session is known in advance. 
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Before the new model is defined, first an overview of the notation that is used in this section 

is given in table 3.1.  

 
Table 3.1    Variables and parameters of the new method with prior knowledge 

 

For every maintenance session of type 𝑠, 𝑠 =  1, … , 𝑆, which has been executed in month 𝑡, 

the number of parts of type 𝑖, 𝑖 =  1,… , 𝐼, which were needed for executing that type of 

maintenance session are recorded. Furthermore, the number of maintenance sessions per 

type which have been executed in month 𝑡 are also known. Based on this, the average 

number of parts of type 𝑖 needed for executing one maintenance session of type 𝑠 in month 

𝑡 can be determined (if 𝑒𝑠,𝑡 > 0): 

𝑎𝑠,𝑡
𝑖 =

𝑝𝑠,𝑡
𝑖

𝑒𝑠,𝑡
.        (3.1) 

After that, the new information of month 𝑡 should be combined with the information from the 

previous months. The information from the previous months is updated (if 𝑒𝑠,𝑡 > 0) by 

making use of exponential smoothing: 

�̂�𝑠,𝑡+1
𝑖 = {

�̂�𝑠,𝑡
𝑖 ,                                                 if 𝑒𝑠,𝑡 = 0

(1 − 𝛼) ∗ �̂�𝑠,𝑡
𝑖 + 𝛼 ∗ 𝑎𝑠,𝑡

𝑖 ,            if 𝑒𝑠,𝑡 > 0,
        (3.2) 

where 0 ≤  𝛼 ≤ 1. It should be noted that formula 3.1 and 3.2 should be calculated for every 

type of maintenance session. 

Due to the fact that it is exactly known beforehand which maintenance sessions (i.e. 

quantities and types) will be executed in month 𝑡 + 1, the demand forecast of part 𝑖 in month 

𝑡 + 1 can be determined as follows: 

𝑥𝑡+1
𝑖 = ∑(𝑒𝑠,𝑡+1 ∗ �̂�𝑠,𝑡+1

𝑖 ).       (3.3)

𝑆

𝑖=1

 

Variable or 

Parameter 
Description 

𝒑𝒔,𝒕
𝒊  Number of parts of type 𝑖 used for performing all maintenance sessions of 

type 𝑠 in month 𝑡. 

𝒆𝒔,𝒕 Number of maintenance sessions of type 𝑠 in month 𝑡. 

𝒂𝒔,𝒕
𝒊  Average number of parts of type 𝑖 used for executing one maintenance 

session of type 𝑠 in month 𝑡. 

�̂�𝒔,𝒕
𝒊  Estimated number of parts of type 𝑖 needed for executing one 

maintenance session of type 𝑠 in month  𝑡. 

�̂�𝒕
𝒊 Forecasted demand of part 𝑖 for month 𝑡 made in month 𝑡 − 1. 

𝜶 Smoothing constant (0 ≤  𝛼 ≤ 1) 
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3.3 New Method Without Prior Knowledge 

In this section, the second variant of the new method, the variant without any prior 

knowledge, is elaborated. Although this variant has some similarities with the first variant, 

the whole method is explained in order to give a complete overview. 

Consider a number of capital goods which are maintained according to a certain 

maintenance program. The maintenance program consists of several different maintenance 

sessions. This means that the content of every session is different. The maintenance 

sessions need to be executed in a fixed order, which implies that maintenance session two 

follows after maintenance session one and so on. After all different maintenance sessions 

are executed, the cycle starts over again.  

As mentioned in section 3.1, this second variant of the new method does not use any prior 

knowledge which means that it is not known beforehand when every capital good will be 

maintained. The only thing which is known beforehand is that there are some specific rules 

for maintaining the capital good, which may not be violated. Examples are usage based 

rules and time related rules.  

Moreover, there are two possibilities for the duration of a maintenance session: 1) the 

duration is fixed and therefore known in advance or 2) the duration of a maintenance session 

is variable and therefore not known in advance. The latter possibility might for example be 

due to unplanned maintenance which becomes only known when the maintenance session 

has already been started. Furthermore, both the start and end date of every maintenance 

session are registered. As a consequence, the duration of every maintenance session and 

the interval between two successive maintenance sessions is known. Note that the interval 

between two successive maintenance sessions of capital good 𝑘 is equal to the start date of 

maintenance session 𝑠 minus the end date of maintenance session 𝑠 − 1. The reason for 

this is that usage based rules and time related rules for maintaining a capital good only start 

when a maintenance session is completed. 

Before the new model is defined, first an overview of the notation that is used in this section 

is given in table 3.2. 

 
Table 3.2    Variables and parameters of the new method without prior knowledge 

Variable or 

Parameter 
Description 

𝒑𝒔,𝒕
𝒊  Number of parts of type 𝑖 used for performing all maintenance sessions of 

type 𝑠 in month 𝑡. 

𝒆𝒔,𝒕 Number of (executed) maintenance sessions of type 𝑠 in month 𝑡. 

�̂�𝒔,𝒕 Estimated number of maintenance sessions of type 𝑠 which will be 

executed in month 𝑡. 

𝒂𝒔,𝒕
𝒊  Average number of parts of type 𝑖 used for executing one maintenance 

session of type 𝑠 in month 𝑡. 



26 
 

 

For every maintenance session of type 𝑠, 𝑠 =  1, … , 𝑆, which has been executed in month 𝑡, 

the number of parts of type 𝑖, 𝑖 =  1,… , 𝐼, which were needed for executing that type of 

maintenance session are recorded. Furthermore, the number of maintenance sessions per 

type which have been executed in month 𝑡 are also known. Based on this, the average 

number of parts of type 𝑖 needed for executing one maintenance session of type 𝑠 in month 𝑡 

can be determined (if 𝑒𝑠,𝑡 > 0): 

𝑎𝑠,𝑡
𝑖 =

𝑝𝑠,𝑡
𝑖

𝑒𝑠,𝑡
.        (3.4) 

After that, the new information of month t should be combined with the information from the 

previous months. The information from the previous months is updated (if 𝑒𝑠,𝑡 > 0) by 

making use of exponential smoothing: 

�̂�𝑠,𝑡+1
𝑖 = {

�̂�𝑠,𝑡
𝑖 ,                                                 if 𝑒𝑠,𝑡 = 0

(1 − 𝛼) ∗ �̂�𝑠,𝑡
𝑖 + 𝛼 ∗ 𝑎𝑠,𝑡

𝑖 ,            if 𝑒𝑠,𝑡 > 0,
        (3.5) 

where 0 ≤  𝛼 ≤ 1. It should be noted that formula 3.4 and 3.5 should be calculated for every 

type of maintenance session. 

�̂�𝒔,𝒕
𝒊  Estimated number of parts of type 𝑖 needed for executing one 

maintenance session of type 𝑠 in month  𝑡. 

�̂�𝒕
𝒊 Forecasted demand of part 𝑖 for month 𝑡 made in month 𝑡 − 1. 

𝒃𝒕 Average interval between the maintenance sessions executed in month 𝑡 

and their (most recent) previous maintenance sessions. 

�̂�𝒕 Estimated interval for the completed maintenance sessions in month 𝑡 − 1 

and their upcoming maintenance sessions in future. 

𝒖𝒕 Average duration of all maintenance sessions which have been 

completed in month 𝑡. 

�̂�𝒕 Estimated duration for all uncompleted maintenance sessions of month 

𝑡 − 1. 

𝒇𝒕
𝒌 Start (i.e. arrival) date of the most recent maintenance session of capital 

good 𝑘 in month 𝑡 (only used when the maintenance session is not 

complete at the end of month 𝑡). 

𝒉𝒕
𝒌 End (i.e. departure) date of the most recent completed maintenance 

session of capital good 𝑘 in month 𝑡. 

�̂�𝒗,𝒕
𝒌  Estimated start (i.e. arrival) date (made in month 𝑡) of the 𝑣-th 

maintenance session of capital good 𝑘 after its most recent maintenance 

session in month 𝑡. 

𝜶,𝜷 Smoothing constants (0 ≤  𝛼, 𝛽 ≤ 1) 
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Then, the interval data needs to be updated with the most recent information of month 𝑡. 

This is done by making use of exponential smoothing and can be calculated as follows: 

�̂�𝑡+1 = (1 − 𝛽) ∗ �̂�𝑡 + 𝛽 ∗ 𝑏𝑡,        (3.6) 

where 0 ≤  𝛽 ≤ 1. Note that the interval data reflects the (average) realization of the rules 

for maintaining the capital good in practice. 

The updated interval data is subsequently used for estimating the start (i.e. arrival) dates of 

the next maintenance session of every capital good 𝑘. These estimates are based on the 

end (i.e. departure) dates of the most recent completed maintenance session of every 

capital good k and can be determined as follows: 

𝑔1,𝑡
𝑘 = ℎ𝑡

𝑘 + �̂�𝑡+1.        (3.7) 

In case that the most recent maintenance session of capital good 𝑘 is not completed by the 

end of month 𝑡, then no end date is available for estimating the start date of the next 

maintenance session. In order to estimate the start date of the next maintenance session, 

the (average) duration of a maintenance session should be incorporated. However, first the 

average duration of a maintenance session should be updated with the most recent 

information of month 𝑡. Again, the updating procedure is done by making use of exponential 

smoothing:  

�̂�𝑡+1 = (1 − 𝛽) ∗ �̂�𝑡 + 𝛽 ∗ 𝑢𝑡 ,        (3.8) 

where 0 ≤  𝛽 ≤ 1. Note that when the duration is fixed, no updating procedure is needed. 

So in case a maintenance session is not completed by the end of month 𝑡, then the start 

date of the next maintenance session can be forecasted as follows: 

𝑔1,𝑡
𝑘 = 𝑓𝑡

𝑘 + �̂�𝑡+1 + �̂�𝑡+1.        (3.9) 

In addition, it should be noted that when the duration and interval between two successive 

maintenance sessions together are shorter than the duration of one month, then more 

maintenance sessions of one capital good can be performed in one month. So, if applicable, 

the start dates of all remaining maintenance sessions (𝑣 = 2,3, …) of capital good 𝑘 can be 

estimated as follows: 

𝑔𝑣,𝑡
𝑘 = 𝑔𝑣−1,𝑡

𝑘 + �̂�𝑡+1 + �̂�𝑡+1.        (3.10) 

Due to the fact that the maintenance sessions need to be executed in a fixed order, the type 

of the next maintenance sessions can easily be determined when the types of the most 

recent maintenance sessions are known. When all maintenance sessions with a start date in 

month 𝑡 + 1 are categorized according to the type of the maintenance session, then  

�̂�𝑠,𝑡+1 can be determined for every 𝑠. 

After that, the demand forecast of part 𝑖 in month 𝑡 + 1 can be determined as follows: 

𝑥𝑡+1
𝑖 = ∑(�̂�𝑠,𝑡+1 ∗ �̂�𝑠,𝑡+1

𝑖 ).        (3.11)

𝑆

𝑖=1
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3.4 Remark 

It should be noted that the method explained in section 3.2 and 3.3 is different than TSB, 

which has already been explained in section 1.3.4. The new method updates the average 

number of parts needed when executing a certain maintenance session or activity. In case 

that at most one part is needed for executing a certain maintenance activity, then the new 

method actually updates the probability that a certain part is needed when a certain 

maintenance session or activity is executed. This approach is completely different from TSB 

which updates the probability that there will be a positive demand during the next period. 

Moreover, the new method uses both historical demand data and information about 

(expected) maintenance sessions/activities in (the near) future for forecasting spare parts 

demand. TSB uses only historical demand data. 
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4. Chapter 4: Case Study NedTrain 

In this chapter, the performance of the new methods for forecasting spare parts demand, 

which have been introduced and explained in chapter 3, is tested on real demand data from 

NedTrain. In addition, the performance of the new methods is compared with the 

performance of several methods from literature. Both the forecast accuracy and the stock 

control implications of every forecasting method are investigated.  

In section 4.1, the data used for this comparative study is described. The initialization 

procedures of the forecasting methods are explained in section 4.2. The details of every 

forecasting method used in this case study are provided in section 4.3. In section 4.4, the 

consequences for the stock levels are determined. Finally, in section 4.5, the results of the 

comparative study are discussed. 

 

4.1 Data Description 

 

4.1.1 Acquired Data 

The data collection process starts with making “bill of materials” (Dutch: stuklijsten) per job 

description. This means making a list of parts for each job description which are and/or may 

be needed (i.e. planned and unplanned maintenance) when executing that job description. It 

should be noted that such lists with parts per job description were not available at NedTrain. 

Moreover, the team of Production Engineers at OB Maastricht was really interested in this 

data. Therefore, all job descriptions of short term maintenance of the VIRM were 

investigated. The lists with parts per job description were obtained via expert interviews. 

Experienced mechanics from different disciplines provided all necessary input. The lists of 

parts per job description are categorised according to the modules and clusters of ‘MOOD’ 

and are provided in Appendix B. 

Furthermore, several data files are requested. Maximo is only in use since July 2013. Before 

that moment in time, other systems (R5 and Triton) were used by NedTrain. In addition, 

NedTrain uses more than one system for their daily operations. Forecast for spare parts 

demand are generated with XelusParts and information about maintenance sessions and 

activities is captured by Maximo. Due to the use of several systems and for acquiring a 

sufficiently large date set, data from several systems is needed. The following data files are 

acquired: 

 Entry data from R5. Two different data files are obtained from R5. The first file 

contains both regular entries (i.e. short term maintenance entries) and non-regular 

entries (e.g. extra entries) of the VIRM. The data set is registered on train level 

(Dutch: treinstelniveau) and contains the actual arrival and departure date of every 

entry in OB Maastricht since December 2010. The type of the regular entry (e.g. 

‘GOIDS’ session 1) is not listed in this file. The second file only contains regular 

entries of the VIRM in OB Maastricht since December 2010 and is registered on 

coach level (Dutch: bakniveau). Furthermore, only the departure date of every entry 

is listed. In contrast to the first file, the type of the regular entry is included in this file. 
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 Entry data from Maximo. Two different data files are obtained from Maximo. The 

first file contains a list with dates at which short term maintenance sessions (i.e. 

regular entries) of the VIRM are completed in OB Maastricht during the period July 

2013 – June 2014. This data is registered on train level. Moreover, the type of the 

regular entry is not listed in this file. The second file contains for every VIRM one 

date at which a short term maintenance session is completed. Also the type of the 

regular entry is included in this list. It should however be noted that no data is 

obtained about non-regular entries during this period. The reason for this is that the 

type of entry cannot be registered in Maximo. 

 Spare parts usage data from Triton. Spare parts usage of the VIRM in OB 

Maastricht since January 2011 is obtained. It concerns data which is registered on 

coach level and which is registered on a daily basis. In addition, this data set 

contains a column in which, for most of the lines in the data set, the reason of entry 

was recorded (i.e. regular or non-regular entry).  

 Spare parts usage data from Maximo. Spare parts usage of the VIRM in OB 

Maastricht is obtained for the period July 2013 – June 2014. This data is listed on a 

daily basis and registered on train level. However, the type of entry (i.e. regular or 

non-regular) is not included in this data set. As mentioned before, the reason for this 

is that the type of entry cannot be registered in Maximo. 

 Data from XelusParts. Total requirements (i.e. forecasts), recurring demand 

requests, non-recurring demand and disbursements (i.e. realized demand) for all 

spare parts of the “bill of materials” per job description are obtained. It concerns data 

from August 2009 until June 2014 and all data is registered on a monthly basis. The 

data set only contains data from OB Maastricht. However, it is not possible to filter 

the data for VIRM. This may mean that some parts are perhaps also used for other 

types of equipment. However, whether this is the case, is checked when selecting 

spare parts for executing this case study. Furthermore, the exact forecasting 

methods which are used in any particular month for every single spare part are not 

given. Therefore it is not known whether a forecast for a certain part in a particular 

month is generated with MA, WA, SES or DES. Also the parameters values of the 

forecasting methods are not known. All forecasted values are integers due to the fact 

that forecasts are rounded by XP. As mentioned before, this is remarkable because it 

means that rounded forecasts are used for determining the stock levels. 

 

4.1.2 Data Range 

As mentioned in section 2.1.1, the VIRM is maintained in OB Maastricht since December 

2010. Moreover, as given in Appendix A, at that moment in time, some of these trains 

started with one ‘C-Staat’ maintenance session and after that these trains were maintained 

according to ‘GOIDS’. In addition, some other trains have had two different ‘GOIDS’ 

maintenance sessions which are completed on the same date, according Maximo, during the 

first few months that the VIRM was maintained in OB Maastricht. So the first few months can 

be seen as a kind of a “warm-up period” and therefore these months are excluded from this 

study. In addition, due to the fact that the entry data and the spare parts usage data of June 

2014 is incomplete, also this month is excluded from this study. Therefore, the data set 

which is used for this study ranges from March 2011 up to and including May 2014. 



31 
 

The chosen data range is divided into three parts: an initialization, an optimization and an 

evaluation period. The first twelve months, i.e., the period from 01-03-2011 till 29-02-2012, 

represents the initialization period. This period is used for generating a first forecast. The 

optimization period ranges from 01-03-2012 till 28-02-2013 and is used for choosing the 

appropriate parameter value of every forecasting method and spare part. The last period, the 

period from 01-03-2013 till 31-05-2014, represents the evaluation period. The evaluation 

period is used to compare the performance of each method with the actual demand.  

It should be noted that almost two-third of the data is used for the initialization and 

optimization period. This is similar to Teunter and Duncan (2009) and Romeijnders et al. 

(2012). Furthermore, dividing the period before the evaluation period into two parts, an 

initialization and an optimization period, is also similar to Romeijnders et al. (2012). Note that 

the length of the initialization and the optimization period may seem long when compared to 

the retail sector. In that sector, a period of one or two months is sufficient because most 

products are fast-movers (i.e. have large sales volume). However, due the fact that the 

demand patterns in this case study are intermittent (i.e. there are a lot of periods with zero 

demand), relative large periods for initializing and optimizing the forecasts are needed. 

 

4.1.3 Selection of Spare Parts 

The “bill of materials” per job description result in a large number of spare parts. In order to 

keep this comparative study feasible, a selection of spare parts is needed. As listed in 

Appendix B, the spare parts are located at three different types of locations at OB 

Maastricht. As mentioned in section 2.3, only the demand of spare parts which are located at 

the warehouse and the JIS-carts are forecasted for stock control purposes. Therefore, all 

‘look-and-grap’ parts which are listed in Appendix B are excluded from this study. 

Furthermore, the parts which are located at the JIS-carts are also not included in this study. 

The reason for this is that the registration is not accurately executed in practice.  

In addition, in order to make a selection from the remaining parts (i.e. all warehouse located 

parts), a comparison between different data sources is made. Spare parts usage data from 

Triton and Maximo is compared with disbursements (and recurring demand) data from XP. 

The content of these two types of data should be more or less the same. However, the two 

types of data are not for all parts almost equivalent. The parts for which there is a large 

difference between the two types of data are excluded from this study. Furthermore, there 

are also some parts which do not have any demand during the initialization and optimization 

period. These parts are also excluded from this study, which is in line with Romeijnders et al. 

(2012). 

The above described selection procedure finally resulted in twenty-two parts. These parts 

are listed in table C.1 of Appendix C. As stated in the column ‘Remarks’, part no. 7 and 8 

contain both recurring and non-recurring demand. All other parts only contain recurring 

demand. In addition, some parts do not have any recurring demand during the initialization 

or optimization period. Note however that there is no reason for excluding these parts from 

this study because such demand patterns are very common in practice and also then a 

company and/or software program needs to handle it. 
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After a rough comparison is made between the two types of data, a closer look is taken at 

the spare parts usage data from Triton and Maximo and the recurring demand data from XP 

for the selected twenty-two parts. The reason for using the recurring demand data instead of 

the disbursement data from XP is that XP uses recurring demand data for generating 

demand forecasts. This means that the forecasts generated in this comparative study should 

also be based on recurring demand data in order to be able to compare these new forecasts 

with the forecasts from XP in a fair way. In addition, in order to be able to apply the new 

method from chapter three on demand data from NedTrain, the type of maintenance session 

for which the part is used (requested) should be known and connected with the data from 

XP. Otherwise, no “correct” demand forecasts can be generated with this new method. 

From the comparison it can be concluded that there are some differences between the two 

types of data. Some of these differences are to be expected because recurring demand 

requests and spare parts usage is not exactly the same. The perceived differences are 

eliminated by adjusting the spare parts usage data from Triton and Maximo. Several dates 

with spare parts usage are added or removed from the data of Triton and Maximo such that 

the data became in line with the recurring demand data from XP. All adjustments can be 

found in table C.2 of Appendix C. The adjustments of part no. 7 and 8 are a consequence of 

the fact that these two parts both contain some non-recurring demand. Note that the data 

from XP is left unchanged, because changing this data would imply that no fair comparisons 

can be made between the forecasts already generated by XP and the forecasts generated in 

this comparative study. 

For sake of completeness, the recurring demand patterns of every part can be found in table 

C.3 of Appendix C. The average demand of these parts ranges from 0,10 to 1,67 parts per 

month. Two parts, part no. 10 and 21, have an average demand larger than one per month. 

In case these two parts are excluded, then the maximum average demand is equal to 0,72 

parts per month. Part no. 10 and 21 contain even more positive demand periods than zero 

demand periods. Despite this ratio, both demand patterns contain a reasonable number of 

zero demand periods. All in all, it can be concluded from table C.3 that all parts have an 

intermittent demand pattern. However, the degree of intermittency is not the same for all 

parts. In addition, it can be concluded that the problem (i.e. difficulty) of forecasting spare 

parts demand as described in section 1.2 fully applies to the spare parts demand at 

NedTrain. 

 

4.1.4 Overview of Short Term Maintenance Sessions 

The entry data from R5 and Maximo is used for generating an overview of short term 

maintenance sessions per type per month. This overview is shown in figure 4.1 and only 

contains short term maintenance sessions which are executed in OB Maastricht. The total 

number of maintenance sessions (per type) per month are represented on the y-axis. It 

should be noted that both all ‘GOIDS’ (i.e. G1 – G12, where GX stands for ‘GOIDS’ session 

X) and all ‘C-Staat’ (CSt 1 – CSt 4, where CSt X stands for ‘C-Staat’ session X) maintenance 

sessions are included in this overview. The reason for this is that a certain number of trains 

are maintained according to ‘GOIDS’, while at the same moment in time some other trains 

are maintained to the ‘C-Staat’. See also Appendix A. 
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Figure 4.1    Overview of short term maintenance sessions per type per month 
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From this graph it can be concluded that the number of maintenance sessions per type differ 

per month. This means that the number of maintenance sessions per type is non-stationary, 

which looks especially favourable for the new method which has been introduced and 

explained in chapter three. Furthermore, also the total number of maintenance sessions in a 

month fluctuates over time. Methods such as MA or ES do not take such fluctuations (i.e. an 

expected increase or decrease in the number of maintenance sessions in a month) into 

account (on forehand) when generating demand forecasts. However, the new method from 

chapter three tries to incorporate such fluctuations. 

Moreover, it can be concluded from figure 4.1 that there exists a seasonal pattern. ‘GOIDS’ 

maintenance sessions of type 1, 2, 3, 4, 5 and 6 have a peak in the months November, 

December and January, whereas ‘GOIDS’ maintenance sessions of type 10, 11 and 12 have 

a peak in the months August, September and October. Note that the new method from 

chapter three tries to deal with these seasonal patterns, simply because the new method 

tries to take fluctuations in the number of maintenance sessions per type every month into 

account. 

However, in order to make this overview, some adjustments or assumptions are made. The 

details of these adjustments and assumptions are described below: 

 Entry data from R5. Maintenance sessions which were started in month 𝑡 and 

finished in month 𝑡 + 1 are counted for 0,5 in month 𝑡 and for 0,5 in month 𝑡 + 1. The 

reason for this is that the demand for spare parts during such a session can either be 

in month 𝑡 and/or in month 𝑡 + 1. Another possibility would be to look at the exact 

arrival and departure time and by doing so, divide the maintenance session 

proportionally over the two months. For example, 0,68 in month 𝑡 and 0,32 in month 

𝑡 + 1. However, this is not realistic because then one would automatically know at the 

end of month 𝑡 when the train will exactly leave in month 𝑡 + 1. It should be noted 

that although a maintenance session has a theoretical fixed duration, in practice 

(based on the data) a huge variation occurred. This huge variation was the result of 

unplanned maintenance, bad clusters of job descriptions and an incorrect division of 

the workload between the mechanics when the VIRM was maintained according to 

‘GOIDS’. Therefore, in practice, it was not (exactly) beforehand known when the train 

will leave and thus dividing the session equally (i.e. 0,5 and 0,5) over the two months 

is a better option. 

 Entry data from Maximo. As mentioned in section 4.1.1, the entry data from 

Maximo only contains completion (i.e. departure) dates. It is therefore not (exactly) 

known when every maintenance session started. However, based on the theoretical 

duration, all ‘GOIDS’ maintenance sessions which are performed at night (e.g. 

session one, two, four, five, seven, eight, ten and eleven) and which are completed 

on the first day of month 𝑡 are counted for 0,5 in month 𝑡 and for 0,5 in month 𝑡 − 1. 

The same reasoning is applied to the ‘GOIDS’ maintenance sessions which are 

performed during the weekend (e.g. session three, six, nine and twelve) and for all 

‘C-Staat’ maintenance sessions which are completed on the first, second or third day 

of the month. 
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4.1.5 Overview of Non-Regular Entries 

As stated in section 4.1.1, the entry data from R5 contains both regular (i.e. short term 

maintenance entries) and non-regular entries (e.g. extra entries). Furthermore, spare parts 

demand is of course the result of both types of entries. Thus, when generating forecasts of 

spare parts demand, also non-regular entries should be taken into account. However, the 

entry data from Maximo only contains regular entries. Therefore, only an overview of non-

regular entries is made until the introduction of Maximo. This overview is shown in figure 4.2. 

Note that the last two months of the entry data from R5 are excluded. The reason for this is 

that the data of these two months looks very unreliable. During one of these two months 

there are no non-regular entries at all, which seems very unrealistic. 

It can be concluded from figure 4.2 that the number of non-regular entries per month first 

increased and after some time decreased. The increase cannot be explained. However, a 

possible explanation for the decrease might be that the mechanics in OB Maastricht had 

gained some experience with the VIRM. This experience subsequently resulted in a better 

execution of maintenance activities and therefore in a lower number of extra entries per 

month. 

Figure 4.2    Overview of non-regular entries per month 

However, in order to make this overview, some adjustments or assumptions are made to the 

entry data from R5. All relevant details are described below: 

 Non-regular entries are not only extra entries (Dutch: extra binnenkomsten, EBKs). 

There are several more categories which are also classified as non-regular entries in 

this case study. Examples are projects and defects. However, due to the fact that the 

focus is on regular entries (i.e. short term maintenance sessions), all other entries 

are grouped and classified as non-regular entries. 

 It regularly happens that the time between two extra entries of a certain train is very 

short, for example two minutes. This is a of course only an administrative action 

because the train has never left the maintenance depot within this time period. 

Therefore, for all such cases these two extra entries are taken together and seen as 

one entry. 
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 Another administrative action which also regularly occurs is that an extra entry is 

registered two or ten minutes after a short term maintenance session is ‘completed’. 

However, the short term maintenance session is of course not successfully 

completed, otherwise the train would have left the maintenance depot. Therefore, 

these extra entries are deleted and the completion date of the extra entry is set as 

the completion date of the short term maintenance session. The other way around, 

when a short term maintenance session is registered very shortly after an extra entry 

is completed, then these entries are not taken together but seen as two separate 

entries. 

 Fifteen different trains had a project with a duration of about ten minutes which has 

been registered on the same date and moment in time. All these projects are deleted 

because it concerns most probably again an administrative action according to the 

person who provided this data set. 

 Entries which are categorised as regular entries according to the first file, but that do 

not fit in the chain of regular entries of the second file are categorised as non-regular 

entries and therefore included in figure 4.1. Furthermore, in case a regular entry of 

the second file is missing in the first file while at the same date a non-regular entry is 

registered in the first file, then this non-regular entry is replaced by the missing 

regular entry. 

 Non-regular entries with a duration of several minutes which are registered on the 

same day or the day after a short term maintenance session is completed, are 

deleted. The reason for this is that these entries are most probably only registered for 

completing some administrative tasks according to the person who provided this data 

set. 

It should be noted that the adjustments described above are not some special cases. In 

contrast, in order to make the overview of non-regular entries, every adjustment is executed 

a reasonable number of times. 

 

4.2 Initialization Procedures 

As stated in the beginning of this chapter, the performance of the new method from chapter 

three and the performance of several methods from literature are compared by using real 

intermittent demand data from NedTrain. The methods from literature which are used in this 

comparative study are: Moving Average, Exponential Smoothing, Croston’s method and the 

Approximation of Syntetos and Boylan. The reason for choosing MA and ES is that XP also 

uses (a variant of) these method for generating forecasts and because MA and ES are 

commonly used for forecasting intermittent demand (Syntetos & Boylan, 2005). Croston’s 

method was especially made for dealing with intermittent demand patterns and has received 

a lot of attention in literature during the years; both positive (e.g. Willemain et al. (1994)) and 

negative (e.g. Syntetos and Boylan (2005)). The reason for choosing SBA is that SBA 

received a lot of positive feedback during the years (e.g. Eaves and Kingsman (2004), 

Syntetos and Boylan (2006), Teunter and Sani (2009) and Wallström and Segerstedt 

(2010)). Note that despite the seasonal pattern of the number of maintenance sessions per 

type per month, no seasonal forecasting method is chosen. The reason for this is that the 

acquired data set only ranges from March’11 – May’14. Splitting up this data set into an 

initialization and evaluation period means that all initial forecasts are only based on two 
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months of historical data. By taking into account that intermittent demand patterns imply that 

there are a lot of periods with zero demand simply means that the available data for 

generating initial forecasts is insufficient. 

The initialization procedures for every method are described in the subsections below. It 

should be noted that the procedures for initializing MA, ES, CR and SBA are in line with the 

initialization procedures of Romeijnders et al. (2012).  

 

4.2.1 Moving Average 

The initial forecast (i.e. the forecast for March’12) for MA is calculated by taking the average 

of the 𝑁 most recent demand data periods. It can therefore be concluded that the 

initialization procedure of MA is not different than generating forecast during the (remaining 

periods of the) optimization and the evaluation period. This means that the initial forecast of 

MA can be calculated with formula 1.1. 

 

4.2.2 Exponential Smoothing 

The initial forecast of ES is determined by taking the average of all demand data periods 

during the first period (i.e. March’11 – February’12). In formula: 

𝑥𝑀𝑎𝑟𝑐ℎ′12 =
1

12
∑ 𝑑𝑡 ,        (4.1)

𝐹𝑒𝑏𝑟𝑢𝑎𝑟𝑦′12

𝑡=𝑀𝑎𝑟𝑐ℎ′11

 

where 𝑑𝑡 denotes the demand in month 𝑡. 

 

4.2.3 Croston’s method and the Approximation of Syntetos and Boylan 

As mentioned before, SBA is for a large extent based on Croston’s original method. 

However, the only difference is that SBA has an extra factor, which has to be multiplied with 

the ratio of the forecasted demand size and interval. Therefore, as a consequence of the 

small difference, the initialization procedures of CR and SBA are equal. 

Due to the fact that a forecast generated with CR or SBA is both based on a forecasted 

demand size and a forecasted demand interval, two forecasts need to be initialized. The 

forecasted demand size for March’12 is initialized by taking the average of all positive 

demand data periods during the first period. Furthermore, the forecasted demand interval is 

initialized by dividing the total number of periods during the initialization period (i.e. 12) by 

the number of positive demand periods during that period. In formulas: 

�̂�𝑀𝑎𝑟𝑐ℎ′12 =
1

𝑃
∑ 𝑑𝑡

𝐹𝑒𝑏𝑟𝑢𝑎𝑟𝑦′12

𝑡=𝑀𝑎𝑟𝑐ℎ′11

,       (4.2) 

�̂�𝑀𝑎𝑟𝑐ℎ′12 =
12

𝑃
,        (4.3) 

where 𝑃 denotes the number of periods with positive demand during the initialization period. 



38 
 

In case that there is no demand during the initialization period, the value of the demand size 

and demand interval are set to one and twelve, respectively. This is similar to Syntetos and 

Boylan (2005) and Teunter and Duncan (2009). 

 

4.2.4 New Method With and Without Prior Knowledge 

Although the new method with prior knowledge is different from the method without prior 

knowledge, the first part of the initialization procedure is exactly the same. As explained in 

chapter 3, the new method (with and without prior knowledge) updates the average number 

of parts which are needed for executing a certain type of maintenance session. This 

updating procedure is done for every type of maintenance session. As a consequence, for 

every type of maintenance session an initial value needs to be determined. In order to 

generate a demand forecast for part 𝑖 for March’12, the value of �̂�𝑠,𝑀𝑎𝑟𝑐ℎ′12
𝑖  should be known. 

The value of �̂�𝑠,𝑀𝑎𝑟𝑐ℎ′12
𝑖  is calculated by dividing the total number of parts of type 𝑖 used for 

executing maintenance sessions of type s during the initialization period by the total number 

of maintenance sessions of type 𝑠 executed during that period: 

�̂�𝑠,𝑀𝑎𝑟𝑐ℎ′12
𝑖 = ∑

𝑝𝑠,𝑡
𝑖

𝑒𝑠,𝑡

𝐹𝑒𝑏𝑟𝑢𝑎𝑟𝑦′12

𝑡=𝑀𝑎𝑟𝑐ℎ′11

.        (4.4) 

Formula 4.4 should be calculated for every type of maintenance session. 

The second part of the initialization procedure only applies to the new method without prior 

knowledge. For this method also an initial value for the average duration of a maintenance 

session and an initial value for the interval between two maintenance sessions needs to be 

determined. These initial values are calculated as follows: 

�̂�𝑀𝑎𝑟𝑐ℎ′12 = ∑ 𝑢𝑡

𝐹𝑒𝑏𝑟𝑢𝑎𝑟𝑦′12

𝑡=𝑀𝑎𝑟𝑐ℎ′11

,        (4.5) 

 

�̂�𝑀𝑎𝑟𝑐ℎ′12 = ∑ 𝑏𝑡

𝐹𝑒𝑏𝑟𝑢𝑎𝑟𝑦′12

𝑡=𝑀𝑎𝑟𝑐ℎ′11

.        (4.6) 

  

4.3 Forecasting Spare Parts Demand 

The forecasting methods are initialized during the initialization period as explained in section 

4.2. As mentioned in section 4.1.2, the optimization period is used for choosing the 

appropriate parameter value for every spare part and forecasting method. Three well-known 

forecast accuracy measures are calculated during both the optimization and the evaluation 

period, i.e., the mean error, the mean squared error and the mean absolute deviation. Note 

that the use of these three forecast accuracy measures is similar to Romeijnders et al. 

(2012). All parameter values are chosen such that the MSE is minimized during the 

optimization period. The reason for minimizing the MSE is that the MSE is currently used by 

NedTrain/XP for determining the safety stock and a lower MSE-value leads to a lower safety 

stock.  
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The details of every forecasting method used in this case study are described in the 

subsections below. Note that all forecasts for month 𝑡 + 1 are made in month 𝑡. 

 

4.3.1 Moving Average 

All forecasts are calculated with formula 1.1, which means that when forecasts are 

generated by using N historical demand data periods, that the initial forecast is determined 

by also using N historical demand data periods. The value of parameter N is chosen such 

that the MSE is minimized during the optimization period. Note that the initialization period 

only consists of twelve months and therefore only parameter values in the range from one to 

twelve can be chosen for N (during the optimization period). Furthermore, due to fact that 

part no. 12 does not have any demand during the optimization period and during the last 

seven months of the initialization period, the parameter values one to seven result in the 

same (optimal) forecast accuracy. Therefore, it is decided to choose the least sensitive 

parameter value and that is seven. This value seems to be the most appropriate value when 

looking at the demand pattern during the initialization and optimization period of this part. 

 

4.3.2 Exponential Smoothing 

The forecasts generated with ES are calculated with formulas 4.1 and 1.2. The value of the 

smoothing constant 𝛼 is determined by making use of the Solver function in Excel. The MSE 

is minimized (during the optimization period) while simultaneously requiring that the 

smoothing constant 𝛼 should be between 0,05 and 0,20. Smoothing constants in this range 

are commonly used and realistic according to Croston (1972) and Willemain et al. (1994). 

 

4.3.3 Croston’s method and the Approximation of Syntetos and Boylan 

Forecasts generated with CR are calculated with formulas 4.2, 4.3, 1.3, 1.4 and 1.5, 

whereas SBA forecasts are generated with formulas 4.2, 4.3, 1.3, 1.4 and 1.6. Just as with 

ES, the value of the smoothing constant 𝛼 of CR and SBA is determined with the Solver 

function in Excel and should be between 0,05 and 0,20 when the MSE is minimized. 

Furthermore, in order to avoid that demand data is used twice when generating demand 

forecasts, the first value of 𝑘𝑡 during the optimization period always only counts until the last 

month of the initialization period, whether or not there is demand during the last period of the 

initialization period. The reason for this is that all periods of the initialization period are 

already included in formula 4.3. 

In addition, the parameter value of part no. 12 can again not be optimised during the 

optimization period due to its demand pattern (i.e. there is no demand during the 

optimization period). Note that forecasts generated with CR and SBA are only updated when 

there is demand. As a consequence, all values of the smoothing constant 𝛼 (between 0,05 

and 0,20) lead to the same forecast accuracy. Therefore, it is decided to choose for the least 

sensitive parameter value which is 0,05. This value seems to be the most appropriate value 

when looking at the demand pattern during the initialization and optimization period of this 

part. 
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4.3.4 New Method With Prior Knowledge 

The forecasts generated by the new method with prior knowledge about maintenance 

sessions in future are calculated with formulas 4.4, 3.1, 3.2 and 3.3. This method assumes 

that the number and types of maintenance sessions which will be executed in month 𝑡 + 1 

are already exactly known in month 𝑡. However, in practice, this is not the case at NedTrain. 

More details can be found in section 4.3.5.  

The new method updates the average number of parts (of a certain type) needed for 

executing a specific type of maintenance session by making use of exponential smoothing. 

The value of the smoothing constant 𝛼 is again determined with the Solver function in Excel. 

The MSE is minimized while simultaneously requiring that the smoothing constant 𝛼 should 

be between 0,05 and 0,20. 

In total, seventeen different maintenance sessions are distinguished, i.e., ‘GOIDS’ session 1 

– 12, ‘C-Staat’ session 1 – 4 and non-regular entries. As stated in section 4.1.5, only non-

regular entries data up to and including April’13 is available. Therefore, it is decided to use 

an average during the months after April’13. However, this average is not determined by 

taking all 26 months of data into account. Only the last nine months are used for calculating 

an average value. The reason for this is that the number of non-regular entries during the 

last nine months is lower than in the preceding months. As discussed before, this decrease 

might be the result of more experienced mechanics. 

As mentioned before, the idea behind the new method is that not every maintenance session 

contains the same maintenance activities. Furthermore, spare parts demand is of course the 

result of performed maintenance activities. This might imply that certain spare parts are only 

needed when specific maintenance activities are executed. In order to generate forecasts of 

spare parts demand, it is therefore important to know for which types of maintenance 

sessions a certain spare part has been used. As a consequence, all spare parts demand 

data from Triton and Maximo is linked with performed maintenance sessions. An overview of 

all spare parts demand and its corresponding maintenance sessions is provided in Appendix 

D. 

It can be concluded from Appendix D that most of the parts have been used for a relative 

large range of types of maintenance sessions. Such a large variation was not expected 

beforehand. Based on the corresponding job description of a certain part and the content of 

every type of maintenance session in terms of job description, only a few types of 

maintenance sessions were expected for every part. For example, based on Appendix B, 

part no. 2 may be needed when job description 1620.2.02 is executed. Moreover, it is known 

that this job description belongs to ‘GOIDS’ maintenance sessions 2, 5, 8 and 11 and to ‘C-

Staat’ maintenance sessions 1, 2, 3 and 4. However, based on the data as shown in 

Appendix D, this spare part has been used when the following types of maintenance 

sessions were executed: ‘GOIDS’ sessions 1, 5, 7, 11, ‘C-Staat’ session 2 and two unknown 

types of sessions. Therefore, it can be concluded that ‘GOIDS’ session 1 and 7 were 

unexpected based on the information from Appendix B. A possible reason for these 

unexpected demand occurrences is that the lists with spare parts per job description from 

Appendix B are incomplete. Another possibility is discussed in section 4.5.3. 
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4.3.5 New Method Without Prior Knowledge 

The forecasts made with the new method without prior knowledge about exact arrival dates 

in future are calculated with formulas 3.4 – 3.11 and 4.4 – 4.6. In order to generate a 

forecast for month 𝑡 + 1, the new method without prior knowledge uses all information which 

is available in month 𝑡. Just like the method with prior knowledge, the new method without 

prior knowledge distinguished seventeen different maintenance sessions, used the average 

value of the last nine available data points as the realized number of non-regular entries 

after April’13 and made use of the linkage between the spare parts usage data and the 

performed maintenance sessions. All details are already discussed in section 4.3.4. 

As discussed before, every VIRM needs to be maintained at least every 37 (‘GOIDS’) or 112 

(‘C-Staat’) days, or every 25.000 (‘GOIDS’) or 75.000 (‘C-Staat’) kilometres. Both the time 

and the kilometre interval may not be exceeded. In case one of these intervals is almost 

reaching its limit, then the VIRM is sent to an OB. This decision and the execution of it is not 

done by NedTrain itself, but by another party. The notification that a certain train needs 

maintenance is at most communicated a few days before the actual arrival. However, still at 

the day itself, the train which is sent to the OB may deviate from the train which was 

communicated a few days ago. This may have several reasons. Moreover, it should be 

noted that not every VIRM covers the same number of kilometres each day. In addition, 

NedTrain does not receive updates about covered kilometres of every VIRM. The only thing 

which is known by NedTrain are the dates when every VIRM has left the OB and before the 

introduction of Maximo also the arrival dates were known. These realized dates are thus a 

combination of both the time and the kilometre interval restriction. Based on these dates, the 

new method without prior knowledge about exact arrival dates in future tries to forecast the 

expected arrival date of every next maintenance session. Note that this method only uses 

information that is also available in practice at NedTrain.  

Besides updating the average number of parts (of a certain type) needed for executing a 

specific type of maintenance session, also the average duration of a maintenance session 

and the average interval between two maintenance sessions are updated every month. The 

reason for this is that both the duration and the interval are not fixed in practice. As stated in 

section 3.3, the interval between two successive maintenance sessions of capital good 𝑘 is 

equal to the start date of maintenance session 𝑠 minus the end date of maintenance session 

𝑠 − 1. Note that this definition is completely in line with the time and kilometre interval 

restriction at NedTrain. Both the time and kilometre interval restriction start to run as soon as 

the maintenance session is completed. 

In addition, a distinction is made between ‘GOIDS’ and ‘C-Staat’ maintenance sessions. The 

reason for this is that the duration and interval of these two maintenance policies are 

different. Moreover, two different durations should have been used for the ‘GOIDS’ 

maintenance sessions, one for the sessions at night and one for the sessions during the 

weekend. However, when implementing this method in Excel, this difference has been 

overlooked and only one value for the duration has been calculated and updated every 

month. Note however, that this small mistake has not been corrected. Correcting it would be 

too time consuming while the effects on the results would be very limited. 
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Two different smoothing constants are used for updating all values every month. The first 

smoothing constant is used for updating the average number of parts (of a certain type) 

needed for executing a specific type of maintenance session. This is done by making use of 

exponential smoothing. The value of the smoothing constant 𝛼 is again determined with the 

Solver function in Excel. The MSE is minimized while simultaneously requiring that the 

smoothing constant 𝛼 should be between 0,05 and 0,20. Furthermore, the first smoothing 

constant is also used for forecasting the expected number of non-regular entries during the 

next month. It should be noted that non-regular entries cannot be forecasted in the same 

way as regular entries. Non-regular entries do of course not have a time and/or kilometre 

interval. Therefore, in order to generate a forecast for the next month, the expected number 

of non-regular entries is calculated by making use of exponential smoothing. The initial 

forecast for the number of non-regular entries in March’12 is calculated by taking the 

average number of non-regular entries during the first twelve months (i.e. the initialization 

period), or in formula: 

�̂�𝑛𝑜𝑛−𝑟𝑒𝑔𝑢𝑙𝑎𝑟 𝑒𝑛𝑡𝑟𝑖𝑒𝑠,   𝑀𝑎𝑟𝑐ℎ′12 =
1

12
∑ 𝑒𝑛𝑜𝑛−𝑟𝑒𝑔𝑢𝑙𝑎𝑟 𝑒𝑛𝑡𝑟𝑖𝑒𝑠,   𝑡

𝐹𝑒𝑏𝑟𝑢𝑎𝑟𝑦′12

𝑡=𝑀𝑎𝑟𝑐ℎ′11

        (4.7) 

The second smoothing constant is used for updating the average duration of a ‘GOIDS’ and 

a ‘C-Staat’ maintenance session and also for updating the interval between two maintenance 

session (both ‘GOIDS’ and ‘C-Staat’). The value of the second value is arbitrarily chosen and 

set to 0,10 such that it is within the range of 0,05 and 0,20. Note that the use of two different 

smoothing constants is the result of the way this method is implemented in Excel. 

Last but not least, there are some special cases. As shown in Appendix A, after some time 

some extra trains are moved to OB Maastricht. Others have left OB Maastricht after some 

time. There are even two trains which had two maintenance sessions of the same type in 

two successive months. However, it is assumed that these changes and uncommon 

occurrences are known beforehand, i.e., at least one month before the maintenance session 

is executed. Note that this assumption is in line with the current practice at NedTrain 

because changes in for example the number of trains which need to be maintained in OB 

Maastricht are always announced in advance. 

 

4.4 Calculating Stock Levels 

In order to determine the practical consequences for NedTrain when the above described 

forecasting methods would be used, some stock calculations are made. Note that this is in 

line with Syntetos and Boylan (2006) who state that an improved forecast accuracy is not 

always equal to a better customer service level or a reduced cost of inventory. So this 

means that stock calculations are necessary for evaluating the performance of different 

forecasting methods.  

Accurate stock calculations imply that the on-hand stock (i.e. the physical stock) over time 

should be ‘simulated’ after the corresponding stock levels have been determined. This 

means that the number of parts on-hand should be tracked after every occurrence, i.e., after 

every demand request and after deliveries have been arrived. By doing so, the number of 

backorders, the realized service level and the inventory holding costs can be determined. 
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However, due to the fact that the initial focus of this thesis is to improve the forecast 

accuracy of spare parts demand at NedTrain and as a consequence of the limited time left to 

finish this thesis due to the difficulties of acquiring all appropriate data in the beginning, only 

a so-called ‘quick-and-dirty’ method for the stock calculations is applied. This ‘quick-and-

dirty’ method implies that the calculated stock levels for every part and forecasting method 

should be compared with the ‘ideal’ or ‘optimal’ stock levels for that part. Note that these 

‘ideal’ or ‘optimal’ stock levels are determined afterwards, i.e., after all demand occurrences. 

All details of this method are described at the end of this section. 

The calculated stock levels for every part and forecasting method during every month of the 

evaluation period are determined by applying the same methodology as the one which is 

used by Teunter and Duncan (2009). Teunter and Duncan have chosen for an order-up-to 

policy because this type of policy is suitable for controlling slow-moving inventory. The order-

up-to levels 𝑆 are calculated by using two different types of distributions for the demand 

during lead time: the Normal and the Lognormal distribution. However, due to the fact that 

the Normal distribution may result in a reasonable probability of negative demand, which 

was also noted by Teunter and Duncan, only the non-negative Lognormal distribution is 

used in this thesis. The mean and the standard deviation of the Lognormal lead time 

demand distribution are determined as follows: 

𝑀𝑒𝑎𝑛𝑡 = 𝑥𝑡 ∗
6

22
,        (4.7) 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑡 = √𝑀𝑆𝐸𝑡−1 ∗ √
6

22
.        (4.8) 

where 𝑀𝑒𝑎𝑛𝑡 and 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑡 denote the mean and standard deviation for month 𝑡. 

Both parameters are determined at the end of month 𝑡 − 1. Furthermore, 𝑥𝑡 represents the 

forecasted demand for month t generated with a certain forecasting method at the end of 

month 𝑡 − 1 and 𝑀𝑆𝐸𝑡−1 is the MSE up to and including month 𝑡 − 1. For ease of simplicity, 

a continuous review system is used. This means that the numbers 6 and 22 from formula 4.8 

represent the lead time and the number of working days in a month, respectively.  

In order to calculate the order-up-to level with a Lognormal distribution, first the mean and 

standard deviation of the Lognormal lead time demand distribution are transformed into the 

parameters of a Lognormal distribution, i.e., in µ and 𝜎. This is done as follows: 

µ𝑡 = 𝑙𝑛 (
𝑀𝑒𝑎𝑛𝑡

2

√(𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑡
2 + 𝑀𝑒𝑎𝑛𝑡

2)
),        (4.9) 

𝜎𝑡 = √𝑙𝑛 (
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑡

2

𝑀𝑒𝑎𝑛𝑡
2 + 1),        (4.10) 

where µ𝑡 and 𝜎𝑡 denote parameters µ and 𝜎 in month t. In addition, 𝑀𝑒𝑎𝑛𝑡
2 and 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑡
2 are the mean and standard deviation of the Lognormal lead time 

demand distribution in month t which are both raised to the power of two. 
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After µ𝑡 and 𝜎𝑡 of the Lognormal lead time demand distribution are determined, the order-up-

level for month 𝑡 (𝑆𝑡) is calculated with formula 4.11.  

𝑆𝑡 = 𝐹−1(𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑙𝑒𝑣𝑒𝑙),       (4.11) 

where 𝐹−1 denotes the inverse Lognormal distribution function. Note that the value for 𝑆𝑡 

needs to be rounded upwards because storing for example 0,4 part is not possible. 

All order-up-to levels are determined by assuming a service level of 95%, where the service 

level is defined as the probability of having no stock-out situations just before a 

replenishment takes place. Moreover, it should be noted that the procedure described above 

is repeated fifteen times for every part and for every forecasting method (i.e. for every month 

of the evaluation period). By doing so, a so-called ‘item-approach’ is applied. This means 

that the order-up-to levels of every part are set such that the service level of every part is at 

least 95%. Note that an item-approach is in practice not desirable. Then, one tries to achieve 

an average service level of 95% over all parts. 

The ‘ideal’ or ‘optimal’ order-up-to levels for every part during every month of the evaluation 

period are determined afterwards such that all demand would have been satisfied if these 

order-up-to levels were determined beforehand. All ideal or optimal order-up-to levels are 

determined by looking at the exact moments when demand has occurred during the 

evaluation period, while simultaneously requiring that the total investment in stock for every 

part individually would be at its minimum. Furthermore, these order-up-to levels are 

determined by taking the lead time of six days into account. As a consequence, all ideal or 

optimal order-up-to levels are determined from day 7 of month 𝑡 up to and including day 6 of 

month 𝑡 + 1. The reason for this is that all forecasts and corresponding order-up-to levels are 

determined at the end of the month, which means that it takes six days before new spare 

parts will arrive (in case that the order-up-to level of the next month is higher than the 

previous month). Finally, note that parts can only be shipped to the OB if sufficient stock 

available at the central warehouse. However, due to the fact that the focus of this thesis is at 

one single OB, i.e. OB Maastricht, it has been assumed that there is always sufficient stock 

available at the central warehouse for shipping spare parts to OB Maastricht. 

Finally, one remark needs to be made. As discussed above, the ideal or optimal order up-to-

levels are determined afterwards such that all demand would have been satisfied if these 

order-up-to levels were determined beforehand. This means that the service level in that 

case would be equal to 100% if these order-up-levels were chosen beforehand. However, 

the calculated stock levels by using the Lognormal distribution only require a service level of 

95%. Therefore, it should be noted that comparing these two types of stock levels is not 

completely fair.  

 

4.5 Results 

In this section, the results of the case study are given. The forecast accuracy of the different 

forecasting methods is discussed in section 4.5.1, whereas the results of the stock level 

calculations are discussed in section 4.5.2. Furthermore, the performance of the inexplicable 

formula for the 𝑘-factor, which is used by XP to calculate the safety stock, is assessed in 

section 4.5.3. 
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4.5.1 Forecast Accuracy 

As mentioned in section 4.3, all parameter values of the forecasting methods are determined 

such that the MSE is minimized (during the optimization period). In addition, also the ME and 

MAD are calculated for every forecasting method and spare part. The forecast accuracy of 

each method for every part during the evaluation period can be found in table E.1 of 

Appendix E. Note that also the forecast accuracy of XP is included in this list. In this way, the 

forecast accuracy of the methods calculated in this case study can be compared with the 

forecast accuracy of XP. 

It is not very easy to draw conclusions from table E.1 of Appendix E. Therefore, the average 

ME, MSE and MAD for all parts together has been determined for every forecasting method. 

The results can be found in table 4.1.  

 
Table 4.1    Average ME, MSE and MAD of each forecasting method for all twenty-two parts together. Remember 

the following abbreviations: XP = XelusParts, MA = Moving Average, ES = Exponential Smoothing, CR = 

Croston’s method and SBA = Approximation of Syntetos and Boylan. In addition, the new method with prior 

knowledge is abbreviated as BMV, whereas the new method without prior knowledge is abbreviated as BZV. 

 Average ME Average MSE Average MAD 

XP -0,182 0,855 0,515 

MA -0,009 0,750 0,602 

ES 0,004 0,722 0,599 

CR 0,037 0,713 0,608 

SBA -0,001 0,702 0,593 

BMV -0,007 0,746 0,598 

BZV 0,015 0,755 0,605 

 

It can be concluded from table 4.1 that SBA has on average the best ME and MSE. Although 

the best average MAD is generated by XP, the average ME and MSE of XP are the worst of 

all methods compared in this comparative study. These opposing results for XP may sound 

strange. However, these results are most probably a consequence of the fact that XP only 

generates zero demand forecasts during (all periods of) the evaluation period for twelve of 

the twenty-two parts. The effect of this is that the ME for each of these twelve parts is 

negative, which finally results in a relative large negative average ME. Note that (a number 

of) positive demand forecasts for every part lead to both positive and negative MEs, which 

are relatively close to zero on average. Moreover, the MAD of XP for these twelve parts is 

only based on the month(s) with positive demand. Due to the fact that all other methods 

generate forecasts larger than zero during a certain number of months, means that the 

MADs of these methods are in general larger than the MAD of XP. 

The ME, MSE and MAD of SBA are better than the ones generated by CR. It can therefore 

be concluded that SBA is indeed a better forecasting method than CR. Note that this is in 

line with studies from Teunter and Sani (2009) and Wallström and Segerstedt (2010). 

Furthermore, it can be concluded that the new method with prior knowledge (abbreviated as 

BMV) performs slightly better than MA in terms of average ME, MSE and MAD. The 

difference between the new method with prior knowledge and the new method without prior 
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knowledge (abbreviated as BZV) is small which indicates that the value of prior knowledge is 

limited. In addition, it can be concluded from table 4.1 that SBA has a better forecast 

accuracy than both variants of the new method. 

In order to assess the bias of every forecasting method, the ME of every part is divided by 

the average demand of that part during the evaluation period. The average value of this ratio 

for all parts together (i.e. the percent bias) of every forecasting method is shown in table 4.2. 

The same is done for the MAD. This ratio is called the percent absolute deviation. 

Table 4.2    The percent bias and percent absolute deviation of every forecasting method 

 Percent bias Percent absolute deviation 

XP -0,625 1,069 

MA -0,018 1,444 

ES 0,062 1,486 

CR 0,218 1,564 

SBA 0,133 1,520 

BMV 0,020 1,472 

BZV 0,069 1,495 

From table 4.2 it can be concluded that the forecasts generated by XP have an average bias 

of -62,5%. The bias is negative, which means that the spare parts demand is under-

estimated by forecasts of XP. Note that the percent bias of XP is the worst of all methods 

compared in this comparative study. In addition, XP has the best percent absolute deviation. 

A percent absolute deviation of 106,9% means that the MAD is on average 6,9% higher than 

the average demand during that period. The opposing results of XP can be explained in the 

same way as before. Moreover, it can be concluded that the new method with prior 

knowledge and the new method without prior knowledge have a better percent bias than CR 

and SBA. 

Overall, by taking into account that the MSE is used for stock calculation by NedTrain as 

discussed in section 2.4, it can be concluded from table 4.1 and 4.2 that the forecasts from 

XP are the worst from all methods compared in this comparative study. The worse 

performance of the forecasts generated by XP can have several explanations (combinations 

are also possible): 

 Parameter values in XP are not unique. This means that all parts which are 

forecasted with for example MA use the same number of periods for generating 

forecasts. The same holds for every other forecasting method within XP. As a 

consequence, there is no good ‘fit’ between the parameter value and the 

corresponding demand pattern of the part. 

 Forecasts are already rounded by XP. As a consequence, as discussed before, 

twelve of the twenty-two parts only generated zero demand forecasts during (all 

periods of) the evaluation period. So apparently, NedTrain uses rounded values for 

determining its stock levels. 

 XP uses different variants of forecasting methods than the ones used in literature and 

therefore incorrect and biased forecasts are made. For example, as discussed in 

chapter 2, the variant of ES from XP is different than the one used in literature. The 
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same reasoning can also be applied to the method from Croston. NedTrain does not 

use this method anymore because of its moderate performance in the past. However, 

note that this moderate performance is perhaps not surprising because CR is not 

implemented correctly in XP. 

 XP switches between forecasting methods over time for forecasting the demand of a 

certain part. The forecast accuracy from the methods calculated in this case study 

which do not switch between forecasting methods over time is better than the   

forecast accuracy of XP. This might imply that changing between forecasting 

methods over time is not good idea, however, whether this is the case needs to be 

investigated. The difference in forecast accuracy may also be due to other causes. 

 

Moreover, the forecast accuracy of both variants of the new method, when compared with 

the forecast accuracy of MA, ES, CR and SBA, is rather disappointing. The disappointing 

performance of (both variants of) the new method may have two potential causes. First of all, 

as discussed before, most of the parts have been used for a relative large range of types of 

maintenance sessions. It is expected that in case this diversification is smaller, then the 

corresponding forecast accuracy would have been better. Secondly, the demand of the 

selected spare parts in this case study is apparently not as much positively correlated with 

the number of maintenance sessions as expected beforehand. Note that (both variants of) 

the new method tries (try) to take the (expected) fluctuations in the total number of 

maintenance sessions per type during the next month into account. All other methods cannot 

incorporate this additional information. However, based on the results of the case study, it 

can be concluded that both variants of the new method do not have any advantage of this 

additional information.  

It is expected that the forecast accuracy of (both variants of) the new method will increase in 

future. The reason for this is that OB Maastricht maintains the VIRM according to ‘MOOD’ 

since June 2014. However, the data used in this case study does not cover data about 

‘MOOD’. It is expected that the smart clustering within ‘MOOD’ will decrease the diversity of 

types of maintenance sessions for which parts are used. The reason for this is that during 

every maintenance session within ‘GOIDS’ one or several subcomponents of a certain part 

needed to be investigated. In case one of the other subcomponents, which did not needed to 

be inspected during that session, was slightly damaged, then that part was (unnecessarily) 

replaced. However, the new clusters within ‘MOOD’ ensure that all subcomponents of a 

certain part are checked within one maintenance session and therefore it is expected that 

the diversity in types of maintenance sessions will decrease when ‘MOOD’ data is used. 

 

4.5.2 Stock Levels 

The calculated order-up-to levels with the Lognormal lead time demand distribution for every 

forecasting method, spare part and period can be found in table E.2 of Appendix E. It can be 

concluded from table E.2 that most of the forecasts resulted in an order-up-to level equal to 

1. In addition, the differences between the different forecasting methods are small. For most 

of the parts there is even no difference between the different forecasting methods. Moreover, 

only order-up-to levels in the range from 1 to 3 were determined. Therefore, it can be 

concluded from table E.2 that rounding has a large influence on the results.  
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As mentioned in section 4.4, due to a lead time of six days, all ideal or optimal order-up-to 

levels are determined from day 7 of month 𝑡 up to and including day 6 of month 𝑡 + 1. These 

ideal or optimal order-up-to levels are compared with the calculated order-up-to levels from 

table E.2. For every month it is checked whether the calculated order-up-to level is higher or 

lower than the ideal or optimal order-up-to level. In case the calculated order-up-to level is 

higher than the ideal or optimal order-up-to level means that the number of parts on stock 

was ‘unnecessarily’ high in that month (afterwards). The other way around means that some 

demand could not have been fulfilled during that month. The difference between the ideal or 

optimal order-up-to levels and the calculated order-up-to levels with the Lognormal lead time 

demand distribution are determined for all months of the evaluation period and for every part 

and forecasting method. The results of this comparison can be found in table 4.3.  

It should be noted that this ‘quick-and-dirty’ comparison only gives an indication for which 

forecasting method performs best in terms of stock levels. First of all, as mentioned before, 

in order to determine exactly which forecasting method leads to the best stock levels, then 

the number of parts on-hand should be ‘simulated’ which means that the on-hand stock 

needs to be tracked after every occurrence. Secondly, as discussed before, this comparison 

is not completely fair because two different service levels are compared. 

Table 4.3    The differences (in number of parts) between the ideal or optimal order-up-to levels and the 

calculated order-up-to levels with the Lognormal distribution for every part and forecasting method during all 

months of the evaluation period. A ‘+’ denotes that the calculated order-up-to level is higher than the ideal or 

optimal order-up-to level and a ‘-‘ denotes the other way around. 

Part no. XP MA ES CR SBA BMV BZV 

 + - + - + - + - + - + - + - 

1 16 2 10 3 10 3 10 3 10 3 12 3 12 3 

2 14 0 14 0 14 0 14 0 14 0 14 0 14 0 

3 12 1 12 1 12 1 12 1 12 1 12 1 12 1 

4 12 1 12 1 12 1 12 1 12 1 12 1 12 1 

5 11 2 11 2 11 2 11 2 11 2 11 2 11 2 

6 10 1 10 1 10 1 10 1 10 1 10 1 10 1 

7 11 3 11 3 11 3 11 3 11 3 11 3 11 3 

8 13 1 13 1 13 1 13 1 13 1 13 1 13 1 

9 20 2 16 2 15 2 16 3 16 3 17 2 15 2 

10 20 0 20 1 24 0 24 0 24 0 22 0 24 0 

11 11 0 10 0 10 0 10 0 10 0 10 0 10 0 

12 12 0 12 0 12 0 12 0 12 0 12 0 12 0 

13 14 0 14 0 14 0 14 0 14 0 14 0 14 0 

14 9 1 9 1 9 1 9 1 9 1 9 1 9 1 

15 11 1 11 1 11 1 11 1 11 1 11 1 11 1 

16 9 3 9 3 9 3 9 3 9 3 9 3 9 3 

17 11 1 11 1 11 1 11 1 11 1 11 1 11 1 

18 14 4 11 4 11 4 10 4 10 4 12 4 12 4 

19 10 2 10 2 10 2 10 2 10 2 10 2 10 2 

20 9 0 13 0 9 0 9 0 9 0 12 0 12 0 

21 16 1 16 1 16 1 16 1 16 1 15 1 16 1 

22 12 0 12 0 12 0 12 0 12 0 12 0 12 0 

Total 277 26 267 28 266 27 266 28 266 28 271 27 272 27 
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It can be concluded from table 4.3 that the differences between the ideal or optimal order-up-

to levels and the order-up-to levels calculated with the Lognormal lead time demand 

distribution for most parts are the same for all forecasting methods. The reason for this is 

that there is most often no difference between the calculated order-up-to levels of the 

different forecasting methods. Furthermore, it can be concluded from table 4.3 that the 

forecasts generated with XP result in the highest ‘surplus’ but also in the lowest shortages of 

all forecasting methods compared in this comparative study. Moreover, the difference 

between the two variants of the new method is very small. All in all, it can be concluded that 

the differences between the different forecasting methods are small. 

 

4.5.3 Quality Check 

As discussed before, the origin of the formula for the 𝑘-factor, which is used by XP to 

calculate the safety stock, is unknown. Therefore, the quality (i.e. the performance) of this 

formula is checked with the DoBr tool. The DoBr tool is an Excel file which is developed by 

Broekmeulen and Van Donselaar. This tool compares the pre-determined service level with 

the realized service level if several parameter values are given. The service level of this tool 

is represented by the fill rate (i.e. the percentage of demand which can be immediately 

fulfilled from stock). As discussed in section 2.4, the service level of NedTrain/XP is also 

represented by the fill rate. All details about the parameter values of this tool can be found in 

table E.3 of Appendix E. 

The results from this quality check show that the average realized service level over all parts 

together is equal to 75,6% if a pre-determined service level of 95% is required. This means 

that the number of stock-out situations in practice will be five times higher than expected 

beforehand. In case the service level is set to 98%, then an average service level of 81,2% 

is achieved. Therefore, it can be concluded that the formula for the 𝑘-factor has a very poor 

performance. 

Based on this quality check, it is expected that NedTrain needs to make use of a lot of 

courier deliveries (i.e. more than expected). However, whether this is indeed the case for the 

parts investigated in this case study cannot be checked because detailed data about courier 

deliveries is not available in OB Maastricht. More details about the data problem of courier 

deliveries is provided in section 5.2. Another possibility is that NedTrain adjusts the settings 

within XP in such a way that a reasonable service level is achieved in practice. However, 

whether this is the case in practice is unknown.  
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5. Chapter 5: Conclusions and Recommendations 

 

In this chapter, the conclusions and corresponding recommendations of this thesis are given. 

Conclusions and recommendation directly related to the research questions are provided in 

section 5.1. Additional general recommendations are given in section 5.2. 

 

5.1 Conclusions and Recommendations  

The objective of this thesis is to improve the forecast accuracy of spare parts demand at 

NedTrain. The reason why this objective is chosen is that NedTrain uses demand forecasts 

to determine its stock levels. So improving the forecast accuracy may result in a higher 

service level (i.e. availability of spare parts) without investing extra money in stock and/or in 

a lower total investment in stock while keeping the service level unchanged. 

In this thesis, the forecast accuracy of several demand forecasting methods is compared by 

using real intermittent demand data from NedTrain. Demand forecasts generated with 

NedTrain’s software program XelusParts are compared with demand forecasts made by 

several well-known methods from literature and a new method which is developed in this 

thesis.  

The conclusions and recommendation related to the research questions are discussed 

below: 

 Research Question 1: How does NedTrain generate forecasts for spare parts 

demand and what are the consequences of this procedure? 

 

NedTrain generates demand forecasts with the software program XelusParts (XP) 

and uses four different methods for forecasting spare parts demand. These methods 

are MA, ES, DES and WA. However, XP uses different variants of ES and DES than 

the ones from literature. Furthermore, it should be noted that the parameters values 

of every forecasting method are not unique per part, which means that the same 

parameter value is used for all parts which are forecasted by that specific method. As 

a consequence, there will be no good ‘fit’ between the parameter value and the 

corresponding demand pattern of every part. In addition, demand for a certain part 

may be forecasted by several methods over time. The reason for this is that XP 

chooses another method if this method results in a better MSE during the last two 

months. Moreover, forecasts are rounded by XP which means that rounded values 

are used for determining their stock levels. Note that stock levels also need to be 

rounded because storing for example 0,4 part is not possible. 

Besides these four forecasting methods, several other methods are available in XP. 

An example is Croston’s method. However, the variant of Croston in XP deviates 

from the original method of Croston in literature. It should be noted that Croston’s 

method is not used anymore by XP, because of its moderate performance in the 

past. However, this moderate performance is perhaps a consequence of the fact that 

the variant of Croston’s method used by XP is different than the original method of 

Croston in literature. 
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The results from the case study show that the average ME and MSE of XP are the 

worst from all methods compared in this comparative study. This leads to the 

following recommendations for NedTrain: 

 Both the variant of ES and the variant of CR as defined in literature 

outperform the forecast accuracy of XP in terms of average ME and MSE in 

this case study. This may suggest that the forecast accuracy of XP can be 

improved if both methods are ‘correctly’ implemented in XP. 

 Changing between different forecasting methods over time is perhaps not a 

good way to generate demand forecasts. Moreover, using an unique 

parameter value for every single part could be beneficial. At least the results 

of the case study show that the forecast accuracy of XP in terms of average 

ME and MSE is outperformed by every method in case this method is used 

for the whole period and when an unique (i.e. fitted) parameter value is used. 

 Rounding forecasts before these are used for calculating stock levels is to be 

avoided because otherwise the calculated value is rounded twice. So the 

forecast accuracy of XP may be improved if XP does not round forecasted 

values. 

 

 

 Research Question 2: How does NedTrain use forecasts to determine the 

corresponding stock levels and what are the consequences of this methodology? 

 

XP uses forecasts for determining the demand during the (replenishment) lead time. 

In addition, the MSE is used for calculating the safety stock. It should be noted that 

the origin of XP’s formula for calculating the 𝑘-factor of the safety stock is unknown. 

Furthermore, XP first transforms the calculated safety stock calculated into periods, 

the so-called ‘Periods Of Supply’ and thereafter XP translates this number again into 

units. It can therefore be concluded that the current methodology for determining 

stock levels at NedTrain is somewhat complicated. The performance of the formula 

for the 𝑘-factor is checked with the DoBr tool. The results indicate that the 

performance of this formula is poor.  Moreover, NedTrain/XP uses a (replenishment) 

lead time of six days. As mentioned before, a period of six days seems rather long.  

The above mentioned issues lead to the following recommendations for NedTrain: 

 The results from the DoBr tool indicate that the current performance of the 

formula for the 𝑘-factor is poor. The realized service level (i.e. fill rate) of this 

formula deviates significantly from the pre-determined service level. It is 

expected that when this formula is replaced by a well-known formula from 

literature that the service level will increase while the total investment in stock 

will remain unchanged. However, whether this is indeed the case needs to be 

further investigated. 

 It should be investigated whether the (replenishment) lead time is indeed 

equal to six days on average in practice. The reason for this is that it is 

expected that this period will be shorter in practice. In case this period is 

indeed shorter, then the settings within XP need to be adapted. 
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 Research Question 3: How can information about maintenance sessions (i.e. 

activities) in future be used in order to improve monthly forecasts of spare parts 

demand at NedTrain (i.e. to improve the forecast accuracy)? 

 

In this thesis, a new method for forecasting spare parts demand is developed. Two 

variants of this new method are elaborated: one with and one without prior 

knowledge about future maintenance sessions. Both variants estimate the number of 

parts of type 𝑖 which will be needed when a certain type of maintenance session will 

be executed in the next month. These forecasts are made for every type of 

maintenance session by making use of exponential smoothing. The variant with prior 

knowledge knows exactly beforehand when every capital good will be maintained in 

the future. Also the type of every next maintenance session is known in advance. 

The demand forecast for month 𝑡 of part 𝑖 can then be calculated as follows:            

1) multiply the number of maintenance sessions of type 𝑠 in month 𝑡 with the 

estimated number of parts of type 𝑖 needed for executing one maintenance session 

of type 𝑠 in month 𝑡, 2) repeat this procedure for all types of maintenance sessions 

and 3) take the sum of all calculated numbers in step 1 and 2.  

The variant without prior knowledge is slightly more complicated because this variant 

also needs to forecast when every capital good will be maintained in future. This 

forecast is made by using past inter-arrival data. The type of every next maintenance 

session can easily be determined if the maintenance sessions are executed in a fixed 

order.  

The forecast accuracy of both variants of the new method is compared with the 

forecast accuracy of XP and the forecast accuracy of the following methods from 

literature: MA, ES, CR and SBA. It can be concluded from this comparative study that 

the average ME and the average MSE of both variants of the new method are better 

than the ME and MSE of XP. However, the average MAD of XP is better than the 

MADs of both variants of the new method. Due to the fact that the MSE is used for 

stock calculations by XP, it can be concluded that both variants of the new method 

indeed improve the forecast accuracy of spare parts demand at NedTrain. 

 

 

 Research Question 4: What is the value of the new forecasting method? 

 

Forecast Accuracy 

Based on the results from the case study executed at NedTrain, it can be concluded 

that the value of (both variants of) the new method in terms of forecast accuracy is 

limited. At least for the investigated types of maintenance sessions and for the 

investigated parts and time period at NedTrain. As discussed before, both variants of 

the new method are better than the forecasts generated by XP in terms of average 

ME and MSE. However, two well-known methods, ES and SBA, actually outperform 

both variants of the new method. It should be noted that both ES and SBA do not 

require as much data as the variants of the new method. Overall, when comparing 

the forecast accuracy of XP with the forecast accuracy of all methods calculated in 

this comparative study, it can be concluded that SBA is the best method for 

forecasting spare parts demand at NedTrain. 
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The disappointing performance of (both variants of) the new method has two 

potential causes: 1) most of the parts have been used for a relative large range of 

types of maintenance sessions and 2) the demand of the selected spare parts in this 

case study is apparently not as much positively correlated with the number of 

maintenance sessions as expected beforehand. However, it is expected that the 

smart clustering within ‘MOOD’ will decrease the diversity of types of maintenance 

sessions for which parts are used. This means that (both variants of) the new method 

has (have) the potential to improve. Note that all other methods do not have this 

potential.  

Furthermore, it can be concluded that in an environment in which parts are used for a 

very small range of types of maintenance sessions and where spare parts demand is 

relatively strong positive correlated with performed maintenance sessions, it is 

expected that the new method will outperform all other methods. 

 

Stock Levels 

Although there are some differences between the forecast accuracy of every 

forecasting method, it can be concluded from the ‘rough’ stock calculations that the 

differences in the stock levels are much smaller than the differences in forecast 

accuracy. The differences in stock levels between the different forecasting methods 

even almost disappear. From the ‘rough’ stock calculations it can be concluded that 

the forecasts generated by XP lead to the lowest shortages. However, on the other 

hand, the forecasts generated by XP result in the highest stock levels.  

Moreover, all stock levels calculated in this case study are rounded. It can be 

concluded that the effect of rounding is enormous in this case study. The reason for 

this is that only twenty-two parts are investigated and in addition, the demand pattern 

of every part is intermittent. These intermittent demand patterns imply that the 

corresponding forecasts are relative small and that the stock levels calculated in this 

case study are equal to 1, 2 or 3. 

The topics described in the preceding paragraphs lead to the following 

recommendation for NedTrain: 

 Although the differences in forecast accuracy of the methods used in this 

comparative study are more modest when ‘rough’ stock calculations are 

done, the consequences for more exact stock calculations (i.e. calculations 

where the on hand stock is tracked after every occurrence) should be 

investigated. These exact stock calculation should be done by using XP’s 

methodology for determining stock levels because then the practical 

relevance of this new method and all other methods can be determined. 

However, based on the recommendation of research question 2, it is 

recommended to use a new formula to calculate the 𝑘-factor because the 

performance of the current formula is poor. When more exact stock levels are 

calculated, the realized service level of every method can be compared with 

the costs for holding inventory and the costs for back-orders. By doing so, the 

best method and also the value of the new method can be determined. Even 

in case the differences are small, due to the fact that spare parts are not 

cheap in practice and by applying it the whole assortment of spare parts at 

NedTrain, large savings may be gained. Moreover, it is expected that the 

effect of rounding is enormous. Therefore, in order to diminish this effect, a 

larger sample size of parts needs to be investigated. 
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 Research Question 5: How well can the new method deal with a changing 

environment? 

 

Both variants of the new method try to take (expected) fluctuations in the number of 

maintenance sessions per month into account. However, based on the results of this 

case study, both variants of the new method are not able to achieve an advantage. 

However, when the number of spare parts needed for executing maintenance 

sessions is strongly correlated with the number of maintenance sessions executed in 

that period, it is expected that the new method will outperform all other methods. 

Simply because the new method is able to take (expected) fluctuations in the number 

of maintenance sessions during every month into account. Methods such as MA, ES, 

CR and SBA are not able to incorporate such information and only use this 

information in a reactive way.  

Moreover, in case the number of types of maintenance sessions changes in future, 

the new method is able to deal with this changing environment. Changing the number 

of types of maintenance session is not uncommon in practice. Note that, as 

described in section 2.1.4, it is expected that the number of types of maintenance 

sessions in future will change (again) at NedTrain. So in case the number of types of 

maintenance sessions changes, then the estimated number of parts of a certain type 

needed for executing a specific type of maintenance session (so far) can easily be 

transferred into the estimated number of parts needed for executing the new type of 

maintenance session. However, there are two requirements. First of all, it should be 

exactly known for which specific type of maintenance activity the part under 

consideration is needed. By doing so, it is exactly known for which new type of 

maintenance session the part will be needed. Secondly, the interval for executing the 

maintenance activity should remain unchanged. Otherwise, a higher or a lower 

number of parts may be needed in future during every maintenance session. 

Therefore, it can be concluded that the new method can deal with a changing 

environment in a pro-active way. Note that methods such as MA, ES, CR and SBA 

can only handle changing environments in a reactive way. 

 

5.2 Additional Recommendations 

During my time at NedTrain several topics, which were not directly related to the research 

questions, caught my attention. The most important ones are listed below and are translated 

into recommendations for NedTrain: 

 No clear distinction can be made between regular entries (i.e. short term 

maintenance entries) and non-regular entries (e.g. extra entries) since the 

introduction of Maximo. At the moment, it is afterwards, on a general level, not known 

whether a certain part has been used for a regular or a non-regular entry. 

Furthermore, it is currently not possible to generate a list with dates of non-regular 

entries. However, for making all kinds of analyses, this distinction would be very 

valuable. Therefore, I would advise that Maximo should be adapted in such a way 

that this distinction between regular and non-regular entries can be easily made. 
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 Courier deliveries to OB Maastricht are not registered by OB Maastricht. This means 

that it is not known for which parts and for which types of trains courier deliveries 

have been executed. Therefore, also the costs of every single courier delivery are not 

known. However, the only type of information which is available at OB Maastricht, 

after it was requested at another department from NedTrain, is an overview with the 

total number of courier deliveries per month per maintenance and service depot 

including the total costs of these courier delivers per location. However, detailed 

information about every single courier delivery would be valuable for making 

analyses. Based on these analyses, the availability of spare parts could perhaps be 

improved, which means that the number and therefore also the costs of courier 

deliveries might decrease in future. Furthermore, the number of trains which cannot 

leave the maintenance depot on time will decrease. Therefore, I would advise OB 

Maastricht to keep track of the following information for every courier deliver to OB 

Maastricht: part number, part description, quantity, delivery costs and the type of train 

for which the part(s) was (were) needed. 

 

 Code numbers and descriptions of fastening materials such as bolts and nuts are 

most often not included in the job descriptions. Moreover, it is not always included 

whether or not fastening materials need to be renewed if the corresponding part is 

replaced. This means that every mechanic first needs to decide whether or not the 

fastening materials need to be replaced. After that, in case the mechanic decides to 

replace them, the mechanic needs to determine which specific type (e.g. quality) 

and/or size of bolt/nut should be used. Fastening materials can be found in the ‘look-

and-grap’-stock. OB Maastricht has a large diversity in types and sizes of fastening 

materials which means that a mechanic has to search for the needed bolts and nuts. 

After that, he has to walk back to the train in order to check if the bolts and/or nuts fit 

into the train. If not, he has to go back and search again. It should be noted that this 

process of searching for the appropriate fastening materials takes a lot of time. 

Furthermore, due to the fact that every mechanic needs to determine by his own 

which type (e.g. quality) and size are needed, not every mechanic will choose the 

same type and size of bolt/nut. This means that not every mechanic will use the 

same quality of fastening materials. In addition, as a consequence of the time 

consuming search process for appropriate fastening materials, a large group of 

mechanics will not even renew the fastening materials when the corresponding part 

is replaced. Note that both decisions (i.e. whether or not the fastening materials 

should be replaced and which type and size should be used), strongly affect the 

quality of performing maintenance. Therefore, I would advise OB Maastricht to 

include all code numbers and descriptions of fastening materials in the job 

descriptions. Moreover, it should also be prescribed whether or not the fastening 

materials should be renewed when the corresponding part is replaced. By doing so, it 

is expected that the number of extra entries (EBKs) will decrease in future. In 

addition, in order to ensure that the correct types and sizes of fastening materials are 

used, one can already add the fastening materials to the (boxes of the) parts (i.e. 

delivering complete sets). 
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 The expected time needed for executing all unplanned maintenance activities (i.e. 

TAO and DAO replacements) for every type of maintenance session should be 

investigated. By doing so, it is beforehand (roughly) known how many time is left for 

extra planned maintenance activities such as constructions modifications (CWs) and 

corrective orders (COs). A CO is defect which is already known before the train 

arrives at an OB and is already reported by a mechanic from a service depot. In case 

the available time left for extra planned maintenance activities is too short, planners 

can assign extra mechanics to that train. However, this is only possible when the 

expected time needed for executing all unplanned maintenance activities for every 

type of maintenance session is known. In addition, the expected time needed for 

executing every single unplanned maintenance activity should be known. By doing 

so, time-consuming unplanned replacement activities which occur with a certain 

probability and which always need to be executed before the train leaves the OB can 

be assigned to the beginning of the maintenance session. Furthermore, when the 

replacement of a broken subcomponent is very time-consuming, it can be decided to 

replace the whole component instead of the subcomponent. (i.e. ‘black-box’-

approach). The broken subcomponent can then be replacement after the train has 

left the OB. In either ways, the probability that the train will leave the depot on time 

will increase. Therefore, I would advise that the expected time needed for executing 

every unplanned maintenance activity should be determined. Otherwise, the above 

mentioned actions cannot be executed. 

 

The above mentioned recommendations are all very specific. However, also a general 

recommendation can be made. The data used for this thesis was collected from several 

sources. However, when comparing these data sets, a reasonable number differences was 

found. Some of these differences were expected. For example, the differences between the 

recurring demand data from XelusParts and the spare parts usage data from Maximo. 

However, the differences between the disbursements data from XelusParts and the spare 

parts usage data from Maximo were unexpected. It should be noted that the latter types of 

data should be equal. Moreover, as discussed before, since the introduction of Maximo, no 

clear distinction can be made between regular entries and non-regular entries.  

Therefore, I would advise that one large data set should be created by Maximo which will 

contain all relevant information. The following information should (at least) be registered for 

every entry: train number and/or coach numbers, arrival date, departure date, type of entry 

(e.g. ‘MOOD’ session one or extra entry), the code numbers and quantities of all parts which 

are requested at the warehouse (including the corresponding job description(s)) and all code 

numbers and quantities of the realized (i.e. delivered) parts from the warehouse. In addition, 

it should be registered whether or not parts can be delivered immediately after a request 

from a mechanic. Moreover, data about courier deliveries should also be included in this 

data set. The advantage of one big data set is that everything is already linked with each 

other, which means that the data is ready to use and that errors can be determined relatively 

easy. This data set can subsequently be used for all kinds of analysis. By doing so, all 

aspects of the maintenance process can be improved. Moreover, the advantage of using 

one big data set is that everyone will use the same (correct) data for his or her analyses. 

Furthermore, this data set should also provide all necessary input for a program such a 

XelusParts. In that way, differences between data sets will be avoided. 
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List of Abbreviations 
 
BMZ  New method with prior knowledge 

BZV  New method without prior knowledge 

 

CR  Croston’s method 

CW  Construction modification (Dutch: Constructiewijziging) 

 

DAO  Failure Based Maintenance (Dutch: Defect Afhankelijk Onderhoud) 

DES  Double exponential smoothing 

 

EBK  Extra entry (Dutch: Extra binnenkomst) 

ES  Exponential smoothing 

 

GAO  Use Based Maintenance (Dutch: Gebruik Afhankelijk Onderhoud) 

GOIDS  No maintenance during rush hours (Dutch: Geen Onderhoud In De Spits) 

 

KCO  Short term maintenance (Dutch: Kort Cyclisch Onderhoud) 

 

LCO  Long term maintenance (Dutch: Lang Cyclisch Onderhoud) 

LTP  Long term planner (Dutch: lange termijn planner) 

 

MA   Moving average  

MAD  Mean absolute deviation 

ME  Mean error 

MOOD  Modular maintenance (Dutch: Modulaire onderhoud) 

MSE  Mean squared error 

 

NS  Nederlandse Spoorwegen 

NSR  NS Reizigers 

 

OB  Maintenance Depot (Dutch: Onderhoudsbedrijf) 

 

SB   Service site or Service depot (Dutch: Servicebedrijf) 

SBA  Approximation of Syntetos and Boylan 

 

TAO  Condition Based Maintenance (Dutch: Toestand Afhankelijk Onderhoud) 

TSB  Method of Teunter, Syntetos and Babai 

 

VIRM  Extended InterRegio Equipment (Dutch: Verlengd InterRegio Materieel) 

 

WA  Weighted average 

WB   Job description (Dutch: Werkbeschrijving) 

 

XP  XelusParts 

 

2S  Two-Step method 
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Appendix A: VIRMs OB Maastricht 

In this Appendix, an overview of VIRMs (i.e. unique train numbers) which are maintained in 

OB Maastricht during the years is given.  

 December 2010: 32 VIRMs from the 9400-serie were moved from OB Leidschendam 

to OB Maastricht. Some of them started with one ‘C-Staat’ maintenance session and 

after that these trains were maintained according to the ‘GOIDS’ policy. Others were 

immediately maintained according to ‘GOIDS’. 

9401 9402 9403 9404 

9405 9406 9407 9409 

9411 9412 9413 9416 

9417 9418 9419 9420 

9422 9423 9426 9427 

9430 9431 9434 9443 

9450 9468 9469 9473 

9477 9479 9480 9481 

 

 June 2011: Ten VIRMs from the 9500-serie were moved to OB Maastricht. These 

trains were maintained according to the ‘C-Staat’ policy. 

9502 9504 9506 9508 

9510 9514 9516 9520 

9522 9524 

 

 July 2011: The 9425 was moved to OB Maastricht. After four ‘C-Staat’ maintenance 

sessions this train was maintained according to the ‘GOIDS’ policy. 

 

 March 2012: The 9524 was moved from OB Maastricht to another OB. 

 

 May 2012: The 9502 was moved from OB Maastricht to another OB. 

 

 June 2012: The 9478 was moved to OB Maastricht such that the complete 9400-

serie could be maintained in OB Maastricht. The 9478 started with one ‘C-Staat’ 

maintenance session and after that the 9478 was maintained according to the 

‘GOIDS’ policy. 

 

 June 2014: Five VIRMs from the 9500-serie were moved to OB Maastricht. These 

trains were maintained according to the ‘C-Staat’. It should however be noted that 

some of these trains were already occasionally maintained in OB Maastricht 

(according to the ‘C-Staat’) since January 2014.  

9512 9518 9524 9525 

9544 
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Furthermore, the 34 VIRMs of the 9400-serie are maintained according to ‘MOOD’ 

instead of ‘GOIDS’ since June 2014. 

 

 September 2014: All 47 VIRMs of OB Maastricht are maintained according to ‘MOOD’. 
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Appendix B: Bill of Materials per Job Description 

In this Appendix, the lists of parts per job description for all job descriptions of short term 

maintenance of the VIRM can be found on the next twelve pages. The lists have been made 

in cooperation with mechanics from different disciplines and are in Dutch. Furthermore, the 

lists are categorised according to the modules and clusters of ‘MOOD’. A legend is provided 

below. 

 

Legend (in Dutch) 

WB nr Nummer van de werkbeschrijving 
 

WB naam Naam van de werkbeschrijving 
 

Artikelnr Nummer van het onderdeel 
 

Omschrijving Omschrijving van het onderdeel 
 

Aantal in trein Totaal aantal keer dat het betreffende onderdeel voorkomt in een 
VIRM die bestaat uit vier bakken 
 

Locatie Plaats waar het onderdeel opgeslagen ligt in OB Maastricht 
 

Geschat verbruik p jaar Geschat verbruik per jaar voor alle VIRMEN samen die in OB 
Maastricht onderhouden worden volgens de monteur 
 

Geschat verbruik p trein p jaar Geschat verbruik dat nodig is voor één VIRM op jaarbasis volgens 
de monteur 
 

Geschat verbruik p trein p wb Geschat verbruik dat iedere keer nodig is wanneer de 
desbetreffende werkbeschrijving wordt uitgevoerd volgens de 
monteur 
 

X Desbetreffende onderdeel komt heel vaak voor in één VIRM 
  
MG Magazijn 

 
JIS JIS-kar of JIS-kast 

 
KG Kijk-grijp (voorraad) 
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A1           

              
WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

       
Elektrisch             

0010.2.02 Vooropname onder HS Geen onderdelen         

0910.2.02 Verlichting  59363242 PLC-lamp 13W kleur 827 lampvoet G24Q-1 X 0 p jaar JIS 

  reizigersafdeling 59921742 Fluorescentiebuis 220V 30W G13 kleur 930 X 2-3 p trein p wb JIS 

    59693101 Gloeilamp (sofitten) helder 24v 18w 8 4 p trein p jaar KG 

1030.2.02 Bestemmingsaanduiding 59896423 Fluorescentiebuis 220V 30W G13 kleur 830 4 1-2 p trein p jaar JIS 

    MT140128 Display bestemmingsaanduiding 4 5 p jaar MG 

1630.2.02 Controle batterijlading  Geen onderdelen         

  diagnose           

              
Airco             

0800.2.05 Uitlezen storing klimaat plc Geen onderdelen         

              

A2             

        
WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

       
Elektrisch             

0010.2.03 Eindcontrole boven Geen onderdelen         

1950.2.02 Centrale computer Geen onderdelen         

              
Mechanisch           

0020.2.01 Eindcontrole onder Geen onderdelen         

              
Web 3A monteur           

9999.4.05 A-controle Geen onderdelen         

              
ATB             

0510.2.02 ATB eindcontrole fase 4 59999052 Schaalverlichtingslamp 28V 5W BA9S .+/- 40 p trein 1 p trein p wb KG 
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B1             
              

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 
       

Mechanisch onder hoogspanning           

0410.2.01 Zwenkzwaaideuren KF411710 Draaicilinder compleet 16 5 p jaar MG 

    KF350041 Pulsgever compleet 16 5 p jaar MG 

    KR271061 Stangkop haaks compleet links 32 5 p jaar MG 

    KR271087 Stangkop haaks compleet rechts 32 5 p jaar MG 

    KR264785 Profiel rubber rechts rubbercode 27VOC0 32 5 p jaar MG 

    KR264769 Profiel rubber links rubbercode 27VOC0 32 5 p jaar MG 

    55040364 Tiptoets buitendrukknop deur 18-30 V 16 10 p jaar MG 

              
Elektrisch 1           

0940.2.01 Front en sluitseinen 59482356 Duplolamp geel 24V 25/25W BA20D 10 3 p trein p jaar JIS 

    59232389 Buislamp 110V 25W BA20D Diam 22*55 8 2 p jaar KG 

    01070556 Sponsrubber diam 6 8 3 p jaar MG 

    KP121003 Ruit frontsein diam 194 gehard glas 8 0 p jaar MG 

    KP120948 Ruit voor sluitsein plexiglas rood 501 4 0 p jaar MG 

    KP120880 Ruit frontsein diam 193 gehard glas 2 0 p jaar MG 

    Onbekend Afdichtrubber middenfrontsein 2   MG 

1910.2.01 Cabine stuurtafel 59697086 Sofittenlamp 24V 5W S8,5 helder 14 4 p trein p jaar KG 

    59984062 Gloeilamp 28V 1,12W T1 3/4" 32 2 p trein p jaar KG 

    59312009 Buislamp 24V 1,9W BA9S helder L=28 36 8 p trein p jaar KG 

0930.2.01 Cabineverlichting 59179507 Gloeilamp 110V-130V 40W Lampvoet B22 4 2 p jaar KG 

1910.2.02 Cabine achterwand elektrisch Geen onderdelen         

1950.2.01 Onderhoud cabine display Geen onderdelen         

1620.2.01 Batterijlader besturingspaneel Geen onderdelen         

            
 Elektrisch 2           

0800.2.03 Insp. Koelunit balkon/cabine  KD226201 Filtermat 400*400 Airco cabine 2 2 p trein p wb KG 

  
 

KD226805 Mat luchtfilter 500*1450 VNF290 8 8 p trein p wb "spoor 12" 

              
            1/2 
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Vervolg B1           
              
Mechanisch           

0700.2.07 Controle remvoering KH615565 Remvoering tweedelig links/rechts 400 cm 96 20 p trein p wb "KG" 

    KH723104 Opsluitplaat compleet 96 10 p jaar MG 

    KH722445 Spanstift connex SG80*40 96 10 p jaar MG 

    KH721546 Stelring voor gladde bout (verend) 96 10 p jaar MG 

    KH721561 Spanstift voor gladde bout (verend) 96 10 p jaar MG 

    KH721488 Ring diam.24 voor gladde bout (verend) 96 10 p jaar MG 

    KH721520 Drukveer voor gladde bout (verend) 96 10 p jaar MG 

    KH721462 Gladde bout verend (remvoering) 96 10 p jaar MG 

0410.2.02 Zz-deuren lokaal  KF418004 Fluit G1/8" aansluiting voor vertreksein 16 5 p jaar MG 

  en centraal sluiten           

0140.2.01 Oliemonstername tandwielkast  DT096585 Afdichtring voor vulstop D=44/33*2,5 CU 4 4 p trein p wb KG 

  
 

65403040 Kunststofflesje met rode dop nvt 8 p trein p wb KG 

    KT904089 Etiket "cto treinst./lok compr nvt 8 p trein p wb KG 

0320.2.01 Automatische koppeling FD038631 Automatische koppeling type 1295 compl. 2 1 p jaar MG 

    KC099500 Stoot- en trekwerk met lagerstoel AK 2 1 p jaar MG 

    FD038649 Koppelkop type 1295 2 1 p jaar MG 

    KF704403 5/2 wegventiel 180-001-115-0111 2 8 p jaar MG 

    01108422 Plaat rubber 480*400*4 2 15 p jaar JIS 

    KC061849 Pakkingring rubber 10*23 2 10 p jaar KG 

    FD035538 Montuur 2 20 p jaar JIS 

    KC090533 Contact verend m5 tbv contactblok AK 132 20 p jaar MG 

    KC100555 Contact verend slag=7,6 8 5 p jaar MG 

0320.3.01 Meten automatische koppeling FD038631 Automatische koppeling type 1295 compl. 2 1 p jaar MG 

  
 

KC099500 Stoot- en trekwerk met lagerstoel AK 2 1 p jaar MG 

    FD038649 Koppelkop type 1295 2 1 p jaar MG 

              
Airco             

0800.2.02 Controleren klimaatunit op dak FD012164 Schraederventiel airco-unit 8 10 p jaar Airco-kar 

  
 

        (en MG) 

            

             2/2 
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B2             

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

Mechanisch onder hoogspanning           

1110.2.01 Odh. Kopwandschuifdeuren KR280864 Rol deurgeleiding M12*44 compleet 6 10 p jaar MG 

  
 

KF411934 Besturing kopwanddeur ABv4 WE 1 1 1 p jaar MG 

  
 

KF411959 Besturing kopwanddeur ABv6 WE 1 1 1 p jaar MG 

  
 

KF411918 Besturing kopwanddeur Mbvk WE 2 2 1 p jaar MG 

  
 

KF411967 Besturing kopwanddeur ABv4 We 2 1 1 p jaar MG 

  
 

KF411942 Besturing kopwanddeur ABv6 WE 2 1 1 p jaar MG 

  
 

KF409771 Miniventiel 5/3-1/8" gaffel bediend; vee 6 6 p jaar MG 

0330.2.01 Overgangsinrichting KS245385 Overloopbrugplaat boven 3 5 p jaar MG 

  
 

KS207708 Vouwbalg overgangsinrichting compleet 3 2 p jaar MG 

              

Elektrisch 1           

1510.2.07 Strafn. DSA200-4 wagen VIRM1/2 MA176801 Litze sleepstuk naar bovenframe 16 2 p trein p jaar MG 

  

 

ML986025 Koolsleepstuk zelfdragend 4 

zomer: 2 p trein p 
wb, winter: 4 p trein 

p wb 
JIS 

    

MA179268 Oploopslijtstuk adapter 8 
zomer: 4 p trein p 

wb, winter: 8 p trein 
p wb 

JIS 

    MA179060 Oploophoorn met slijtstrips 4 6 MG 

              

Elektrisch 2           

0120.2.03 Tractie-installatie IGBT Geen onderdelen         

0110.2.01 Filterventilatie tractieruimte FD093685 Filtermat PSB290 AFM 160*90*25 2 2 p trein p wb KG 

  
 

FD058399 Sluiting nok 2 6 p jaar Niet voorradig 

    FD058415 Sluiting schijf 2 6 p jaar Niet voorradig 

              

            1/2 
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Vervolg B2           
              

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 
       

Vervolg elektrisch 2      

1610.2.03 Filterventilatie DCM-ruimte KS639793 Filtermat VNF290/PSB 290 197*117*25 2 2 p trein p wb KG 

  
 

FD058399 Sluiting nok 2 6 p jaar Niet voorradig 

    FD058415 Sluiting schijf 2 6 p jaar Niet voorradig 

1610.2.02 E-kasten op de balkons MT553163 Print XE-RIO3A 4 1 p jaar MG 

1610.2.04 Filter ventilatie balkonkast  KS639868 Filtermat 355*460*25 FD300 PSB290 2 2 p trein p wb JIS 

  klimaatinverter Mbvk           

       
Mechanisch           

0700.2.07 Controle remvoering Zie B1         

1710.2.02 Compressor KB195564 Filter voor hoofdelement 1*  
1 p trein p wb 

JIS 

    KB167969 Luchtfilterelement A2 1* JIS 

    KB168884 Veiligheidsventiel insteldruk 10,5 bar 1 4 p jaar MG 

    KB195101 Oliefilterpatroon grootte 10 1 4 p jaar MG 

    KB191001 Luchtverzorgingseenheid SL20-5-31 1* 
2 p jaar 

MG 

    FA828166 Compressor type 2 1* MG 

    79808861 Koperen peilstokring       

                                                 * twee types in omloop: welke nodig is hangt af v.h. type compressor in de trein 

1720.3.01 Reinigen koeler compressor 02340818 Intensiefreiniger n.v.t. 50cc p trein p wb "KG" 

    FD001365 Doscan n.v.t. 10cc p trein p wb "KG" 

0700.2.06 Markeren wielstellen 02090652 Witte verf n.v.t. 1L p trein p wb   

    FD031883 Blikje n.v.t. 1 p trein p wb   

              
ATB             

1960.2.01 Controle ARR Geen onderdelen         

              
            2/2 
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B3             

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

              

Mechanisch onder hoogspanning           

1120.2.01 Interieur reizigersafdeling VB030285 Poederblusser inhoud 9 kg (brandblusser) 8 8 p trein p jaar JIS 

  
 

KZ671161 Zitting kompleet 2e klas stoel X 5 p trein p wb JIS 

  
 

KZ753704 Klapzitting zonder vaste rug (klapzit skai) X 5 p trein p wb JIS 

  
 

KZ859287 Snapslot tbv bevestiging stoelzitting X 10 p trein p wb JIS 

  
 

KS118327 Afvalbak 2e klas (NCS 2050-Y80R) X 5 p trein p wb MG 

  
 

KR210028 Tafelblad 2e klas compleet VT ABET1121 X 5 p trein p wb MG 

  
 

KZ754629 Klapzitting bekleed (klapzit stof) X 5 p trein p wb MG 

  
 

KZ523222 Zitting 2e klas (zitkussen stof ruit) X 5 p trein p wb JIS 

  
 

KZ859121 Armleggerdeksel VT 2e klas  X 5 p trein p wb MG 

  
 

KZ859139 Armleggerdeksel TT 2e klas  X 5 p trein p wb MG 

  
 

KR577707 Draaipunt boven glazen binnendeur  X 2 p trein p wb MG 

  
 

KR577723 Draaipunt onder glazen binnendeur X 2 p trein p wb MG 

  
 

KP206846 Spiegel 620*470*5 spiegelglas verzilverd 2 1 p trein p wb JIS 

  
 

KZ655115 Klaptafel 1e klas compleet inlaag ABET X 5 p trein p wb JIS 

  
 

KZ065661 Rugschaal coachstoel 1e klas compleet X 2 p trein p wb MG 

  
 

KZ065687 Rugschaal coachstoel 2e klas compleet X 2 p trein p wb MG 

  
 

KS119663 Afvalbak 2e klas compleet X 3 p trein p wb JIS 

  
 

KT597529 Transfer stiltezone 110*1462,4 (sticker) X 4 p trein p wb JIS 

  
 

KS119655 Afvalbak 1e klas compleet X 1 p trein p wb JIS 

0620.2.01 Cabine, ruitensproeier, FD072192 Ruitenwisser compleet met afdekkap 4 10 p jaar MG 

  ruitenwisser KL589799 Ruitenwisserblad met klinknagel 4 25 p jaar MG 

0440.2.01 Cabine buitendeur LW154185 Sluitmechanisme buitendeur cabine tt 2 3 p jaar MG 

  
 

LW154169 Sluitmechanisme buitendeur cabine vt 2 3 p jaar MG 

  
 

KR259884 Profiel rubber L=4950 voor cabinedeur 4 10 p jaar MG 

  
 

01670645 Afdichtrubber 1*70 EPDM zwart shore 45 8 50 p jaar KG 

              

            1/3 
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Vervolg B3           

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

              

Elektrisch 1           

0120.2.01 Lijnschakelaar FD044266 Montageset t.b.v. contacten GMD414 2 8 p jaar JIS 

1630.2.01 Batterijen 52599222 Vuldop SRM105B (voor batterij) 216 4 p trein p wb KG 

  
 

87228664 Beschermkap moer M10 kunststof zwart  36 1-2 p trein p wb KG 

1610.2.01 Down chopper module Geen onderdelen   
   1620.2.02 Depotvoedingskast 55970354 Buispatroon 80A 660VDC snel 2 0 p jaar MG 

              

Mechanisch           

0700.2.07 Controle remvoering zie B1   
   0020.2.02 Vooropname mechanisch KJ012844 Slijtstripset 8 6 p jaar MG 

  onder KJ008826 Scheengeleider rechts 8 2 p jaar MG 

  
 

KJ008966 Scheengeleider links 8 2 p jaar MG 

    KJ008883 Aanslaghouder 16 25 p jaar MG 

    KJ001748 Trillingsdemper met conus vr centrering 16 25 p jaar MG 

    76470848 Luchtslang DN19 L=680 16 10 p jaar JIS 

    79808689 Afdichtring CU 27*22*1,5 16 10 p jaar KG 

    79470464 Luchtslang L=690 koppelingen M22*1,5 8 20 p jaar MG 

    KF200691 Vergrendeling afsluitkraan compleet 16 30 p jaar MG 

    FD050891 Luchtslang tussen koppelkop en afsl.kr 16 30 p jaar MG 

    KJ000401 Magneetrem compleet 4 10 p jaar MG 

              

            2/3 
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Vervolg B3           

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

              

Vervolg mechanisch           

0610.2.01 Vooropname exterieur KS291603 Treeplank 
  

MG 

  
 

KS291371 Treeplank 
  

MG 

  
 

KS291629 Treeplank 
  

MG 

  
 

KS291397 Treeplank 
  

MG 

  
 

KS291413 Treeplank 
  

MG 

  
 

KS291421 Treeplank 
  

MG 

  
 

KT190366 NS-embleem reflex blauw 1025*400 8 10 p jaar MG 

  
 

KT539802 Transfer "2" 86*86 8 10 p jaar KG 

0700.2.02 Wielstellen Geen onderdelen   
   0700.2.05 Opname draaistellen 53499273 Impulsgever voor abi L=900 

16 
30 p jaar JIS 

  
 

53499257 Impulsgever voor abi L=830 20 p jaar JIS 

  
 

KA709365 Driepuntspendel A 16 5 p jaar MG 

  
 

KA709381 Driepuntspendel B 16 5 p jaar MG 

  
 

KF118125 Hoogteregelklep wblfv120AAA04 var.4 16 10 p jaar MG 

  
 

KD225344 Vouwbalg tractiemotor kompleet 4 10 p jaar MG 

  
 

.+ onderdelen controle remvoering (die kunnen hier ook uit volgen)       

0210.3.01 Controle remschijf Geen onderdelen         

              

ATB             

1630.2.03 Aardfoutmeting Geen onderdelen         

              

            3/3 
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C1             
              

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 
       

Elektrisch             

0800.3.02 Reinigen verdamper klimaatunit Geen onderdelen         

0540.3.01 Kortsluitkabels Geen onderdelen         

0800.3.01 Klimaatverzorging in rijtuig 55970248 Buispatroon 63A 660VDC protistor 8 10 p jaar MG 

    MT535301 Diagnoseprint  8 20 p jaar MG 

    59312009 Buislamp 16 1-2 p trein p wb KG 

1510.3.02 Snelschakelaar MM973568 Trekkabel rechts 1 0-1 p jaar MG 

    MM973543 Trekkabel links 1 0-1 p jaar MG 

    MM976223 Vonkenbeschermplaat 1000-2000V 2 max 4 p jaar MG 

1510.3.03 Aardingsschakelaar Geen onderdelen         

0320.3.02 Verwarming AK en Typhoon KY898021 Thermostaat verwarming autom. kop. 2 max 2 p jaar MG 

    KY893022 Aansluitdoos met thermostaat 2gr 2 max 2 p jaar MG 

    MX055645 Verdeeldoos verwarming autom. kop. 2 max 2 p jaar MG 

              
Mechanisch           

0200.3.01 Afsluitkranen Geen onderdelen         

0200.3.07 Controle noodrem reizigers Geen onderdelen         

0200.3.02 Vervangen filter remkraan FA005666 Filter 2 2 p trein p wb JIS 

    79329900 O-ring 20,29*2,62 shore 70 / 75 2 2 p trein p wb KG 

    79333811 O-ring 37,77*2,62 shore 70 / shore 75 2 2 p trein p wb MG 

0200.3.03 Rembeproeving KB435317 Regelklep lastafhankelijk alr150-85 3 2 p jaar MG 

    KB435333 Regelklep lastafhankelijk variant/086AL 2 1 p jaar MG 

    KB435358 Regelklep lastafhankelijk alr150-87 1 1 p jaar MG 
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C2             

              

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

              

Elektrisch             

0700.3.02 Retourstroomborstel ML902725 Koolborstel voor retourstroom 30 9 p trein p wb JIS 

    KA378583 Pakking diam 144*110*0,5 30 4 p trein p wb KG 

    KA378641 Pakking diam 200*200*0,5 30 4 p trein p wb KG 

    KA337951 Tegenloopschijf met tussenring 30 1-2 p trein p wb MG 

    85936045 Inbusbout M6*20 30-60 10-20 p trein p wb KG 

    89117220 Veerring M6 30-60 10-20 p trein p wb KG 

1510.3.05 Overspanningsbeveiliging Geen onderdelen         

1510.3.12 Afst. DSA200 4 wagen VIRM 1/2 Geen onderdelen         

              

Mechanisch           

0610.3.01 Afwatering Geen onderdelen         

0610.3.02 Controle conservering   Verf   indien nodig   

0620.3.01 Smeren mcn-stoel (SAVAS) KZ860020 Machinistenstoel met bovendeel rotolift 2 1 p jaar MG 

              

ATB             

1510.3.07 Controle lijnfilter Geen onderdelen         

0510.4.02 ATB controle meting PT710303 Voedingsmodule 72-110/5V status A 6 

5 keer p jaar dat  
één of meerdere 

cassettes  
verwisseld moeten 

worden 
(is afhankelijk van 

de storing) 

MG 

    PT710345 Voedingsmodule 72-110/24VDC status A 4 MG 

    PT715906 Cassette interface F8 status A 2 MG 

    FD016405 Module logic V009 ATB Fase 4VV 6 MG 

    FD016397 Module slave 9.0 tacho 5.0 atb Fase 4VV 6 MG 

    FD016413 Decoder 50Hz V11 atb fase 4vv 6 MG 

    PT714024 ATB fase 4 tw/tfo module 2 MG 

    FD016371 Module masterbite V011 ATB fase 4VV 2 MG 

    FD065147 ATB-F4 parameterplug VIRM 6 MG 
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C3             

              

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

              

Elektrisch             

0800.2.01 Controle klimaat in rijtuig FD025208 Vonkenkap 12 3 p trein p wb JIS 

    MM126108 Schakelaar EP GPT310/3 12 0-1 p jaar MG 

1510.3.09 Reiningen HS-Kasten Geen onderdelen         

   (= HS binnen)           

0800.3.03 Reinigen interieur  Geen onderdelen         

  temperatuurvoelers           

0540.3.01 Kortsluitkabels Geen onderdelen         

0800.3.02 Reinigen verdamper  Geen onderdelen         

  klimaatunit           

              

Mechanisch           

0310.4.01 ODH/Meten ATK KC096142 Koppelkop compleet 6 1 p jaar MG 

    FD007354 Afdichtring 12 12 p trein p wb KG 

              

ATB             

1010.3.01 Functietest omroep FD044993 Eindversterker omroep 2 1 p 5 jaar MG 

    FD045008 Interfacemodule omroep K-AC91 1 0 p jaar MG 

    PP484327 Telemicrofoon K-HS75 voor DM-90 6 2-3 p jaar MG 

    55407076 Microschakelaar S286A 4 1-2 p 5 jaar MG 

0110.3.01 Stoorstroom detectie 53014080 Opnemerspoel voor stoorstroomdetector   0 p jaar   

    MT527506 Stoorstroomdetector IGBT installatie   0 p jaar   

    57248106 Schakelaar verlicht   0 p jaar   

    57248023 Drukknop verlicht   0 p jaar   

    FD046071 Steker 8-polig met penkontakten (krimp)   0 p jaar   

    FD050917 Beschermkap 24*36 transparant scharn.   0 p jaar   

1950.3.01 Periodieke controle cabine  MT550102 Display diagnose 2 2-3 p jaar MG 

  display           
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C4             

              

WB nr WB naam Artikelnr. Omschrijving Aantal in trein Geschat verbruik Locatie 

              

Elektrisch             

1610.4.01 Reiningen GTO-tank DCM Geen onderdelen         

1510.3.08 Reinigen E-kasten Geen onderdelen         

   (=HS buiten)           

              

Mechanisch           

1110.3.01 Per kopwandschuifdeuren KR280187 Ophangprofiel voor schuifdeuren VIRM 6 1 p jaar MG 

0410.3.01 Zwenkzwaaideuren mechanisch MZ060049 Deur PLC VIRM met software versie 5.2 16 1 p jaar MG 

              

ATB             

1510.3.07 Controle lijnfilter zie C2         

0510.4.02 ATB controle meting zie C2         

1610.5.03 Controle aansluiting GTO DCM MW902243 Glasvezelkabel 200/300 opdruk 3A1-V5 4 2 p jaar MG 
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Appendix C: Selected Spare Parts for Case Study 

In this Appendix, the details of the spare parts which have been used for the case study can 

be found on the next three pages. All spare parts are listed in table C.1. Remarks, if 

applicable, are provided in the last column of this table. In table C.2, an overview of the 

adjustments to the spare parts usage data from Triton and Maximo per period is given for 

every spare part. An overview of the recurring demand per month of every spare part can be 

found in table C.3. For clarification, a legend is provided below. 

 

Legend  

Part no. Number of selected spare part for the case study (arbitrary chosen) 
  

Code no. Code number of spare part 
  
Description Description of spare part 
  
Demand P1 Total recurring demand during the initialization period (i.e. March’11 – 

February’12) 
 

Demand P2 Total recurring demand during the optimization period (i.e. March’12 – 
February’13 
 

Demand P3 Total recurring demand during the evaluation period (i.e. March’13 – May’14) 
 

A Amount of spare parts usage added to the spare parts usage data from Triton 
or Maximo 
 

R Amount of spare parts usage removed from the spare parts usage data from 
Triton or Maximo 
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Table C.1    Overview of spare parts used for the case study 

  

Part no. Code no. Description (in Dutch) Remarks 

1 55970248 Buispatroon 63A 660VDC protistor  

2 55970354 Buispatroon 80A 660VDC snel  

3 FD044993 Eindversterker omroep K-PA50 24 VDC-50W  

4 KA337951 Tegenloopschuif met tussenring  

5 KA709365 Driepuntspendel A No (recurring) demand during P1 

6 KA709381 Driepuntspendel B No (recurring) demand during P1 and in P2 only (recurring) demand in the 

second last month 

7 KB168884 Veiligheidsventiel insteldruk 10,5 bar Contains both recurring and non-recurring demand 

8 KB435317 Regelklep lastafhankelijk alr150-85 Contains both recurring and non-recurring demand 

9 KD225344 Vouwbalg tractiemotor compleet  

10 KF200691 Vergrendeling afsluitkraan compleet  

11 KF409771 Miniventiel 5/3-1/8” gaffel bediend; vee  

12 KF411918 Besturing kopwanddeur Mbvk WE 2 No (recurring) demand during P2 

13 KF411959 Besturing kopwanddeur ABv6 WE 1  

14 KF704403 5/2 wegventiel 180-001-115-0111  

15 KS291371 Treeplank compleet  

16 KS291421 Treeplank compleet  

17 KY898021 Thermostaat verwarming automatische kop-  

18 MA176801 Litze sleepstuk naar bovenframe  

19 MA179060 Oploophoorn met slijtstrips  

20 MT535301 Diagnoseprint P Dia 2  

21 MT553163 Print XE-RIO3A  

22 MW902243 Glasvezelkabel 200/300 opdruk 3A1-V5 No (recurring) demand during P1 
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Table C.2    Overview of adjustments to the spare parts usage data from Triton and Maximo per period for every spare part 

  

Part no. Code no. Description (in Dutch) Demand P1 A R Demand P2 A R Demand P3 A R Total 

1 55970248 Buispatroon 63A 660VDC protistor 5 0 0 11 0 0 10 0 1 26 

2 55970354 Buispatroon 80A 660VDC snel 3 2 0 3 0 0 1 0 0 7 

3 FD044993 Eindversterker omroep K-PA50 24 VDC-50W 4 3 0 5 2 0 4 1 0 13 

4 KA337951 Tegenloopschuif met tussenring 4 0 0 3 0 0 4 0 0 11 

5 KA709365 Driepuntspendel A 0 0 0 2 0 0 8 1 0 10 

6 KA709381 Driepuntspendel B 0 0 0 1 0 0 8 2 0 9 

7 KB168884 Veiligheidsventiel insteldruk 10,5 bar 8 1 0 2 0 1 7 2 0 17 

8 KB435317 Regelklep lastafhankelijk alr150-85 9 0 2 3 0 15 3 0 0 15 

9 KD225344 Vouwbalg tractiemotor compleet 3 0 0 11 0 0 14 0 0 28 

10 KF200691 Vergrendeling afsluitkraan compleet 19 2 0 31 1 0 15 1 0 65 

11 KF409771 Miniventiel 5/3-1/8” gaffel bediend; vee 7 1 0 6 0 0 6 0 0 19 

12 KF411918 Besturing kopwanddeur Mbvk WE 2 1 0 0 0 0 0 3 0 0 4 

13 KF411959 Besturing kopwanddeur Abv6 WE 1 2 0 0 3 0 0 1 0 1 6 

14 KF704403 5/2 wegventiel 180-001-115-0111 7 0 0 6 0 0 7 0 0 20 

15 KS291371 Treeplank compleet 2 0 0 3 0 0 5 0 0 10 

16 KS291421 Treeplank compleet 8 1 0 7 1 0 10 0 0 25 

17 KY898021 Thermostaat verwarming automatische kop- 2 0 0 4 0 0 5 0 0 11 

18 MA176801 Litze sleepstuk naar bovenframe 17 1 0 2 0 0 9 0 0 28 

19 MA179060 Oploophoorn met slijtstrips 7 0 0 8 1 0 8 0 0 23 

20 MT535301 Diagnoseprint P Dia 2 4 1 0 13 1 0 9 1 0 26 

21 MT553163 Print XE-RIO3A 28 3 0 15 0 0 19 2 0 62 

22 MW902243 Glasvezelkabel 200/300 opdruk 3A1-V5 0 0 0 2 0 0 4 0 0 6 
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Table C.3    Overview of recurring demand per month for every spare part 
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1 0 0 0 1 1 0 1 0 0 0 2 0 0 0 0 4 0 0 5 1 0 1 0 0 0 0 0 2 2 0 0 0 0 0 1 0 2 0 3 

2 0 0 0 0 0 0 0 2 0 1 0 0 0 1 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 

3 0 0 0 0 0 0 1 0 1 1 1 0 3 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0 0 1 1 

4 0 0 0 0 0 0 0 0 0 3 1 0 0 2 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 1 0 0 1 0 0 

5 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 1 0 0 0 0 0 0 1 2 3 

6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0 1 3 0 3 

7 1 1 1 0 0 2 0 0 2 0 0 1 1 0 0 0 1 0 0 0 0 0 0 0 0 0 0 1 2 0 0 0 0 0 0 0 0 1 3 

8 1 1 0 1 0 1 1 3 0 0 0 1 0 0 0 1 0 0 2 0 0 0 0 0 1 0 0 0 0 0 0 0 2 0 0 0 0 0 0 

9 0 1 0 0 0 0 0 0 0 0 1 1 0 1 1 0 0 2 1 0 0 0 3 3 5 1 0 2 1 2 1 0 0 1 0 0 1 0 0 

10 0 0 1 1 2 3 2 0 1 5 1 3 0 2 5 3 4 5 1 2 0 4 4 1 1 5 1 0 1 1 0 0 2 1 0 1 2 0 0 

11 1 0 2 1 0 0 1 0 1 0 0 1 1 0 0 0 0 1 2 2 0 0 0 0 2 0 1 0 1 0 0 0 1 0 1 0 0 0 0 

12 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 0 

13 0 1 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 1 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 

14 1 1 0 1 0 2 0 0 0 0 1 1 1 0 2 0 0 0 0 0 1 1 0 1 1 1 0 2 0 0 0 0 1 0 0 1 0 1 0 

15 0 0 0 0 0 1 1 0 0 0 0 0 0 2 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 2 0 1 

16 0 2 1 0 1 0 0 0 1 1 2 0 0 1 2 0 0 0 0 1 1 1 0 1 0 0 0 1 2 0 0 0 2 0 1 1 0 0 3 

17 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1 1 0 1 0 0 0 0 0 0 1 0 0 1 1 2 0 0 0 

18 1 2 3 2 2 4 3 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 2 0 0 0 0 1 0 4 0 1 0 0 0 1 

19 0 0 3 3 0 0 0 0 0 0 0 1 0 1 1 2 0 2 0 0 1 0 0 1 0 0 0 2 0 0 0 0 0 0 1 1 1 1 2 

20 0 0 0 0 0 0 0 2 1 0 0 1 3 0 1 0 3 2 2 0 0 2 0 0 0 0 0 1 0 2 2 1 1 0 0 0 0 1 1 

21 4 1 0 3 3 0 3 0 3 3 4 4 1 0 1 0 2 0 2 1 3 2 2 1 0 4 1 2 2 1 2 1 1 2 0 1 2 0 0 

22 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 1 2 0 0 
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Appendix D: Spare Parts Demand Linked with 

Performed Maintenance Sessions 

In this Appendix, all (recurring) demand dates of every spare part can be found. Note that 

GX and CSX stand for ‘GOIDS’ and ‘C-Staat’ session X, respectively. The link between the 

dates and the types of maintenance sessions are manually made by combining the spare 

parts usage data with the entry data and by making use of the (unique) train and coach 

numbers.  

Due to the fact that dates are added to the spare parts usage data from Triton and Maximo 

(such that it is in line with the recurring demand data from XP), it is unknown for which types 

of maintenance sessions these parts are used. All spare parts usage dates which are added 

are registered on the first day of the month. Note that this day is arbitrarily chosen and does 

not affect the results. The type of maintenance session for these dates is represented as 

‘Unknown’ in table D.1. However, note that for the calculations the usage of these parts is 

proportionally divided over the different types of maintenance sessions which are executed 

in those months. 

In addition, a few spare parts usage dates in Triton and Maximo do not contain a train or 

coach number and therefore no link can be made with a specific maintenance session. 

However, due to the use of the date, a few possible maintenance sessions can be identified. 

Therefore, the usage of these parts is proportionally divided over the identified possibilities. 

All possibilities including the probability of every possibility are provided in the table D.1. 

However, this is only possible for the data from Triton. Due to the fact that non-regular 

entries are not included in the data from Maximo, not all possibilities can be identified. 

Therefore, for the calculations, the spare parts usage dates from Maximo without a train 

number are divided proportionally over the different types of maintenance sessions in those 

specific months. The type of maintenance session for these dates is again represented as 

‘Unknown’ in table D.1. Finally, note that extra entries (EBK) and project (PJTs) are 

classified as non-regular entries for the calculations. 

 

Table D.1    Spare parts usage demand dates linked with performed maintenance sessions 

Part 
no. 

Code 
no. 

Decription Part 
(in Dutch) 

Date Quantity Type of  
maintenance session(s) 

1 55970248 BUISPATROON 63A  16-06-2011 1 G1 
    30-07-2011 1 G3 

    14-09-2011 1 CS3 

    26-01-2012 2 G5 

    02-06-2012 2 CS2 

    04-06-2012 1 CS2 

    11-06-2012 1 CS2 

    22-09-2012 1 G11 

    22-09-2012 1 G11 

    22-09-2012 1 G11 

    23-09-2012 1 G11 

    23-09-2012 1 G11 

    12-10-2012 1 G11 

    09-12-2012 1 CS1 
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    09-06-2013 1 G9 

    11-06-2013 1 G9 

    06-07-2013 1 EBK 

    12-07-2013 1 EBK 

    09-01-2014 1 G3 

    13-03-2014 1 G5 

    25-03-2014 1 G4 

    23-05-2014 1 G7 

    23-05-2014 1 G7 

      24-05-2014 1 G9 

2 55970354 BUISPATROON 80A  01-10-2011 2 Unknown 
    23-12-2011 1 G1 

    17-04-2012 1 G5 

    18-09-2012 1 G11 

    31-10-2012 1 G7 

      21-09-2013 1 CS2 

3 FD044993 EINDVERSTERKER OMR. 01-09-2011 1 Unknown 
    01-11-2011 1 Unknown 

    01-12-2011 1 Unknown 

    03-01-2012 1 EBK 

    01-03-2012 2 Unknown 

    28-03-2012 1 G5 

    29-04-2012 1 G6 

    29-04-2012 1 G6 

    22-08-2013 2 G11 

    01-04-2014 1 Unknown 

      13-05-2014 1 G10 

4 KA337951 TEGENLOOPSCHIJF MET  01-12-2011 1 EBK 
    18-12-2011 2 G12 

    08-01-2012 1 G3 

    03-04-2012 1 G6 

    20-04-2012 1 EBK 

    26-08-2012 1 G12 

    26-08-2013 2 Unknown 

    29-12-2013 1 CS3 

      01-03-2014 1 EBK 

5 KA709365 DRIEPUNTSPENDEL A 01-04-2012 1 G7 
    05-01-2013 1 G3 

    05-03-2013 1 G4 

    04-08-2013 1 EBK 

    31-03-2014 1 G6 

    03-04-2014 1 G7 

    05-04-2014 1 G12 

    01-05-2014 1 Unknown 

    11-05-2014 1 G6 

      26-05-2014 1 G8 

      
6 KA709381 DRIEPUNTSPENDEL B 05-01-2013 1 G3 

    05-10-2013 1 G12 

    19-02-2014 1 EBK 

    01-03-2014 1 Unknown 

    17-03-2014 1 G4 

    23-03-2014 1 G6 

    01-05-2014 1 Unknown 
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    11-05-2014 1 G6 

      26-05-2014 1 G8 

      
7 KB168884 VEILIGHEIDSVENTIEL     19-03-2011 1 G6 

    01-04-2011 1 Unknown 

    26-05-2011 1 G8 

    07-08-2011 1 CS3 

    09-08-2011 1 G11 

    05-11-2011 1 G12 

    24-11-2011 1 G12 

    11-02-2012 1 CS2 

    25-03-2012 1 G6 

    13-07-2012 1 (1/8)*G3, (1/8)*G6, (1/8)*G8, 
(2/8)*G9, (1/8)*G10, 

(2/8)*EBK 
    16-06-2013 1 G9 

    13-07-2013 2 EBK 

    05-04-2014 1 G12 

    01-05-2014 2 Unknown 

      04-05-2014 1 G9 

8 KB435317 REGELKLEP LASTAFH. 18-03-2011 1 G10 
    27-04-2011 1 EBK 

    13-06-2011 1 EBK 

    17-08-2011 1 EBK 

    06-09-2011 1 EBK 

    20-10-2011 1 EBK 

    24-10-2011 1 PJT 

    26-10-2011 1 EBK/PJT 

    19-02-2012 1 (3/6)*G3, (3/6)*EBK 

    18-06-2012 1 EBK 

    06-09-2012 1 G5 

    18-09-2012 1 CS4 

    16-03-2013 1 G3 

    29-11-2013 1 EBK 

      30-11-2013 1 G2 

9 KD225344 VOUWBALG TRACTIEM. 03-04-2011 1 G12 
    23-01-2012 1 G2 

    21-02-2012 1 G1 

    14-04-2012 1 EBK 

    06-05-2012 1 G6 

    04-08-2012 1 G12 

    29-08-2012 1 G8 

    09-09-2012 1 G9 

    13-01-2013 1 G12 

    27-01-2013 1 G6 

    27-01-2013 1 G6 

    06-02-2013 1 G11 

    23-02-2013 1 G3 

    23-02-2013 1 G3 

    02-03-2013 2 G3 

    06-03-2013 1 G11 

    08-03-2013 1 G2 

    23-03-2013 1 G12 

    07-04-2013 1 G6 

    22-06-2013 1 G9 

    30-06-2013 1 G3 
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    13-07-2013 1 EBK 

    13-08-2013 1 G11 

    22-08-2013 1 G11 

    29-09-2013 1 G9 

    23-12-2013 1 G9 

      01-03-2014 1 G3 

10 KF200691 VERGRENDELING AFSL. 15-05-2011 1 G3 
    04-06-2011 1 G5 

    16-07-2011 1 G6 

    17-07-2011 1 G9 

    21-08-2011 1 G9 

    21-08-2011 1 G9 

    26-08-2011 1 G10 

    01-09-2011 1 Unknown 

    04-09-2011 1 G9 

    01-11-2011 1 Unknown 

    03-12-2011 1 G12 

    04-12-2011 1 G9 

    04-12-2011 2 G9 

    18-12-2011 1 CS3 

    09-01-2012 1 G10 

    21-02-2012 1 G2 

    21-02-2012 1 G2 

    26-02-2012 1 G6 

    02-04-2012 1 CS2 

    22-04-2012 1 G6 

    11-05-2012 2 G6 

    12-05-2012 1 G6 

    19-05-2012 1 G6 

    31-05-2012 1 G8 

    13-06-2012 1 G7 

    13-06-2012 1 G7 

    13-06-2012 1 G7 

    07-07-2012 1 G9 

    07-07-2012 1 G9 

    31-07-2012 2 G7 

    01-08-2012 1 G8 

    19-08-2012 1 G6 

    25-08-2012 1 G9 

    25-08-2012 1 G9 

    25-08-2012 1 G9 

    06-09-2012 1 G5 

    06-10-2012 1 G12 

    13-10-2012 1 G12 

    01-12-2012 1 Unknown 

    18-12-2012 1 G2 

    27-12-2012 1 G2 

    29-12-2012 1 G9 

    06-01-2013 1 CS3 

    17-01-2013 1 G8 

    23-01-2013 1 G1 

    26-01-2013 1 G2 

    16-02-2013 1 G12 

    03-03-2013 1 CS2 

    07-04-2013 1 G6 

    15-04-2013 1 G6 

    15-04-2013 1 G6 
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    24-04-2013 1 G7 

    24-04-2013 1 G7 

    12-05-2013 1 CS1 

    20-07-2013 1 G9 

    21-08-2013 1 G11 

    23-11-2013 2 G3 

    01-12-2013 1 Unknown 

    23-02-2014 1 EBK 

    15-03-2014 1 G3 

      16-03-2014 1 G2 

11 KF409771 MINIVENTIEL 5/3-1/8"  07-03-2011 1 G12 
    01-05-2011 1 Unknown 

    11-05-2011 1 G5 

    16-06-2011 1 G1 

    04-09-2011 1 G9 

    06-11-2011 1 CS2 

    21-02-2012 1 G1 

    20-03-2012 1 G2 

    29-08-2012 1 G8 

    01-09-2012 1 G9 

    14-09-2012 1 G1 

    22-10-2012 1 G10 

    22-10-2012 1 G10 

    06-03-2013 1 EBK 

    25-03-2013 1 G2 

    24-05-2013 1 G10 

    20-07-2013 1 G9 

    19-11-2013 1 G12 

      14-01-2014 1 EBK 

12 KF411918 BESTURING KOPW.         13-07-2011 1 G10 
    28-12-2013 1 G10 

    19-01-2014 1 G12 

      16-02-2014 1 G1 

13 KF411959 BESTURING KOPW.        12-04-2011 1 G7 
    20-02-2012 1 G1 

    31-07-2012 1 G7 

    16-09-2012 1 G9 

    20-01-2013 1 CS4 

      20-02-2014 1 G1 

14 KF704403 5/2 WEGVENTIEL  18-03-2011 1 G1 
    27-04-2011 1 G5 

    25-06-2011 1 G9 

    08-08-2011 1 G8 

    16-08-2011 1 G11 

    13-01-2012 1 G11 

    28-02-2012 1 G5 

    29-03-2012 1 G2 

    05-05-2012 1 G2 

    24-05-2012 1 EBK 

    22-11-2012 1 G2 or G10 

    09-12-2012 1 G12 

    22-02-2013 1 G5 

    14-03-2013 1 G5 

    15-04-2013 1 G6 
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    24-06-2013 1 G8 

    24-06-2013 1 G8 

    30-11-2013 1 G2 

    06-02-2014 1 G11 

      15-04-2014 1 G2 

15 KS291371 TREEPLANK COMPLEET             15-08-2011 1 CS2 
    04-09-2011 1 CS2 

    23-04-2012 1 CS1 

    29-04-2012 1 CS1 

    17-11-2012 1 G4 

    25-03-2013 1 CS4 

    17-11-2013 1 Unknown 

    20-03-2014 1 EBK 

    24-03-2014 1 G6 

      17-05-2014 1 G9 

16 KS291421 TREEPLANK COMPLEET             02-04-2011 1 G12 
    27-04-2011 1 G5 

    22-05-2011 1 G6 

    10-07-2011 1 G9 

    01-11-2011 1 Unknown 

    11-12-2011 1 CS3 

    08-01-2012 1 CS3 

    15-01-2012 1 G3 

    12-04-2012 1 G5 

    13-05-2012 1 G6 

    22-05-2012 1 G4 

    07-10-2012 1 CS2 

    01-11-2012 1 Unknown 

    04-12-2012 1 G8 

    03-02-2013 1 CS4 

    26-06-2013 1 G11 

    19-07-2013 2 G8 

    12-11-2013 1 EBK 

    28-11-2013 1 EBK 

    26-01-2014 1 G4 

    04-02-2014 1 G4 

    05-05-2014 1 G9 

    07-05-2014 1 G7 

      08-05-2014 1 G8 

17 KY898021 THERMOSTAAT VERW. 04-04-2011 1 G3 
    12-06-2011 1 G9 

    07-09-2012 1 G11 

    24-11-2012 1 G9 

    19-12-2012 1 G2 

    16-02-2013 1 G9 

    01-09-2013 1 G7 

    15-12-2013 1 EBK 

    15-01-2014 1 EBK 

    19-02-2014 1 G1 

      19-02-2014 1 G1 

18 MA176801 LITZE SLEEPSTUK NAAR  27-03-2011 1 G12 
    02-04-2011 2 G12 

    01-05-2011 1 Unknown 

    09-05-2011 1 G6 
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    28-05-2011 1 G9 

    10-06-2011 1 G9 

    12-06-2011 1 G9 

    17-07-2011 1 G9 

    17-07-2011 1 G9 

    06-08-2011 3 G9 

    21-08-2011 1 G9 

    11-09-2011 3 G6 

    03-11-2012 2 G12 

    15-04-2013 2 G6 

    29-09-2013 1 G12 

    17-11-2013 1 CS1 

    23-11-2013 3 G3 

    15-01-2014 1 EBK 

      12-05-2014 1 G6 

19 MA179060 OPLOOPHOORN MET 21-05-2011 2 G12 
    25-05-2011 1 G6 

    10-06-2011 1 G9 

    12-06-2011 1 G9 

    19-06-2011 1 G3 

    25-02-2012 1 G3 

    14-04-2012 1 G12 

    06-05-2012 1 (3/5)*G6, (1/5)*G7, (1/5)*G9 

    03-06-2012 1 G12 

    27-06-2012 1 G4 

    11-08-2012 2 G1 

    01-11-2012 1 Unknown 

    03-02-2013 1 CS4 

    01-06-2013 2 G9 

    15-01-2014 1 EBK 

    04-02-2014 1 G4 

    04-03-2014 1 G4 

    27-04-2014 1 CS4 

    11-05-2014 1 G6 

      14-05-2014 1 G10 

20 MT535301 DIAGNOSEPRINT        01-10-2011 1 Unknown 
    05-10-2011 1 EBK 

    22-11-2011 1 CS3 

    18-02-2012 1 G3 

    01-03-2012 1 Unknown 

    15-03-2012 1 G11 

    27-03-2012 1 CS4 

    26-05-2012 1 (1/6)*G2, (1/6)*G3, (1/6)*G4, 
(1/6)*G9, (1/6)*EBK, 

(1/6)*CS1 
    01-07-2012 1 CS1 

    16-07-2012 1 G9 

    21-07-2012 1 G9 

    16-08-2012 1 G10 

    30-08-2012 1 G8 

    03-09-2012 1 EBK 

    30-09-2012 1 G12 

    16-12-2012 1 CS3 

    28-12-2012 1 G3 

    15-06-2013 1 G9 

    10-08-2013 1 G3 
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    17-08-2013 1 EBK 

    02-09-2013 1 EBK 

    14-09-2013 1 CS1 

    03-10-2013 1 G1 

    01-11-2013 1 Unknown 

    10-04-2014 1 G4 

      24-05-2014 1 G6 

21 MT553163 PRINT XE-RIO3A                 01-03-2011 1 Unknown 
    06-03-2011 1 G3 

    10-03-2011 1 G12 

    16-03-2011 1 G4 

    01-04-2011 1 G4 

    13-06-2011 1 G8 

    27-06-2011 1 G8 

    27-06-2011 1 G8 

    01-07-2011 1 Unknown 

    16-07-2011 1 G6 

    18-07-2011 1 EBK 

    25-09-2011 2 CS2 

    26-09-2011 1 G1 

    07-11-2011 1 EBK 

    16-11-2011 1 G11 

    20-11-2011 1 G3 

    04-12-2011 2 G3 

    11-12-2011 1 G9 

    01-01-2012 1 Unknown 

    05-01-2012 1 G5 

    07-01-2012 2 G2 

    01-02-2012 1 EBK 

    21-02-2012 1 G1 

    22-02-2012 1 G4 

    22-02-2012 1 (1/4)*G2, (1/4)*G4, (2/4)*EBK 

    05-03-2012 1 G12 

    05-05-2012 1 G6 

    05-07-2012 1 EBK 

    24-07-2012 1 EBK 

    27-09-2012 1 G2 

    28-09-2012 1 G2 

    11-10-2012 1 G7 

    09-11-2012 1 G2 

    13-11-2012 1 G7 

    15-11-2012 1 EBK 

    07-12-2012 1 G9 

    17-12-2012 1 (1/3)*G2, (1/3)*G3, (1/3)*G11 

    09-01-2013 1 CS3 

    16-01-2013 1 EBK 

    28-02-2013 1 (2/3)*G7, (1/3)*EBK 

    03-04-2013 1 (1/4)*G5, (1/4)*G7, (1/4)*G12, 
(1/4)*EBK 

    15-04-2013 1 G3 

    18-04-2013 1 G7 

    18-04-2013 1 G7 

    15-05-2013 1 (2/3)*G4, (1/3)*CS1 

    07-06-2013 1 G7 

    29-06-2013 1 G6 

    10-07-2013 1 EBK 

    10-07-2013 1 EBK 
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    03-08-2013 1 EBK 

    01-09-2013 1 Unknown 

    22-09-2013 1 CS2 

    04-10-2013 1 G5 

    01-11-2013 1 Unknown 

    21-12-2013 2 G12 

    22-02-2014 1 G3 

    13-03-2014 1 EBK 

      22-03-2014 1 G5 

22 MW902243 GLASVEZELKABEL 27-05-2012 1 G9 
    09-08-2012 1 EBK 

    20-03-2013 1 EBK 

    15-02-2014 1 CS4 

    07-03-2014 1 CS1 

      31-03-2014 1 CS4 
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Appendix E: Results Case Study 

In this Appendix, the results from the case study which has been executed at NedTrain are 

provided below.  

Three different performance measures are calculated for every part and forecasting method 

during the evaluation period. The objective is to minimize the MSE. Therefore, all parameter 

values are chosen such that the MSE is minimized (during the optimization period). In 

addition, in order to relativize the mean error, also the average demand during the evaluation 

is provided in table E.1 below. 

The calculated order-up-to levels with the Lognormal lead time distribution are shown in 

table E.2. All calculated order-up-to levels are rounded upwards. Note that the last period 

only ranges from 7 to 31 May 2014. The reason for this is that only data up to and including 

31 May 2014 is available. 

The details of the parameter values of the DoBr tool are provided in table E.3.  

 
Table E.1    Forecast accuracy in terms of ME, MSE and MAD of every forecasting method for every single spare 

part. 

 

   Performance measures 

Part 
Average  

demand 
Method ME MSE MAD 

      

      

1 0,667 XelusParts -0,200 1,400 0,867 

  Moving Average -0,006 1,123 0,928 

  Exponential Smoothing -0,074 1,068 0,886 

  Croston’s method -0,007 1,094 0,911 

  Approximation of Syntetos and Boylan  -0,110 1,061 0,862 

  New method with prior knowledge  -0,059 1,383 0,994 

  New method without prior knowledge -0,009 1,404 1,021 

      

2 0,067 XelusParts -0,067 0,067 0,067 

  Moving Average 0,072 0,067 0,183 

  Exponential Smoothing 0,131 0,082 0,240 

  Croston’s method 0,184 0,095 0,282 

  Approximation of Syntetos and Boylan  0,177 0,093 0,277 

  New method with prior knowledge  0,119 0,074 0,222 

  New method without prior knowledge 0,137 0,080 0,239 

      

3 0,267 XelusParts -0,267 0,400 0,267 

  Moving Average -0,117 0,438 0,383 

  Exponential Smoothing -0,100 0,382 0,380 

  Croston’s method 0,101 0,339 0,491 

  Approximation of Syntetos and Boylan  0,092 0,337 0,486 

  New method with prior knowledge  -0,080 0,357 0,395 

  New method without prior knowledge -0,128 0,377 0,366 
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4 0,267 XelusParts -0,267 0,400 0,267 

  Moving Average -0,033 0,400 0,400 

  Exponential Smoothing 0,002 0,345 0,437 

  Croston’s method 0,064 0,332 0,465 

  Approximation of Syntetos and Boylan  0,055 0,331 0,460 

  New method with prior knowledge  -0,049 0,360 0,406 

  New method without prior knowledge -0,024 0,361 0,419 

      

5 0,533 XelusParts -0,533 1,067 0,533 

  Moving Average -0,311 0,828 0,607 

  Exponential Smoothing -0,403 0,905 0,571 

  Croston’s method -0,403 0,923 0,573 

  Approximation of Syntetos and Boylan  -0,442 0,973 0,563 

  New method with prior knowledge  -0,439 0,945 0,561 

  New method without prior knowledge -0,424 0,925 0,565 

      

6 0,533 XelusParts -0,533 1,333 0,533 

  Moving Average -0,383 1,113 0,583 

  Exponential Smoothing -0,450 1,186 0,554 

  Croston’s method -0,447 1,243 0,572 

  Approximation of Syntetos and Boylan  -0,449 1,245 0,571 

  New method with prior knowledge  -0,482 1,233 0,546 

  New method without prior knowledge -0,476 1,214 0,545 

      

7 0,467 XelusParts -0,467 1,000 0,467 

  Moving Average -0,250 0,971 0,617 

  Exponential Smoothing -0,240 0,878 0,604 

  Croston’s method -0,048 0,867 0,684 

  Approximation of Syntetos and Boylan  -0,090 0,864 0,663 

  New method with prior knowledge  -0,254 0,955 0,617 

  New method without prior knowledge -0,240 0,906 0,610 

      

8 0,200 XelusParts -0,200 0,333 0,200 

  Moving Average 0,033 0,338 0,389 

  Exponential Smoothing 0,052 0,337 0,400 

  Croston’s method 0,209 0,312 0,473 

  Approximation of Syntetos and Boylan  0,168 0,298 0,446 

  New method with prior knowledge  0,141 0,333 0,447 

  New method without prior knowledge 0,116 0,326 0,408 

      

9 0,933 XelusParts 0,533 1,733 0,933 

  Moving Average 0,322 1,735 0,922 

  Exponential Smoothing 0,293 1,678 0,987 

  Croston’s method 0,059 1,772 0,891 

  Approximation of Syntetos and Boylan  -0,040 1,757 0,847 

  New method with prior knowledge  0,453 1,220 0,887 

  New method without prior knowledge 0,452 1,226 0,904 

      

10 1,000 XelusParts 0,533 2,000 1,200 

  Moving Average 0,508 1,876 1,208 

  Exponential Smoothing 0,746 2,121 1,297 

  Croston’s method 0,728 2,108 1,274 
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  Approximation of Syntetos and Boylan  0,661 1,980 1,224 

  New method with prior knowledge  0,695 2,183 1,272 

  New method without prior knowledge 0,785 2,399 1,334 

      

11 0,400 XelusParts -0,200 0,733 0,600 

  Moving Average 0,107 0,373 0,533 

  Exponential Smoothing 0,142 0,395 0,580 

  Croston’s method 0,176 0,391 0,584 

  Approximation of Syntetos and Boylan  0,161 0,386 0,579 

  New method with prior knowledge  0,082 0,408 0,566 

  New method without prior knowledge 0,122 0,425 0,581 

      

12 0,200 XelusParts -0,200 0,200 0,200 

  Moving Average -0,086 0,186 0,257 

  Exponential Smoothing -0,081 0,169 0,244 

  Croston’s method -0,116 0,174 0,251 

  Approximation of Syntetos and Boylan  -0,118 0,175 0,250 

  New method with prior knowledge  -0,130 0,161 0,217 

  New method without prior knowledge -0,121 0,177 0,234 

      

13 0,067 XelusParts -0,067 0,067 0,067 

  Moving Average 0,038 0,087 0,171 

  Exponential Smoothing 0,094 0,077 0,211 

  Croston’s method 0,130 0,078 0,236 

  Approximation of Syntetos and Boylan  0,103 0,073 0,214 

  New method with prior knowledge  0,074 0,078 0,196 

  New method without prior knowledge 0,091 0,081 0,211 

      

14 0,467 XelusParts -0,133 0,800 0,667 

  Moving Average 0,055 0,442 0,612 

  Exponential Smoothing 0,078 0,402 0,590 

  Croston’s method 0,106 0,396 0,585 

  Approximation of Syntetos and Boylan  0,092 0,394 0,582 

  New method with prior knowledge  -0,128 0,450 0,559 

  New method without prior knowledge -0,119 0,438 0,557 

      

15 0,333 XelusParts -0,333 0,467 0,333 

  Moving Average -0,142 0,395 0,425 

  Exponential Smoothing -0,131 0,381 0,432 

  Croston’s method -0,152 0,379 0,418 

  Approximation of Syntetos and Boylan  -0,157 0,380 0,415 

  New method with prior knowledge  -0,129 0,364 0,417 

  New method without prior knowledge -0,097 0,364 0,440 

      

16 0,667 XelusParts -0,333 1,533 0,867 

  Moving Average -0,128 0,963 0,817 

  Exponential Smoothing -0,075 0,930 0,803 

  Croston’s method -0,032 0,898 0,798 

  Approximation of Syntetos and Boylan  -0,048 0,900 0,795 

  New method with prior knowledge  -0,111 0,984 0,820 

  New method without prior knowledge -0,067 0,952 0,831 
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17 0,333 XelusParts -0,333 0,467 0,333 

  Moving Average 0,089 0,519 0,578 

  Exponential Smoothing 0,035 0,413 0,545 

  Croston’s method -0,061 0,377 0,475 

  Approximation of Syntetos and Boylan  -0,088 0,379 0,461 

  New method with prior knowledge  -0,044 0,414 0,498 

  New method without prior knowledge -0,037 0,421 0,510 

      

18 0,600 XelusParts -0,333 1,667 0,733 

  Moving Average -0,027 1,552 0,880 

  Exponential Smoothing -0,085 1,420 0,836 

  Croston’s method 0,055 1,220 0,818 

  Approximation of Syntetos and Boylan  -0,010 1,212 0,796 

  New method with prior knowledge  -0,138 1,474 0,792 

  New method without prior knowledge -0,121 1,515 0,819 

      

19 0,533 XelusParts -0,467 0,600 0,467 

  Moving Average -0,100 0,561 0,656 

  Exponential Smoothing -0,008 0,539 0,661 

  Croston’s method 0,048 0,529 0,660 

  Approximation of Syntetos and Boylan  0,033 0,528 0,657 

  New method with prior knowledge  0,097 0,687 0,750 

  New method without prior knowledge 0,147 0,662 0,727 

      

20 0,600 XelusParts 0,067 0,733 0,600 

  Moving Average -0,040 0,781 0,733 

  Exponential Smoothing 0,077 0,562 0,666 

  Croston’s method 0,127 0,606 0,686 

  Approximation of Syntetos and Boylan  0,054 0,584 0,678 

  New method with prior knowledge  0,096 0,724 0,714 

  New method without prior knowledge 0,135 0,757 0,736 

      

21 1,267 XelusParts 0,067 1,400 0,867 

  Moving Average 0,256 1,273 0,911 

  Exponential Smoothing 0,239 1,256 0,918 

  Croston’s method 0,269 1,186 0,927 

  Approximation of Syntetos and Boylan  0,115 1,126 0,894 

  New method with prior knowledge  0,244 1,199 0,872 

  New method without prior knowledge 0,339 1,234 0,885 

      

22 0,267 XelusParts -0,267 0,400 0,267 

  Moving Average -0,044 0,474 0,444 

  Exponential Smoothing -0,159 0,364 0,340 

  Croston’s method -0,174 0,360 0,323 

  Approximation of Syntetos and Boylan  -0,176 0,361 0,322 

  New method with prior knowledge  -0,102 0,428 0,407 

  New method without prior knowledge -0,121 0,372 0,374 
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Table E.2    Calculated order-up-to levels per period for every spare part and forecasting method by using a 

Lognormal lead time demand distribution. 
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1 XP 2 2 2 2 2 2 2 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 2 2 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 2 2 1 1 1 1 1 1 1 1 

2 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

3 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

4 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

5 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
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 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

6 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

7 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

8 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

9 XP 2 2 2 2 3 2 2 2 2 2 2 2 2 1 1 
 MA 2 2 2 2 2 2 2 2 2 2 1 1 1 1 1 

 ES 2 2 2 2 2 2 2 2 2 1 1 1 1 1 1 

 CR 1 2 2 2 2 2 2 2 2 2 1 1 1 1 1 

 SBA 1 2 2 2 2 2 2 2 2 2 1 1 1 1 1 

 BMV 2 3 2 2 2 2 2 2 2 2 1 1 1 1 1 

 BZV 2 2 2 2 2 2 2 2 2 1 1 1 1 1 1 

10 XP 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 
 MA 3 3 3 3 2 2 2 2 2 2 1 1 1 1 1 

 ES 3 3 3 3 2 2 2 2 2 2 2 2 2 2 2 

 CR 3 2 3 3 3 2 2 2 2 2 2 2 2 2 2 

 SBA 3 2 3 3 3 2 2 2 2 2 2 2 2 2 2 

 BMV 2 2 2 3 2 3 2 2 2 2 2 2 2 2 2 

 BZV 2 2 3 3 3 3 2 2 2 2 2 2 2 2 2 

11 XP 1 2 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
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 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

12 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

13 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

14 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

15 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

16 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

17 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
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 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

18 XP 1 1 1 1 1 1 1 1 1 1 2 2 2 2 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 2 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 2 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 2 2 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 2 1 2 1 1 1 

19 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

20 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 2 2 2 2 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 2 2 2 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 2 2 2 1 1 1 1 

21 XP 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 
 MA 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

 ES 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

 CR 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

 SBA 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

 BMV 2 2 2 2 2 2 2 2 2 2 2 2 2 2 1 

 BZV 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

22 XP 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
 MA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 ES 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 CR 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 SBA 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BMV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 BZV 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
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Table E.3    Parameter values and/or explanations for the calculated parameter values which are used for the 

quality check of the formula for the 𝑘-factor.  

 

Parameter Parameter value and/or explanation 

 
Lead time 

 
6 (days). 

 
Review period 

 
Assuming a continuous review system: 0,001.  

 
Mean period demand 

 
Dividing the average demand per month during the 
evaluation period by 22 (i.e. the number of working 
days in a month). 

 
Standard deviation period demand 

 
Taking the square root of XP’s MSE (during the 
evaluation period) divided by 22. 

 
Case pack size 

 
Assuming that parts can be order individually: 1. 

 
MOQ 

 
Default value: 1 

 
Reorder level 

 
Safety stock plus the average demand during lead time 
plus review period. This number is subsequently 
rounded upwards. Note that the safety stock is 
calculated with formula 2.12. 

 
Shelf capacity 

 
Not applicable: 999 

 
Shelf life 

 
Not applicable: 999 

 
Withdrawal 

 
Not applicable: ‘empty’ 

 
Distribution 

 
Assuming discrete demand: 1 

 
LSX 

 
Assuming a situation with backordering: 0 

 
Service level 

 
Fill rate: 95 or 98% 

 
 
 


