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Abstract 
Louwman Logistics BV controls a couple of warehouses for a number of companies of which BV 
Nimag is one of them. In this research inventory control policies for spare parts are investigated for 
BV Nimag that increases efficiency and reduces the total costs associated to the inventory control 
given a service level target. To achieve this objective, real-life demand data is used. In addition, 
inventory management simulation is implemented to evaluate different forecasting methods and 
inventory control assumptions. The use of real-life demand data ensured that the simulation results 
could be compared with the actual situation (as-is) at BV Nimag. This research found that 
implementing a standardized procedure for inventory control indeed leads to cost savings and 
service level improvement.  
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Management Summary 
This report is the result of the master thesis project performed at Louwman Logistics BV in 
Raamsdonksveer, the Netherlands. Louwman Logistics BV, a subsidiary of Louwman group, is 
responsible for inbound logistics, warehousing and outbound logistics of the goods that are being 
imported and sold by other subsidiaries of Louwman Group. 

Currently, all inventory management is performed locally by the subsidiaries. Louwman Logistics 
wants to consolidate the strengths and weaknesses of the inventory control and is therefore 
interested in investigating inventory control policies that are optimal for the Group. BV Nimag, a 
subsidiary and the official Suzuki importer and distributor in the Netherlands is selected for this 
purpose. The aim of this master thesis project was to optimize the inventory control of automobile 
spare parts controlled by BV Nimag. Based on the research objective of Louwman Logistics, the 
following main research question was developed:  

How can Louwman Group improve the spare parts’ inventory management at BV Nimag? 

To answer this research question, the research study was split up in three stages. In the first stage of 
the study the focus was laid on finding the best spare part classification procedure to categorize the 
spare parts. In the second stage the research focused on the identification and selection of the best 
forecasting policies for spare part demand. In the third and final stage of the study the  focus was on 
the inventory control policy that would increase efficiency and reduce the total costs while 
maintaining a high service level. The insights and results of these three stages were then integrated 
into a single simulation study to find the inventory control combination for BV Nimag that leads to 
the lowest total costs with an acceptable service level. The total costs are defined as the sum of the 
holding, ordering and the backorder costs. In this research the ordering costs are actual costs, 
whereas the holding costs were approximated as a percentage of the spare part cost price. The fixed 
backorder costs were estimated as twice the cost price of the spare part. 

The simulation study adapted an (𝑅, 𝑠, 𝑛𝑄) policy (review period 𝑅, reorder level 𝑠 and lot size 𝑄) 
for discrete demand with two parametric approaches and a non-parametric approach. For the 
parametric approaches the Syntetos Boylan Approximation (SBA) and the Teunter Syntetos and 
Babai (TSB) forecasting techniques were used. For the non-parametric approach, bootstrapping was 
implemented. For this study, 5,078 spare parts were selected. These spare parts were categorized in 
four different groups based on the demand pattern. In addition to this, a service level differentiation 
using four different target fill rates (TFRs) was made based on the cost price of the spare parts. 
Optimization of TFRs was not part of this study.  

The three different methods together with four different TFRs resulted in 12 different simulations 
with a daily review period. This study was also implemented under a  weekly review period resulting 
into an additional 12 simulations, i.e. in total 24 simulations. The optimization of the lot size 𝑄 
(based on the holding cost) and reorder level 𝑠 for each spare part was the central subject in the 
simulations. In addition, the as-is situation at BV Nimag was also estimated using real historical 
demand and inbound logistics data. 

In the as-is situation (daily inventory review), the weighted average aggregate Realized Fill Rate 
(RFR) for all 5,078 spare parts together was equal to 85.88%, with a total holding and ordering cost 
of €462,618. The TSB implemented for the same spare parts under a daily review period resulted in 
an aggregate RFR of 91.35%, with a total holding and ordering cost of €333,461.  

All the three methods that were implemented resulted in lower total costs and higher RFRs, 
compared to the as-is situation. According to the results the highest realized fill rates (RFRs) and the 
lowest total costs (ordering, holding and backorder costs) are achieved when the review period is set 
to an week. The Table on the next page summarizes the simulation results. The most optimal 
methods for the different spare part categories are shaded green. 
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Review 
period 

Method Parameter Smooth Erratic Slow Lumpy 

Daily 

SBA 
Aggregate RFR 93.57% 88.93% - - 

Total cost € 748,690.28 € 123,673.72 - - 

Bootstrapping 
Aggregate RFR - - 91.91% 90.12% 

Total cost - - € 179,454.13 € 42,421.11 

TSB 
Aggregate RFR 93.86% 90.01% 90.55% 90.96% 

Total cost € 688,616.08 € 115,383.16 € 214,503.58 € 40,802.74 

 
As-is situation 

Aggregate RFR 85.42% 84.23% 89.47% 84.41% 

 Total cost € 2,413,568.41 € 516,871.01 € 288,496.63 € 81,983.46 

Weekly 

SBA 
Aggregate RFR 94.22% 90.18% - - 

Total cost € 657,472.74 € 110,501.29 - - 

Bootstrapping 
Aggregate RFR - - 92.92% 91.50% 

Total cost - - € 153,821.72 € 37,498.79 

TSB 
Aggregate RFR 90.88% 91.13% 91.06% 91.17% 

Total cost € 617,656.32 € 110,678.03 € 200,762.15 € 40,866.89 

 

The weekly reviewing of the inventory results in a higher aggregate RFR and lower total cost. 
Therefore, the weekly review of the inventory is recommended. The SBA performs best for the 
smooth spare parts with an aggregate RFR of 94.22% and a total cost of € 657,473. For the erratic 
spare parts, the TSB outperforms the SBA with an Aggregate RFR of 91.13% and a total cost of € 
110,678. Bootstrapping outperforms the TSB for the slow and lumpy spare parts with a RFR of 
92.92% and 91.50%, respectively. The total cost associated to these are €153,822 and €37,499. 

Areas of further research are on the impact on the fixed ordering costs and the personnel cost saving 
if the program code R written for this research project is implemented at BV Nimag. In addition, the 
holding and backorder costs in this research were estimations. Finding the correct and actual holding 
and backorder costs will increase the practicality of this research study. 
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1 Introduction 

1.1 Background 

Companies invest inventories to cope with demand uncertainty and to satisfy customer demand. 
However, throughout the years the interest in efficient inventory management has increased and 
industry leaders started to invest in inventory management technologies that enables them to track 
their inventories more efficiently. These companies acknowledge that a reduction in their inventory 
levels frees up the money ‘caught’ in the inventories which in turn enables them to be more efficient 
and flexible.  

Part of the inventory management technologies are the inventory models that support the decision-
making process regarding inventory control. The interest for advanced inventory management 
models have increased throughout the year and a lot of research have been dedicated to this. 
However, Silver (2008) states that the gap between the practice and the literature regarding 
inventory management is still significant. Zanakis, Austin, Nowading and Silver (1980) investigated 
the reasons for this gap and according to them, the causes of the gap must be “sought in all phases 
of the process – from teaching and research in academia, to applying , installing and using inventory 
systems in practice”. 

Louwman Group, one of the largest automotive distributors in the world, has identified this gap and 
is now trying to bridge this gap by working closely with universities and communities that develop 
and implement smart solutions with a solid grounding in literature. The ultimate goal of this study is 
to explore inventory control policies and strategies that reduces the total costs of (back)ordering and 
storage, while maintaining their service level. 

1.2 Company background 

Louwman Group consists mainly of six companies who import and supply (semi-)finished products 
like boats, cars, motors, outboard marine engines, tires, service/spare parts, wheelchairs and other 
(medical) supplies. These companies are Louwman & Parqui (Toyota brand), Nimag (Suzuki brand), 
Landport, Yokohama, Louwman Parts and Services, and Welzorg WMO. The organizational chart of 
Louwman Group can be found in Figure 1. 

The (semi-)finished products are supplied to two types of customers, the internal Louwman Group 
parties such as the Louwman Dealer Group and Louwman Exclusive, and to other parties that do not 
belong to the Louwman Group. Figure 2 gives an overview of the product flows between the 
different actors of the supply chain in which the Louwman Group is active. According to this 
overview, all imported items (parts and FPs) are stored in the three CDCs controlled by Louwman 
Logistics. In the current setting, Louwman Logistics is responsible for the warehouse operations and 
the inbound and outbound logistics of the three CDCs. However, due to strategic choices in the past, 
Louwman Logistics has outsourced the inbound and outbound logistics of the CDCs to a 3PL 
provider. Therefore, the hubs represented in Figure 2 do not belong to Louwman Logistics but to a 
contracted 3PL provider. 
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Figure 1: Organizational chart of Louwman group 

 

Figure 2:Business area of Louwman Group (adapted from Ghiani, Laporte, & Musmanno, 2013) 

The goal of this research is to investigate the opportunities for Louwman Group to reduce their total 
costs (ordering, holding plus backordering costs), while maintaining or even increasing their service 
levels. However, analyzing and suggesting best replenishment policies for all Louwman companies 
would simply not be feasible given the size of the problem and the available time for this master 
thesis project. Therefore, a single company of the Louwman Group have been selected for a feasible 
execution of the master research. 

The selection of the company was based on three criteria: (i) the proposed companies by Louwman 
Logistics, (ii) the company’s feasibility of participating in the master thesis project and (iii) the 
inventory management maturity level(s). The knowledge maturity framework developed by Niemi, 
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Huiskonen, and Kärkkäinen (2009) has been used to assess the maturity level of the inventory 
management at each company. Table 1 gives the result of the interviews regarding the three criteria. 
According to Table 1, Nimag would be the most interesting company investigate since it has the 
lowest score.  

Table 1: Results of the interviews at 4 Louwman companies. 

Criteria Landport Nimag Welzorg WMO 
Louwman Dealer 

Group 

Project feasibility at company No (0) Yes (1) Yes (1) Yes (1) 

Nature of knowledge 3-Establishment 3-Establishment 3-Establishment 3-Establishment 

Technical tools 5-Optimization 3-Establishment 3-Establishment 
4-Quantitative 
management 

Skills 3-Establishment 2-Awareness 2-Awareness 2-Awareness 

Roles and responsibilities 
4-quantitative 
management 

2-Awareness 3-Establishment 3-Establishment 

Performance measurement 
and incentives 

- - - - 

Total  15 11 12 13 

 

During the interviews, Louwman Logistics and Nimag expressed their interest in a research on spare 
parts rather than complete units (boats, cars, etc.). Therefore, the focus was laid on the spare parts  
product category at Nimag. 

Nimag has six different product groups for the service parts of its finished products: Suzuki cars, 
Suzuki Motor, Suzuki Marine and Others (MX, Haswing and Nimarine). Obsolete spare parts (in stock 
for more than 2 years without any demand) has been always a problem within all the product 
groups. According to Table 2, 16.2% of the total monetary value of the spare parts of Suzuki cars are 
obsolete, which is slightly bigger than the other product groups. This percentage indicates the 
preference of Suzuki cars product group over the other product groups for this study.  

Table 2: Monetary stock value of all spare parts and obsolete spare parts on March 1, 2019, categorized per 
product group. The obsolete parts in this table are the items that were in stock for more than two years without 
any demand.  

Product group 
Monetary stock value of 

all spare parts 
Monetary stock value of 

obsolete parts 
Ratio:  

obsolete value

total value
 

Suzuki Cars €2,316,492 €375,968 
375,968

2,316,492
= 16.2% 

Suzuki Motor €398,818 €63,898 
63,898

398,818
= 16.0% 

Suzuki Marine €94,397 €14,747 
14,747

94,397
= 15.6% 

Others (MX, Haswing and 
Nimarine) 

€120,609 €18,498 
18,498

120,609
= 15.3% 

Total € 2,930,316 € 473,111 
473,111

2,930,316
= 16.1% 

 

Additionally, on March 1,2019 the total monetary value of the to be scrapped spare parts in near 
future (> 90% depreciated) amounted €183,053, see Table 3 for an overview per product group.  
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According to Table 3, €134,703 (73.6% of €183,053) belonged to the Suzuki cars product group. 
Therefore, from the four after-sale product categories, Suzuki car spare parts has been selected for 
this master thesis project. 

Table 3: overview of the monetary stock value of the to-be scrapped spare parts on March 1, 2019, categorized 
per product group. The to-be scrapped spare parts in this table are the items that were depreciated for more than 
90% on March 1, 2019. 

Product group 
Monetary value of to-be scrapped 

spare parts 
Fraction of the total value of to-be 

scrapped spare parts 

Suzuki Cars €134,703  73.6% 

Suzuki Motor €31,225  17.1% 

Suzuki Marine €10,596  5.8% 

Others (MX, Haswing and Nimarine) €6,530  3.6% 

Total €183,053 100% 

 

In the as-is situation, Nimag does not make use of historical data to decide which items to order 
when and in what quantity. The determination of the reorder levels of the spare parts is the 
consequence of a  human-decision making process, i.e. those are set by the responsible persons 
themselves using their own knowledge and gut feeling. The current inventory replenishment 
procedure can be summarized as follows: 

1. Every day their ERP system generates a list of items that are below the reorder levels; 
2. The responsible person places an order of a variable size 𝑄 based on this and his view on the 

demand pattern; 
3. If needed, he/she updates the reorder levels. 

1.3 Scope 

1.3.1 Suzuki car spare parts 
During 2015 and 2018, 31,949 spare parts were demanded. However, the demand of a lot of spare 
parts were interrupted and discontinued, see Appendix A for a complete overview. The number of  
spare parts that were demanded in this whole period (without any interruption) amounted 12,261, 
i.e. first and last demand year equal to 2015 and 2018 respectively. The demand of these selected 
spare parts are expected to continue in future and have therefore been selected for this research. 
Some spare parts were demanded more often than others, resulting in slow- and fast-movers. Table 
4 gives an overview of the demand frequency of the 12,621 spare parts.  

Table 4: Number of spare parts that have been demanded between 2015 and 2018 without any interruption, 
categorized per demand frequency (months). 

Demand period 

Demand months 
Total number 

of SKUs 0-9 
months 

10-19 
months 

20-29 
months 

30-39 
months 

40-49 
months 

50-59 
months 

60 
months 

2015-2018 4,179 2,841 1,564 1,145 998 946 588 12,261 

 

The spare parts that were demanded less than three times a year were excluded since data driven 
inventory control (e.g. time-series forecasting) requires sufficient historical data to be useful. In 
addition, some spare parts are unique and only ordered by Nimag if a special order comes in. The so-
called ‘special parts’ were also removed from the data set.  
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This resulted in a final selection of 5,078 spare parts that have been used in this research project. 
From these 5,078 spare parts, the demand of 246 spare parts were strictly increasing between 2015-
2018, whereas for 285 spare parts it strictly decreased between 2015 -2018. The remaining 4559 
spare parts showed a combined increasing/decreasing pattern. Appendix B includes three spare 
parts that visualizes these demand patterns. 

1.3.2 Research questions 
Based on the preliminary findings and the research objective, the following main question had been 
defined: 

How can Louwman Group improve the spare parts inventory management at Nimag? 

To be able to answer this research question, different sub questions are required to guide the 
whole project towards a successful completion.   

1. Which kind of  classification frameworks can be used for the spare parts at Nimag? 

Item classification is crucial for guiding forecasting and inventory management systems (Boylan, 
Syntetos, & Karakostas, 2008; Huiskonen, 2001; Rego & Mesquita, 2011). Having the correct 
classification of the items is important since it: (i) determines the adequate managerial attention; (ii) 
influences the choice of the forecasting method and inventory control method and (iii) it allows to 
set different performance goals at inventory and service levels between item categories (Rego & 
Mesquita, 2011). However, no item classification methods are currently in use at Nimag. Therefore, 
the first step in the project is to develop an inventory classification.  

2. What is the best demand forecasting method for the spare parts at Nimag? 

Demand forecasts are very crucial for inventory control systems. According to (Axsäter, 2015) there 
are two main reasons why these systems need demand forecasts. First, there is always a lead time 
between the moment an order is placed and the moment the item is delivered, the lead time. 
Second, in many situations firms place their orders in batches instead of customer units due to 
ordering costs, which requires demand forecasting.  

The goal in this question is to identify which forecasting policy is the best for the spare parts product 
group. Additionally, the forecast error measures and forecast time buckets are selected. The latter is 
important for product groups with sporadic demands: the shortest the time bucket, the more 
intermitted the demand will seem to be.  

3. Which inventory control model should be used for managing the spare parts? 

An inventory control model is used for tracking and managing inventories. In general, it consists of 
different rules or algorithms that decide at which moment in time, how many units of a certain SKU 
should be ordered. The focus of this question is on the identification and development of the 
inventory control model that can be used for managing the inventory of the spare parts. Part of this 
question is to identify the review frequency and reorder points of different spare part SKUs.    

1.4 Project and report outline 

The project and report are organized as follows. First, a literature review is conducted with a focus 
on classification, forecasting and inventory control of spare parts in chapter 2. Second, a spare part 
categorization is conducted and its results are detailed in chapter 3, page 20. Third, the forecasting 
methods used in this research are elaborated in chapter 4, page 23. Fourth, the inventory control 
policy and its parameter optimization procedure are included in chapter 5, page 27 followed by the 
inventory management simulation procedure in chapter 6, page 30. Finally, the simulation results 
are presented in chapter 7, page 36 followed by a conclusion and discussion in chapter 8 and 9. 
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2 Literature study 

2.1 Demand categorization 

The demand classification of the spare parts was based on the classification procedure of Syntetos et 
al. (2005) who used two criteria: the average inter-demand interval  𝑝 and the coefficient of 
variation of the demand size 𝐶𝑉2. The demand categorization procedure has been graphically 
represented in Figure 3. 

 

Figure 3: demand categorization scheme proposed by Syntetos et al. (2005).  

Figure 4 gives a graphical representation of the demand patterns associated to the 4 different 
demand categories. 

 

Figure 4:Demand pattern of erratic, lumpy, smooth and intermittent (slow) spare parts adapted from Costantino, 
Di Gravio, Patriarca, & Petrella (2018)   

The demand classification of the spare parts was executed based on a Periodic Demand Approach 
(PDA) in which the demand of SKUs is aggregated in time. In the current study, the demand of 
individual incoming orders was aggregated on a monthly level. For the classification of the spare 
parts, the demand data of 2016 and 2017 is used.  
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For each spare part the average inter-demand interval 𝑝 was calculated using the following formula: 

Equation 1 

𝑝 =  
𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑚𝑎𝑛𝑑 𝑝𝑒𝑟𝑖𝑜𝑑𝑠

𝑎𝑐𝑡𝑢𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑚𝑎𝑛𝑑 𝑝𝑒𝑟𝑖𝑜𝑑𝑠
 

In this formula, the maximum number of demand periods represented the maximum number of 
demand periods possible between the first and the last demand occurrence of the spare part. So, if 
for a certain spare part demand occurred between 07-2015 and 09-2016, then the maximum 
number of demand periods equaled to 14. The actual number of demand periods was measured by 
actual number of times that demand occurred. For a correct calculation of the average inter-demand 
interval, the presence of at least three demand occurrences for each spare part is necessary. As a 
consequence, the ‘average’ of the inter-demand interval could be calculated. 

The coefficient of variation of the demand size 𝐶𝑉2 was calculated using the following formula:  

Equation 2 

𝐶𝑉2 = (
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝑚𝑒𝑎𝑛
)
2

 

For each spare part, the mean and standard deviation of the demand sizes were calculated using 
demand data of 2016 and 2017, excluding zero-demand periods.  

Finally, after calculating 𝑝 and 𝐶𝑉2 for each spare part, the demand classification of the spare part 
was performed according to the visualized procedure in Figure 3.  

2.2 Forecast models for spare parts 

2.2.1 Croston’s method and the Syntetos Boylan Approximation 
Croston (1972) was the first to show that the traditional time-series methods produced unreliable 
forecasts for spare parts. He proposed a method based on two smoothing estimates: the average 
demand size 𝑍𝑡  and the average interval between the demand occurrences 𝐼𝑡, both made at end of 
period 𝑡. These two estimates are updated in period 𝑡 if and only if the actual demand in period 𝑡 is 
unequal to zero (𝐷𝑡 > 0). The calculation of the two smoothing estimates was originally based on a 
single smoothing constant 𝛼. However, later on Schultz (1987) argued that using two different 
smoothing constants 𝛼 and 𝛽 for the two smoothing estimates might be more beneficial. The 
method of Croston (1972) with two different smoothing constants can mathematically be 
represented as follows: 

Equation 3 

𝐹𝑡,𝑡+1 =  
𝑍𝑡
𝐼𝑡
   

{
 

 
 

𝑖𝑓 𝐷𝑡 > 0

𝑖𝑓 𝐷𝑡 = 0

     

{
𝑍𝑡 = 𝛼𝐷𝑡 + (1 − 𝛼)𝑍𝑡−1
𝐼𝑡 = 𝛽𝑞 + (1 − 𝛽)𝐼𝑡−1

{ 
𝑍𝑡 = 𝑍𝑡−1
𝐼𝑡 = 𝐼𝑡−1

 

The forecasting method proposed by Croston (1972) is powerful for slow demand. However,  
Syntetos and Boylan (2001) showed that the method of Croston is biased and proposed a new 
estimator for the forecast that has been shown to be approximately unbiased. The smoothing 
estimates remain unchanged in the proposed forecasting method called the Syntetos Boylan 
Approximation (SBA). The proposed SBA forecast method can be represented as follows: 

Equation 4 

𝐹𝑡,𝑡+1 = (1 −
𝛽

2
)
𝑍𝑡
𝐼𝑡
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Teunter, Syntetos and Babai (2011) argued that the Croston and SBA do not cover the risk of 
obsolescence associated with spare parts since these forecasting methods do not (ever) update their 
forecasts in zero period demands. Therefore, Teunter et al. (2011) proposed a forecasting approach 
called the TSB forecasting method that updates the probability of demand occurrence 𝑃𝑡, instead of 
the average interval 𝐼𝑡. The TSB can be mathematically described as: 

Equation 5 

𝐹𝑡,𝑡+1 =      𝑃𝑡 ∗ 𝑍𝑡         

{
 

 
 

𝑖𝑓 𝐷𝑡 > 0

𝑖𝑓 𝐷𝑡 = 0

     

{
𝑍𝑡 = 𝛼𝐷𝑡 + (1 − 𝛼)𝑍𝑡−1
𝑃𝑡 = 𝑃𝑡−1 + 𝛽 ∗ (1 − 𝑃𝑡−1)

{
𝑍𝑡 = 𝑍𝑡−1
𝑃𝑡 = 𝑃𝑡−1 + 𝛽 ∗ (0 − 𝑃𝑡−1)

 

  

2.2.2 Bootstrapping 
The forecast estimators that have been discussed so far assume a parametric distribution for 
modeling the lead time demand (LTD) (Syntetos, Boylan, & Disney, 2009). However, for items that 
have a lumpy or slow demand pattern, a non-parametric approach like bootstrapping might also be 
useful. A very important underlying assumption of bootstrapping is that the historical demand 
pattern will pertain in future. 

Efron (1979) introduced the concept and technique of bootstrapping that involves consecutive 
sampling with replacement from a data set. However, there are two major drawbacks with the 
Efron’s bootstrapping method: (i) autocorrelation of the data is not considered; and (ii) empirical 
distribution values might be the same compared with original sample observations (Syntetos et al., 
2009). Porras and Dekker (2008) solved the drawback related to the autocorrelation by making the 
number of observations in each sample equal to the length of the lead time. The second drawback 
was addressed by Willemain, Smart and Schwarz (2004). They developed a patented method for 
forecasting the distribution of service parts inventories based on bootstrapping, Markov chain and 
jittering. The jittering in their method is a method that adds some variation to the simulated values 
to obtain different simulated values (than the observed values). Also, their jittering process allows 
greater variation around larger demands. Zhou and Viswanathan (2011) proposed a bootstrapping 
method called VZ that did not use a jittering process, but showed superior performance of the VZ 
model over the bootstrapping model introduced  Willemain et al. (2004).  

All bootstrapping methods discussed so far assumes deterministic lead times. However, in reality 
lead times are most often uncertain. Given this and the superior performance of the VZ model, Rego 
and Mesquita (2015) adopted a similar VZ model considering probabilistic lead times and a jittering 
process that is slightly different from the one used by Willemain et al. (2004).  

2.3 Inventory models for spare parts 

2.3.1 Single versus multi-period inventory models 
Single-period inventory models deal with situations where only a single order can be placed for an 
item to satisfy its demand, e.g. newspapers, promotional items. Besides the existence of these type 
of items, there are items for which multiple orders need to be placed since these items are offered 
for a longer period, e.g. spare parts for cars. These inventory systems are known as multi-period 
inventory models.  

Multi-period inventory models can be further subcategorized based on the review frequency: 
continuous and periodic review systems. In a continuous inventory reviewing system the inventory 
status is monitored continuously and the item can be replenished at any given moment in time. In 
the case of a periodic reviewing system the inventory status is monitored every 𝑅 time units and the 
item can be replenished only at fixed moments in time. In addition to the review frequency, the 
replenishment quantity can also be used to categorize multi-period inventory models. In the latter 
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case, the models can include fixed or variable replenishment quantities. The categorization based on 
the review frequency and replenishment quantity leads to four different multi-period inventory 
models, as shown in Table 5. 

Table 5: Multi-period inventory control models 

 Review frequency 

Periodic review Continuous review 

R
ep

le
n

is
h

m
en

t 
q

u
an

ti
ty

 

Fixed base quantity  

(𝑅, 𝑠, 𝑛𝑄) 
Review inventory every 𝑅 period, if 
𝐼𝑃 drops below the reorder level 𝑠, 
order 𝑛𝑄 units to bring 𝐼𝑃 above or 
equal to reorder level 𝑠. 

(𝑠, 𝑛𝑄) 
Review inventory continuously, if 
𝐼𝑃 drops below the reorder level 
𝑠, order 𝑛𝑄 units to bring 𝐼𝑃 
above or equal to reorder level 𝑠. 

Variable quantity 

(𝑅, 𝑠, 𝑆) 
Review inventory every 𝑅 period, if 
𝐼𝑃 drops below 𝑠, order up to level 𝑆. 

(𝑅, 𝑆) 
Review inventory every 𝑅 period, if 
𝐼𝑃 <  𝑆 then  order up to level 𝑆. 

(𝑠, 𝑆) 
Whenever 𝐼𝑃 drops below 
reorder level 𝑠, order up to level 
𝑆. 

 

According to Sani and Kingsman (1997) “the periodic system is generally preferred because of the 
convenience of regular ordering days”. In addition, according to Sani and Kingsman (1997)  the 
(𝑅, 𝑠, 𝑆) model has been claimed in academic literature to be theoretically the best for managing 
low and slow demand data. The (𝑅, 𝑠, 𝑆) inventory model assumes a Minimum Order Quantity 
(MOQ) equal to 𝑆 − 𝑠 + 1. The (𝑅, 𝑆) model, also known as the periodic base-stock model, is 
another inventory model that has been investigated and used extensively both in research and 
practice. This is mainly due to the existence of a single parameter 𝑆 (Syntetos, Zied Babai, & 
Gardner, 2015). Rizkya et al. (2018) compared the (𝑠, 𝑛𝑄) model with the (𝑅, 𝑆) model under a 
normally distributed LTD in the automotive industry and concluded that the (𝑠, 𝑛𝑄) model 
outperformed the periodic base-stock model. Schultz (1987) compared the base stock model under 
a periodic and continuous review and concluded that the periodic base-stock policy leads to 
significant lower holding costs with some additional risk of stock out.  

Rego and Mesquita (2015) performed a simulation study on automotive spare parts and used the 
(𝑠, 𝑛𝑄) policy since Sani and Kingsman (1997) did not found significant differences between periodic 
and continuous models. Additionally, Rego and Mesquita (2015) also mention that Boylan et al. 
(2008) used the (𝑠, 𝑛𝑄) policy and that the latter  state that “no significant differences are expected 
if periodic review models were applied”. However, Boylan et al. (2008) states that “preliminary 
results indicated no significant differences” between the (𝑠, 𝑛𝑄) and the (𝑅, 𝑠, 𝑆) or the (𝑅, 𝑆) 
policy. Thus, evaluating the (𝑠, 𝑛𝑄) model against the periodic models still needs to be addressed.   

2.3.2 Service level and decision parameters 
Parametric inventory models use probability models to model the different decision variables that 
are associated to an inventory system. The inventory models rely specifically on the probability 
distribution of the LTD. The LTD distribution is used to calculate decision variables like order 
quantities and reorder levels (Eaves, 2002). Donselaar and Broekmeulen (2014) considered in their 
working paper five Key performance indicators of which the (target) fill rate (𝑇𝐹𝑅, 𝑃2) is the most 
important one. The fill rate is defined as the long term fraction of demand delivered immediately 
from stock (Donselaar & Broekmeulen, 2014; Rego & Mesquita, 2015). Van Houtum and Kranenburg 
(2015) distinguishes the fill rate into the aggregate fill rate and the item fill rate. The aggregate fill 
rate applies to the total demand stream (i.e. all SKUs) whereas item fill rates are set for each 
individual SKU. This definition of the fill rate allows service level differentiation between SKUs. 
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Another commonly used service level is the Cycle Service Level (𝐶𝑆𝐿). However, in general TFR is 
preferred since it accounts for both the reorder level 𝑠 and the order size 𝑄. CSL only accounts for 
the reorder level 𝑠 and not the order size 𝑄. 

2.4 Integration 

Rego and Mesquita (2015) conducted a simulation study in which they analyzed 10,032 SKUs of an 
automaker. They used the TFR as a performance measure and obtained the parameters (s and Q) 
under six different Lead-Time-Demand (LTD) distributions. Additionally, they ran simulations for 
three time-buckets (Single demand approach (SDA), weekly periodic demand approach (weekly PDA) 
and monthly periodic demand approach (monthly PDA)) and three demand forecasting models 
(Simple Moving Average (SMA), SBA and Bootstrapping). They concluded their study by giving 
recommendations on the choices that should be made regarding the time bucket, demand 
forecasting, LTD distribution, parameter revision frequency for each of the four spare part inventory 
(smooth, erratic, slow and lumpy) classes, under a (𝑠, 𝑛𝑄) policy. Figure 5 gives an overview of the 
recommendations of Rego and Mesquita (2015).  

 

Figure 5: Recommendations under each TFR (Rego & Mesquita, 2015) 

2.5 Research overview 

Although Rego and Mesquita (2015) performed an extensive simulation study on spare parts, it has 
two drawbacks. First, they did not consider the Teunter-Syntetos-Babai forecasting method, which 
might also be useful since it addresses the risk of obsolescence by updating the forecast if no 
demand occurs, something that the Syntetos Boylan Approximation (SBA) does not cover. Second, 
they considered the (𝑠, 𝑛𝑄) policy since they assumed that its superior performance compared to 
the periodic model has been proved in literature. However, a continuous reviewing model in an 
inventory environment of spare parts with thousands of SKUs this will lead to plenty of orders placed 
in a relative short period. Therefore, reviewing the inventory periodically would be a correct 
justification in terms of manageability of the SKUs.  

In this project, these two drawbacks are covered. First, the inventory management is implemented 
under the (𝑅, 𝑠, 𝑛𝑄) policy with two different review periods: 1 working day and 5 working days, i.e. 
daily and weekly review of the inventory position of the spare parts. Looking daily at the inventory 
position is in the context of spare parts similar to a continuous review of the inventory management 
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system (an (𝑠, 𝑛𝑄) policy) since the demand of spare parts are in general lumpy and slow. Reviewing 
the inventory position weekly would be a great improvement compared to the daily review at Nimag 
in the as-is situation.  

Second, the demand of the spare parts is modeled using two parametric approaches and a non-
parametric method. For the parametric approach, the Syntetos Boylan Approximation (SBA) and the 
Teunter-Syntetos-Babai forecasting method (TSB) are used for forecasting the demand. According to 
Rego and Mesquita (2015), the gamma distributed demand works best with the Syntetos Boylan 
Approximation (SBA), compared to Normal, Negative Binomial, Poisson-normal and Poisson-gamma 
distribution. Therefore, in the parametric approach, the demand is modeled using the (discretized) 
gamma distribution with its parameters calculated by either the SBA or TSB. In case of the non-
parametric approach, empirical bootstrapping is used for modeling the demand of the spare parts. 
Figure 6 gives a graphical representation of the discussed procedure. 

 

Figure 6: general overview of the master thesis project 

The demand classification of Syntetos, Boylan and Croston (2005) is used in this research who found 
that demand classification using monthly aggregated demand data provide good results. In addition, 
Rego and Mesquita (2015) found that for forecasting and constructing the lead time demand, 
monthly aggregated demand data works best, see Figure 5. Therefore, this research uses monthly 
time buckets for the analysis, i.e. demand classification, forecasting and the estimation of the lot size 
𝑄 and reorder level 𝑠. 

Rego and Mesquita (2015) also found that updating the lot size 𝑄 and reorder level 𝑠 monthly is 
optimal for the parametric approach, while for the bootstrapping it is optimal to update it semi-
annually. Based on this, the lot size 𝑄 and reorder level 𝑠 are calculated and updated monthly for the 
parametric approaches semi-annually in case of empirical bootstrapping. 

The lot size 𝑄 and reorder level 𝑠 are determined using the Target Fill Rate (TFR). More specific, the 
lot size Q is estimated using a modified Economic Order Quantity formula, whereas the optimal 
reorder level s is estimated by allowing a maximum expected backorders per replenishment cycle. 
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In this research, the (𝑅, 𝑠, 𝑛𝑄) policy is implemented under a Target Fill Rate of 85%, 90%, 95% and 
99%. Which spare part to implement at which TFR is based on the spare part value, i.e. the service 
level differentiation of spare parts is not optimized. 

In summary, the lot sizes and the reorder levels used for the different spare parts are optimized. In 
addition, a daily and weekly review period are implemented to evaluate the impact of the review 
period on the overall simulation performance. The optimization of the time bucket and service level 
differentiation is not part of this research. The goal is to find the best policy combination that 
decreases the total costs associated to the inventory control of the spare parts. The selection of the 
best policy combination is based on: (I) the Aggregate Realized Fill Rate (RFR) and (II) the total costs 
associated to the inventory control of the spare parts. The total cost in this research is measured 
using the order cost, holding cost and backordering cost. 

3 Spare part classification 
This chapter discusses the demand classification procedure of the spare parts and its results. First, 
the service level differentiation is elaborated in section 3.1 Service level differentiation. Second, the 
selection of the methods per spare part category is given in section 3.2 Method used per spare part 
category. Third, the classification results of the implemented categorization procedure is discussed 
in section 3.3. 

3.1 Service level differentiation 

As indicated in section 2.5 Research overview, a service level differentiation has been made among 
the spare parts. To guide the service level selection of the spare parts, the following assumption was 
made:  

Cheap spare parts are in general cheap to store, while expensive spare parts are in general expensive to 
store. 

This assumption was made together with the Louwman Logistics, and it is one that hold in general. 
The idea behind this assumption is that if cheap parts are not on stock, the chance of churn is much 
bigger than if the spare part is high in value. In the latter case, the customer most probably would 
not mind to wait for the spare part,  given that he/she has the opportunity for getting a replacement 
car in case of a corrective maintenance. See section 9 for a discussion on this topic. This assumption 
resulted in the following service level differentiation: 

Equation 6 

𝑆𝑒𝑡 𝑇𝐹𝑅:           

{
 
 

 
 
99%

95%

90%

85%

       

𝑖𝑓 €0  ≤ cost price < €10

𝑖𝑓 €10 ≤ cost price < €50

𝑖𝑓 €50 ≤ cost price < €200

𝑖𝑓               cost price ≥ €200

     

 

According to this overview, the cheap parts have a Target Fill Rate of 99% while the most expensive 
spare parts have a Target Fill Rate of 85%. This enables Nimag to allow a lower service level for the 
spare parts that are expensive to keep on stock, yet still servicing their customers with a TFR of 85%. 
It could also be argued that the TFR should also account for the profit margin of spare parts, i.e. 
higher TFR for expensive spare parts with high profit margin. However, the current service level at 
Nimag is around 85% and since the service level differentiation in Equation 6 starts with a TFR of 
85% it is believed that this differentiation also covers the profit margin reasoning in general. 

3.2 Method used per spare part category 

In this research, the SBA is implemented for smooth and erratic spare parts, since the SBA does not 
update the forecast in zero-demand periods. Bootstrapping is used for the slow and lumpy spare 
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parts since these items have less historical demand data (ordered less frequently, more zero-
demand periods). In addition, the TSB is implemented for all 4 spare part categories since this 
approach does update in zero-demand periods. Figure 7 gives a graphical representation of the 
calculation method used per spare part category. It also includes the update frequency of the lot size 
𝑄 and reorder level 𝑠 used in this research. Chapter 4 Demand forecasting discusses the SBA and TSB 
forecasting method. 

 

Figure 7: calculation method of the lot size 𝑄 and the reorder level 𝑠, depending on the demand category 

3.3 Classification results 

The demand data of 2016 and 2017 have been used for classifying the spare parts into the different 
demand categories. After classifying the spare parts, the evaluation of the spare parts followed using 
the demand data of 2018. It is important to mention that a great classification difference does not 
indicate a wrong classification since the underlying demand pattern of spare parts might change. As 
a result, spare parts that have been classified as a ‘smooth item’ one year ago, might change into a 
‘lumpy item’ one year later. 

The values of the average inter-demand interval and the demand size variability of all the 5,078 
spare parts have been calculated according to the procedure described in section 2.1. Table 6 gives 
the result of the demand classification of spare parts based on the two parameters. The 
‘comparison’ column gives the number of spare parts that have been classified differently with the 
2018 demand data.  

Table 6: Classification of the spare parts 

Data 2 years data: 2016-2017 1 year data: 2018 Comparison 

Aggregation 
level 

Smooth 
items 

Erratic 
items 

Slow 
items 

Lumpy 
items 

Smooth 
items 

Erratic 
items 

Slow 
items 

Lumpy 
items 

differences 

Monthly 
1,940 
(38%) 

400 
(8%) 

2,354 
(46%) 

384 
(8%) 

2,180 
(43%) 

352 
(7%) 

2,225 
(44%) 

321 
(6%) 

1,083 (21%) 

 

Based on the service level differentiation described in Equation 6 and the method differentiation in 
Figure 7, the number of spare parts used in the simulation for SBA, TSB and bootstrapping is 
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determined. Table 7 gives an overview of the spare parts corresponding to a calculation method and 
TFR. Finally, Table 8 gives some descriptive statistics of each spare part category. 

Table 7: Overview of the number of spare part corresponding to the a certain TFR, categorized per calculation 
method. 

calculation method Spare part type TFR 85 TFR 90 TFR 95 TFR 99 Total 

SBA  erratic + smooth 16 319 811 1,194 2,340 

Bootstrapping slow + lumpy 26 379 998 1,335 2,738 

TSB erratic + smooth + slow + lumpy 42 698 1,809 2,529 5,078 

 

Table 8: descriptive statistics of the 5,078 spare parts, calculated using monthly aggregated demand data of 
2016 and 2017. 

Spare part category 
Number of 
spare parts 

Average monthly 
demand 

Number of demand periods per year 

Average Minimum maximum 

Smooth spare parts 1,940 15.70 11.11 9.16 12.00 

Erratic spare parts 400 8.94 10.75 9.16 12.00 

Slow moving spare parts 2,354 1.82 5.96 3.00 9.02 

Lumpy spare parts 384 3.79 6.50 3.13 9.02 
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4 Demand forecasting 
This chapter covers the demand forecasting procedure used in this study. Section 4.1 elaborates the 
SBA and TSB procedure and its main differences. Section 4.2 presents the procedure used for 
initializing and optimizing the constants used in the SBA and TSB. 

4.1 SBA and TSB forecasting method 

The SBA forecasting method is constructed based on two smoothing estimates: the demand size 
estimate 𝑍𝑡  and the estimate for the interval between positive demand occurrences 𝐼𝑡. The use of 
two different smoothing estimates enables to track the changes in the demand size and the interval 
between two positive demand periods more accurately. In general, the SBA forecast for period 𝑡 + 1 

is 𝑍𝑡  divided by 𝐼𝑡, multiplied by a bias correction, i.e. (1 −
𝛽

2
). Additionally, the SBA does not update 

the forecast for the next period in zero demand periods. The mathematical representation of the 
SBA is included in Equation 7. 

The TSB forecasting method can be described as one similar to the SBA, but with the additional 
benefit of including the risk of obsolescence (Teunter & Duncan, 2009). The TSB is mathematically 
represented in Equation 8. Where the SBA do not update the forecast in zero demand periods, the 
TSB do update the forecast downwards to account for obsolescence. The TSB achieves this by 
updating the probability of demand occurrence 𝑃𝑡, instead of the average interval between two 
consecutive demand periods (𝐼𝑡).  

Equation 7 

𝑭𝒕,𝒕+𝟏 = (1 −
𝛽

2
)
𝑍𝑡
𝐼𝑡
     

{
 
 

 
 

 

𝑖𝑓 𝐷𝑡 > 0

𝑖𝑓 𝐷𝑡 = 0

     

{
𝑍𝑡 = 𝛼𝐷𝑡 + (1 − 𝛼)𝑍𝑡−1
𝐼𝑡 = 𝛽𝑞 + (1 − 𝛽)𝐼𝑡−1

{ 
𝑍𝑡 = 𝑍𝑡−1
𝐼𝑡 = 𝐼𝑡−1

  

 
Equation 8 

𝑭𝒕,𝒕+𝟏 =   𝑃𝑡 ∗ 𝑍𝑡           

{
 
 

 
 

 

𝑖𝑓 𝐷𝑡 > 0

𝑖𝑓 𝐷𝑡 = 0

     

{
𝑍𝑡 = 𝛼𝐷𝑡 + (1 − 𝛼)𝑍𝑡−1
𝑃𝑡 = 𝑃𝑡−1 + 𝛽 ∗ (1 − 𝑃𝑡−1)

{
𝑍𝑡 = 𝑍𝑡−1
𝑃𝑡 = 𝑃𝑡−1 + 𝛽 ∗ (0 − 𝑃𝑡−1)

 

  

 

The parameters in Equation 7 and Equation 8 are defined as: 
 
𝐹𝑡,𝑡+1 = 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑚𝑎𝑑𝑒 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡, 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 + 1 

𝑍𝑡 = 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 𝑠𝑖𝑧𝑒 𝑎𝑡 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝐼𝑡 = 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 𝑜𝑓 𝑐𝑜𝑛𝑠𝑒𝑐𝑢𝑡𝑖𝑣𝑒 𝑝𝑜𝑠𝑖𝑡𝑣𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑎𝑡 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝑃𝑡 = 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑑𝑒𝑚𝑎𝑛𝑑 𝑜𝑐𝑐𝑢𝑟𝑒𝑛𝑐𝑒 𝑎𝑡 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝐷𝑡 = 𝐷𝑒𝑚𝑎𝑛𝑑 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝛼 = 𝑠𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 𝑠𝑖𝑧𝑒  

𝛽 = 𝑠𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑓𝑜𝑟 𝑑𝑒𝑚𝑎𝑛𝑑 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒 

𝑞 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠 𝑠𝑖𝑛𝑐𝑒 𝑡ℎ𝑒 𝑙𝑎𝑠𝑡 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 𝑝𝑒𝑟𝑖𝑜𝑑 

 
As can be seen in Equation 8, if the demand 𝐷𝑡 equals zero (and  𝛽 > 0), 𝑃𝑡 is always updated 
downwards. Consequently, if the monthly demand continues to be zero, then 𝑃𝑡 will continue to 
update the forecast downwards, until the forecast is zero. Table 9 gives an example of a spare part 
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with zero demand periods, except in period 1. As can be seen, for 𝛽 = 0.3 the forecasts reaches zero 
in period 10, whereas in case of 𝛽 = 0.6 it is already in period 5.  

Table 9: The updating of the TSB in zero period demands. The higher the 𝛽, the faster the forecast reaches zero. 

period Demand 𝒁𝒕 
𝜷 = 𝟎. 𝟑 𝜷 = 𝟎. 𝟔 

𝑷𝒕 𝑭𝒕,𝒕+𝟏 𝑷𝒕 𝑭𝒕,𝒕+𝟏 

1 25 20 0.5000 10 0.5000 10 

2 0 20 0.3500 7 0.2000 4 

3 0 20 0.2450 5 0.0800 2 

4 0 20 0.1715 3 0.0320 1 

5 0 20 0.1201 2 0.0128 0 

6 0 20 0.0840 2 0.0051 0 

7 0 20 0.0588 1 0.0020 0 

8 0 20 0.0412 1 0.0008 0 

9 0 20 0.0288 1 0.0003 0 

10 0 20 0.0202 0 0.0001 0 

 

In short, the two smoothing estimates for SBA and TSB are 𝑍𝑡  and 𝐼𝑡, and  𝑍𝑡  and 𝑃𝑡, respectively. 
Additionally, the SBA and TSB uses two smoothing constants 𝛼 and 𝛽 (0 ≤ 𝛼, 𝛽 ≤ 1). To be able to 
use the forecasting methods, the initial values of the estimates need to be calculated (initialization) 
and the constants need to be optimized (optimization). The exact procedure of initialization and 
optimization is included in section 4.2 Initialization and optimization of SBA and TSB.  

Consider the SBA and TSB forecasting example in Table 10, with 𝛼 and 𝛽 equal to 0.8 and 0.2, 
respectively. In this example, the period between aug-2016 and dec-2016 functions as the 
initialization period for 𝑍𝑡, 𝐼𝑡 and 𝑃𝑡. Using a demand period of 5 months for initializing the three 
smoothing estimates results in the following initialization: 

𝐼0 = 
5

𝑁𝑝
=
5

4
= 1.25 

𝑃0 = 
𝑁𝑝

5
=

4

5
= 0.80 

𝑍0 =
1

𝑁𝑝
∑ 𝑑𝑡

𝑡 ∈𝑇
=
1

4
∗ (6 + 3 + 0 + 2 + 3) = 3.50 

As can be seen in Table 10, the values for 𝑍 and 𝐼 are not updated in period 3, 6 and 7 since no 
demand is recorded in March 2019. Consequently, the SBA forecast for these periods are not 
updated either. However, the TSB do update the forecasts in zero demand periods since it works 
with the probability of demand occurrence 𝑃𝑡, rather than the average interval 𝐼𝑡. As a consequence, 
the TSB forecasts in positive demand periods do not exactly match the SBA forecast. Note that the 
forecasts have been rounded to two digits to visualize the differences. Figure 8 gives a graphical 
representation of the demand and forecast data included in Table 10. This Figure clearly shows that 
TSB updates the forecasts downwards in zero demand periods, i.e. March-17, June-17 and July-17. 
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Table 10: SBA and TSB forecasting for a spare part with zero demand periods 

month Period t Demand q (SBA) 𝑰𝒕 (SBA) 𝑷𝒕 (TSB) 𝒁𝒕 (SBA+TSB) 𝑭𝒕,𝒕+𝟏 (SBA) 𝑭𝒕,𝒕+𝟏  (TSB) 

Aug-16 -4 6 - - - - - - 

Sep-16 -3 3 - - - - - - 

Oct-16 -2 0 - - - - - - 

Nov-16 -1 2 - - - - - - 

Dec-16 0 3 - 1.25 0.80 3.50 2.52 2.80 

Jan-17 1 5 1 1.20 0.84 4.70 3.53 3.95 

Feb-17 2 2 1 1.16 0.87 2.54 1.97 2.21 

Mar-17 3 0 1 1.16 0.70 2.54 1.97 1.77 

Apr-17 4 6 2 1.33 0.76 5.31 3.60 4.02 

May-17 5 4 1 1.26 0.81 4.26 3.04 3.44 

Jun-17 6 0 1 1.26 0.65 4.26 3.04 2.75 

Jul-17 7 0 2 1.26 0.52 4.26 3.04 2.20 

Aug-17 8 2 3 1.61 0.61 2.45 1.37 1.50 

Sep-17 9 3 1 1.49 0.69 2.89 1.75 2.00 

Oct-17 10 5 1 1.39 0.75 4.58 - - 

 

 

Figure 8: demand and forecast plot of the data included in Table 10 

4.2 Initialization and optimization of SBA and TSB 

The SBA and TSB  have been implemented in three stages: (I) the initialization of the smoothing 
estimates 𝑍𝑡  and 𝐼𝑡; (II) the optimization of the smoothing constants 𝛼 and 𝛽; and (III) the actual 
forecasting using the optimal smoothing constants. The remaining of this section covers these stages 
in more detail. 

The initialization of the smoothing estimates 𝑍𝑡, 𝐼𝑡 and 𝑃𝑡 for the SBA and TSB was based on the 
demand data of 2016 and adapted from Romeijnders, Teunter, and Van Jaarsveld (2012), in 
mathematical terms: 

𝐼0 = 
12

𝑁𝑝
                 𝑃0 = 

𝑁𝑝
12
              𝑍0 = 

1

𝑁𝑝
∑ 𝐷𝑡

𝑡 ∈𝑇
 

, where 𝑇 = 𝑠𝑒𝑡 𝑜𝑓 𝑚𝑜𝑛𝑡ℎ𝑠 𝑑𝑢𝑟𝑖𝑛𝑔 2016, 𝑁𝑝 = 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑜𝑛𝑡ℎ𝑠 𝑤𝑖𝑡ℎ 𝑎 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒   

𝑑𝑒𝑚𝑎𝑛𝑑,  𝐷𝑡 = 𝐷𝑒𝑚𝑎𝑛𝑑 𝑖𝑛 𝑚𝑜𝑛𝑡ℎ 𝑡. 

0

1

2

3

4

5

6

7
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In the SBA forecasting procedure, the higher the smoothing constant 𝛼, the more weight is given to 
recent positive demand observations. The same goes for the 𝛽 smoothing constant: the higher the 
fraction, the more weight is put on the last interval between two positive demand occurrences. For 
example, if 𝛼 equals 0.2, then 99.6% of the weight is assigned to the 25 most recent periods with 
positive demands (Teunter et al., 2011). However, In the TSB forecasting procedure, if 𝛽 equals 0.2, 
then 99.6% of the weight is assigned to the 24 most recent demand periods, including zero demand 
periods (Teunter et al., 2011). 

In this research a sensitivity study was conducted to select the optimal 𝛼 and 𝛽 smoothing constant, 
for both the TSB and SBA. This procedure is partly in line with the one used by Romeijnders et al. 
(2012) who conducted a sensitivity analysis to select the best 𝛼 and 𝛽 constant for all the spare parts 
in their study. However, in this study a sensitivity study has been conducted to select the optimal 
smoothing values for every single spare part separately, using empirical optimization as proposed by 
Teunter et al. (2011). The selection was based on the Mean Squared Error (MSE), using the demand 
during 2017. The MSE is calculated as follows: 

𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝐸𝑟𝑟𝑜𝑟 =
1

12
∗∑(𝐷𝑡+1 − 𝐹𝑡,𝑡+1)

2
11

𝑡=0

 

Although the MSE is a performance measure that is more sensitive to outliers, it is still a valid 
measure to use since it includes both the variance of the estimator (spread of the estimates) and the 
bias (the average estimation error). The exact procedure for selecting the best 𝛼 and 𝛽 combination 
for each spare part was as follows: 

Step 1. For each smoothing constant, 20 values were selected between 0.05 and 1 (steps of 

0.05). This resulted in 400 𝛼 and 𝛽 combinations; 

Step 2. The monthly demand of 2017 was forecasted using 400 different 𝛼 and 𝛽 combinations; 

Step 3. The forecast performance of 2017 of each 𝛼 and 𝛽 combination was measured using 

the Mean Squared Error (MSE), which resulted in 400 MSE values for every spare part. 

Step 4. The combination of 𝛼 and 𝛽 that resulted in the lowest MSE was assumed to be the 

optimal value for 𝛼 and 𝛽. 

Table 11 gives an overview of the SBA forecast performance measured with MSE for different 𝛼 and 
𝛽 combinations for a spare part called ‘front bumper absorber’ of an car. The minimum MSE of 11 
was achieved at 𝛼 = 0.75 and 𝛽 = 0.10. Consequently, these values were assumed to be the 
optimal smoothing constants for forecasting this spare part with the SBA.   

Table 11: Overview of the forecast performance (measured with Mean Squared Error) of 400 different 𝛼 and 𝛽 

combinations for a ‘front bumper absorber. 

 

  

0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1

0.05 23 19 16 15 15 12 13 13 12 12 12 13 13 13 12 13 13 13 13 13

0.1 22 18 17 15 14 13 13 13 12 12 13 13 12 12 11 13 14 14 14 14

0.15 22 18 17 15 14 13 13 13 13 12 13 12 12 12 12 13 13 14 14 13

0.2 22 18 17 15 14 13 13 13 13 12 13 12 12 12 12 13 13 14 14 13

0.25 22 18 17 15 14 12 13 13 13 12 13 12 12 12 12 12 13 14 14 13

0.3 22 18 17 15 14 13 13 13 13 12 13 13 12 12 12 12 13 14 14 13

0.35 22 19 17 15 14 12 13 13 13 13 13 13 13 13 13 13 13 13 13 14

0.4 23 19 17 15 15 12 13 13 13 13 13 13 13 13 13 13 13 13 13 14

0.45 23 19 17 16 15 14 13 14 14 14 12 13 14 14 14 13 14 13 13 14

0.5 23 19 17 16 15 15 13 14 14 14 13 13 13 14 15 14 15 13 13 15

0.55 24 19 19 16 15 15 13 13 14 14 14 13 13 14 14 14 14 15 14 15

0.6 25 20 19 17 15 15 15 13 14 14 14 13 13 14 14 14 14 14 13 15

0.65 25 20 19 17 15 15 14 14 13 14 14 14 14 14 14 14 14 14 14 15

0.7 25 21 19 18 16 15 15 16 14 13 14 15 14 14 15 15 14 14 15 15

0.75 25 22 19 19 18 16 16 16 16 16 16 15 14 14 15 15 15 15 16 16

0.8 26 22 19 19 18 16 16 17 17 17 17 16 16 15 14 14 15 15 16 16

0.85 26 23 20 19 19 18 16 16 17 17 17 17 17 16 16 15 15 16 17 17

0.9 26 23 21 19 19 18 17 16 16 16 17 17 18 18 16 16 15 17 17 17

0.95 27 25 22 19 19 19 17 16 16 16 16 17 18 18 18 17 17 18 17 17

1 29 26 24 22 20 20 20 18 18 17 18 18 18 18 18 17 18 19 19 18

α

β
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5 (𝑅, 𝑠, 𝑛𝑄) inventory control 
In this chapter the inventory control model used in this study is detailed. As stated in 2.5 Research 
overview, the purpose is to find the optimal lot size 𝑄 and the reorder level 𝑠 for the spare parts 
with a daily and weekly review period at the lowest total cost. To guide this procedure, section 5.1 
describes the cost parameters and modeling assumptions assumed in this study, followed by the lot 
size and reorder level calculation procedure in section 5.2 and 5.3 respectively. 

5.1 Cost definition and modeling assumptions 

The cost parameters used in this research are as follows: 

𝐴     fixed ordering costs 

ℎ   aggregate holding cost as a percentage per spare part monetary value /time unit 

𝑜  aggregate Obsolescence risk as a percentage per spare part monetary value/time unit 

𝐼𝑅𝑅 Internal Rate of Return 

𝑆𝐶𝑃 aggregate Shelve cost percentage per spare part monetary value/time unit  

𝐶    spare part cost price 

𝑏    fixed backorder costs 

 

The modeling assumptions that is used through this research are as follows: 

1. Spare part demand is discrete. Consequently, demand is analyzed using discrete probability 
distributions. The performance of the models used in this research is evaluated using actual 
demand data of the spare parts during 2018. The demand of the spare parts is not 
modeled/simulated.  
 

2. The inventory is reviewed periodically (every 𝑅). If the inventory position (𝐼𝑃) drops below 𝑠, 
then a multitude of order size Q is generated such that 𝐼𝑃 >= 𝑠, the so called (𝑅, 𝑠, 𝑛𝑄) policy. 

 
3. For every inbound order line at the warehouse Nimag pays €5.82 to Louwman Logistics, no 

matter the order size or spare part type. This is an actual cost paid by Nimag to Louwman 
Logistics at the end of each month for the provided service, e.g. checking incoming orders, 
booking the parts in the system, putting it away. Therefore, the costs incurred per inbound 
order line (€5.82) is assumed to be the Nimag’s fixed ordering cost 𝐴. 

 
4. The holding costs (ℎ) of the spare parts are estimated as the sum of the obsolescence risk, 

internal rate of return and the aggregate shelve cost percentage, i.e. ℎ = 𝑜 + 𝑆𝐶𝑃 + 𝐼𝑅𝑅.  
 

a. Nimag is concerned about reducing the obsolescence risk 𝑜 of the spare parts. Therefore it 
has been added in the holding cost formula. Spare parts that are in stock for more than 720 
days are actively disposed, whereas parts in stock for more than 1440 days are scrap. The 
average scrap in 2018 amounted €106,217, with an average inventory value of €2,692,460. 
Consequently, the obsolescence risk 𝑜 is estimated to be 3.9% per monetary unit/year on 
average. The obsolescence risk is an aggregate estimate, so the same value is used for each 
individual spare part. 

 
b. The costs associated to stocking the spare parts are based on the used shelve space, i.e. the 

more shelve space is used, the higher the storage cost. To incorporate this in the holding 
cost ℎ, the aggregate shelve cost percentage 𝑆𝐶𝑃 is introduced. The 𝑆𝐶𝑃 is calculated by 
dividing the storage cost (based on the used shelve space) with the average inventory value. 
With an average storage cost of €27,853, the 𝑆𝐶𝑃 is estimated to be 12.4% per monetary 
unit/year. Similar to the obsolescence risk, the 𝑆𝐶𝑃 is an aggregate estimate. 
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c. The internal rate of return 𝐼𝑅𝑅 of Nimag is assumed to be 5%.  

Consequently, the holding cost ℎ is estimated to be 21.3% per year.  

5. In the current situation, Nimag does not calculate penalty or backorder cost for items that are 
backordered. However, since backordering may lead to a loss of goodwill, a fixed backordering 
cost 𝑏 is introduced. The backorder cost 𝑏 is incurred per backorder occurrence, i.e. it is 
calculated on the day an order came in and was backordered. The backorder cost 𝑏 is estimated 
to be double the cost price 𝐶, i.e. 2 ∗ 𝐶.  

5.2 Calculation of the lot size 𝑄 

The lot size Q was calculated using an adapted formula of the Economic Order Quantity using the 
Target Fill Rate (TFR) as an input. This formula was proposed by Platt, Robinson, and Freund (1997) 
for continuous review systems. Teunter et al. (2010) proposed that equations based on a continuous 
review policy could be approximated for periodic review systems by considering the demand during 
the lead time and review period instead of only the lead time, i.e. 𝐷𝐿+𝑅 instead of 𝐷𝐿. Using the 
proposed formula of Platt et al. (1997) together with the insight of Teunter et al. (2010), the optimal 
lot size Q for periodic review systems can be calculated, see Equation 9.  

Equation 9 

𝑄 = 
1

𝑇𝐹𝑅
∗ √

2 ∗ 𝐴 ∗ �̅�

𝐶 ∗ ℎ
+ 𝜎𝐷𝐿+𝑅

2  

, where: 

𝑄 = 𝑙𝑜𝑡 𝑠𝑖𝑧𝑒 𝐶 = 𝑐𝑜𝑠𝑡 𝑝𝑟𝑖𝑐𝑒
𝑇𝐹𝑅 = 𝑇𝑎𝑟𝑔𝑒𝑡 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 ℎ = ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 (%)

𝐴 = 𝑓𝑖𝑥𝑒𝑑 𝑜𝑟𝑑𝑒𝑟 𝑐𝑜𝑠𝑡

�̅� = 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑 𝑝𝑒𝑟 𝑚𝑜𝑛𝑡ℎ

𝜎𝐷𝐿+𝑅
2 = 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 𝑑𝑢𝑟𝑖𝑛𝑔 𝑙𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 𝑎𝑛𝑑 𝑟𝑒𝑣𝑖𝑒𝑤 𝑝𝑒𝑟𝑖𝑜𝑑

   

In case of the SBA and TSB, the expected demand �̅� in Equation 9 can be replaced by the demand 
forecast 𝐹𝑡,𝑡+1. In case of bootstrapping, the expected demand �̅� is calculated using historical 
demand data since no forecasting is used. Not that in case of the SBA and TSB 𝑄 is updated monthly 
whereas for bootstrapping semi-annually. 

Additionally, the variance of the demand during the lead time and review period 𝜎𝐷𝐿+𝑅
2  can be 

defined as follows (Silver, Pyke, & Peterson, 1998): 

Equation 10 

𝜎𝐷𝐿+𝑅
2 = (𝑅 + 𝜇𝐿) ∗ 𝜎𝐷

2 + �̅�2 ∗ 𝜎𝐿
2  

, where: 

𝑅 = 𝑟𝑒𝑣𝑖𝑒𝑤 𝑝𝑒𝑟𝑖𝑜𝑑,
𝜇𝐿 = 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑙𝑒𝑎𝑑 𝑡𝑖𝑚𝑒

�̅� = 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑

𝜎𝐷
2 = 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑑𝑒𝑚𝑎𝑛𝑑 

𝜎𝐿
2 = 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑙𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 

Similar to Equation 9 the expected demand �̅� can be replaced by the forecast 𝐹𝑡,𝑡+1 for SBA and TSB, 

see Equation 7 and Equation 8 respectively. For bootstrapping the expected demand �̅� is estimated 
as the average of the periodic historical demand. 

To account for the lead time variability, the lead time was introduced as an uniform random variable 

with mean 𝜇𝐿 = �̂� and variance 𝜎𝐿
2 =

1

12
∗ (1.05 ∗ �̂� − 0.95 ∗ �̂�)2, where �̂� is the communicated 

supplier lead time. The maximum and minimum communicated supplier lead time �̂� from all 5,078 
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spare parts equals to 80 and 1 working day(s), with an average of 32.58 working days. Approximately 
0.95% of the spare parts (48 out of the 5,078) have a lead time of less than 6 working days. 

The variance of the demand 𝜎𝐷
2 is calculated based on the historical demand data, which is updated 

if new data becomes available. Note that the review period is fixed without any variation. 

The formula proposed by Platt, Robinson, and Freund (1997) results in a non-integer lot size which is 
quite unusual for lot sizes. Therefore, after calculating the optimal lot size Q, the rounding rule of 
Axsäter (2015, pp. 47–48) has been used, see Equation 11. 

Equation 11 

Step 1.  𝐴𝑠𝑠𝑖𝑔𝑛:         𝑟 =  ⌊𝑄⌋ 

Step 2.  𝑆𝑒𝑡 𝑄:           {

1

𝑟

𝑟 + 1

      

𝑖𝑓 𝑟 = 0

𝑒𝑙𝑠𝑒 𝑖𝑓 𝑟 ≠ 0 𝑎𝑛𝑑 
𝑄

𝑟
≤

𝑟+1

𝑄

𝑒𝑙𝑠𝑒

 

5.3 Calculation of the reorder level 𝑠 

For calculating the reorder level 𝑠, the lot size 𝑄 have been used as an input. The calculation of the 
reorder level 𝑠 can be based on the TFR, which allows to specify the expected backorders that the 
inventory management system should allow at most per replenishment cycle, see Equation 12 
(adapted from the continuous demand formula used in Rego and Mesquita (2015). 

Equation 12 

∑ 𝑃(𝐷𝐿+𝑅 = 𝑑) ∗ (𝑑 − 𝑠)

∞

𝑑=𝑠+1

≤ (1 − 𝑇𝐹𝑅) ∗ 𝑄 

For a given TFR the reorder level 𝑠 can be calculated once the probability mass function (PMF) of the 
demand during the lead time and review period 𝐷𝐿+𝑅 is estimated. The PMF of the 𝐷𝐿+𝑅 with SBA 

and TSB is found using the mean 𝜇𝐷𝐿+𝑅 and variance 𝜎𝐷𝐿+𝑅
2 . The PMF of the 𝐷𝐿+𝑅 with bootstrapping 

is estimated empirically. Once the PMF is estimated, the reorder level is calculated iteratively, i.e. 
using Equation 12 for different reorder levels 𝑠 (starting from 1) until it is smaller than or equal to 
(1 − 𝑇𝐹𝑅) ∗ 𝑄. 

In case of the SBA and TSB, the discrete gamma distribution is used to estimate the PMF of 𝐷𝐿+𝑅. 
Tyworth, Guo and Ganeshan (1996) have developed the following gamma loss function based on 
Equation 12 assuming continuous review policy and continuous demand. However, this research 
adopted a periodic review system using discrete demand. Therefore, the insight of Teunter et al. 
(2010) on approximating the periodic review system have been used. Additionally, the discrete 
gamma distribution developed by Chakraborty and Chakravarty (2012) is used to cover discrete 
demand. The result is presented in Equation 13, with shape parameter 𝛾 =  𝜇𝐷

2
𝐿+𝑅

𝜎𝐷𝐿+𝑅
2⁄  and scale 

parameter 𝛿 =  𝜎𝐷𝐿+𝑅
2 𝜇𝐷𝐿+𝑅⁄ , i.e. mean = 𝛾𝛿 and variance = 𝛾𝛿2. 

Equation 13 

𝛾𝛿[1 − 𝐹𝐺𝐴𝑀𝑀𝐴,𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑒(𝑠, 𝛾 + 1, 𝛿)] − 𝑠[1 − 𝐹𝐺𝐴𝑀𝑀𝐴,𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑒(𝑠, 𝛾, 𝛿)] ≤ (1 − 𝑇𝐹𝑅) ∗ 𝑄 

The variance 𝜎𝐷𝐿+𝑅
2  is calculated using Equation 10, whereas the mean 𝜇𝐷𝐿+𝑅  is calculated using 

Equation 14 (Silver et al., 1998). Note that the expected demand �̅� in Equation 14 is replaced by the 
forecast 𝐹𝑡,𝑡+1 of SBA and TSB using Equation 7 and Equation 8 respectively. 

Equation 14 

𝜇𝐷𝐿+𝑅 = (𝜇𝐿 + 𝑅) ∗ �̅� = (𝜇𝐿 + 𝑅) ∗ 𝐹𝑡,𝑡+1 
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In case of bootstrapping, an empirical demand distribution is used to estimate the PMF of 𝐷𝐿+𝑅. The 
bootstrapping procedure that have been used in this research is adapted from Rego and Mesquita 
(2015). They proposed to use the most recent 25 monthly demand data to construct the 𝑃𝑀𝐹 by 
consecutive sampling with replacement as follows: 

Step 1. Obtain the 25 most recent monthly demand data, including zero demand periods. 
Step 2. Obtain the Lead time distribution: uniformly distributed between 95% and 105% of  

the communicated supplier lead-time. 
Step 3. Generate a random lead time 𝐿.  
Step 4. Select randomly a demand 𝐷∗ from Step 1 and record its period as 𝑡 = 1; 
Step 5. Perform jittering process: 

a. Select randomly a demand size 𝑋∗ from the historical data in Step 1.  
b. Generate random 𝑧 from standard normal distribution; 

c. Calculate 𝑗𝑖𝑡𝑡𝑒𝑟𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑 =  𝑀𝐴𝑋( ⌊0.5 + 𝑋∗ + 𝑧 ∗ √𝑋∗⌋ , 1) 

Step 6. Take the interval from demand 𝐷∗ to the next one (from historical data). Increase 𝑡 
with this interval.  

Step 7. If 𝑡 ≤ 𝐿, return to Step 4. Otherwise, Sum 𝑗𝑖𝑡𝑡𝑒𝑟𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑𝑠 during lead time and 
review period obtain a 𝐷𝐿+𝑅. 

Step 8. Repeat Step 4 and 5, 2000 times. 
Step 9. Generate 𝐷𝐿+𝑅 distribution. 

Figure 9 represents the empirical distribution of the demand during lead time and review period 

𝐷𝐿+𝑅 of a nut, according to the bootstrapping procedure of Rego and Mesquita (2015).  

 

 

Figure 9: PMF of 𝐷𝐿+𝑅 of a rear signal lamp (material id: 36410-54G01) with an expected lead time of 70 working 

days and a daily review of the inventory. 

6 Inventory management simulation 
This chapter elaborates the simulation procedure that is used to assess the performance of the 
forecasting and (𝑅, 𝑠, 𝑛𝑄) inventory control policy. First, section 6.1 details the parameters and the 
procedure used in the inventory management simulation. Second, section 6.2 elaborates the 
formulae used for estimating the inventory simulation performance. Finally, section 6.3 details the 
total number of simulations and its combinations performed in this study.  
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6.1 Simulation procedure 

The (𝑅, 𝑠, 𝑛𝑄) policy have been used for the inventory simulation of the spare parts. The basic idea 
of this policy is that if on a review period 𝑡 + 𝑅 the Inventory Position (𝐼𝑃) drops below the reorder 
level 𝑠, then an order of order size 𝑛𝑄 is placed such that the 𝐼𝑃 becomes greater than or equal to 
the reorder level 𝑠. The expected delivery moment of the placed order is then 𝑡 + 𝑅 + 𝐿. This 
simulation have been executed using actual daily demand data of 2018. The parameters that have 
been used in the simulation are defined as: 

𝑢𝑛𝑖𝑡𝑠_𝑅𝐸𝐶(𝑡) = 𝑖𝑡𝑒𝑚𝑠 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑 𝑎𝑡 𝑏𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 t 

𝑏𝑒𝑔𝑖𝑛_𝐼𝑂𝐻(𝑡) = 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑛 ℎ𝑎𝑛𝑑 𝑎𝑡 𝑏𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝑒𝑛𝑑_𝐼𝑂𝐻(𝑡) = 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑛 ℎ𝑎𝑛𝑑 𝑎𝑡 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝐵𝑂(𝑡) = 𝑏𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟𝑠 𝑎𝑡 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝐼𝑃(𝑡) = 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑎𝑡 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝑂𝑆(𝑡) = 𝑜𝑟𝑑𝑒𝑟 𝑠𝑖𝑧𝑒 𝑝𝑙𝑎𝑐𝑒𝑑 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝐷(𝑡) = 𝑑𝑒𝑚𝑎𝑛𝑑 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝑅 = 𝑟𝑒𝑣𝑖𝑒𝑤 𝑝𝑒𝑟𝑖𝑜𝑑 

�̂� = 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑒𝑑 𝑠𝑢𝑝𝑝𝑙𝑖𝑒𝑟 𝑙𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 

𝑛 = 𝑖𝑛𝑡𝑒𝑔𝑒𝑟 > 0 

𝑄 = 𝑙𝑜𝑡 𝑠𝑖𝑧𝑒 

𝑠 = 𝑟𝑒𝑜𝑟𝑑𝑒𝑟 𝑙𝑒𝑣𝑒𝑙 

The equations that hold in the (𝑅, 𝑠, 𝑛𝑄) inventory management system used in the inventory 
simulation are: 

𝑏𝑒𝑔𝑖𝑛_𝐼𝑂𝐻(𝑡) =  𝑏𝑒𝑔𝑖𝑛_𝐼𝑂𝐻(𝑡 − 1) − 𝐷(𝑡) + 𝑢𝑛𝑖𝑡𝑠_𝑅𝐸𝐶(𝑡) 

𝑒𝑛𝑑_𝐼𝑂𝐻(𝑡) = max (𝑏𝑒𝑔𝑖𝑛_𝐼𝑂𝐻(𝑡) − 𝐷(𝑡), 0) 

𝐵𝑂(𝑡) = max (𝐷(𝑡) − 𝑏𝑒𝑔𝑖𝑛_𝐼𝑂𝐻(𝑡), 0) 

𝐼𝑃(𝑡) = 𝑏𝑒𝑔𝑖𝑛_𝐼𝑂𝐻(𝑡) + 𝑂𝑆(𝑡 − 1) − 𝐷(𝑡) 

𝑂𝑆(𝑡) = {
𝑛𝑄 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝐼𝑃(𝑡 + 𝑅) ≥ 𝑠

0

          
𝑖𝑓 𝐼𝑃(𝑡 + 𝑅) < 𝑠

𝑒𝑙𝑠𝑒

 

Monte Carlo simulation have been used to assess the performance of the lot size 𝑄 and the reorder 
level 𝑠 of the different spare parts. For the simulation actual daily demand data of 2018 have been 
used, i.e. the demand data was not modeled as a random variable. The assumptions that have been 
made for the simulation study are as follows: 

(1) the inventory simulation is performed on a daily level, using daily aggregated demand; 

(2) orders for spare parts are placed during working days (Monday-Friday, official holidays 

excluded); 

(3) in 2018 there were 257 official working days: 1 ≤ 𝑡 ≤ 257; 

(4) the beginning inventory of each simulation (each spare part) was set to the maximum 

inventory level  𝑠 − 1 + ⌊ 
1

2
∗ 𝑄 ⌋ , i.e. 𝑏𝑒𝑔𝑖𝑛_𝐼𝑂𝐻(1) = 𝑠 − 1 + ⌊ 

1

2
∗ 𝑄 ⌋; 

(5) at the beginning of the simulation period, no orders were in-transit from supplier, i.e.  

𝐼𝑇(1) = 0;  

(6) supplier always deliver the quantity ordered, provided that the delivery time might be 

shorter or longer due to unanticipated circumstances;  

(7) lead time is an uniform random variable with mean 𝜇𝐿 and variance 𝜎𝐿
2; and 
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(8) complete backordering in a stock-out situation, see section 5.1 for the cost definition.  

For each spare part two simulations were performed, one with a review period of 1 day and another 
with a review period of 5 working days (every Monday of the week). If a given inventory review day 
was an official holiday, then the review of the 𝐼𝑃 was done on the next working day. Figure 10 gives 
a graphical representation of the simulation the have been implemented in this thesis project.  

 

Figure 10: process overview of the inventory management simulation used with a review period equal to 1 and 5 
working days. The lot size Q and reorder level s have been calculated either using the SBA (monthly) or 
bootstrapping (semi-annually), depending on the spare part. 

6.2 Performance estimation 

The cost parameters that is used in the cost calculation can be found in Table 12, see also section 5.1 
Cost definition and modeling assumptions. The fixed ordering cost (A) is equal to €5.82, whereas the 
holding cost is equal to 21.3% per year. The fixed backorder cost 𝑏 (incurred per backorder 
occurrence) is twice the spare part’s cost price 𝐶. The holding and backorder cost have been 
calculated on a daily basis. 

Table 12: cost parameters used for estimating the simulation costs. 

Cost parameter Description Value/Formula 

ℎ holding cost percentage (per day) ℎ = 21.3% 257 𝑑𝑎𝑦𝑠⁄  

𝐴 Ordering costs (per order line) €5.82 

𝑆𝐶𝑖  Unit storage cost of part 𝑖 𝑐𝑜𝑠𝑡 𝑝𝑟𝑖𝑐𝑒 𝐶𝑖 ∗ ℎ 

𝑏 Unit backorder cost of part 𝑖 2 ∗ 𝐶𝑖  

 
To be able to compare the simulation with one another, the Realized Fill Rate (RFR) of each spare 
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part have been calculated. Thereafter, the simple average and the weighted average of the 
individual RFRs have been calculated and considered as the aggregate RFR. Additionally, the total 
order lines, average order size and the average backorder days have been recorded. Finally, the Total 
storage, ordering and backorder cost have been calculated. A complete overview and description of 
the performance measures used for comparing the simulations is included in Table 13.  

Table 13: Parameters for the assessment of the simulation performance. In this table the subscript 𝑖 corresponds 

to a certain spare part, whereas subscript 𝑗 corresponds to a certain working day in 2018. 

Performance 
measures 

Description Formula 

Realized Fill Rate 
(RFR) 

Realized Fill Rate, the percentage of units 
that is fulfilled immediately from stock for 

each part 𝑖 

𝑅𝐹𝑅𝑖

= 1 − (
𝑇𝑜𝑡𝑎𝑙 𝑏𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦

𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑚𝑎𝑛𝑑
) ∗ 100% 

Mean RFR Simple average of the Realized Fill Rate  𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 =
∑𝑅𝐹𝑅𝑖  

𝑇𝑜𝑡𝑎𝑙 # 𝑖𝑡𝑒𝑚𝑠
 

Aggregate RFR 
Aggregate Realized Fill Rate, the weighted 

average of 𝑅𝐹𝑅𝑖. 

𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 =∑
𝑚𝑖

𝑀
∗ 𝑅𝐹𝑅𝑖   

 
𝑀 = ∑𝑚𝑖,where  

𝑚𝑖, = 𝑡𝑜𝑡𝑎𝑙 2018 𝑑𝑒𝑚𝑎𝑛𝑑 𝑜𝑓 𝑝𝑎𝑟𝑡 𝑖 

 

Total OL 
Number of order lines that was created for 

all the items in the corresponding 
simulation. 

∑𝑂𝐿𝑖 

Average OS The average order size per order line 
𝑇𝑜𝑡𝑎𝑙 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑜𝑟𝑑𝑒𝑟𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑂𝐿
 

Total SC 
The sum of the storage costs (SC) per day 𝑗 

during 2018. Calculated over each spare 
part 𝑖 in the corresponding simulation. 

∑∑ 𝑒𝑛𝑑𝑖𝑛𝑔_𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑖,𝑗 ∗ 𝑐𝑜𝑠𝑡 𝑝𝑟𝑖𝑐𝑒𝑖 ∗ ℎ2
𝑗

𝑖

 

𝑗 ≤ 257 

Total OC 
The total ordering costs (OC) of the spare 

parts in the corresponding simulation. 
𝑇𝑜𝑡𝑎𝑙 𝑂𝐿 ∗ 𝐴 

Total BC 
The total backorder costs (BC) of the spare 

parts in the corresponding simulation. 
∑𝑏𝑖
𝑖

 

Total direct costs The sum of the storage and ordering costs. 𝑇𝑜𝑡𝑎𝑙 𝑆𝐶 + 𝑇𝑜𝑡𝑎𝑙 𝑂𝐶 + 𝑇𝑜𝑡𝑎𝑙 𝐵𝐶 

6.3 Overview of the simulations 

Based on the categorization of Table 7, each calculation method resulted in 4 different simulation. In 
total, 24 simulations have been executed: 12 simulations were executed using a review period of 1 
(daily, 𝑅 = 1) and the other 12 simulations with a review period of 5 (weekly, 𝑅 = 5). In the case of 
R=5, the review period was assumed to be on Monday. In case Monday was a holiday, then the next 
working day was selected as a review period. In addition to the 24 simulations, the as-is situation 
was also simulated using the demand and actual spare part receptions during 2018 in the 
warehouse.  

In this research, statistical software R have been used to perform the simulations. Figure 11 gives an 
overview of the number of simulations that have been performed in this research. The results of the 
simulations are included in section 7. 
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Figure 11: Overview of the simulations that have been performed. 25 simulations have been performed in total. 

Figure 12 gives a simulation example of a spare part called wiper blade using the TSB. In January 
2018 the lot size 𝑄 and reorder level 𝑠 were estimated to be 32 and 23. The begin inventory of the 

simulation was therefore 38 (𝑠 − 1 + ⌊ 
1

2
∗ 𝑄 ⌋). If the 𝐼𝑃 dropped the reorder level 𝑠, then an order 

is placed such that 𝐼𝑃 ≥ 𝑠, which happens on January, 19 2018 (day #14). Note that the 
communicated supplier lead time is 20 and the order arrives on day #35, i.e. 20 days later. Also note 
that in February 2018 the lot size 𝑄 and reorder level 𝑠 is updated to 43 and 31 respectively. 

The real situation back in 2018 is also simulated which is then compared to the proposed situation in 
Table 7. As mentioned in section 1.2 Company background, the determination of the reorder levels 
at Nimag in 2018 was the consequence of a human-decision making process and therefore, no 
forecasting algorithms were used in finding the reorder levels. Figure 13 gives a simulation example 
of the as-is situation of a wiper blade back in 2018. At January 1, 2018, the actual beginning 
inventory of the wiper blade amounted 43. The Units received column gives the number of spare 
parts that were received on a given date (ordered by Nimag). Based on this and the demand during 
2018, the daily begin inventory, ending inventory and backorders are calculated.  

The beginning inventory levels and the order receptions during 2018 of all the 5,078 spare parts 
were retrieved from the ERP system of Louwman Logistics. This enabled to simulate the as-is 
situation of 2018 for each spare part. 
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Figure 12: Simulation of a wiper blade (material id DM-555), using the TSB with R=1. 

 

Figure 13: Simulation of the as-is situation of a wiper blade (material id DM-555). 

  

Day 

number
Date

Material 

id

Units 

received

Begin 

inventory
Demand

Ending 

inventory
IP Backorders Lot size

Reorder 

level

Place 

order

Order 

size

Lead 

time

Receipt 

day

1 2-1-2018 DM-555 0 38 10 28 28 0 32 23 no 0 20

2 3-1-2018 DM-555 0 28 5 23 23 0 32 23 no 0 20

3 4-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

4 5-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

5 8-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

6 9-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

7 10-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

8 11-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

9 12-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

10 15-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

11 16-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

12 17-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

13 18-1-2018 DM-555 0 23 0 23 23 0 32 23 no 0 20

14 19-1-2018 DM-555 0 23 4 19 19 0 32 23 yes 32 20 35

15 22-1-2018 DM-555 0 19 0 19 51 0 32 23 no 0 20

16 23-1-2018 DM-555 0 19 0 19 51 0 32 23 no 0 20

17 24-1-2018 DM-555 0 19 10 9 41 0 32 23 no 0 20

18 25-1-2018 DM-555 0 9 0 9 41 0 32 23 no 0 20

19 26-1-2018 DM-555 0 9 0 9 41 0 32 23 no 0 20

20 29-1-2018 DM-555 0 9 0 9 41 0 32 23 no 0 20

21 30-1-2018 DM-555 0 9 0 9 41 0 32 23 no 0 20

22 31-1-2018 DM-555 0 9 0 9 41 0 32 23 no 0 20

23 1-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

24 2-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

25 5-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

26 6-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

27 7-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

28 8-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

29 9-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

30 12-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

31 13-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

32 14-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

33 15-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

34 16-2-2018 DM-555 0 9 0 9 41 0 43 31 no 0 20

35 19-2-2018 DM-555 32 41 6 35 35 0 43 31 no 0 20

36 20-2-2018 DM-555 0 35 0 35 35 0 43 31 no 0 20

Day Date Material id Units received Begin inventory Demand Ending inventory Backorders

1 2-1-2018 DM-555 0 43 10 33 0

2 3-1-2018 DM-555 0 33 5 28 0

3 4-1-2018 DM-555 0 28 0 28 0

4 5-1-2018 DM-555 0 28 0 28 0

5 8-1-2018 DM-555 0 28 0 28 0

6 9-1-2018 DM-555 0 28 0 28 0

7 10-1-2018 DM-555 0 28 0 28 0

8 11-1-2018 DM-555 0 28 0 28 0

9 12-1-2018 DM-555 0 28 0 28 0

10 15-1-2018 DM-555 0 28 0 28 0

11 16-1-2018 DM-555 40 68 0 68 0

12 17-1-2018 DM-555 0 68 0 68 0

13 18-1-2018 DM-555 0 68 0 68 0

14 19-1-2018 DM-555 0 68 4 64 0

15 22-1-2018 DM-555 0 64 0 64 0

16 23-1-2018 DM-555 0 64 0 64 0

17 24-1-2018 DM-555 0 64 10 54 0

18 25-1-2018 DM-555 0 54 0 54 0
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7 Results 
In this chapter the performance results of the simulations are presented. First, the results related to 
the service level performance are presented in section in section 7.1. This section reports the results 
related to the Target Fill Rate and the Realized Fill Rate. Second, section 7.27.3 gives the simulation 
results of the SBA, TSB and bootstrapping compared to the as-is situation. More specific, it enables 
to compare the proposed inventory models with the as-is situation at BV Nimag. Third, section 7.3 
reports the simulation results (including the as-is situation) per spare part category. Finally, section 
7.4 gives the overall results of the simulation study. 

7.1 Service level performance 

Table 14 gives an overview of the 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 of the spare parts corresponding to a certain Target Fill 
Rate.  

Table 14: overview of the simple 𝑚𝑒𝑎𝑛 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒, categorized per targeted fill rate and the implemented 

method. Note that the methods cannot be compared with each other since the spare parts are different. 

Review period Method TFR 85 TFR 90 TFR 95 TFR 99 

Daily 

SBA  
(2,340 parts) 

85.19% 87.12% 93.42% 98.19% 

Bootstrapping 
(2,738 parts) 

81.19% 94.13% 95.61% 98.78% 

TSB  
(5,078 parts) 

85.36% 88.05% 93.03% 98.55% 

Weekly 

SBA  
(2,340 parts) 

87.44% 89.91% 94.96% 98.36% 

Bootstrapping 
(2,738 parts) 

80.33% 95.72% 96.68% 98.98% 

TSB  
(5,078 parts) 

86.46% 89.71% 93.70% 98.30% 

 

According to Table 14, at TFR85 the 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 of bootstrapping is much lower than 85% for the 
daily and weekly review period. Bootstrapping TFR85 includes in total 26 spare parts of which 6 are 
classified as lumpy demand and 20 as slow demand using demand data of 2016 and 2017. Based on 
these demand patterns bootstrapping was implemented and updated semi-annually. However, it is 
very likely that demand patterns might have changed in 2018. Reclassifying the spare parts using 
2018 demand data results in 17 slow, 3 lumpy, 5 smooth and 1 erratic spare parts. Demand 
frequency of the Smooth and erratic spare parts is high and therefore might lead to a lower 
𝑚𝑒𝑎𝑛 𝑅𝐹𝑅, i.e. the lot sizes and reorder levels should be updated more frequently. Estimating the 
𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 of the daily and weekly TFR85 bootstrapping excluding the smooth and erratic spare 
parts results in a 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 of 85.12% and 83.55%. 

Additionally, Table 14 shows that for all three methods and TFRs, the 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 increases for the 
weekly review period (compared with the daily), except for TFR85 bootstrapping. For the latter, it 
decreases from 81.19% to 80.33%. A similar pattern is observed using the classification data of 2018, 
i.e. using the 20 selected spare parts it decreases from 85.12% to 83.55%. This observation might be 
explained by the fact that the 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 is a simple average of the RFR. Considering the 
𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 in Table 15, it shows an increase for TFR85 bootstrapping, i.e. an increase of 
74.07% to 74.75%. Using the classification data of 2018, the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 also increases from 
84.02% to 84.62%.  
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Note that in Table 15, the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 increases for SBA and bootstrapping in the weekly 
review period compared to the daily review period. For the TSB it seems to be decreasing for TFR85 
and TFR99. This might be explained by the way how the TSB forecasting method was initialized. This 
is discussed in more detail later in this section. 

Table 15: overview of the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 (𝑅𝐹𝑅), categorized per targeted fill rate and the 

implemented method. Note that the methods cannot be compared with each other since the spare parts are 
different. Also note that the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 does not need to reflect the T𝑎𝑟𝑔𝑒𝑡𝑒𝑑 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 (𝑇𝐹𝑅). 

Review period Method TFR 85 items TFR 90 items TFR 95 items TFR 99 items 

Daily 

SBA  
(2,340 parts) 

78.05% 80.12% 87.86% 95.89% 

Bootstrapping 
(2,738 parts) 

74.07% 87.94% 88.61% 93.75% 

TSB  
(5,078 parts) 

82.89% 81.98% 88.47% 95.85% 

Weekly 

SBA  
(2,340 parts) 

81.60% 82.96% 89.80% 96.04% 

Bootstrapping 
(2,738 parts) 

74.75% 90.39% 90.28% 94.17% 

TSB  
(5,078 parts) 

82.75% 83.87% 89.82% 92.00% 

 

Finally, Table 14 shows a higher 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 for the TFR90 bootstrapping for the daily and weekly 
review period, i.e. 94.13% and 95.72%. Since the 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 is higher than the TFR, the difference 
cannot be explained by a change in the demand classification. This is true since bootstrapping was 
implemented for slow and lumpy spare parts and a change in the demand class would imply that 
some parts are changed to erratic and smooth, i.e. more frequent demand. Consequently, using 
classification data of 2018 should result in an even higher 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 since bootstrapping is 
expected to perform worse for smooth and erratic spare parts.  This explanation seems also to be 
true. 

TFR90 bootstrapping included initially 379 spare parts of which 340 are slow and 39 are lumpy, 
resulting in a 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 of 94.13% and 95.72% for the daily and weekly review period. Using 
classification data of 2018, 286 spare parts are slow, 27 are lumpy, 58 are smooth and 8 are erratic. 
Using the slow and lumpy spare parts based on the classification data of 2018 (313 spare parts) 
result in a mean RFR of 94.70% and 96.20%, which is indeed slightly bigger. 

The higher 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 for TFR90 bootstrapping in Table 14 is perhaps not the consequence of a 
change in the demand class, but a change in the magnitude of the demand. Most probably, the 
demand of the 379 spare parts decreased in 2018, compared to 2016 and 2017 resulting in higher 
reorder levels. Note that in this research the bootstrapping procedure is implemented using the last 
25 demand periods and sudden demand decrease might lead to a higher 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅. A closer look 
to the 𝑅𝐹𝑅𝑖 of each spare part 𝑖 reveals that for 260 spare parts (out of the 379 spare parts) the RFR 
was equal to 100%. The total demand of these spare parts decreased from 2507 in 2015 to 1901 in 
2018. For the remaining 119 spare parts with a RFR of less than 100%, the total demand increased 
from 1449 to 2102. The 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 of these spare parts amounted 81.3%. Figure 14 gives a graphical 
representation of the demand pattern of the 260 spare parts and the 119 spare parts.   
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As can be seen in Table 15, the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 for TFR90 bootstrapping with a daily review period 
amounted 87.94%. The cumulative 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of the 260 spare parts is equal to 47.58% 
whereas for the 119 spare parts it is equal to 40.36%.  

In case of the weekly review period, the cumulative 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of the 260 spare parts is equal 
to 55.36% whereas for the 119 spare parts it is equal to 35.03%, resulting into an 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 
of 90.39%, see Table 15. 

 

Figure 14: historical demand pattern of 379 spare parts used in the TFR90 bootstrapping simulation. The blue 
line shows the demand pattern of the spare parts with an individual Realized Fill Rate of 100% at a daily review 
period (260 spare parts).The red line shows the demand pattern of the remaining spare parts. The total demand 
is represented by the grey line. 

As mentioned earlier, the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of TFR85 of the weekly TSB is slightly lower compared to 
the daily TSB. However, for TFR99 of the weekly TSB it is 3.85% lower compared to the daily TSB, see 
Table 15. Note that for all other three methods and TFR combinations, the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 is 
higher. 

The TFR99 TSB simulation included 2529 spare parts. In case of the weekly review simulation, the 
𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 was equal to 92.00%. 2165 spare parts (out of the 2529) has an individual 𝑅𝐹𝑅 of 
100%, whereas the remaining 364 spare parts has an individual RFR of  less than 100%. The 
cumulative 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of the 2165 spare parts is equal to 37.05%, whereas for the 364 spare 
parts it is equal to 54.95%. This indicates that the 364 spare parts have a much high demand 
compared to the remaining 2165 spare parts. Figure 15 gives a graphical representation of the 
historical demand pattern of the 364 and 2165 spare parts. 
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Figure 15: historical demand pattern of 2529 spare parts used in the TFR99 bootstrapping simulation. The blue 
line shows the demand pattern of the spare parts with an individual Realized Fill Rate of 100% at a daily review 
period (2165 spare parts).The red line shows the demand pattern of the remaining 364 spare parts. The total 
demand is represented by the grey line. 

The selected 364 spare parts (individual RFR<100 at R=5) has a cumulative 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of 
58.93% in the daily TSB, whereas for the remaining 2156 spare parts the cumulative 
𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 equals to 36.93%, resulting in a total of 95.58%. So, in a daily review the 364 spare 
parts performs better, i.e. an increase of 4%! This is most likely the consequence of the initialized 
parameters that has been used for the TSB.  

The parameters 𝛼 and 𝛽 were initialized using historical demand data. However, if the 𝛼 is low, then 
the demand size is not capture the increasing demand pattern fast enough and as a consequence, 
the reorder levels will also be behind the trend. Therefore, a sensitivity analysis has been conducted 
to see the impact of the 𝛼 and 𝛽 on these 364 spare parts. Since the simulations were very time-
consuming, Three different sensitivity simulations were executed. The results are presented in Table 
16. According to this table, the aggregate 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 indeed improves slightly if a higher 𝛽 
is used. Note that different 𝛼 and 𝛽 were only implemented for the 364 spare parts. For the 
remaining spare parts the optimized 𝛼 and 𝛽 were used. 

Table 16: Sensitivity analysis of the 𝛼 and 𝛽 for the TSB on the selected 2529 spare parts. 364 spare parts 

showed a big increase in their demand (see Figure 15), and therefore additional simulations were conducted to 
see the impact of the 𝛼 and 𝛽 on the aggregate 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒. *Note that the 𝛼 and 𝛽 were only changed for 

the 364 spare parts to see its impact, i.e. the cumulative aggregate 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 of the remaining spare 
parts was not changed. 

𝛼 and 𝛽 Mean RFR Aggregate RFR 
Cumulative 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅: 

364 spare parts 
Cumulative 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅:  

2156 spare parts 

Optimized using 
historical data 

98.30% 92.00% 54.95% 37.05% 

0.01 and 0.01 98.32% 91.72% 54.67% 37.05%* 

0.01 and 0.5 98.48% 91.76% 54.71% 37.05%* 

0.5 and 0.01 98.50% 92.32% 55.27% 37.05%* 
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Table 17 gives an overview of the 𝑚𝑒𝑎𝑛 𝑅𝐹𝑅 and the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of the 364 selected spare 
parts. This table clearly shows that the TSB R=5 performs worse on these spare parts compared to 
the SBA R=5. Moreover, the SBA improves in case of the R=5 compared to R=1. In summary, TFR99 
for the weekly TSB showed a lower 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 (92.00%) compared to the daily TFR99 TSB 
(95.85%). This is most likely to be the consequence of the selected parameter values 𝛼 and 𝛽. In 
addition, the SBA performs better for these 364 spare parts. 

Table 17: Overview of the mean 𝑅𝑒𝑎𝑙𝑖𝑧𝑎𝑒𝑑 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 (𝑅𝐹𝑅) and aggregate 𝑅𝐹𝑅 of the 364 spare parts that 

showed  an increasing demand pattern in Figure 15. In the calculation of the aggregate 𝑅𝐹𝑅 364 spare parts 

were selected in total. 

Review period Method Mean RFR Aggregate RFR 

Daily 
SBA 92.54% 94.23% 

TSB 92.07% 93.61% 

Weekly 
SBA 93.24% 94.44% 

TSB 88.18% 87.30% 

 

7.2 Simulated versus as-is situation 

Table 18 gives the average order size per Targeted Fill Rate, categorized per method. According to 
this table, the average order size increases as the TFR increases. This increasing pattern can be 
explained using the service level differentiation made in Equation 6 (page 15). 

The service level differentiation was based on the cost price of the spare parts, i.e. higher service 
level for cheaper spare parts. Consequently, it is expected that if the cost price is high, then the 
holding cost associated to the spare part will be high. As a result, based on the lot size formula in 
Equation 9 expensive parts will be ordered in less quantity then cheap parts due to the fixed 
ordering costs that BV Nimag has to pay. The average order size of the spare parts in Table 18 
therefore increases as the TFR increases.  

Table 18: Overview of the average order size categorized per Targeted Fill Rate and the implemented method. 
Note that the methods cannot be compared with each other since the spare parts are different. 

Review 
period 

Spare part 
category 

Method TFR 85 parts TFR 90 parts TFR 95 parts TFR 99 parts 

Daily 

Smooth + erratic 
SBA 6 16 26 106 

As-is situation 3 7 10 34 

Slow + lumpy 
Bootstrapping 2 3 5 15 

As-is situation 2 2 2 5 

Smooth + erratic 
+ slow +lumpy 

TSB 4 13 22 94 

As-is situation 2 6 7 15 

Weekly 

Smooth + erratic SBA 6 17 26 106 

Slow + lumpy Bootstrapping 2 3 6 16 

Smooth + erratic 
+ slow +lumpy 

TSB 4 12 20 93 

 

In the as-is situation, a similar trend is present. The only difference is that the average order size in 
the as-is situation is much smaller compared to the simulations. Given this, it is expected that the 
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handling costs (or fixed ordering costs) in the as-is situation will be much higher compared to the 
handling costs associated to the SBA, bootstrapping and TSB. Table 19 gives the holding and ordering 
costs for the simulations with the daily review period. 

As can be seen in Table 19, the total ordering cost for all the different simulations decreases, except 
for TFR85 SBA. The TFR85 daily SBA simulation includes 16 spare parts for which in total 78 order 
lines were generated. In the as-is situation for the same spare parts, 51 order lines were generated. 
According to Table 19,  the holding cost increased 7 out of the 12 daily simulations compared to the 
as-is situation. An increase in the holding cost indicates an increase in the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 
compared to the as-is situation. More specific, a higher holding cost (compared to the as-is situation) 
should lead to a higher 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅, whereas a lower holding cost doesn’t necessarily indicate a 
lower 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅.  

Table 19: Holding and ordering costs categorized per 𝑇𝑎𝑟𝑔𝑒𝑡 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 and spare part category for the 

simulations with a daily review period (𝑅 = 1). Note that the methods cannot be compared with each other since 

the spare parts are different. 

Cost 
Spare part 
category 

Method TFR 85 parts TFR 90 parts TFR 95 parts TFR 99 parts 

Ordering 
cost 

Smooth + 
erratic 

SBA € 453.96 € 11,058.00 € 19,060.50 € 17,657.88 

As-is situation € 296.82 € 22,698.00 € 44,843.10 € 56,902.14 

Slow + lumpy 
Bootstrapping € 739.14 € 6,547.50 € 10,947.42 € 6,483.48 

As-is situation € 814.80 € 11,837.88 € 29,780.94 € 29,693.64 

Smooth + 
erratic + slow 

+lumpy 

TSB € 942.84 € 15,562.68 € 26,446.08 € 21,854.10 

As-is situation € 1,111.62 € 34,535.88 € 74,624.04 € 86,595.78 

Holding 
cost 

Smooth + 
erratic 

SBA  € 4,321.58   € 65,065.03   €   64,540.39   € 53,503.20  

As-is situation € 2,807.54 € 101,954.63 € 66,855.61 € 37,494.66 

Slow + lumpy 
Bootstrapping  € 3,269.01   € 24,685.75   € 24,966.89   € 10,742.23  

As-is situation € 3,743.68 € 27,029.10 € 19,605.37 € 6,259.92 

Smooth + 
erratic + slow 

+lumpy 

TSB  € 10,656.93   € 92,644.73   €   94,478.65   € 70,875.31  

As-is situation € 6,551.22 € 128,983.73 € 86,460.98 € 43,754.58 

 

To be able to compare the performance of the SBA, bootstrapping and TSB with the as-is situation, 
the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 and the total costs associated to the simulation is calculated and represented 
in Table 20. According to Table 20, 11 out of the 12 different simulations  lead to a better 
performance in terms of 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 compared to the similar as-is situation. The TFR90 TSB is 
the only simulation results in a smaller 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅, i.e. a reduction of 6.8 percentage points. 
However, this comes with an extra cost of €116,119 since the TFR90 TSB results in a total cost of € 
578,813, whereas in the as-is situation the total costs equal to € 694,932. The extra cost of €116,119, 
€60,807 is explained by the backorder cost, €18,973 by the ordering cost and €36,339 by the holding 
costs. 

The lower 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 for the TFR90 TSB is also reflected by the holding cost represented in 
Table 19. The holding cost for the TFR90 TSB amounts  € 92,645, whereas for the as-is situation it 
equals to € 128,983. In summary, it can be said that the proposed models in this research performs 
better than the as-is situation. 
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Table 20: Overview of the aggregate RFR and total costs (holding + ordering + backorder) for the different 
simulations compared to the as-is situation (for the same spare parts). 

Parameter 
Spare part 
category 

Method TFR 85 parts TFR 90 parts TFR 95 parts TFR 99 parts 

Aggregate 
 RFR 

Smooth + 
erratic 

SBA 78.05% 80.12% 87.86% 95.89% 

As-is situation 36.36% 75.53% 74.55% 89.34% 

Slow + lumpy 
Bootstrapping 74.07% 87.94% 88.61% 93.75% 

As-is situation 49.87% 77.03% 76.14% 89.29% 

Smooth + 
erratic + slow 

+lumpy 

TSB 82.89% 81.98% 88.47% 95.85% 

As-is situation 70.37% 88.67% 87.72% 88.69% 

Total costs 

Smooth + 
erratic 

SBA  € 46,287.24   € 504,812.41   € 234,793.45   € 86,470.90  

As-is situation € 118,820.92 € 582,891.83 € 291,445.67 € 127,400.48 

Slow + lumpy 
Bootstrapping € 48,090.77 € 90,729.97 € 64,114.59 € 18,939.91 

As-is situation € 57,796.38 € 112,040.18 € 90,377.45 € 42,417.24 

Smooth + 
erratic + slow 

+lumpy 

TSB  € 72,444.65   € 578,813.43   € 298,996.49   € 109,050.99  

As-is situation € 176,617.30 € 694,932.01 € 381,823.12 € 169,817.72 

 

7.3 Spare part category performance 

Table 21 gives an overview of the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 and the total cost of the different implemented 
methods, categorized per spare part category. Note that the total cost is the sum of the cost 
associated to the holding, ordering and backordering of the spare parts. It is important to consider 
the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 and the total cost for evaluating the performance of each spare part category, 
since a higher 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 is not necessarily a good result.  

Table 21: Overview of the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 (RFR) and total cost per spare part category and the 

implemented method. 

Review 
period 

Method Parameter Smooth Erratic Slow Lumpy 

Daily 

SBA 
Aggregate RFR 93.57% 88.93% - - 

Total cost € 748,690.28 € 123,673.72 - - 

Bootstrapping 
Aggregate RFR - - 91.91% 90.12% 

Total cost - - € 179,454.13 € 42,421.11 

TSB 
Aggregate RFR 93.86% 90.01% 90.55% 90.96% 

Total cost € 688,616.08 € 115,383.16 € 214,503.58 € 40,802.74 

 
As-is situation 

Aggregate RFR 85.42% 84.23% 89.47% 84.41% 

 Total cost € 2,413,568.41 € 516,871.01 € 288,496.63 € 81,983.46 

Weekly 

SBA 
Aggregate RFR 94.22% 90.18% - - 

Total cost € 657,472.74 € 110,501.29 - - 

Bootstrapping 
Aggregate RFR - - 92.92% 91.50% 

Total cost - - € 153,821.72 € 37,498.79 

TSB 
Aggregate RFR 90.88% 91.13% 91.06% 91.17% 

Total cost € 617,656.32 € 110,678.03 € 200,762.15 € 40,866.89 
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Table 21 reveals two interesting results. First, the total cost is always lower in the weekly review 
simulations. Second, in 11 out of the 12 simulations the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 is higher in the weekly 
review simulations. 

Starting with the first observation, the reduction in the total costs is primarily the consequence of a 
reduction in the backorder costs, see Table 22. This is not surprising since the majority of the weekly 
simulations have a higher 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅. Consequently, a lower backordering cost is expected in 
the weekly simulations. A higher 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 also indicates a higher holding cost since more 
inventory is needed to fulfill more demand directly from stock. The ordering cost is expected to 
decrease in the weekly simulations since orders can be placed only at fixed moments in time. This is 
also reflected by Table 22. However, this is only true for the SBA and bootstrapping. For the TSB the 
ordering costs in the weekly simulations are higher than in the daily simulation.  

Table 22: Overview of the total ordering, holding and backordering cost, categorized per implemented method. In 
addition, the simple average of the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of the spare part categories is given. 

Review 
period 

Method 
Total ordering 

costs 
Total holding 

costs 
Total backordering 

costs 
Average 

aggregate RFR 

Daily 

SBA € 48,230.34 € 187,430.20 € 636,703.46 91.25% 

Bootstrapping € 24,717.54 € 63,663.88 € 133,493.82 91.02% 

TSB € 64,805.70 € 268,655.62 € 725,844.24 91.35% 

As-is situation € 196,867.32 € 265,750.51 € 2,838,301.68 85.88% 

Weekly 

SBA € 47,904.42 € 200,844.07 € 519,225.54 92.20% 

Bootstrapping € 24,345.06 € 70,432.73 € 96,542.72 92.21% 

TSB € 69,490.80 € 280,280.21 € 620,192.38 91.06% 

 

The second observation is that the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of the smooth spare parts is smaller for the 
weekly TSB simulation compared to the daily TSB simulation, whereas all other weekly simulations 
result in higher 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅𝑠. The explanation for a smaller RFR lies in the reasoning in section 
7.1, where the aggregate TFR99 weekly TSB also was lower compared to the daily TSB. Recall that 
364 spare parts showed an increasing demand pattern (Figure 15) and that this was most probably 
influencing the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅. 

To check whether these spare parts also negatively influences the 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑅𝐹𝑅 of the smooth 
spare parts in the weekly TSB, first only the smooth items in the 364 spare were selected. Out of the 
364 parts, 196 were smooth. The total number of smooth spare parts initially was 1940. Excluding 
the 196 spare parts left 1744 spare parts. The results of these 1744 smooth spare parts is 
represented in Table 23. 

Table 23: Simulation results of 1744 selected spare parts. There were in total 1940 smooth spare parts. 

Method Mean RFR Aggregate RFR Total costs 

TSB daily 95.47 93.17 €645,392.52 

TSB weekly 96.61 94.08 €573,421.37 

 

7.4 Overall results 

According to Table 21 weekly reviewing of the inventory management results in lower cost and 
higher service levels (RFR) if the methods the same methods are compared. However, the lower cost 
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is just a consequence of the lower backorder costs due to the higher service level that is achieved in 
the weekly reviewing of the inventory. The counter side of the weekly reviewing is that it leads to 
higher holding costs.  

In case of the daily, if we would implement the TSB for the smooth, erratic and lumpy spare parts, 
and bootstrapping for slow (see green shaded fields in Table 21), then the total ordering and holding 
costs would be €338,171, with an average aggregate RFR of 91.69%. The total cost (holding, ordering 
plus backordering) would be €1,024,256. In the as-is situation the total holding and ordering costs 
equal to €462,618, with an average aggregate RFR of 85.88%. The total cost in the as-is situation 
amounted €2,838,302. 

In case of the weekly reviewing, if we would implement the SBA for smooth, TSB for erratic and 
bootstrapping for slow and lumpy, then  then the total ordering and holding costs would be 
€345,098, with an average aggregate RFR of 95.18%. The total cost would be €959,471. 
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8 Conclusion  

8.1 Summary 

In this research 4 demand categories were identified (smooth, erratic, slow and lumpy) and the 
5,078 spare parts included in this study were categorized based on demand size variability and the 
average demand interval. Each of these spare part categories has its own demand pattern and this 
guided the selection of the methods to be used under a certain demand category. For the smooth 
and erratic spare part, the TSB and SBA was used, whereas for the slow and lumpy spare parts the 
TSB and bootstrapping was used. 

According to the results the highest realized fill rates (RFRs) and the lowest total costs (holding, 
ordering and backordering) are achieved when the review period is set to an week. However, the 
lower costs in case of the weekly review period is the consequence of lower backorder costs which is 
the result of the higher RFRs. Based on the overall simulation results, the weekly reviewing of the 
inventory is proposed. In that case, the SBA should be implemented for smooth, TSB for erratic and 
bootstrapping for slow and lumpy spare parts. Implementing this would result in a total costs of 
€959,471 with an average aggregate RFR of 95.18%. The resulting total holding and total ordering 
costs would then equal to €345,098. As a comparison, in the as-is situation the total holding and 
ordering costs equal €462,618, with an average aggregate RFR of 85.88%. 

To conclude, reviewing inventory on a weekly basis results in a higher RFR and a higher holding and 
ordering costs. However, the holding and ordering cost decreases if the daily reviewing of the 
inventory would be implemented with €6,927 whereas the RFR decreases with 3.49%. Depending on 
the objective and the justification to free up €6,927 for a 3.49% decrease in RFR, it would be wise to 
implement either a daily or weekly review period. Implementing either of these will benefit the 
company since all the proposed simulations in this research perform better compared to the as-is 
situation. 

8.2 Recommendations 

Based on the research and the analysis, the following recommendations are made: 

1. Classify spare parts based on historical demand data and update these semi-annually. 
2. Ensure that lead times of suppliers are communicated and valid. Use actual lead time in 

addition to the communicated lead times to take into account the variability in lead times. 
3. Ensure that the cost price of the spare parts are known and up to date. 
4. Use TSB, SBA and bootstrapping for controlling the inventory. In case of TSB and SBA, update 

the reorder levels and lot sizes monthly. In case of bootstrapping update these semi-
annually. 

5. Implement and automate the calculation of the parameters. 
6. Investigate possibilities to use different review periods for different spare parts since 

reviewing the spare parts a for example 1 week before actual time of shipment of the goods 
(by the supplier) creates more work load without additional value. 

Procedure of implementing the results: 

Step 1.    Implement the TSB method for (all) spare parts; 

Step 2.  To save time, update the reorder levels automatically during the night monthly and semi-
annual using R. Ensure that all the data files required for running the program code need to 
be in the correct format! 

Step 3.     Review  the proposed reorder levels the next day; 

Step 4.     Upload all new reorder levels to SAP. 

Step 5.     Continuously track the performance of the procedure and improve if necessary. 
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9 Discussion 
Although this research is performed with great care it has two main drawbacks. First, the holding 
cost was estimated based on the storage cost, obsolescence risk and an internal rate of return. The 
storage costs were included as percentage of the cost price, whereas in practice these costs are 
calculated based on the used shelve space in the warehouse.  More research on the actual holding 
cost is therefore needed. Second, the ordering costs used in this study were actual ordering costs 
that are paid to Louwman Logistics based on the number of inbound order lines, i.e. a fixed cost per 
inbound order line for any spare part. This cost was also used in this study. However, if the proposed 
situation is implemented, the order frequency will decrease, whereas the average order size will 
increase. Consequently, Louwman Logistics would also be obliged to increase the fixed ordering 
costs since the time that will be needed to inspect the goods and putting it away, per order line, will 
increase. But overall, after raising the fixed ordering costs it is expected that it would be still cost 
efficient to implement the methods. What influence the result of this study will have exactly on the 
fixed ordering cost is interesting for future research.  

Furthermore, in this study the backorder costs were  estimations. This research could be extended 
by a more in depth study on the actual costs associated to these. An interesting research would be 
for example the cost of giving a replacement car for the time that the car of the customer cannot be 
fixed due to an unavailable spare part.  

This research have been implemented for 5,078 spare parts with a daily and a weekly review period, 
for all spare parts. However, it could be wise to use different review periods for different spare parts 
based on the e.g. the delivery schedule of the supplier. This would then enable to consolidate orders 
and reduce transportation costs. 

Finally, the simulation in this research was implemented using R. This code that has been written 
specific for this purpose can be used by BV Nimag for estimating the parameters of the (𝑅, 𝑠, 𝑛𝑄) 
policy. That would save them a lot of time (in FTE) since the updating of the lot sizes and reorder 
levels can be automated. To what extent this would save money in terms of FTEs is a very relevant 
area of further research. 
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Appendix 

Appendix A 

The historical demand of the spare parts sold at was collected from the SAP business warehouse of 
Louwman. This data consisted of the sales orders during the period January 01, 2014 up till 
December 31, 2018. The total dataset covered information on 13 variables of which the Calendar 
day (date), customer ID, material ID, material and the order quantity were the most important. This 
raw data set consisted of 1,429,821 sales orders covering in total 34,658 SKUs (material IDs). The 
demand data of these spare parts were cleaned, see the table below. 

Data set Number of order lines  Number of SKUs 

Raw data set 1,429,821 34,658 

Raw data set (substituted spare parts aggregated) 1,429,821 32,427 

Raw data set (Order quantity > 0)  1,402,856 32,196 

Cleaned data set (only spare parts) 1,358,969 31,949 

 

The table below gives an overview of the number of years of demand data available for this project, 
31,949 SKUs.  

Available demand data Total number of SKUs First demand year  –  Last demand year  Number of SKUs 

5 years 9,956 2014  –  2018 9,956* 

4 years 4,007 
2014  –  2017 1,702 

2015  –  2018 2,305* 

3 years 3,386 

2014  –  2016 940 

2015  –  2017 769 

2016  –  2018 1,677* 

2 years 3,445 

2014  –  2015 683 

2015  –  2016 450 

2016  –  2017 619 

2017  –  2018 1,693* 

1 year 11,155 

2014  –  2014 2,001 

2015  –  2015 1,789 

2016  –  2016 2,070 

2017  –  2017 2,110 

2018  –  2018 3,185* 

Total 31,949  31,949 

*These spare parts might also have a demand in 2019 and are therefore greater in quantity than the other 
within the group. 
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Appendix B 

Increasing demand pattern of a ‘brake disc’ (material id 55311M68K10-L00). 

 

Decreasing demand pattern of a ‘brake cylinder’ (material id 53401M70F10-A00). 

 

Increasing-decreasing demand pattern of a ‘wheel lock set’ (material id 990E0-59J48-000). 
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