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Abstract

Organizations with large-scale inventory systems typically have a large proportion of items for which
demand is intermittent and with low volume. This master thesis considers the demand forecasting
and replenishment process of spare parts with slow-moving and intermittent demand at a major
truck manufacturing company in Europe, and consecutively aims to provide actionable recommen-
dations to improve the inventory performance of those spare parts at the company's licensed dealers.
It has been found that by implementing the forecasting models available in the subjected company's
current replenishment system, average inventory value can be reduced by 10,4%, or close to 10
million euros, while maintaining the same high service levels. Well-established time series models
specialized in slow-moving and intermittent demand together with neural network models, newly
developed by the author of this thesis, are tested on the same sample of spare parts. With regards
to the forecast accuracy metrics, the neural network models performed rather well. Especially the
stock control implications, which are naturally more important to practitioners, were in favor of
Croston, the Syntetos-Boylan Approximation (SBA) and the (TSB) model by Teunter, Syntetos
and Babai. While the �eld of forecasting spare part demand is currently dominated by time series
forecasting, these models do not capture the underlying structure that causes the demand of spare
parts. The Hybrid Maintenance Models presented in this thesis, were designed as a �rst attempt
to incorporate the factors that have an e�ect on the demand generation process. If this complex
network of relationships can be e�ectively captured, it should be able to deliver more accurate and
meaningful forecasts. The results show that by incorporating truck �eet information, maintenance
history of those trucks and time series forecasting into one hybrid model, the inventory performance
of spare parts can be further improved. Even with the relatively simplistic truck classi�cation model
and easy to interpret integration method of both the maintenance as the demand series model, the
results prove to be successful.

Keywords: spare parts, demand forecasting, intermittent demand, time series, machine learning,
Hybrid Maintenance Model
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Executive Summary

This report is the result of a master thesis project carried out at the headquarters of a major truck
manufacturing company in Europe, from now on called 'company A'. Company A specializes in the
development, production, marketing, sales, and service of trucks. This project was executed within
the department that supports company A's dealers with their inventory management, from now on
called department D.

Business Understanding

Department D is the department that supports the various company A dealers located in Europe
and parts of Africa, Asia and Oceania in their inventory management. Based on sales data analysis,
department D develops parts order recommendations for each dealer location, which are transmitted
electronically to the dealer daily. Just like most modern inventory management systems in the
automotive sector, department D has to deal with a number of di�erent spare parts that run in the
order of ten thousands. Besides variation in part characteristics like size and value, demand for those
spare parts can di�er signi�cantly and this also portrays one of the biggest challenges in forecasting
spare parts demand. Parts which are needed frequently or need replacement on a regular basis can
be seen as fast-movers. While these fast-movers may have the highest contribution to total turnover,
service parts with slow-moving and intermittent demand may be responsible for the largest share of
the total stock value. Intermittent demand is characterized by intervals where there is no demand.
For periods with actual demand occurrences, there is large variation in the demand levels. It is,
both the variability of the demand size as well as the variability of demand timing, what makes this
type of demand so di�cult to forecast.

Three criteria are used by department D to classify their spare parts, which are the number of
sales moments in the last 52 weeks (also called hits), the sales quantity in the last 52 weeks and the
sales price of a standard packaging quantity (SPQ). The main classi�cation criteria is the number
of hits which distributes the parts into three classes. SKU's with less than 2 hits are categorized as
non-moving or class C parts, SKU's ranging between 2 and 39 hits are considered as slow-moving
or class B parts and SKU's with 40 hits and more are seen as fast-moving or class A parts. Besides
the grouping based on the number of hits, all B parts are then further categorized according to their
respective SPQ price and number of sales in the last 52 weeks. A summary of the categorization
process at department D is presented in table 1.

Department D aims at optimizing the spare part availability at all company A dealers while at the
same time reducing the monetary investments in stock levels. Demand for spare parts arises whenever
a component fails or requires replacement. Whether it is for preventive or corrective maintenance,
the availability of the right spare parts at the right time has a direct impact on the duration of
the repairs and can therefore prevent long and costly downtime of a truck. Both company A and
its dealers bene�t from a higher spare part availability. A higher availability reduces maintenance
times and therefore the downtime of trucks. Besides using spare parts for repairs, most dealers also
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EXECUTIVE SUMMARY

Table 1: Stock classes at department D

Class Description Criteria

A Fast-moving part ≥40 hits/year
B Slow-moving part 2 - 39 hits/year
C Non-stocking part ≤1 hits/year

o�er regular sales of parts to customers. Increasing parts availability means a smaller chance of
selling no, therefore raising customer satisfaction and company A's brand image. Reaching high
service levels is one thing, but company A and its dealers can bene�t for multiple reasons from lower
stock levels as well. Firstly, dealers save money with less spare parts stocked in their warehouses,
this money can be reinvested to potentially increase future sales, hence leading to higher pro�ts for
company A. Secondly, lower stock levels reduce the possibility of items going obsolete and therefore
reduce waste and increase pro�t margins. Overall, this master thesis should contribute to company
A in improving their current replenishment system in place. The primary business objective was
therefore stated as:

Identify the potential of statistical forecasting for spare parts demand, and provide actionable

recommendations to improve the inventory performance of department D licensed dealers.

Approach

After an initial analysis on the current inventory performance of department D, it was found that
the majority of the inventory volume and value is represented by the slow-moving parts (stock class
B). Besides the fact that stock class B represents the largest share of total monetary inventory value
with roughly e 94 million (44,69%), this class also has the second largest negative impact (17,39%)
on overall service level. The largest share of lost service level was caused by class C parts, which
seems intuitively when department D suggests dealers to hold no stock for these parts. For above
stated reasons, improving the performance indicators of stock class B was chosen as the scope of
this master thesis, and the following main research question is formulated:

How can the performance of the current replenishment policy of department D

for intermittent spare parts be improved?

Next to demonstrating deeper knowledge of the major �eld of study and insights into current
research as well as contribute to already existing research and developed work, the results of this
research should also be of practically relevance to company A. For this reason, the structure of
this master thesis was divided in three separate parts. Part one investigated possible improvements
in the current forecasting system of department D, called sytem B. Part two focuses on testing
the performance of successful forecasting models found in the preliminary literature study. New
forecasting models based on machine learning were also developed and tested in part two. In part
three the newly developed Hybrid Maintenance Model is presented and evaluated. This hybrid
model combines time series analysis with independent maintenance variables in order to achieve
more accurate demand forecasts for spare parts. A thorough search of the relevant literature yielded
no similar technique. Conforming this structure, the �rst two sub-questions are formulated as:

What is the performance of the current replenishment policy of department D

for intermittent spare parts?
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EXECUTIVE SUMMARY

Can the replenishment policy of department D for intermittent spare parts be

improved within the boundaries of their own system?

Three forecasting models available in the system B software package were chosen as suitable
methods to estimate future demand. The �rst model is Lewandowski, a model that is already
used for class A parts, is a �exible algorithm which can manage parts with trend, seasonality,
high and low demand. The second model is AVS-Graves, which is specialized in slow-moving and
intermittent demand. The third model is the Demand Classi�cation model (DC) which allocates
both Lewandowski and AVS-Graves in an optimized mix to the stock keeping units.

Besides system B's models, well-established time series models specialized in slow-moving and
intermittent demand are published as a result of previous research. Upcoming methods like machine
learning allow researchers and data scientists to produce reliable predictions and hidden insights
through identifying historical patterns and trends in data. This leads to the derivation of the third
sub-question:

Can the replenishment policy of department D for intermittent spare parts be

improved by using other forecasting methodologies?

While the �eld of forecasting spare part demand is currently dominated by time series forecasting,
these models do not capture the underlying structure that causes the demand of spare parts. Demand
for spare parts arises when a component or part fails or requires replacement. Demand arising from
corrective maintenance, which occurs when a part breaks down while the truck is on the road, is
hard to predict. Demand arising from preventive maintenance however, can be scheduled beforehand.
Assume that a certain truck type is scheduled for preventive maintenance next week or next month.
Knowing which spare parts and their quantity that are going to be necessary during a check on
that speci�c truck type, would be a major contribution in spare parts management. Therefore, the
fourth and �nal sub-question is formulated as:

Can the replenishment policy of department D for intermittent spare parts be

improved by using maintenance data from department D dealers?

All inventory simulations ran in this research were con�gured such, that the inventory processes of
department D were reproduced as much as possible. One assumption had to be made however: 'Every
order suggestion made in the simulation is followed by an order of the same amount the next day'.
In real life, dealers can deviate from department D's suggestions, but the goal of these simulations
is to analyze the performance of the order suggestions and not the dealer's order decisions. Both
delivery and review times are equal to one day, which leads to the following daily process: A day
starts in the morning when an order, if one was made the day earlier, is delivered and added to
stock. The dealer's parts manager reviews the suggested order �le, it received during the night, and
places its order. During the day, stock decreases with sales to customers and parts being used for
maintenance, resulting in a certain ending inventory. This ending inventory is used to calculate two
important key performance indicators, namely service level and average inventory value. The ending
inventory is also used, together with outstanding orders, to determine whether an order suggestion
for that part should be made. To advise department D on which forecasting models to use and
when, and to facilitate the current spare part classi�cation process, key performance indicators were
calculated when using the chosen forecasting model for all parts above the cuto� values of 40 hits,
39 hits and all the way down to two hits.
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Conclusions

The conclusions that can be drawn on the �rst part of this master thesis are �rstly, that the current
B replenishment policy overstocks intermittent and slow-moving parts at company A. The policy
does not react well on demand �uctuations and adapts slowly to declining demand. Secondly,
inventory on slow-moving and intermittent spare parts at company A can be reduced by 10,39%
or e 9.739.595 if all A-parts are going to be forecasted with the Demand Classi�cation model and
when the cuto� value for A parts is going to be reduced to 11 sales moments, instead of 40 hits.
At the same time, only a small fraction of 0,30% of overall service level is lost at all department
D dealers. Extra bene�ts of these high inventory reductions are the following: (1) Dealer's saved
money can be reinvested to potentially increase future sales, hence higher pro�ts for company A,
(2) Less amount of inventory also reduces the chances of stock becoming obsolete, hence less spare
parts returns and therefore less waste, (3) Dealers are shifting their attention to inventory e�ciency
instead of attaining high service levels, hence the new policy will suit the dealers' preferences.

The main conclusions of the second part of this master thesis are listed below. Firstly, average
inventory value can be even further decreased by using the Croston model, the Syntetos and Boylan
Approximation (SBA) or the Teunter, Syntetos and Babai model (TSB) instead of the Demand
Classi�cation method. This also causes the service level to be slightly lowered. Secondly, the neural
network models developed in this thesis were not able to successfully challenge the more conven-
tional time series models Croston, SBA and TSB. With regards to mean error, mean squared error,
percentage best and the mean absolute scaled error, the neural network models performed rather
well. Especially the stock control implications, which are naturally more important to practitioners,
were in favor of Croston, SBA and TSB. The neural network models are in particular not reacting
well on the very slow-moving parts with only 10 hits per year or even less. Thirdly the forecasting
models, both neural network models and time series models, based on weekly aggregated demand
outperform their monthly counterparts with regards to service level.

The conclusions that can be drawn on the third and �nal part of this master thesis on the
Hybrid Maintenance Model are promising. The Hybrid Maintenance Model was developed as a
�rst attempt in making time series models more intelligent by including preventive maintenance
probabilities. The weekly SBA-Hybrid2 model performed similar to the original SBA model, while
the weekly TSB-Hybrid2 model even outperformed the original TSB model, both on service level
as on average inventory value. So by incorporating truck �eet information, maintenance history of
those trucks and time series forecasting into one hybrid model, the inventory performance of spare
parts can be further improved. Even with the relatively simplistic truck classi�cation model and
easy to interpret integration method of both the maintenance as the demand series model, the results
prove to be successful.
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1 | Introduction

The automotive aftermarket, which is mainly represented by the sales of spare parts, has grown
into a large business with an estimated worth of e165 billion in Western Europe in 2008 [1] and
$190 billion in the United States in 2010 [2]. Besides the large revenues that can be made in the
automotive aftermarket (it accounts for 63% of the total revenues on a car), it is also used to extend
the relationship with customers by providing them with the right service.

Most modern inventory management systems in the automotive sector have to deal with a number
of di�erent spare parts that run in the order of ten thousands. Demand for those spare parts can
di�er signi�cantly and this also portrays one of the biggest challenges in forecasting spare parts
demand. Parts which are needed frequently or need replacement on a regular basis can be seen as
fast-movers. While these fast-movers may have the highest contribution to total turnover, service
parts with slow-moving and intermittent demand may be responsible for 60% of the total stock
value [3]. Intermittent demand is characterized by intervals where there is no demand and for
periods with actual demand occurrences, there is large variation in the demand levels [4]. It is,
both the variability of the demand size as well as the variability of demand timing, that makes this
type of demand so di�cult to forecast. Standard forecasting techniques, like exponentially weighted
moving averages, are not designed to accurately predict intermittent demand. Since aforementioned
standard techniques place more weight on recent demand, it generates estimates that are highest
just after demand occurs and lowest just before demand occurs again. Considering the amount
of di�erent parts and their relatively high cost price, these inappropriate stock levels can result
in large inventory investments for automotive companies. Keeping a low stock pro�le is only one
consideration. The other consideration which needs just as much attention is the availability of spare
parts. Trucks, which will be subjected in the master thesis, are meant to drive, day in day out. If a
truck breaks down and can not be repaired because a spare item is not in stock, it can not transport
goods or materials, which may result in high downtime costs for truck owners.

This master thesis tries to tackle the above described di�culties of replenishing spare parts
with intermittent demand at a major truck manufacturing company in Europe, called company A.
Numerous attempts of improving their current replenishment policy for intermittent spare parts are
made and presented in this thesis. Firstly, multiple forecasting models within the capabilities of their
current replenishment system are tested. Secondly, well-established time series models specialized
in slow-moving and intermittent demand together with neural network models, newly developed by
the author of this thesis, are tested on the same sample of spare parts. Thirdly, this thesis produces
a new approach in spare parts demand forecasting. Newly developed Hybrid Maintenance Models
are presented, which combine a time series model with information retrieved from maintenance
history. The Hybrid Maintenance Models aim to reduce the forecast error of time series models,
by calculating the demand probability for a certain stock keeping unit when a particular truck is
scheduled for maintenance. This demand probability is incorporated to give a more reliable demand
estimate for that spare part.

The remainder of this chapter will give a brief description of company A and department D where
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this master thesis was executed. The problem statement, research structure, research questions,
scope, methodology and the contributions of this graduation project will also be displayed in the
remainder of this chapter.

1.1. Company description
In this section, a brief description is given of company A, and department D, where this project was
executed.

1.1.1. Company A

This section was removed because of con�dentiality reasons.

1.1.2. Department D

Within company A there is a subdivision called division C, which is responsible for the aftersales
support of company A. It supplies all company A dealer locations with truck and trailer spare parts
as well as with support and service solutions. Within division C, there is a department that supports
the various company A dealers located in Europe and parts of Africa, Asia and Oceania in their
inventory management. This department is called department D. The department was introduced
in 2001 and consists currently out of eleven analysts together with one program manager. Based on
sales data analysis, department D develops parts order recommendations for each dealer location,
which are transmitted electronically to the dealer daily. Department D provides signi�cant bene�ts
to dealers with increased parts availability, improved inventory turns and most importantly, increased
levels of customer service.

At the time of writing this master thesis, division C delivers aftersales support to roughly 900
dealers. Not every dealer of division C is linked to the services of department D however. Dealers
with an annual turnover of less than e250.000, are regarded as unsuitable for department D usage. It
is assumed by division C that their number of sale moments and quantity of sales are too low to make
reliable forecasts possible. If a dealer has su�cient annual turnover, an analyst from department
D can contact this dealer and a process can be initiated to gradually implement the services of
department D. Currently 463 dealers are actively using the department's services and 37 dealers
are setting up shared connections and interfaces or undergoing training and will be ready for active
usage shortly. The dealers where the services of department D are already implemented, cover 89%
of division C's total turnover.

Besides department D, several other stakeholders will be in�uenced by the decisions and changes
as a result of the master thesis project. Two other main stakeholders of the project are identi�ed
and will be described below. Firstly, all dealers that are associated with department D will be
in�uenced by the project. Company A dealers are organizations that aim at selling Company A
branded trucks as well as providing service and maintenance to those trucks. Because most dealers
do not have the knowledge and resources to manage the large amount of spare part inventories, they
can bene�t from the cooperation with company A and the program from department D. The last
group of stakeholders that will be in�uenced by the project, are the customers of dealers. These
customers can be transportation companies with a large �eet of trucks or just truck owners. If a
customer for example, brings in a truck for maintenance, the availability of the right spare parts
will directly impact the duration of the maintenance and therefore the downtime of the truck for
the customer.

The global supply chain of division C consists of suppliers, dealers and customers. To get an
understanding of the supply chain and the most important �ows of information for this project, a
visualization was made in �gure 1.1 by the author of this thesis.
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Figure 1.1: Supply chain of division C

1.2. Problem statement
As stated in the section above, department D aims at optimizing the spare part availability at all
company A's dealers while at the same time reducing the monetary investments in stock levels.
Demand for spare parts arises whenever a component fails or requires replacement. Because trucks
are meant to transport goods and materials from A to B on a daily and nightly basis, they have
to be able to drive at all times. The availability of the right spare parts when a truck comes in for
maintenance has a direct impact on the duration of the repairs. Having the right amount of spare
parts at the right time, can therefore prevent long and costly downtimes for customers. Company A,
its dealers as well as the truck owners all bene�t from a higher spare part availability. Truck owners
bene�t from a higher availability because it reduces maintenance times and therefore the downtime
of their trucks. For both company A and the dealers, a higher service level means higher customer
satisfaction and a better brand image. So one major goal of the project is, to increase the spare
part availability at all dealers linked to the services of department D.

As mentioned earlier, all company A trucks are assembled in a customer speci�c version. This is
one of the reasons dealers have to store a high variety of di�erent spare parts in their warehouses.
Many of these service parts show slow-moving and intermittent demand. A lot of these spare parts
with intermittent demand have the risk of going obsolete, which means that they have a high chance
of not going to be sold anymore. Company A uses a certain policy, where dealers can send a fraction
of those obsolete items as returns to company A where they will be scrapped or resold as used items.
Company A's return policy is explained in appendix B. Company A dealers bene�t for multiple
reasons from lower stock levels. Firstly, less money is invested in inventory and therefore free to be
used for other activities. Secondly, lower stock levels mean lower stock holding costs. Lastly, lower
stock levels reduce the possibility of items going obsolete. Because only a fraction of obsolete items
can be returned to company A, the other portion basically means dead inventory and a waste of
money. The last reason is also the way in which company A can bene�t from lower stock levels at its
dealers. Obsolete spare parts which are send back are evaluated and if possible resold as used items.
Otherwise they will be scrapped, in both cases resulting in lost pro�t. So the second major goal of
the project is to decrease the stock levels at all dealers linked to department D, while maintaining
high spare part availability.

Overall, this master thesis should contribute to company A in improving their current replenish-
ment system in place. These improvements can be made in two ways, either by increasing overall
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spare part availability or by reducing average inventory value at the department D dealers.

1.3. Research structure
Some research aims for a rigorous approach while others have a more practically relevant approach.
This master thesis aims at servicing both research purposes. Since this thesis is executed as a project
for company A, it should logically be of practical relevance. Aim of the project is to improve the
current forecasting system of department D and hereby increasing inventory performance of the
company A dealers. Without relevant advice or improvements that can be implemented and is also
understandable for practitioners, the results of the thesis are of no use to company A. On the other
hand, the aim of a master thesis is to demonstrate deeper knowledge of the major �eld of study
and insights into current research as well as contribute to already existing research and developed
work. So rigorousness of this research is evenly important as is its practical relevance. For above
stated reasons, the structure of this master thesis was divided in mainly three separate parts. Part
one investigates possible improvements in the current forecasting system of department D, called
system B. Part two aims at testing the performance of successful forecasting models found in the
preliminary literature study. New forecasting models based on machine learning were also developed
and tested in part two. In part three the newly developed Hybrid Maintenance Model is presented in
this master thesis. This hybrid model combines time series analysis with independent maintenance
variables in order to achieve more accurate demand forecasts for spare parts. A thorough search of
the relevant literature yielded no similar technique.

1.4. Research questions
This section will describe the research questions of this master thesis and how they were determined.
The methodology that is gradually going to provide the answers to these research questions is de-
scribed in section 1.5. First of all, a main research question was formulated, which answer should
solve the above described problem statement. As already mentioned, the goals of this project is
to improve the current replenishment policy of department D. Improvement of the policy can ei-
ther be realized by increasing overall spare part availability or by reducing average inventory value
at the department D dealers. For this reasoning, the main research question is formulated as follows:

1. How can the performance of the current replenishment policy of department D for
intermittent spare parts be improved?

The answer to this research question should provide company A with improvement suggestions
and the potential bene�ts that can be obtained by implementing these suggestions.

The �rst step in an improvement project is assessing the current situation and de�ning its per-
formance, which should be used as the base model to compare the new situation with. Therefore,
the �rst sub-question of this project should determine the performance of the replenishment policy
of department D currently in place. The �rst sub-question reads as follows:

1.1. What is the performance of the current replenishment policy of department D for
intermittent spare parts?

To determine the performance of department D's current replenishment policy an extensive
analysis will be necessary on department D's current practice. Spare part classi�cation, forecasting
techniques, safety stock levels and price di�erentiation among other important processes need to be
investigated.
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After the current situation at department D is thoroughly investigated and its current perfor-
mance is calculated as a base model to compare other models with, it is necessary to �nd ways of
potential improvement. The search for improved methods is divided into the three sub-questions
below. The �rst and most practical way for company A would be to improve their current replen-
ishment system. Therefore, sub-question 2 is:

1.2. Can the replenishment policy of department D for intermittent spare parts be
improved within the boundaries of their own system?

Interviews with employees from department D and reading through manuals of their current re-
plenishment system are used as starting point in answering this sub-question. After the possibilities
within the current system and the knowledge in department D have been explored, a selection in
forecasting techniques and replenishment parameters is made for further testing. A second way of
searching for ways to improve the current replenishment system, is by using forecasting methods
outside the capabilities of the current system. The third sub-question is formulated as follows:

1.3. Can the replenishment policy of department D for intermittent spare parts be
improved by using other forecasting methodologies?

Not every possible forecasting method can be tested and evaluated on its respective performance.
A selection is therefore made based on knowledge from the preliminary literature study. Besides suc-
cessful models found in the literature, new models can also be derived to support the answer of this
sub-question. A third way of improving the current replenishment system is by utilizing the coop-
erative relationship between company A and its dealers. While most manufacturing companies can
scale down inventories due to tight planning and e�cient scheduling, most service oriented companies
still rely on time series modeling to estimate future demand. By gathering historical maintenance
information on replaced spare parts per truck, this could possibly lead to more accurate predictions
than using only sales history. In the preliminary literature review no article was found that presented
a certain hybrid forecasting model which combines time series with maintenance input variables. A
large portion of spare parts demand is determined by scheduled maintenance. Finding patterns in
speci�c spare part demand for certain truck con�gurations, should give valuable insights in future
demand of this spare part. Therefore, the �nal and fourth sub-question is:

1.4. Can the replenishment policy of department D for intermittent spare parts be
improved by using maintenance data from its dealers?

This last sub-question can be answered by gathering truck maintenance history from department
D dealers. If patterns between spare part demand and scheduled maintenance of a speci�c truck
con�guration exist, they can be incorporated in a new hybrid forecasting technique. This model will
take sales history as well as maintenance history into account when making a new prediction.

1.5. Research scope and methodology

Due to time restrictions of this master thesis, a quick analysis was made at the start of this project to
determine the group of spare parts where fast wins were possible. Currently department D classi�es
its spare parts into three di�erent categories, based on the number of sales moments, called hits, in
the past year. This classi�cation can be found in table 1.1. Spare parts with 40 hits or more in the
past 52 weeks are considered as fast-moving, or so-called A parts. Parts that have seen between 2
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and 39 hits in the last year are considered slow-movers or B parts. Stock class C, the non-moving
parts, are all items with less than 2 hits.

Table 1.1: Stock classes at department D

Class Description Criteria

A Fast-moving part ≥40 hits/year
B Slow-moving part 2 - 39 hits/year
C Non-stocking part ≤1 hits/year

Key inventory characteristics at all department D dealers are summarized in table 1.2 and table
1.3. The �rst table shows the total number of parts and the total value of these parts on stock, in
each stock class, at all active department D dealers. Stock classes R and X, are parts which are
temporarily or inde�nitely blocked by the dealer. This is also explained in section 3.5. The second
table shows the total number of hits with no on hand inventory, in each stock class. As explained
in appendix A, the number of missing hits is used to calculate service level. Because inventory
positions vary over time, two inventory snapshots were taken at di�erent moments in time and
averaged to give a representative overview. The two separate snapshots can be found in appendix F.
From table 1.2, it becomes clear that the �nding by Babai et al. [3] can be con�rmed as regards to
department D. The majority of the inventory volume and value is represented by the slow-moving
and non-stocking parts (stock class B and C). What strikes out the most at �rst sight, is the number
of missing hits in stock class C. This can mainly be explained however by the fact that department
D suggests to hold no stock of these parts. Because stock class B represents the largest share of total
monetary inventory value (44,69%), and because it has the second largest negative impact (17,39%)
on overall service level, improving the performance indicators of this stock class was chosen as the
main objective of this master thesis. Stock class A and C will therefore be left out of scope. This
decision is reinforced by the fact that in the current situation, stock class A parts are replenished
based on a forecasting method, while B parts are replenished with a standard (S-1, S) or (s, Q)
inventory policy.

Table 1.2: Overview of inventory per stock class for all department D dealers

Stock Class Parts on hand Percentage Value on hand Percentage

A 3.121.311,0 22,83% e 30.858.468,14 14,71%
B 5.397.927,6 39,49% e 93.749.803,84 44,69%
C 4.869.170,1 35,62% e 79.576.360,72 37,93%
R 37.007,5 0,27% e 1.522.492,25 0,73%
X 245.015,6 1,79% e 4.069.860,33 1,94%

Total 13.670.431,8 e 209.776.985,28

This thesis tries to compare multiple di�erent forecasting models on the same sample of spare
parts with intermittent demand. To make a fair comparison among these models and to give practical
insights to the company where this project was executed, the following methods were used. A more
detailed description of the methods are explained in sections 5.2, 6.2 and 7.2.

Simulations were con�gured such that the inventory processes of department D were reproduced
as much as possible. Stock levels are reviewed once every evening, orders are delivered once every
morning and orders are placed also once every morning. So both delivery and review time is one
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Table 1.3: Overview of loss in service level per stock class for all department D dealers

Stock Class Hits with no on hand Percentage

A 117.660 9,77%
B 209.339 17,39%
C 757.981 62,96%
R 72.771 6,04%
X 46.128 3,83%

Total 1.203.878

day. This leads to the following daily process. A day starts in the morning when an order, if one
was made the day earlier, is delivered and added to stock. The dealer's parts manager reviews the
suggested order �le, it received during the night, and places its order. During the day stock decreases
with sales to customers resulting in a certain ending inventory. This ending inventory is used to
calculate two important key performance indicators, namely service level and average inventory
value. The ending inventory is also used, together with outstanding orders, to determine whether
an order suggestion for that part should be made. A suggestion is always a multiple of the economic
order quantity or the standard packaging quantity in that respective order. Also the suggestion
should bring the ending inventory plus any outstanding orders back to or above the stock advice
determined by department D. To advise department D on which forecasting models to use and to
facilitate the current spare part classi�cation process, key performance indicators were calculated
for each cut o� value in the number of hits from the range of 40 until 2. In this way, the project
will show department D which spare parts classi�cation and which forecasting model delivers the
best inventory performance. The forecast accuracy of each model tested in this thesis will also be
compared with the use of four performance metrics, besides the stock control implications. The
metrics that were used are the mean error (ME), the mean squared error (MSE), the percentage
best (PB) and the mean absolute scaled error (MASE).

1.6. Contributions
The major contributions of this master thesis are described in this section and structured in roughly
the same fashion as explained in section 1.3. The extensive quantitative analysis in this research
project o�ers multiple solutions to the question on how to improve the current replenishment pol-
icy of department D. Simulations with company A's real demand data showed that large inventory
reductions of 10,39% are possible for slow-moving parts by using the forecasting models available
in their current replenishment system. These high inventory reductions deliver three large bene�ts.
Firstly, dealers save money with less spare parts stocked in their warehouses, this money can be
reinvested to potentially increase future sales, hence leading to higher pro�ts for company A. Sec-
ondly, less amount of inventory also reduces the chances of stock becoming obsolete, hence less spare
parts will return back to company A and therefore less waste. Lastly, department D dealers are
shifting their attention to inventory e�ciency instead of attaining high service levels, hence the new
policy will suit the dealers' preferences. The results of this master thesis are supported by practical
guidelines in the department D Manual which was o�ered as a �nal deliverable to company A and
which can be found in appendix I. This manual is going to be used by department D's employees
to �rstly set out a test pilot with a few selected dealers. The analysts will monitor the progress
of those test dealers. If the real life results are similar to the promised results of this project, the
recommended replenishment policy will be implemented for all department D dealers.
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Besides the models that were available in the system B package, the same simulation runs were
made with the use of successful time series models discovered in the preliminary literature study
and with newly developed neural network models. Despite the theoretical advantages of neural
networks, the time series models proved to be more suited for slow-moving parts than the neural
network models. This con�rms the results of the NN3, which suggest that neural network models can
perform competitively relatively to established methods in time series prediction, but still cannot
outperform them[5]. The claims made by Syntetos and Boylan (2005)[6], that the SBA model is
less biased than the original Croston model can be con�rmed. The SBA model outperformed the
Croston model on all four accuracy metrics used in this research. The TSB model proved to be
the most reliable estimator, which shows the excellence of the model for stock keeping units with
a substantial large number of periods with zero demand. The spare parts sample realized zero
demand for almost 88& of all weeks and 57% of all periods (four weeks), when measured over the
entire research horizon.

In addition to the practical contributions and the con�rmation of other research �ndings, this
master thesis also contributes to a new approach in spare parts forecasting. The Hybrid Mainte-
nance Model was developed as a �rst attempt in making time series models more intelligent by
including preventive maintenance probabilities. The weekly SBA-Hybrid2 model performed similar
to the original SBA model, while the weekly TSB-Hybrid2 model even outperformed the original
TSB model, both on service level as on average inventory value. So by incorporating truck �eet
information, maintenance history of those trucks and time series forecasting into one hybrid model,
the inventory performance of spare parts can be further improved. Even with the relatively simplis-
tic truck classi�cation model and easy to interpret integration method of both the maintenance as
the demand series model, the results proved to be quite successful.
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This chapter describes a brief literature review on some of the in�uential researchers and theories
in the �eld of spare part demand forecasting. After reading this chapter one should understand
the background knowledge discussed throughout this master thesis. The �rst topic that will be
discussed is the classi�cation of spare parts, based on their demand size, product price and other
characteristics. The next section describes some of the more conventional forecasting methods used in
literature and practice, followed by a section describing more advanced methods using computational
intelligence. The �nishing section of this chapter discusses the di�erent ways of assessing forecasting
performance. The focus of this master thesis and therefore this literature review, is on spare parts
with slow-moving and intermittent demand.

2.1. Spare parts classi�cation

Spare parts classi�cation can serve many di�erent objectives. For example, management is interested
in parts that generate the most revenue, where strategic planners are interested in the current
lifecycle stage of the di�erent parts. While both abovementioned objectives are just as important,
the internship project o�ered by company A is aimed at better inventory control. The focus of
this master will therefore be on spare parts classi�cation used for inventory management purposes.
The relevant objective in inventory control is �nding the most accurate forecasting technique and
replenishment policy for the various demand classes [7]. Parts classi�cation can occur on the basis
of multiple di�erent criteria, where cut-o� values have to be chosen to determine the boundaries
between classes.

The most popular criteria used in the literature are part cost, part criticality, demand vol-
ume/value, supply characteristics and demand variability [8][9]. Most of the investigated research
papers ropose multi-criteria classi�cation methods, which are able to take various factors into ac-
count. Bacchetti and Saccani (2012) [9] also investigated the gap between parts classi�cation in
research and practice. They found that in their sample of ten case companies, 8 organizations used
the simple demand volume/value criteria to classify their sparts. Moreover only three companies
used a two-criteria classi�cation method. Notably, no company carries out a categorization based
on demand features. Reasons for the gap between research and practice as described by Bacchetti
and Saccani, were found in that models proposed in the literature are perceived as too complex or
too costly to implement by practitioners. Also decision-makers prefer to rely on their experience
and common sense instead.

A classi�cation method which is widely used in the literature, is the classi�cation scheme devel-
oped by Syntetos, Boylan and Croston (2005) [10]. They raised questions about the applicability of
previously developed classi�cation schemes by Williams (1984) [11] and Eaves (2002) [12], because
of the rather arbitrary assignment of cut-o� values. Syntetos et al. (2005) [10] took a di�erent
approach in the search for their criteria and cut-o� values. First alternative estimation procedures
were compared and the regions of superior performance for each one of them were identi�ed. The
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demand patterns based on the method's comparative performance were de�ned next and which es-
timation procedure peforms best on each particular demand category was tested accordingly. The
decision rules presented in the paper were an outcome of a comparison between theoretical mean
squared error (MSE) performances. The classi�cation quadrant and its cut-o� values as presented
by Syntetos et al. (2005) [10] can be found in �gure 2.1. The scheme makes use of the following two
criteria:

p = 1, 32 (2.1)

CV 2 = (
σ

µ
)2 = 0, 49 (2.2)

where p can be de�ned as the time between two non-zero demand arrivals, µ is the average
demand size, σ is the standard deviation of measured demand and CV 2 is the squared coe�cient of
variation, which measures the demand size variability.

Figure 2.1: Classi�cation scheme according to Syntetos et al. (2005) [10]

Further research on the above mentioned classi�cation scheme was performed by Kostenko &
Hyndman (2006) [13], to show which forecasting method can best be used for each demand category.
Kostenko and Hyndman (2006) [13] pointed out that the rules de�ned in the scheme by Syntetos et
al. (2005) [10], were approximate. The relationship between the Croston method and the Syntetos
and Boylan Approximation (SBA) method made them suggest the following approximation rule:

Use the SBA model instead of the Croston model whenever:

CV 2 > 2− 3

2
p (2.3)

2.2. Forecasting intermittent demand with time series models
Ever since Croston (1972) [14] developed its forecasting approach, it has been considered as the
benchmark in intermittent demand forecasting [6][15]. Because of its major in�uence in the �eld

10 S.T. Visser - Forecasting the intermittent and slow-moving demand of spare parts



CHAPTER 2. LITERATURE REVIEW

and because it is widely used by practitioners, this section will discuss the original Croston method
and its shortcomings that led to the modi�ed versions as found in the literature. An audit of a
routine stock control system that used exponential smoothing for forecasting demand, revealed that
for some low demand items the stock levels appeared to be excessive. This motivated Croston to
aim his research at developing a method that could overcome the errors that arised if there are many
review intervals in which no demand had occurred. The Croston algorithm gives a separate estimate
of the inter-arrival time, and of the demand when it occurs. It assumes that the interdemand
intervals are geometrically distributed (with mean p). The demand sizes are assumed to follow
the normal distribution (with mean µ and variance σ2). Separate exponential smoothing estimates
of the average size of demand and the average interval between demand occurences are calculated
after demand occurs. So if no demand occurs, the estimates remain exactly the same as before.
A major paper that showed shortcomings of the original Croston method was written by Syntetos
and Boylan (2005)[6]. They showed that Croston's estimator is biased and that the bias can be
approximated for all smoothing constant values. In the same paper, they presented a new method,
the Syntetos-Boylan approximation (SBA), which corrects this bias. Since the presentation of the
SBA method by Syntetos and Boylan (2005)[6], it is widely used in other research on intermittent
demand [15][16].

Research executed by Romeijnders, Teunter and van Jaarsveld (2012) [17] showed empirical
evidence that both Croston and SBA can not deal well with sudden drops in demand, implicating
that it does not perform well for items that are going obsolete. A method that adresses this problem
of obsolescence was described by Teunter, Syntetos and Babai (2011) [18]. Their method, called TSB
after its researchers, is di�erent than Croston in that it updates the demand probability instead of
the demand interval. The main advantage of this adjustment is that demand probability can be
updated every period, where demand interval can only be updated after an occurrence of positive
demand. The demand size is, just like in Croston's method, updated after every demand arrival.
The TSB method is more quickly to react to situations with sudden obsolescence or increasing risk
of obsolescence, because Croston would not update its estimations until another positive demand
arrives, which is unlikely to occur if an item goes obsolete [18]. The detailed elaboration of the
Croston, SBA and TSB models can be found in chapter 6.

2.3. Forecasting intermittent demand with machine learning models
Machine learning is a method that allows researchers and data scientists to produce reliable predic-
tions and hidden insights through identifying historical patterns and trends in data. With the rise
of computational power, multiple di�erent approaches of machine learning have been developed and
used for forecasting demand, both in theory as well as in practice.

One popular group of machine learning techniques are arti�cial neural networks or neural net-
work (NN) models. NN's were originally inspired by biological neural networks and are used to
estimate functions that can depend on a large number of inputs. They are composed by a num-
ber of interconnected processing elements, which are called neurons or nodes. The most in�uential
models belong to the category which is called the multi-layer perceptron (MLP). Each node in the
network receives an input signal which is the total information from other nodes or external stimuli.
This information is processed locally through a transfer or activation function and produced into a
transformed output signal to other nodes or external outputs [19].

Neural networks have a few characteristics that provide numerous useful advantages over tradi-
tional forecasting methods like Croston and its modi�ed versions. First, NN models are universal
functional approximators. This means they can approximate just about any continuous functional
relationship [4][19]. Second, they can capture both linear and non-linear patterns in data. Tradi-
tional prediction methods assume that the time series are generated from a linear process, while in
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fact many real world systems are often non-linear [19][20]. Third, they are data-driven self-adaptive
methods with an assumption free nature [19][21]. The last advantage of NN methods is that they al-
low for an interaction between the demand size and the demand intervals between non-zero demand.
If such an interaction can be identi�ed from the data, this would provide very useful information
[21]. This large �exibility and freedom appertaining to neural networks is the most powerful aspect
of NN modeling and also the reason of its attention in the literature.

Two risks of forecasting with NN models need to be adressed too. NN's are often seen as
data hungry models and require a large sample of training data [4]. Especially when dealing with
intermittent demand, few data observations are available in the training process. Another issue of
using neural networks is the risk of over�tting. Over�tting makes the model unable to be used on
other data samples and thus losing its generalization abilities [19].

Another approach in forecasting spare parts demand with the use of machine learning methods
found in the literature, is forecasting with support vector machines (SVM). A SVM constructs a
hyperplane, or set of hyperplanes, which can be used for classi�cation or regression tasks. The goal
of a SVM is to develop a seperation, created by the hyperplane, that has the largest distance to
the nearest data point of any class. It is both possible to create a linear as well as a non-linear
hyperplane. Using SVM's over NN could contribute to two theoretical advantages. The �rst one is
that SVM's provide better generalization performance. Secondly, the solutions of SVM's are unique
and absent from local optima. This is a result of the training process, which is equivalent to solving
a linearly constrained quadratic programming [22].

2.4. Performance metrics
The literature provides us with a large set of performance measures that can be used to compare the
accuracy of di�erent forecasting techniques for estimating spare parts demand. These metrics are
generally divided into two types of metrics, forecasting accuracy metrics and stock control metrics.
The accuracy metrics give insights in the deviation between estimated and realized demand. The
stock control metrics give insights in the more practical implications of a forecasting model. Inclusion
of both types of metrics is important, because multiple studies have shown that the e�ciency of
stock control systems is not necessarily directly related to forecasting performance. They showed
that if forecasting method A has a higher forecasting accuracy than method B, forecasting method
B can still have a higher service level and/or lower stock level [21][23]. Other research concluded
that a single performance measure does not represent all the di�erent dimensions of the forecast
errors, and that therefore multiple complementary error measures should be used [24].

Before discussing accuracy measures and their relative advantages, it must be noted that several
standard forecast error measures frequently appearing in the literature do not provide fair evaluations
for intermittent demand series. This is due to the large number of periods with zero demand. All
relative-to-the-series measures like the mean absolute percentage error (MAPE) are impossible to
calculate because of the zero values as denominator. Also the relative-to-a-base measures have to
be discarded. In the latter case the forecast error is compared to some sort of benchmark, which
usually is the error produced by the naïve method for the same period, which would also often be
zero.

Research executed by Hyndman and Koehler (2006) [25], discusses and compares multiple dif-
ferent measures of accuracy for time series forecasts used in the M- as well as the M3-competition,
which are both well-known time series forecasting competitions. They propose that all have prob-
lems and can give in�nite or unde�ned values in commonly occuring situations when investigating
intermittent demand. It is suggested that scaled errors, where the forecast error is scaled by the
in-sample mean absolute error obtained using the naïve forecasting method, should become the stan-
dard measure for forecast accuracy. The new measure that is proposed by Hyndman and Koehler
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(2006) [25], MASE, is widely applicable, gives de�ned and �nite values, and is easy to interpret.
Values of MASE greater than one indicate that the forecasting method performs worse, on average,
than in-sample forecasts from the naïve method. MASE can be calculated with the use of equations
2.4 and 2.5.

MASE =
1

n

n∑
i=1

|qt| (2.4)

where qt represents a scaled error and is determined in the following way:

qt =
Yt − Ŷt

1
n−1

∑n
i=1 |Yi − Yi−1|

(2.5)

Where Ŷt measures a demand forecast, Yt and Yi represent actual demand and Yi−1 indicates a
demand estimate made by the naïve method.

Other commonly used accuracy measures like the ME and MSE are also included in this master
thesis to evaluate the multiple demand forecasting models. Because these models depend on the
scale of the data, it only makes sense to use them for comparing the performance of models on the
same data set, which is the case for this master thesis. The equations behind the ME and MSE
metrics are visible in equations 2.6 and 2.7. One of the reasons these measures are widely used in
theory and practical applications is the simplicity of calculation and interpretation of the metrics.

ME =
1

n

n∑
i=1

(Yi − Ŷi) (2.6)

MSE =
1

n

n∑
i=1

(Yi − Ŷi)2 (2.7)

Forecasting performance in an inventory context should not only be evaluated through accuracy
metrics. As stated in the beginning of this section, accuracy and stock control metrics can provide
con�icting results and should therefore be used jointly. In addition, inventory metrics are directly
related to the performance and decision making of organizations, and should therefore give better
insights to practitioners.

Stock control measures which are comprehensively used in the literature are metrics relating to
inventory cost and service level [21][23][26]. Stock-holding or inventory costs are relatively straight-
forward to interpret. Generally they are calculated as a percentage of the value of inventory invest-
ment, where the percentage can take factors such as cost of capital and warehousing into account.
Service level is generally seen as the o� the shelf availability of items and two common measures
used in the literature are de�ned by Silver, Pyke and Peterson (1998) [27]. The �rst one is α or
P1, which measures the fraction of replenishment cycles in which the total demand can be delivered
from stock. The second one is β or P2, which is known as the fraction of total demand that can be
delivered from stock.

S.T. Visser - Forecasting the intermittent and slow-moving demand of spare parts 13
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This chapter describes the current practice of department D. The purpose of this chapter is to provide
the reader with an idea of department D's most important data �ows, the way department D classi�es
spare parts and its current replenishment policies. An overview of the dealer and distribution network
can be found in appendix D.

3.1. Data �ow between company A and its dealers
On a high level the data �ow between department D and its dealers can be described as in �gure 3.1.
The process begins when a dealer sends a Dealer Inventory File (DIF), which contains their sales
and inventory data of that day, to company A. This happens every evening automatically. That
same night system B checks for every part, if the inventory on hand and on order dropped below
the calculated reorder level. If so, the system makes an order suggestion. All order suggestions are
sent to the dealer in a Suggested Order File (SOF). Based on the information in the SOF, which
the dealer can review the next morning, the dealer can make some last adaptations if needed. It is
important to know that a dealer is not obliged to follow department D's order suggestions. After
the dealer made its �nal adjustments, it can place the �nal order in the ordering system of company
A, the Parts Logistics System (PLS). Company A will, once they received the �nal order, deliver
the parts within the agreed delivery times.

Figure 3.1: Data �ow between company A and an department D dealer

3.2. Spare part classi�cation
Department D uses a two-step approach and three di�erent criteria to classify their stock keeping
units. The three criteria are the number of sales moments in the last 52 weeks, also called hits,
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the sales quantity in the last 52 weeks and the sales price of a standard packaging quantity (SPQ).
The �rst step only looks at the number of sales moments over the last 52 weeks of that speci�c
SKU, and separates the di�erent parts into three classes. A part that has seen no demand or only
once in the past 52 weeks is regarded as a non-stocking part, or class C, and parts with 2 hits or
more are in general regarded as stocking parts. Only stocking parts are suggested to be replenished,
where dealers will not receive an order suggestion for non-stocking parts. After classifying parts
into stocking and non-stocking parts, stocking parts are, again by looking at the number of hits,
classi�ed into fast- and slow-moving parts. Parts with 40 hits or more in the past year are regarded
as fast-movers (class A), while parts with less than 39 hits are regarded as slow-movers (class B).

An overview of the product classes can be found in table 3.1. Only the parts allocated in the
A-class are replenished with the use of a forecasting method. These forecasts are calculated using
the Lewandowski algorithm which is explained in section 5.1. The B-class parts are replenished
according to a regular (S-1, S) or (s, Q) inventory policy. The C-class parts are called non-stocking
parts, which means no order suggestions are given for these parts.

Table 3.1: Stock classes and order suggestions

Class Description Criteria Order Suggestion

A Fast-moving part ≥40 hits/year Lewandowski
B Slow-moving part 2 - 39 hits/year (s, Q) or (S-1, S)
C Non-stocking part ≤1 hits/year No suggestion

3.3. Replenishing slow-moving parts
Spare parts which have 2 or more, but less than 40 hits in the last 52 weeks, are categorized as
stock class B items at department D. Besides the grouping based on the number of hits, all B parts
are then further categorized according to their respective SPQ price and number of sales in the last
52 weeks. An example of the entire categorization and replenishment process at department D is
presented in �gure 3.2.

Figure 3.2: Example of the spare part classi�cation process at department D

It can be seen in the �gure that for an item, which is worth e37.50, has 20 sales moments and
a quantity of 35 units sold in the last 52 weeks, 4 pieces should be kept in stock. The parameter
settings used for this categorization process can di�er for every location, as each dealer can dis-
cuss its preferences with his assigned analyst from department D. Based on analyses and previous
experiences, the analyst also gives advice on these parameter settings to the dealer.
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3.4. Replenishing fast-moving parts
As mentioned in section 3.2, the spare part demand of all A parts is forecasted with the Lewandowski
algorithm available in system B. This section will roughly explain how the forecasting process is put
in place. The speci�cs of the algorithm will be explained in more detail in section 5.1.

The forecasting process in system B is scheduled at the last day of each period, which is a four
week cycle. So the estimated quantities for each stock keeping unit are only updated once every four
weeks. The data which is used as input for the Lewandowski algorithm, are weekly sales records.
Every Sunday evening, the daily sales data received from the dealers in that week is aggregated into
weekly sales data. The reason of this aggregation is because company A's databases would run out
of memory space otherwise. The forecast output of the model, is the total amount of parts which is
expected to be sold in the upcoming period.

Stock advices for stock class A parts are determined by combining the forecast quantity and the
amount of safety stock for that part. The forecast quantity is the amount of sales that is expected for
that entire period, as explained in the part above. As safety stock is always a number of weeks sales
forecast, the forecast quantity should be multiplied by the number of weeks safety stock divided by
4 (because a period consists of four weeks) to determine the stock advice. Represented in a formula
this becomes:

SAt =
Yt · SS

4
(3.1)

Where SAt is the stock advice for time t and Yt is the calculated forecast for time t. To give
an example: Assume a demand quantity of 30,29 units is forecasted for the upcoming period. Now
suppose this part has a safety stock of 21 days determined by its price and the parameter settings
chosen for this dealer. The stock advice or reorder level is calculated as followed:

SAt =
30, 29 · 3

4
= 22, 72 = 23 (3.2)

So when inventory on shelf plus outstanding orders for this part drops below 23 units, an order
suggestion is made by department D.

3.5. Department D and dealer interaction
As mentioned before, the dealer does not have to follow department D's order suggestions and can
adjust the suggestion whenever he wants to. Besides the fact that every dealer has its own parame-
ter settings there are also some restrictions that the dealer can implement in the system to further
in�uence future order suggestions. These restrictions and other interaction messages are mentioned
below.

Block parts permanently (X) - When a dealer does not want department D to make an
order suggestion for a speci�c product, for example because he wants to order that product from
another distributor, he can adjust this by showing a letter X after the product in question. After this
message the product will not be suggested anymore. If the dealer wants the order to be suggested
again by department D, he has to contact company A.

Block parts till the next sale (R) - A second manual adjustment that can be made is to
block the product till the next sale. This can be expressed with the letter R. This can be especially
useful with seasonal products. If a product is not going to be sold for a long time, the dealer can
block it until the next sale. As soon as the product starts selling again, system B will automatically
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start making order suggestions for that product again.

Min/max stock settings - Other practical adjustments that can be made are the mini-
mum/maximum replenishment level settings where the dealer can, as the name already says, set
a minimum or maximum quantity for a product department D suggests. A maximum quantity can
be useful when a dealer has, for example, a restricted stocking space. A minimum quantity can
become useful if a dealer expects a sudden increase in sales for the product, or if a product is new
and system B cannot set replenishment level since there is no sales history.

Job Quantity (JQ) - At last the dealer can set the JQ. This is the case when a product, for
example, is only sold, from dealer to customer, in packages of six. System B will automatically
adjust its suggestion in such a way that the replenishment level is dividable by six.

Supersession - department D can activate a so-called supersession in its system. These can
happen automatically, when a certain SKU from company A's assortment is replaced by a new one,
or manually, when for example a dealer will buy a di�erent version of a certain SKU from now on.
Both give the same results, all sales history for the old SKU is copied. In this way department D
can use sales history from the superseded SKU to give more reliable order suggestions for the new
SKU.

Free text message - Of course if the dealer has any other noti�cations regarding a certain
product they can state this in a free text message, called the SOF message. An example of a SOF
message could be a small noti�cation that reminds a dealer of certain quantum price for that part.
For example 'QP10 / 20 / 40', can remind a dealer that he will receive a reduced parts price on
orders of 10, 20 or 40 units.
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This chapter discusses how all real demand data from company A and real maintenance data from
its dealers was gathered for this study. Both the data gathering, sampling and data preparation
procedures are discussed and descriptive statistics of the sample are presented.

4.1. Data gathering
As mentioned earlier in this thesis, department D receives daily sales data from all dealers. These
daily sales data are aggregated into weekly buckets at the end of each week. So at the beginning
of each week, this daily sales data is lost and only the weekly data is saved. These daily sales data
however, were necessary for calculating the stock control implications of every replenishment policy
tested in this thesis. Weekly sales data are not su�cient because most dealers have delivery lead
times of just one or two days. A di�erent department within company A, called department E, was
found that saves all sales records of the dealers as separate invoices. This department was contacted
to retrieve the required daily sales data of the dealers selected in the sample. Because the new
Hybrid Maintenance Model, presented in section 7 of this thesis, incorporates truck characteristics
and maintenance data, interviews were planned with a number of large dealers that were interested
in the possibilities of this research project. These dealers, associated with dealer group I, were
interested in a cooperation for this research project and provided the required dataset. So all data
gathered for this master thesis came mainly from three sources.

Firstly, the database of department D is used to retrieve all data required for calculating the
forecasts with system B, the models that were found in the literature and the arti�cial neural
networks made by the author of this thesis. Most importantly this data consists of weekly sales and
hits for every stock keeping unit known at company A. Other stock keeping unit characteristics were
also retrieved from this dataset, like the economic order quantity, standard package quantities and
sales prices. Secondly, department D's database is used to retrieve all sales invoices from the start
of 2015 until May 2016, the time of executing this master thesis. These invoices represent an actual
sale of a stock keeping unit from a dealer to a customer. This data is used to analyze the daily
inventory �uctuations and calculate the coherent stock control implications of each replenishment
policy. Lastly, the maintenance data from dealer group I is used to retrieve their complete truck
chassis �le with all information that is known for each chassis. This data contains characteristics of
each chassis like, axle con�guration, truck type, build year and engine speci�cs. Besides the chassis
characteristics, it also contains the maintenance history of each chassis over a period of time. This
last dataset is used to build the Hybrid Maintenance Model, using both sales and maintenance data,
presented in chapter 7.

Five Dutch dealer groups were chosen as a sample in this case study. The dealer groups are
called dealer group F, dealer group G, dealer group H, dealer group I and dealer group J. The full
sample consists out of 28 dealers, where group F has 4 dealers, group G has 7 dealers, group H
has 4 dealers, group I has 6 dealers and group J has 7 dealers included in the sample. There are
a few reasons for the selection of these dealer groups. They were chosen as a sample because all
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dealers in these groups have the same delivery lead time and the sales data is aggregated on the
same day, namely one day and Sunday respectively. Having the same lead time and end of week day
made analysis signi�cantly more e�cient. Another reason for the selection is the fact that not all
dealers are as professional. Some dealers register their sales invoices only once a week or even once
a month, which would make the daily sales records from department E's dataset useless. These �ve
Dutch dealer groups however, are known for their professionalism and solid administration among
the analysts from department D. In table 4.1 an overview is given of the average inventory value as
well as the cost of sales over a full period per dealer group, to show how the dealers in the sample
contribute to the overall volumes of all live department D dealers. When looking at inventory value,
the sample is responsible for 4,87% of all stock kept by the dealers measured in value. The dealer
sample represents a portion of 5,63% of the total sales volume, so slightly higher than the inventory
value fraction.

Table 4.1: Overview of inventory and cost of sales values per dealer group in the sample

Dealergroup Inventory Value Percentage Cost of Sales Percentage

Group F e 1.347.135,67 13,36% e 366.414,37 12,72%
Group G e 1.950.628,45 19,34% e 534.581,96 18,56%
Group H e 1.526.997,48 15,14% e 290.109,99 10,07%
Group I e 2.933.788,01 29,08% e 785.611,58 27,27%
Group J e 2.328.445,75 23,08% e 904.243,61 31,39%

Total e 10.086.995,35 4,87% e 2.880.961,51 5,63%

All dealers e 207.246.906,11 e 51.149.191,01

4.2. Sampling procedures
The previous section explained how the dealer sample was determined. After this section, the
reader should understand which steps were taken to arrive at the �nal stock keeping unit sample.
An overview of the number of remaining stock keeping units per dealer group after each step is
summarized in table 4.2. Firstly, all stock keeping units were selected that had at least one sale over
the horizon of January 2013 until May 2016. This resulted in a total sample of 54.133 stock keeping
units.

Department D gives no order suggestions for C-parts, so for all SKU's with zero or one sales
moments over the rolling horizon of 52 weeks, no reorder levels could be calculated with the current
parameter settings and these SKU's were therefore removed from the sample. After the �rst deletion,
a sample of 26.857 SKU's remained. As explained in the research scope in section 1.5, this thesis
focuses on improving the inventory performance of B-parts. So all SKU's that were considered an
A-part over the entire research horizon were also deleted from the sample. This resulted in a sample
of 22.575 SKU's.

The third and �nal procedure was checking if the weekly sales data from department D's database
was consistent with the daily sales data from department E's database. Unfortunately, this was not
the case. For each SKU in the remaining sample, the number of hits and sales from both datasets
were summed over the entire research horizon and large �uctuations were found. After interviewing
employees from department D and department E as well as the parts manager from a dealer group,
these discrepancies could be explained by the following three reasons. (1) Supersessions, which are
explained in section 3.5, activated in department D's system can cause sales for a new part to be
in�ated by the added sales of the superseded part. (2) Parts managers from dealers can exclude
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certain sales transactions from their DIF, which means the records do not show up in department
D's database. A reason for this exclusion can be a special deal or large order, which he thinks is not
part of the regular sales pattern. (3) Manipulation of data, by parts managers from dealers, sent
to department D could be the last reason as mentioned in the interviews. By manipulating certain
sales records, a parts manager can directly in�uence department D's order suggestions in any way
he would desire.

Because no fair evaluation can be made if SKU's with a large deviation in the daily and weekly
sales data would be included, these parts were also deleted from the sample. An absolute deviation
in hits as well as in sales of up to 2 was allowed in this last selection phase, because the sample
would be too small if no deviation was allowed. The last deletion of SKU's resulted in a �nal sample
size of 10.187 spare parts.

Table 4.2: Overview of SKU's per dealer group after each sampling procedure

Dealergroup Start sample Delete C parts Delete A parts | ≤ 2 | Department D & E

Group F 6.238 3.569 2.967 1.593
Group G 9.021 5.490 4.784 1.082
Group H 4.982 2.906 2.445 1.222
Group I 19.837 6.459 5.439 2.598
Group J 14.055 8.180 6.940 3.692

Total 54.133 26.604 22.575 10.187

4.3. Descriptive statistics of sample
After the data collection and sampling procedures, the spare parts sample contained 10.187 stock
keeping units as mentioned in section 4.2. Some descriptive statistics are displayed in this section
to give the reader a clearer understanding of the various parts characteristics. A summary of the
descriptive statistics is visible in table 4.3, where the spare parts have been divided into four groups
based on their respective movement or number of hits.

Table 4.3: Descriptive statistics of spare parts sample

Hits
30+ 29-20 19-10 9-2 All

Number of SKU's 501 537 2.352 6.797 10.187
Average SPQ price e 74,93 e 73,62 e 69,00 e 74,33 e 73,09
Average yearly demand 67,08 45,30 20,33 8,53 16,07
Standard deviation of demand 48,23 203,67 20,29 12,71 52,11
Average interval (week) 3,27 4,54 6,48 11,14 9,33
Average interval (period) 1,42 1,64 2,08 3,17 2,75

What becomes clear from the table is the large portion of stock keeping units with very slow
moving demand, meaning less than 10 hits. 6.797 SKU's (67%) of the total sample ranges between
2 and 9 hits per year. The average price of a standard package quantity does not vary that much
among the groups of spare parts. Intuitively, the highest average yearly demand can be found in
the group of SKU's with 30 or more hits per year. What strikes more is the very high standard
deviation in the group of spare parts with hits between 29 and 20. This is mainly caused by a few
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spare parts in this group which show heavily erratic demand. Equation 2.1 from the classi�cation
scheme developed by Syntetos et al. [10] divides spare parts based on their average demand interval
values. An average inter arrival time of 1.32 month or higher indicates that Syntetos et al. would
recommend to use the SBA model over the Croston model when forecasting future demand. When
looking at the displayed average intervals values per period (four weeks) in table 4.3, it is safe to say
that almost all sampled parts fall above this cuto� value and SBA would be the preferred model.
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In this chapter the forecasting models and replenishment policies, which were possible within the
boundaries of department D's current system, are explained. The di�erent methods are compared by
using multiple performance metrics. Both the forecast accuracy and the stock control implications
of every method are investigated. The �nal results of this chapter will give an answer to research
questions 1.1 and 1.2 and can be regarded as the major contribution of the project for company A.

5.1. Forecasting models
This section describes the models and methods that were used for answering the research questions
1.1 and 1.2 of this master thesis. The motivation for selecting Lewandowski and AVS-Graves is based
on the capabilities of department D's replenishment system and the knowledge on forecasting among
analysts from department D. Because of con�dentiality reasons, the speci�cs of the Lewandowski
algorithm, AVS-Graves algorithm and Demand Classi�cation process could not be shared by the
developers of system B unfortunately. The upcoming sections will therefore describe the algorithms
and DC process as thoroughly as possible, to give the reader a good understanding of the mechanics
of the models.

5.1.1. The Lewandowski model
Lewandowski is an adaptive smoothing algorithm which can deal with a lot of di�erent demand
patterns. It can manage parts with trend, seasonality, high demand and low demand. Unlike most
other algorithms, Lewandowski does not assume that all businesses have a stable sales pattern. The
Lewandowski algorithm generates a forecast in a three step process:

STEP 1 - Decompose history into static and dynamic elements of demand. History overrides are
static elements because the impact of the override is speci�ed for that one time event. In performing
the decomposition, Lewandowski removes the static elements of the demand history.

STEP 2 - Fit a model to the history using optimization and expert techniques. Lewandowski
analyzes the dynamic, or changing, elements of the history. During this analysis, the algorithm
uses another decomposition technique to determine which portion of the history is caused by which
component of demand. Using up to six optimization steps, Lewandowski determines the best blend
of mean and seasonality to explain the resulting dynamic total. As it optimizes the analysis, it learns
from errors made in previous tuning cycles.
The �ltered history after step 1, is divided into initial estimates of the three dynamic model com-
ponents: dynamic mean, seasonality and data-driven events. Data-driven events are time-limited,
measurable events, such as a promotion or delivery problem. After this, Lewandowski determines
what it would have predicted as a forecast for the historic periods before the prediction date. This
results in the �tted history. The initial estimated model is compared with the �ltered demand history
and the amount of model error during each time period is calculated. The next step is to optimize
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the dynamic model components by allocating the correct amount of error to each. The algorithm
completes several of these iterations (up to 6 iteration rounds are possible), to optimize the impacts
of the three dynamic model components mentioned above. After all iterations are completed and
the impacts of the dynamic model components are �nalized, the impacts of the static components
are reapplied to derive the �nal �tted model.

STEP 3 - Project the �tted model into the future. Lewandowski develops the forecast trend
by synthesizing the short-term trend and medium-term trend. It determines the best blend of both
these trends to project the future trend. With the use of this future trend, the �tted model is
projected into the future. This technique addresses the challenge of creating an accurate forecast
across all horizons.

The Lewandowski model is the forecasting algorithm that was already being used for class A
spare parts at department D, as described in section 3.4. That is also the main reason why it is
used for research in this master thesis. Using the Lewandowski model for class B parts, would not
require further training for the current employees from department D. Besides that, the algorithm
works well with numerous demand patterns. A third reason is the �exibility of the model and the
easy way in which department D's analysts can in�uence the forecast model by changing all the
di�erent parameters. The most important Lewandowski parameters and their impact is described
in the department D Manual, found in appendix I, written as a �nal deliverable of this project for
company A.

5.1.2. The AVS-Graves model

AVS-Graves is an adaptive smoothing algorithm that focuses on slow-moving and intermittent de-
mand patterns. Intermittent in this context refers to randomly distributed demand with a high
zero content. The smoothing parameter used in this model is automatically adjusted based on the
percentage error in each period. The adjustment occurs only in periods of non-zero demand or when
the criterion for a forced update is satis�ed.

AVS-Graves works in similar fashion as Croston, meaning it produces a �at line forecast which is
only updated when demand occurs. The Croston algorithm is explained in section 6.1. AVS-Graves
has several advantages over Croston however. The AVS in AVS-Graves stands for adaptive variable
smoothing, meaning it can automatically adjust its smoothing parameter based on the errors it made
in previous forecasts. Besides the fact that this causes the model to learn and become theoretically
more accurate over time, it also reduces the workload of analysts from department D. Another
advantage is that the algorithm has the ability to model cyclical patterns of demand. A third and
very import advantage of AVS-Graves over Croston, is the ability to update its demand estimate
even if no demand occurred. A parameter called the frequency factor, determines how many periods
of zero demand are allowed before an update is forced. Since Croston only updates its estimates if
demand occurs, AVS-Graves reacts better on spare parts with longer intervals of zero demand.

The most important AVS-Graves parameters and their impact is described in the department D
Manual, found in appendix I, written as a �nal deliverable of this project for company A.

5.1.3. Demand Classi�cation

Demand Classi�cation is the process ran in system B to classify the SKU's into classes of di�erent
demand patterns. Each part is then linked to a certain forecasting algorithm that is best suiting for
that demand class. This process is not yet utilized in the current system of department D, but was
chosen to include in this research project because of its promising features.
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The DC process can be con�gured to run automatically at the end of each quarter, period, week
or any other time period. The process can also be started manually at any given point in time. The
entire process exists of four stages which are all brie�y explained in the department D Manual in
appendix I.

There was no existing knowledge on the DC process in department D. For that reason, conference
calls were scheduled with another department associated with company A, which has knowledge on
this process. Based on their advice, the Demand Classi�cation was manually ran at the end of
each quarter. The cut-o� values that were determined, based on advice from earlier mentioned
department, to classify spare parts in a certain demand class are summarized in table 5.1. As shown
in the table, the spare parts classi�ed with continuous and erratic demand were assigned to the
Lewandowski model. The SKU's with lumpy demand were assigned to the AVS-Graves model. Also
all new parts, parts with less than 12 periods sales history, were assigned to the AVS-Graves model.

Table 5.1: Demand class criteria and the allocated forecasting models

Class Criterium Cut-o� value Model

Continuous Seasonal Periods with zero demand 10% Lewandowski
Seasonal con�dence level 95%

Continuous Non-Seasonal Periods with zero demand 10% Lewandowski
Erratic Seasonal Periods with zero demand 35% Lewandowski

Seasonal con�dence level 95%
Erratic Non-Seasonal Periods with zero demand 35% Lewandowski
Lumpy Seasonal Periods with zero demand 90% AVS-Graves

Maximum variance/average ratio 1
Seasonal con�dence level 95%

Lumpy Non-Seasonal Periods with zero demand 90% AVS-Graves
Maximum variance/average ratio 1

New Non-Seasonal Maximum number of demand periods 12 AVS-Graves
Obsolete Periods with zero demand 18
Management Control Maximum number of demand periods 6 AVS-Graves

5.2. Methods
This section will explain how the simulations per stock keeping unit were set up and how all reorder
levels were determined. These simulations were con�gured such that the inventory processes of
department D were reproduced as much as possible. One assumption had to be made however.
Every order suggestion made in the simulation is followed by an order of the same amount the
next day. In real life, dealers can deviate from department D's order suggestions, but the goal of
these simulations is to analyze the performance of the order suggestions and not the dealer's order
decisions. Stock levels are reviewed once every evening, orders are delivered once every morning
and orders are placed also once every morning. So both delivery and review time is one day. This
leads to the following daily process. A day starts in the morning when an order, if one was made
the day earlier, is delivered and added to stock. The dealer's parts manager reviews the suggested
order �le, it received during the night, and places its order. During the day, stock decreases with
sales to customers, resulting in a certain ending inventory. This ending inventory is used to calculate
two important key performance indicators, namely service level and average inventory value. The
ending inventory is also used, together with outstanding orders, to determine whether an order
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suggestion for that part should be made. A suggestion is always a multiple of the economic order
quantity or the standard packaging quantity in that respective order. The suggestion should bring
the ending inventory plus any outstanding orders back on or above the stock advice determined by
department D. A visualization of these daily operations can be found in table 5.2, which shows a
random example. The part in this example has a standard packaging quantity of 3 units.

Table 5.2: Example of daily inventory �uctuations in the simulations

Day Starting inventory Order Sales Ending inventory Stock advice Suggestion

(...) (...) (...) (...) (...) (...) (...)
150 5 0 1 4 4 0
151 4 0 1 3 4 3
152 3 3 0 3 4 0
153 6 0 2 4 4 0
154 4 0 4 0 4 6
155 0 6 0 0 4 0
(...) (...) (...) (...) (...) (...) (...)

Now the simulation method has been described, the method of calculating all di�erent stock
advices will be explained. In the current system of department D, forecast quantities are only
calculated for all parts with 40 hits and more over the last week and only the Lewandowski model
is implemented. To calculate the forecasts that system B would have made for spare parts with less
than 40 hits or with a di�erent forecasting model than Lewandowski, changes needed to be made
in department D's system. Because changing the current system would directly impact the dealers
order suggestions, access was given to a test version of department D's system. This department
D test environment is a copy of the live system of department D, but without the consequences for
the dealers when testing with di�erent parameters. The four di�erent situations that were tested to
�nd possible improvements in department D's system are:

1. The Lewandowski model

2. The AVS-Graves model

3. The Lewandowski & AVS-Graves model

4. The Lewandowski & AVS-Graves model allocated by the Demand Classi�cation model

These four situations have to be compared against the current performance of department D's
system, or the base model. So �rst step is to calculate all stock advice levels determined by the
current B parameter settings over the simulation horizon. These B parameter settings have been
explained in section 3.3, and use SPQ prices and quantity sold over the past 52 weeks to determine
a stock advice. By aggregating the weekly sales data starting from January 2014 for a rolling 52
week horizon, the number of hits and sales in past year could be calculated per week for each part.
The number of sales could then be used to determine the stock advice per week for each part. The
number of hits was necessary for evaluating the service level of each model that is tested in this
project.

Because department D's system was designed to only use Lewandowski as a forecasting model,
small adjustments in the system needed to be made by the Information Technology Department.
The possibility of assigning the AVS-Graves model to a certain SKU needed to be tolerated and the
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forecast output of that model had to be relocated to the same database as were the Lewandowski
output was stored. After that, determining the forecast quantities with the Lewandowski and AVS-
Graves model went roughly in the same fashion. A backup was made of all sales history from January
2015 until May 2016 and subsequently removed from the database. As mentioned in section 3.4,
department D makes forecasts in a four week cycle. So, starting on Sunday the 4th of January 2015
the test system of department D was used to calculate forecast quantities with both the Lewandowski
model and the AVS-Graves model for all parts with 2 or more hits. Then, four weeks of sales history
starting from Monday the 5th of January were added back in the database and the forecast quantities
were calculated again. These process steps were repeated until the last period, starting on April the
25th of 2016, a forecast was calculated for.

Now all forecast are calculated with both the AVS-Graves model as the Lewandowski model, the
corresponding reorder levels need to be determined. In section 3.4, it is described that department
D determines its reorder levels with a combination of the required safety stock and the forecast
quantity for that respective SKU. The safety stock settings di�er per dealer and per price group the
SKU falls into. The safety stock settings that were in use at the time of writing this thesis were also
used to determine the reorder levels. The di�erent safety stock settings per dealer can be found in
appendix G.

As mentioned in section 5.1, the Demand Classi�cation process was ran at the �nal day of each
quarter. So, starting on Sunday the 4th of January 2015 the test system of department D was
used to classify all parts to their respective demand class and subsequently assign them to the right
forecasting model. Then, three periods of sales history starting from Monday the 5th of January were
added back in the database and the Demand Classi�cation process was ran again. These process
steps were repeated until the last quarter, starting on March the 28th of 2016, the classi�cation were
calculated for.

To advise department D on which forecasting models to use and when, the setup in table 5.3 was
proposed. To facilitate the current spare part classi�cation process, key performance indicators were
calculated for each cut o� value in the number of hits from the range of 40 until 2. In other words,
the row with 38 hits is going to display the performance of using the Lewandowski model, or one of
the other 3 situations, for all parts with 38 hits or more and using the current B parameter settings
for all other parts. This means that the service level and average inventory values in the top left
corner of table 5.3 can be regarded as the base model. Since in the current situation, all parts with
40 hits or more are replenished with the Lewandowski model and all other parts are replenished with
the current B parameters. Situation three, Lewandowski vs. AVS-Graves, is a little bit di�erent.
For this situation, all parts with the number of hits below the cut-o� value are replenished with the
AVS-Graves model instead of the current B parameters. This setup was chosen to give a di�erent
insight in whether the current B parameters should be partly or completely replaced.

Table 5.3: Simulation setup of testing in department D's system

Hits Service level Average inventory

40 Base Model Base Model
39
38

(...)
4
3
2
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5.3. Results
In this section the performance of the current and new replenishment policies, which were possible
within the boundaries of department D's current system, is tested on real demand data from company
A. The di�erent methods are compared by using di�erent performance metrics. Both the forecast
accuracy and the stock control implications of every method are investigated.

5.3.1. Forecast accuracy
As described in the literature review of this thesis, several standard forecast error measures frequently
appearing in the literature do not provide fair evaluations for intermittent demand series. This is
due to the large number of periods with zero demand. The mean absolute scaled error is proposed
by Hyndman and Koehler (2006) [25], to be widely applicable, gives de�ned and �nite values, and is
easy to interpret. Values of MASE greater than one indicate that the forecasting method performs
worse, on average, than in-sample forecasts from the naïve method. Where the naïve method uses
the sales quantity in current period as a demand estimate for the upcoming period. Besides the
MASE, the percentage best will be used as a second relative to another method accuracy measure.
The mean error and mean squared error are used as two absolute accuracy measures. The results
are summarized in table 5.4. Note that the current replenishment policy of department D is not
discussed in this section. No forecasts are made for the parts included in the sample in the current
policy, so no forecast errors can be calculated.

Table 5.4: Forecast accuracy of models in system B

Forecast model ME MSE PB MASE

Lewandowski -0,254 28,448 47,398% 1,102
AVS-Graves -0,222 24,402 52,603% 1,053
Demand Classi�cation -0,269 28,018 51,036% 1,062

As visible in table 5.4, the AVS-Graves model performs best on all four accuracy metrics. On the
ME and MSE, AVS-Graves clearly outperforms the Lewandowski model and Demand Classi�cation
which uses both models. On the PB and the MASE criteria, Demand Classi�cation performs second
best, but close to the performance of AVS-Graves. The relative to another method metrics PB
and MASE show no contrary results, as they both rank the three forecasting models in the same
order: (1) AVS-Graves, (2) Demand Classi�cation and (3) Lewandowski. What is striking though,
is the fact that all three forecasting models perform worse than the naïve method based on MASE.
This could be due to the large portion of periods with zero demand, namely 57% of all periods.
This also means that the naïve method has a lot of periods with zero forecast error, hence its
relative good performance. The absolute accuracy metrics ME and MSE show small contrary results.
Lewandowski has a slightly smaller mean error, while it has a slightly larger mean squared error
than Demand Classi�cation. According to these results, AVS-Graves shows clearly the best overall
performance. Demand Classi�cation can be determined as the second best performing model, while
outperforming Lewandowski on MSE, PB and MASE.

5.3.2. Stock control implications
Now the forecast accuracy of all system B models has been discussed, this section will describe
the stock control implications. The two measures that are used here, are service level and average
inventory value. The way in which those two key performance indicators are calculated is done in
the same fashion as department D does and explained in appendix A. First, the service level and
average inventory of the full sample will be discussed for all four forecasting methods described in
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section 5.2. This will be followed by the same performance indicators for each dealer group on the
two most preferred forecasting methods. The results per dealer group will also be discussed to show
the di�erent stock control implications caused by the di�erent current stocking settings and because
it can give useful practical insights to company A. The average service level and average inventory
value for each forecasting method are visualized in �gure 5.1 and �gure 5.2 respectively. All service
level and average inventory values can be found in appendix H. As explained in section 5.2, the
key performance indicators were calculated for each cut o� value in the number of hits from the
range of 40 until 2. Meaning that every part with the same of more hits than the cut-o� value is
replenished with the use of the forecasting model and all other parts are replenished with the current
B parameter settings.

Figure 5.1: Service level of models in system B for the full sample

Figure 5.2: Inventory value of models in system B for the full sample
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After displaying both �gures, the �rst research question of this thesis can be answered. The
research question was formulated as:

1.1. What is the performance of the current replenishment policy of department D
for intermittent spare parts?

The current replenishment policy uses the Lewandowski model to replenish all parts with 40 hits
and over and uses the current B parameters to replenish all parts ranging from 2 to 39 hits over the
past 52 weeks. The average service level measured on all parts over the research horizon was 99.00%.
The average inventory value measured on all parts over the research horizon was e1.101.095,26.

As visible in �gure 5.1 and �gure 5.2, implementing any of the selected forecasting models on
parts with less than 40 hits, reduces the service level as well as the average inventory value. Because
department D is mainly focused at targeting a high service level, the Lewandowski and Demand
Classi�cation models are chosen for further analysis.

To summarize the overall results of the Lewandowski and Demand Classi�cation models with
regards to the stock control implications, the loss in service level and percentage inventory reductions
per dealer group are displayed in table 5.5. These results are realized if the current B parameter
settings will completely be replaced by either the Lewandowski or the Demand Classi�cation model,
so if both models are used starting from 2 hits.

Table 5.5: Overview of inventory reduction and service level loss in percentages

Lewandowski Demand Classi�cation
Service level loss Inventory reduction Service level loss Inventory reduction

Full Sample 0,88% 13,12% 0,95% 14,30%
Group F 1,06% 16,11% 1,13% 16,78%
Group G 0,75% 10,91% 0,82% 11,89%
Group H 0,94% 12,05% 1,01% 13,09%
Group I 0,64% 12,83% 0,73% 14,33%
Group J 0,97% 13,22% 1,03% 14,43%

5.4. Analysis
As also mentioned in section 5.3, department D is mainly focused on reaching a high product
availability at the dealers. Service level is the key performance indicator on which company A judges
department D's performance. Company A values high spare parts availability, to maintain their
global image and because of the perceived customer satisfaction. For this reason, the Lewandowski
and Demand Classi�cation models were chosen for further analysis, as they showed the least decline
in service level while reducing average inventory value substantially.

For the same reason as described above, department D was not really interested in dropping
their current B parameter settings completely, as this would lead to a non-acceptable loss in service
level. Also department D was afraid that, losing service level and reducing inventory, would lead to
resistance from higher management in company A. Reducing inventory levels would, on short term,
evidently lead to a reduced number of sales, meaning company A is less likely to reach its sales
targets. Later in this section will be explained what the importance and advantages of inventory
reduction are, for company A, and that focusing on pushing the dealers full with inventory to reach
sales targets can be detrimental. First the trade-o� method that was used will be explained.

Both service level and average inventory value showed a downward trend in �gures 5.1 and 5.2,
when decreasing the cut-o� value for number of hits. To limit the loss in service level, while at the
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same time optimizing the reduction in average inventory value, a trade-o� was necessary to �nd
the number of hits where this can be realized. This trade-o� is visualized in �gure 5.3, for both
the Lewandowski and the Demand Classi�cation model. For each number of hits the percentage
decrease in service level and inventory value was calculated. Dividing ∆% in service level by ∆% in
inventory value, resulted in the service level loss per 1% inventory reduction. This value, measured
for all hits between 40 and 2, is what is shown in �gure 5.3.

Figure 5.3: Service level and inventory value trade-o� for models in system B

What becomes clear from the �gure is that Lewandowski and Demand Classi�cation show roughly
the same trade-o� pattern starting from 25 hits. The Demand Classi�cation curve shows two dips,
one at 34 hits and one at 11 hits. The Lewandowski curve shows also two dips, but one at 37 hits
and the other one at 11 hits. It is in these dips, where the most valuable trade-o� can be found. An
overview of the key performance indicators from Lewandowski and Demand classi�cation at both
dips in the graph is visible in table 5.6. For both forecasting models, the ∆Service level/∆Inventory
trade-o� is lowest in the �rst dip, but the corresponding di�erences in service level and inventory
reduction are negligibly small. The second dip in the graph has more promising results. Using the
Lewandowski model for all parts with 11 hits or more, can decrease the average inventory investment
with 9,63%, while only losing 0,63% of service level. Using the Demand Classi�cation model for all
parts with 11 hits or more, can decrease the average inventory investment with 10,39%, while only
losing 0,68% of service level.

Because this thesis only includes B parts in the parts sample, and to put the results in table
5.6 more into perspective, the e�ects on department D's total performance indicators will now be
calculated. As discussed in section 1.5, at the time of writing this thesis the average inventory in B
parts on hand at all dealers is e93.749.803,84. So if the average inventory value of the full sample is
decreased by 10,39% when using Demand Classi�cation starting from 11 hits, this is corresponding
with a total inventory value reduction of e9.739.595. With the same logic, the service loss in the
parts sample will not cause the same service loss on all parts from department D. At the time of
writing this thesis, B parts are responsible for 44,5% of all hits, which is used to measure service
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Table 5.6: Overview of sample's key performance indicators at cut-o� points

Lewandowski Demand Classi�cation
37 hits 11 hits 34 hits 11 hits

∆Service level/∆ Inventory 0,055% 0,065% 0,063% 0,065%
Service level loss 0,01% 0,63% 0,04% 0,68%
Inventory reduction 0,23% 9,63% 0,59% 10,39%

level, over the past year at department D. So if the service level on B parts is reduced with 0,68%,
this corresponds to a 0,30% decrease of service level on all parts. The overall results from department
D for both the Lewandowski and Demand Classi�cation model are summarized in table 5.7

Table 5.7: Overview of department D's key performance indicators at cut-o� points

Lewandowski Demand Classi�cation
37 hits 11 hits 34 hits 11 hits

Service level loss 0,01% 0,28% 0,02% 0,30%
Inventory reduction e 214.980 e 9.023.953 e 553.742 e 9.739.595

When changing the replenishment policy from the current B parameters settings to any of the
chosen forecasting models, service level never improved and especially major inventory savings were
realized. Further analysis was performed to �nd an explanation for this behavior. Two reasons
were found after studying the reorder levels of all policies. The �rst one is that reorder levels
determined by the current B parameters are in general slightly higher than reorder levels determined
by the Lewandowski model and even more than the AVS-Graves model. The second reason, which is
probably the main reason for the large inventory savings, is the fact that the current B replenishment
policy is very slow to adapt and does not deal well with large orders. An example of how the current
B replenishment policy fails with intermittent demand is visualized in �gure 5.4. The �gure shows
a part that is classi�ed as a B part, with less than 40 hits in the last year. A large order is placed
at the dealer in period 3, causing a rise in stockadvice. The Lewandowski model, just like any
other demand forecasting model, smooths out demand patterns and reduces its stockadvice when
demand drops back to its usual pattern in the next period. The large order placed in period 3, has a
continuously high impact on the stockadvice determined by the current B replenishment policy until
after 13 periods, when that order falls of the last 52 weeks horizon. This type of demand pattern
with long periods of zero demand, and occasional high orders is common with slow-moving and
intermittent demand. Using the B replenishment policy, instead of the Lewandowski or AVS-Graves
model, for these spare parts can therefore lead to unnecessarily high stock levels.

This section will be �nished with giving a �nal advice to department D and by answering research
question 1.2. This research question was formulated as:

1.2. Can the replenishment policy of department D for intermittent spare parts be
improved within the boundaries of their own system?

This question can be positively answered. Because of the high stock levels caused by the current
B replenishment policy, no gains in service level were measured in this project. But because of
the same high stocking levels, a high amount of unnecessary inventory can be removed from the
dealers' warehouses, with only losing a small fraction of service level. Decreasing stock levels at
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Figure 5.4: Example of overstocking with B replenishment policy

company A dealers, and especially with this substantial amount, has ofcourse a lot of bene�ts for
the dealers, but also for company A itself. Firstly, with less money invested in stock, dealers will
become �nancially more healthy. Secondly, the inventory savings can be used by dealers to invest in
things like new equipment, new or better trained employees to name a few, and potentially increase
future sales. Thirdly, lower inventory levels reduce the chances of stock getting obsolete. Hence,
less spare parts will be send back to company A as stock or scrap returns, saving money and time
for both the dealers and company A itself. Lastly, analysts from department D have noticed the
attention from dealers shifting from reaching a high service level to increasing their stock turn. This
new development will therefore be very satisfying for the dealers and converge with their new focus
of attention.

While both the Lewandowski and the Demand Classi�cation model show almost similar results,
the Demand Classi�cation method is suggested for future usage at department D. Besides the fact
that the Demand Classi�cation method outperformed Lewandowski on the MSE, PB and MASE
performance metrics and showed higher inventory savings, it is also capable of detecting seasonality
in demand patterns. In the current system, analysts from department D have to scan through
demand graphs of SKU's to detect patterns of seasonality and if they �nd one, change the seasonality
parameter in the Lewandowski model manually. Because this is very labor intensive and there are
no strict guidelines, this practically never happens. The Demand Classi�cation process can detect
seasonality and changes the seasonality parameter in the respective forecasting model automatically.

The new replenishment policy that is suggested to be used by department D as a result of this
research project is as follows:

1. Change the cut-o� value for A parts from 40 to 11 hits. So parts with 2-10 hits over the past
year are classi�ed as B parts and parts with 11 hits and more are classi�ed as A parts. The
stock class C remains unchanged.

2. Use the Demand Classi�cation process to allocate the best �tting combination of the AVS-
Graves and Lewandowski model to all A parts.

3. Use the new format for replenishing stock class B parts as described in the department D
Manual in appendix I
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In this chapter other forecasting models, based on successful models found in the literature and
newly developed models, are explained. The models are tested on real demand data from company
A. The di�erent models are compared by using multiple performance metrics. Both the forecast
accuracy and the stock control implications of every method are investigated. This chapter will give
an answer to research question 1.3.

6.1. Forecasting models
This section describes the models that were used for answering research question 1.3 of this master
thesis. The motivation for selecting Croston, SBA, TSB and neural network models was explained
in chapter 2 already.

6.1.1. The Croston model

The Croston algorithm gives a separate estimate of the inter-arrival time, and of the demand when
it occurs. It assumes that the interdemand intervals are geometrically distributed (with mean p).
The demand sizes are assumed to follow the normal distribution (with mean µ and variance σ2).
Separate exponential smoothing estimates of the average size of demand and the average interval
between demand occurences are calculated after demand occurs. So if no demand occurs, the esti-
mates remain exactly the same as before. The updating procedure becomes:

If xt = 0 (no demand occurred in period t);

z
′
t = z

′
t−1 (6.1)

p
′
t = p

′
t−1 (6.2)

If xt > 0 (demand occurred in period t);

z
′
t = αxt + (1− α)z

′
t−1 (6.3)

p
′
t = βpt + (1− β)p

′
t−1 (6.4)

Where xt measures demand in period t, z
′
t represents the size of demand if demand occurred, p

′
t

represents the number of time periods since last demand occurrence, α is the smoothing parameter
for demand size and β is the smoothing parameter for demand interval. The forecast, Y

′
t , for the

next time period is given by:
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Y
′
t =

z
′
t

p
′
t

(6.5)

6.1.2. The Syntetos-Boylan Approximation model

The method proposed by Croston builds demand estimates taking into account both demand size
and interval between demand occurrences. Despite the theoretical superiority of this procedure for
intermittent demand series, empirical evidence showed only modest gains in performance [28]. This
motivated both authors in identifying the causes of this forecast inaccuracy and later in a step
towards improving the Croston's method. Croston's separate estimates of the demand size and the
demand interval are correct, but when they are combined as a ratio they produce a forecast that is
biased high. This bias is found to get higher for increasing values of α, where α is the smoothing
constant value used for updating the interdemand intervals. In further research by Syntetos and
Boylan (2005) [10], they showed that this bias can be approximated for all smoothing constant values
as follows:

α

2− α
· µ · p− 1

p2
(6.6)

A new method was developed in their paper that incorporated this bias approximation. The
updating procedure of z

′
t and p

′
t remains unchanged, but the new estimator of mean demand is

calculated as follows:

Y
′
t = (1− α

2
) · z

′
t

p
′
t

(6.7)

6.1.3. The Teunter, Syntetos and Babai model

Research executed by Romeijnders et al. (2012) [17] showed empirical evidence that both Croston
and SBA can not deal well with sudden drops in demand, implicating that it does not perform well
for items going obsolete. A method that tries to address this problem of obsolescence was described
by Teunter, Syntetos and Babai (2011) [18]. This method, called TSB after its researchers, is dif-
ferent than Croston in that it updates the demand probability instead of the demand interval. The
main advantage of this adjustment is that demand probability can be updated every period, where
demand interval can only be updated after an occurrence of positive demand. The demand size is,
just like in Croston's method, updated after every demand arrival. The TSB method is more quickly
to react to situations with sudden obsolescence or increasing risk of obsolescence, because Croston
would not update its estimations until another positive demand arrives, which is unlikely to occur
if an item goes obsolete [18]. The updating procedure becomes:

If xt = 0 (no demand occurred in period t);

z
′
t = z

′
t−1 (6.8)

d
′
t = d

′
t−1 + β(0− d′

t−1) (6.9)

If xt > 0 (demand occurred in period t);

z
′
t = αxt + (1− α)z

′
t−1 (6.10)
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d
′
t = d

′
t−1 + β(1− d′

t−1) (6.11)

Where d
′
t represents the probability estimator of demand occurence, α is the smoothing parameter

for demand size and β is the smoothing parameter for demand occurrence probability. The forecast,
Y

′
t , for the next time period is given by:

Y
′
t = z

′
t · d

′
t (6.12)

6.1.4. The Neural Network models

Neural networks have a few characteristics that provide numerous useful advantages over traditional
forecasting methods like Croston and its modi�ed versions. First, NN models are universal functional
approximators. This means they can approximate just about any continuous functional relationship
[4][19]. Second, they can capture both linear and non-linear patterns in data. Traditional prediction
methods assume that the time series are generated from a linear process, while in fact many real
world systems are often non-linear [19][20]. Third, they are data-driven self-adaptive methods with
an assumption free nature [19][21]. The last advantage of NN methods is that they allow for an
interaction between the demand size and the demand intervals between non-zero demand. If such
an interaction can be identi�ed from the data, this would provide very useful information [21].

The most widely used neural network method, a multi-layered perceptron (MLP) trained by
a back-propagation (BP) algorithm was used in this thesis. The input nodes are represented by
three input variables, namely: (1) The number of hits at the end of the preceding time period, (2)
The number of sales at the end of the preceding time period and (3) The number of time periods
since the last non-zero demand occurrence. The output node represents the predicted demand value
for the upcoming time period. Choosing the number of hidden layers and hidden nodes is another
important decision when forecasting with neural networks. It is the nodes in these hidden layers
that detect the patterns and features in the demand data. As described in the work of Zhang et al.
(1998) [19], a single hidden layer is su�cient for any neural network to approximate any complex
nonlinear function. Several rules of thumb have been developed to determine the number of hidden
nodes in the hidden layer. These rules of thumb include �2n+1", �2n", �n" and �n/2". Where n is
the number of input nodes. Because a simple neural network structure is preferred, the �n/2" rule
of thumb was chosen in this project. This resulted in two neural network structures displayed in
�gure 6.1, one with 1 hidden node and one with 2 hidden nodes, from now one called NN1 and NN2
respectively.

Figure 6.1: Neural Network structures with 1 and 2 hidden nodes
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6.2. Methods
This section will explain how the reorder levels were determined with the above mentioned forecasting
models. How simulations per stock keeping unit were set up, is already described in section 5.3 so
will not be discussed here. All �ve models discussed in this section were used to determine both
weekly forecasts as forecasts per period. Calculating forecasts per week and per period could provide
other useful insights besides the comparison of di�erent models. While the Croston model is also
available in the forecasting system of department D, the results of this model will be discussed in
this section however. This is due to the fact that in the current settings of department D's system,
weekly forecasting is not yet possible. Designing the system in a way that both forecasts per week
and per period can be calculated could be an outcome of this research, should the weekly forecasting
models provide promising results.

As using the time series models and the neural network models to calculate a demand forecast
works quite di�erent, their methodology will be discussed separately. First, the time series models
will be discussed. The database from department D was used to select the weekly sales history
of each SKU in the sample. A roll-in period of one year was chosen as su�cient to stabilize the
models. So the sales history over 2014 was used to determine the starting forecast quantities of the
research horizon. The values for both smoothing parameters, α and β were put at 0.1. Using 0.1
as smoothing value has provided good results in research performed by Babai et al. (2014) [3] and
Syntetos et al. (2005) [10] among others. After all forecast quantities per week and per period were
calculated, the reorder levels were determined in the same fashion as described in section 3.4 and
5.2. By multiplying the forecasts for each SKU with its corresponding number of weeks safety stock,
a fair comparison between the stock control implications of di�erent forecasting models discussed in
this thesis can be made.

Neural networks make use of a train and test data sample. The training sample is used for a
neural network to build the model and the test sample is used to determine the forecasting reliability
of the model. The �rst issue to solve is the division of the total demand sample into a train and test
sample. There is no general rule in determining the size of both samples. Most authors select the
train and test sample based on rules ranging from 90% vs. 10% to 60% vs. 40%. In this thesis a
training sample was chosen containing sales history from the start of 2013 until the end of 2014. The
test sample logically consisted of the same horizon as used with the other forecasting models. This
resulted in a training sample with 60% of the total data points. The second issue is in preparing the
data for the training phase. To facilitate the training process the data should be normalized. Most
of times the data is not normalized, the algorithm will not converge before the number of maximum
iterations allowed. Multiple normalization procedures exist, but the min-max normalization method
and scaling the data in the interval [0,1] was chosen in this thesis. The following formula has to be
used for this normalization method:

zi =
xi −min(x)

max(x)−min(x)
(6.13)

Where x = (x1, ..., xn) and zi is the normalized value of datapoint xi. Because input variables
and target variables where normalized before the training process, the network outputs on the test
sample are also normalized values. So the output values need to be re-scaled back to the original
value range with the following formula:

xi = zi ∗ (max(x)−min(x)) + min(x) (6.14)

Where x = (x1, ..., xn) and xi is the de-normalized value of datapoint zi. The de-normalized
output of the neural network can be interpreted as the predicted demand quantity in the upcoming
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time period. The forecast output of the neural network models for each SKU was also multiplied with
the corresponding number of weeks safety stock to determine the reorder levels for that respective
SKU.

Five di�erent forecasting models have now been discussed in section 6.1. These models have
been applied on buckets of one and four weeks demand data respectively, resulting in a total of ten
di�erent forecasting models. The results will be displayed in the same fashion as described in section
5.2, to facilitate a fair comparison between these models and the models used in chapter 5.

6.3. Results
In this section the performance of the time series and neural network models explained in the section
above, is tested on real demand data from company A. The di�erent models are compared by using
multiple performance metrics. Both the forecast accuracy and the stock control implications of every
method are investigated.

6.3.1. Forecast accuracy
The same forecast accuracy metrics as outlined in section 5.3, will also be used to evaluate the
models in the second part of this thesis. Based on the ME, MSE, PB and MASE, the most accurate
forecasting model will be determined. All results of the forecast models for monthly aggregated
demand data can be found in table 6.1 and the results of all weekly forecast models are visible in
table 6.2. The Demand Classi�cation model from section 5 is added as a benchmark to compare the
accuracy of the time series models and neural network models with.

Table 6.1: Forecast accuracy of time series and neural network models on monthly demand

Forecast model ME MSE PB MASE

Demand Classi�cation -0,269 28,018 22,139% 1,062
Croston -0,173 26,103 8,239% 1,082
SBA -0,101 26,112 2,421% 1,059
TSB 0,423 26,612 48,994% 0,845
NN1 -0,122 34,490 7,412% 1,251
NN2 -0,123 34,526 10,857% 1,253

Based on the relative to another series metrics PB and MASE, the monthly TSB model is a clear
winner. Almost half of all the estimations, TSB resulted in the smallest absolute forecast error and
it is the only model that performs better than the naïve method with a MASE of 0,845. Again the
results in table 6.1 show, just like in 5.4, that most models perform worse than the naïve method
based on MASE. This could be explained by the high percentage of periods with zero demand (57%).
When looking at the absolute accuracy measures ME and MSE, the SBA model has the lowest mean
error, while the Croston model scores the lowest average squared error. Both neural network models
score no highest accuracy performance based on ME, MSE, PB and MASE. They particularly seem
to lack behind on the more traditional time series models in this thesis based on the MSE and MASE
metrics. The machine learning models have a higher PB value than the SBA model however, and
the neural network with 2 hidden nodes even scores the second best PB value. It also seems that
the NN1 model and NN2 model forecasts quantities are close together. Another prominent detail
that is visible in table 6.1, is the positive ME value of the TSB method, where all other four models
score a negative ME value. This means that the TSB model is, on average, underestimating future
demand. With the high amount of periods with zero demand in this research sample, that also
explains the higher performance of the TSB model on the PB and MASE metrics. Overall, monthly
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aggregated demand data, the TSB model can be regarded as the best performing model of the �ve
models discussed in this section. Where a small note to the possible dangers of underestimating
future demand and therefore possible loss in parts availability must be made. It also performed
better than the Demand Classi�cation model based on the ME, PB and MASE metrics.

Table 6.2: Forecast accuracy of time series and neural network models on weekly demand

Forecast model ME MSE PB MASE

Croston -0,058 7,117 6,024% 2,121
SBA -0,040 7,108 10,466% 2,064
TSB 0,051 7,159 58,215% 1,510
NN1 0,056 7,947 18,459% 2,235
NN2 0,049 7,836 6,903% 2,212

As visible in table 6.2, the weekly TSB model is also a clear winner based on the relative to
another series metrics PB and MASE. Over 58% of all the estimations, the TSB model resulted in
the smallest absolute forecast error. With weekly forecasting the percentage of periods with zero
demand even increased to 87,5%, so that explains the poor MASE performance of all the �ve models.
The SBA model has the lowest ME and MSE value, so can be regarded as the most accurate model
based on the absolute accuracy metrics. Where the NN2 model on period demand scored the second
best PB value, this is now the case for the weekly NN1 model. The weekly Croston model seems to
be the worst performing predictor of these �ve models, with the highest mean error and the lowest
PB value. Just like with the models based on period demand, the TSB model seems to be the most
accurate model when it comes to forecasting weekly aggregated demand.

6.3.2. Stock control implications
Now the forecast accuracy metrics of the time series and neural network models have been discussed
and compared with the Demand Classi�cation model in system B, this section will describe the stock
control implications. Service level and average inventory value will again be used as key performance
indicators and the presentation of all results will be the same as in section 5.3. First the results of
the monthly Croston, SBA, TSB and both NN models will be presented. This will be followed by a
presentation of the weekly forecasting models' inventory performance. The average service level and
average inventory values of each of the three monthly time series models are visualized in �gure 6.2,
where the performance of the Demand Classi�cation is added as a benchmark. It becomes clear from
the �gure, that the Demand Classi�cation model outperforms all three models on service level. All
three time series models results however in a lower average inventory value. Especially the monthly
TSB model shows a signi�cantly lower service level and inventory value compared to the SBA and
Croston model but also to the Demand Classi�cation model.

The average service level and average inventory values of each of the two monthly neural network
models are visualized in �gure 6.3, where the performance of the Demand Classi�cation is again
added as a benchmark. It becomes clear from the �gure, that the neural network graphs show
a di�erent behavior than the time series models. Especially for the very slow-moving parts with
only little hits, the neural network models seem to outperform Demand Classi�cation with regards
to service level. The higher service level on these parts is reached at the cost of a higher average
inventory value than the Demand Classi�cation model. Lastly it becomes clear from �gure 6.3, that
NN1 results, on average, in a higher service level but also higher inventory values than NN2. So
with monthly aggregated demand data, the neural network with one hidden node outperforms the
model with two hidden nodes, with respect to service level.
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Figure 6.2: Service level and Inventory value of monthly time series models

Figure 6.3: Service level and Inventory value of monthly neural network models

Figure 6.4: Service level and Inventory value of weekly time series models

Figure 6.5: Service level and Inventory value of weekly neural network models

S.T. Visser - Forecasting the intermittent and slow-moving demand of spare parts 41



CHAPTER 6. TIME SERIES AND MACHINE LEARNING MODELS

The average service level and average inventory values of each of the three weekly time series
models are visualized in �gure 6.4, where the performance of the Demand Classi�cation model is
added as a benchmark. The average results from the weekly models and the Demand Classi�cation
model are more close together than the monthly time series models. The weekly SBA model has the
lowest performance of the models with regards to service level, but also results in the lowest stock
investment. The weekly Croston model performs slightly better with regards to service level than
the SBA model, where the weekly TSB model performs quite similar as Demand Classi�cation on
both service level and average inventory.

The average service level and average inventory value of each of the two weekly neural network
models are visualized in �gure 6.5, where the performance of the Demand Classi�cation is again
added as a benchmark. It becomes clear from the �gure, that the graphs with the weekly neural
network models show a similar behavior as the monthly neural network models. For the very
slow-moving parts with only little hits, the neural network models seem to outperform Demand
Classi�cation with regards to service level. The higher service level on these parts is reached at the
cost of a higher average inventory value than the Demand Classi�cation model. Lastly it becomes
clear from �gure 6.3, that NN1 and NN2 perform almost similar with respect to inventory levels,
while NN2 reaches on average a higher service level. So with weekly aggregated demand data, the
neural network with two hidden node outperforms the model with 1 hidden node.

6.4. Analysis
This section displays a summary of the stock control implications when the forecasting models from
the thesis' second part are going to be implemented on all stock keeping units or for all parts above
the cuto� value of 10 hits. To put the sample results in tables 6.3 and 6.4 more into perspective,
the e�ects on department D's total performance indicators are also presented in tables 6.5 and 6.6.

Table 6.3: Overview of sample's key performance indicators at cut-o� points for monthly models

11 hits 2 hits
Service level loss Inventory reduction Service level loss Inventory reduction

DC 0,68% 10,39% 0,95% 14,33%
Croston 0,84% 12,01% 1,12% 15,88%
SBA 0,93% 12,70% 1,22% 16,74%
TSB 1,43% 15,47% 1,77% 20,24%
NN1 0,65% 6,85% 0,55% -1,91%
NN2 0,88% 9,31% 0,90% 6,06%

Firstly the results of the models for monthly aggregated demand are analyzed. Of the three time
series models, Croston will deliver the highest service level whether it is for SKU's with 11 hits or
more or for even the slowest moving spare parts in this sample. SBA results in a slightly lower part
availability but also reserves less money in stock. If one would focus on low inventories over high
service levels, TSB shows the best performance of the three models for intermittent demand. Both
neural network models perform relatively well with regards to service level, but lag behind the three
time series models and the added Demand Classi�cation model on average inventory value. NN1 and
NN2 do not react well on the very slow-moving parts with only 10 hits or even less. The NN1 model
even increases average inventory level while still losing a fraction of service level. No clear winner
can be elected here, because Croston and NN1 show the highest performance with regards to service
level, but TSB scores highest on the inventory value KPI. However, based on the large percentage
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Table 6.4: Overview of sample's key performance indicators at cut-o� points for weekly models

11 hits 2 hits
Service level loss Inventory reduction Service level loss Inventory reduction

DC 0,68% 10,39% 0,95% 14,33%
Croston 0,74% 11,32% 1,01% 15,13%
SBA 0,82% 12,06% 1,11% 16,03%
TSB 0,70% 10,54% 0,94% 14,25%
NN1 0,80% 6,30% 0,52% -14,11%
NN2 0,67% 5,54% 0,37% -14,02%

(20,24%) of inventory reduction and the forecast accuracy results discussed in the previous section,
where TSB resulted in the lowest absolute error for roughly 49% of all cases, the TSB model would
be recommended when forecasting monthly aggregated demand.

Secondly the results of the models for weekly aggregated demand are analyzed. Of the three time
series models, the TSB model will deliver the highest service level whether it is for SKU's with 11
hits or more, or for even the slowest moving spare parts in this sample. The Croston model results
in a slightly lower service level but also further decreases average stock levels. Again both neural
network models perform relatively well with regards to service level with NN2 even resulting in the
highest spare part availability. But both models lag behind the three time series models and the
added Demand Classi�cation model on average inventory value. NN1 and NN2 perform very poorly
for the slowest-moving parts of the sample, with a large rise in average inventory value. Striking
detail from table 6.4, is the similar performance in both service level as inventory value from the
Demand Classi�cation model and the TSB model.

Because this thesis only includes B parts in the parts sample, and to put the results in tables 6.3
and 6.4 more into perspective, the e�ects on department D's total performance indicators are also
presented in tables 6.5 and 6.6. How department D's key performance indicators were determined
from the sample results is explained in section 5.4 already.

Table 6.5: Overview of department D's KPI's at cut-o� points for monthly models

11 hits 2 hits
Service level loss Inventory reduction Service level loss Inventory reduction

DC 0,30% e 9.739.595 0,42% e 13.434.276
Croston 0,37% e 11.258.348 0,50% e 14.890.379
SBA 0,41% e 11.910.882 0,54% e 15.689.679
TSB 0,64% e 14.505.177 0,79% e 18.977.266
NN1 0,29% e 6.418.845 0,25% e -1.790.166
NN2 0,39% e 8.731.230 0,40% e 5.684.018

To �nish the second part and chapter six of this master thesis, research question 1.3 should now
be answered. This research question was formulated as follows:

1.3. Can the replenishment policy of department D for intermittent spare parts be
improved by using other forecasting methodologies?

This research question can be positively answered when looking at table 6.6. A similar high
amount of inventory value can be reduced when using the TSB forecasting model to replenish spare
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Table 6.6: Overview of department D's KPI's at cut-o� points for weekly models

11 hits 2 hits
Service level loss Inventory reduction Service level loss Inventory reduction

DC 0,30% e 9.739.595 0,42% e 13.434.276
Croston 0,33% e 10.609.619 0,45% e 14.181.886
SBA 0,37% e 11.306.023 0,49% e 15.030.205
TSB 0,31% e 9.878.626 0,42% e 13.361.045
NN1 0,36% e 5.903.063 0,23% e -13.231.285
NN2 0,30% e 5.195.028 0,17% e -13.141.835

parts with 11 hits or more instead of the current B replenishment policy of department D. If one is
looking to reduce inventory levels even further, the SBA or Croston model is proven to be successful
with savings of e11.306.023 and e10.609.619 respectively. The weekly neural network and time
series models outperform their monthly counterpart on forecast accuracy. Next to the accuracy
metrics, the stock control implications of the weekly time series models are also favorable over the
monthly time series models. Using weekly instead of monthly forecasting could therefore be a viable
research project for department D in the nearby future.
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In this chapter the newly developed Hybrid Maintenance Model, based on a combination of a suc-
cessful time series models and knowledge retrieved from maintenance history, is presented. Multiple
hybrid models were developed and tested on real demand data from company A. The di�erent mod-
els are compared by using multiple performance metrics. Both the forecast accuracy and the stock
control implications of every method are investigated. This chapter will give an answer to research
question 1.4.

7.1. The Hybrid Maintenance Models
In chapters 5 and 6 of this thesis, multiple di�erent time series models and machine learning models
have been presented. Time series forecasting is the use of a model to predict future values based
on previously observed values. In other words: future demand is predicted by analyzing previously
observed demand values. The neural network models, also presented in this master thesis, try to
capture the interaction between the demand size and demand interval of spare parts with intermittent
demand. All models used so far in this thesis are lacking one or more independent variables that
represent the main cause of spare parts demand. Demand for spare parts arises when a component
or part fails or requires replacement. Demand arising from corrective maintenance, which occurs
when a part breaks down while the truck is on the road, is hard to predict. Demand arising from
preventive maintenance however, can be scheduled beforehand. Assume that a certain truck type
is scheduled for preventive maintenance next week or next month. Knowing which spare parts and
their quantity that are going to be necessary during a check on that speci�c truck type, would be a
major contribution in spare parts management.

The idea behind the Hybrid Maintenance Models of this thesis, is to determine the demand
probability for each stock keeping unit when a certain truck is scheduled for maintenance. These
demand probabilities are subsequently used for future truck type arrivals in the following way:

F (Mt) =
n∑

i=1

Ti,t · Pi (7.1)

where F (Mt) is the estimated demand based on scheduled maintenance, Ti,t is the amount of
scheduled arrivals of truck type i and Pi is the demand probability for that part when truck type i
arrives for maintenance. How the demand probabilities were determined for this study is explained
in section 7.2.

By integrating this maintenance demand probability with time series models, the reliability of
spare part demand estimates can hopefully be increased. The integration of the time series model
and the maintenance model into the Hybrid Maintenance Models was set up in two di�erent ways,
from now on called Hybrid and Hybrid2 respectively:

SAt = Yt ∗max(SS − x, 0) + F (Mt) (7.2)
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SAt = Yt ∗max(SS − x, 0) + F (Mt) ∗ SS (7.3)

Where SAt is the �nal stock advice or reorder level, Yt is the forecast determined by a time
series model and SS is the corresponding number of weeks safety stock for that SKU. These hybrid
models incorporate demand as a result of scheduled maintenance with the purpose of reducing the
uncertainty in demand forecasts. For this reason the results of decreasing the amount of safety stock
are tested. The variable which reduces the safety stock incrementally is x, where x = 0, 1, 2, 3.

7.2. Methods
This section will explain how truck type classi�cation was determined, how the demand probabilities
for each SKU and truck type combination were calculated and how the reorder levels were derived
with the Hybrid Maintenance Models mentioned in section 7.1. How simulations per stock keeping
unit were set up, is already described in section 5.3 so are not discussed here. All models discussed
in this section were used to determine both weekly forecasts as forecasts per period. Calculating
forecasts per week and per period could provide other useful insights besides the comparison of
di�erent models.

For the third part of this master thesis, maintenance history of company A dealers was necessary.
Because of the sensitivity of this data, the dealer group I, which has a very solid relationship with
company A, was approached for a cooperation. The dealer group was willing to cooperate and share
their maintenance information. The data set received from group I contains all their truck chassis
numbers with known speci�cs and con�gurations of each truck, together with the maintenance
history of each chassis number. Dealer group I sells and serves multiple di�erent car and truck
brands. Because this thesis was executed as a project for company A, only the chassis numbers
that correspond to brands from company A were selected for further study. A total number of 4.140
trucks with a build year ranging from 1996 to 2016 were included.

As mentioned in section 7.1, the idea of the Hybrid Maintenance Model is to determine the spare
part demand probabilities when a certain truck is scheduled for maintenance. Di�erent trucks are
assumed to need di�erent spare parts when performing preventive maintenance. It is not feasible
to approach each chassis number separately, so a truck classi�cation model is necessary to make
a reasonable truck distribution. The selected trucks could be classi�ed among multiple number of
characteristics like truck duty type, truck edition, EURO-norm, axle con�guration, engine type and
many more. A list of available chassis characteristics can be found in appendix E. Not all truck
characteristics are as likely to in�uence demand for a speci�c spare part, and other variables have
many di�erent values resulting in a very wide classi�cation. For this reason four variables were
chosen as input for the classi�cation model, namely: the duty type, the truck con�guration, the
truck edition and the axle con�guration. The duty type can be light-weight, medium-weight and
heavy-weight duty. The truck con�guration is whether the chassis is a tractor or rigid model. The
tractor, which does the pulling work, can be loaded with one or more trailers. The trailers are
attachable and detachable to the tractor. A rigid is when the tractor and trailer are one solid unit.
The truck edition represents the di�erent versions of light-, medium-, and heavy-weight trucks sold
in the market. The axle-con�guration determines the number of wheels and the number of wheels
powered by the truck's engine. Possible con�gurations are 4x2, 4x4, 6x2, 6x4, 8x2 and 8x4, where
8x4 means the truck has eight wheels and four of them are powered by the truck's engine.

To determine the best suited truck classi�cation model, the distribution of stock keeping units
among truck classes was calculated. The purpose of the classi�cation model is to distribute the
spare parts over the truck classes, so no truck class is left with a majority of unique SKU's. The
SKU distributions of �ve di�erent truck classi�cation models are visualized in �gures 7.1, 7.2 and
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7.3. As mentioned in section 4, the sample of spare parts from dealer group I in this thesis consisted
of 2.598 units. Of those stock keeping units, 2.076 spare parts were also found in the maintenance
data set received by group I. The �rst truck classi�cation model distinguishes trucks among their
type of duty. It becomes clear from �gure 7.1 that the medium-weight trucks have utilized almost
all SKU's (1.700) of the sample. The light-weight trucks needed only 589 di�erent parts. The
second classi�cation model further splits the classes according to their truck edition. There are two
light-weight editions, three medium-weight editions and one heavy-weight edition. Some trucks had
no registered edition value in the data sample, so they were classi�ed as unknown. Here the third
medium-weight truck class represents the largest number of unique SKU's, with 1.166 units. 258
di�erent spare parts are used by the second light-weight truck.

Figure 7.1: Truck classi�cation models 1 and 2

The third truck classi�cation model distinguishes trucks among their type of duty and whether
they are a rigid or tractor con�guration. It becomes clear from �gure 7.2 that the light rigid truck
used only a little amount of spare parts, namely 43 di�erent ones. The medium rigid truck class
accompanies with 1.415 units the largest fraction of the sample. The fourth truck classi�cation
model uses three variables to classify the trucks into 12 classes. Duty type and con�guration are
used again, but this time together with truck edition. This classi�cation model delivers a quite
smooth distribution of the spare parts over the di�erent truck classes. The largest class, the heavy
tractor class, contributes to only 823 spare parts or 39.6% of the sample. Because of the unknown
truck edition values however, a �fth classi�cation model was made and is visible in �gure 7.3. Having
a classi�er with unknown values is not a desirable thing. The �fth classi�cation model uses duty
type, truck con�guration and axle con�guration as the three classifying variables to determine 20
di�erent truck classes. As visible in the �gure this model also delivers a quite smooth distribution of
the spare parts with the medium-weight 4x2 rigid using the highest number of SKU's, namely 975
or 47%. This classi�cation is also the model that was selected for the determination of the spare
part demand probabilities.

After the 20 di�erent truck classes were determined, a training horizon was chosen in order to
calculate the arrivals of each truck type and the number of times a certain part was requested for that
truck type. The length of the training horizon was chosen such that the total maintenance sample was
divided in a 60:40 distribution among the training and test sample respectively. Maintenance history
starting from January 2014 until the start of October 2015 were included in the training sample and
the remaining weeks until May 2016 were included in the test sample. This training horizon was
used to calculate the spare part demand probabilities for future truck type arrivals in a three step
approach. Firstly, the number of occurrences for each truck type were calculated. Secondly, the
number of times each spare part in the sample was used on each truck type is calculated. Thirdly
the spare part demand probabilities were determined in the following way:
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Figure 7.2: Truck classi�cation models 3 and 4

Figure 7.3: Truck classi�cation model 5

Pi =
Ui

Oi
(7.4)

Where Ui is the number of times a spare part was used on truck type i and Oi is the total number
of times truck i was scheduled for maintenance. Pi was determined both for weekly and monthly
time period buckets.

Section 7.1 explained how the demand probabilities were used in determining reorder levels with
the Hybrid Maintenance Models. The estimated demand caused by preventive maintenance, F (Mt),
is added to the demand estimate determined by a time series model, Yt. The two time series models
that were used are the SBA and TSB model. With the two Hybrid Maintenance Models, the two
time series models applied on both weekly and monthly aggregated data, a total of eight models
were designed.

By including the demand estimate based on maintenance history, the uncertainty in the original
demand forecast is tried to be reduced. So in this way, the amount of safety stock on Yt can be
reduced.

7.3. Results

In this section the performance of the Hybrid Maintenance Models explained in the section above, is
tested on real demand data from company A. The di�erent models are compared by using multiple
performance metrics. Both the forecast accuracy and the stock control implications of every method
are investigated.
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7.3.1. Forecast accuracy
The same forecast accuracy metrics outlined in section 5.3, were also used to evaluate the models in
the second part of this thesis. Based on the ME, MSE, PB and MASE, the most accurate forecasting
model will be determined. All results of the maintenance demand estimates per week and per period
can be found in table 7.1. Both the weekly as the monthly estimates are compared with the naïve
method to derive the PB and MASE values.

Table 7.1: Forecast accuracy of HMM models on weekly and monthly maintenance demand

Forecast model ME MSE PB MASE

F (Mt) Weekly 0,696 2,650 10,867% 4,138
F (Mt) Monthly 2,773 34,328 16,197% 4,730

The �rst thing that becomes clear from the table, is the bad performance of both models com-
pared to the naïve method. The monthly estimates are only in 16,2% of the cases better and the
weekly estimates score an even worse PB value of 10,9%. Also according to the MASE metric,
both the weekly and monthly models perform worse than the naïve method. When looking at the
absolute accuracy metrics ME and MSE, the weekly maintenance estimates are more accurate than
the monthly estimates.

7.3.2. Stock control implications
Now that the forecast accuracy metrics of the Hybrid Maintenance Models have been discussed
and compared, this section will describe the stock control implications. Service level and average
inventory value will again be used as key performance indicators for measuring the stock control
implications. As mentioned before in sections 7.1 and 7.2, eight di�erent hybrid models were designed
and the amount of safety stock was gradually reduced with 0, 1, 2 and 3 weeks. An overview of the
average service level and the average inventory value for all 16 resulting monthly models is found in
table 7.2 and for all 16 weekly models is found in table 7.3. The base models represent the original,
so without including maintenance knowledge, SBA and TSB models' performance, for the same
spare parts sample. Furthermore, the results in tables 7.2 and 7.3 indicate the performance of the
models when used on all SKU's, so also the ones with less than 11 hits.

Table 7.2: Overview of key performance indicators for monthly Hybrid Maintenance Models

Service level Inventory
Model SBA TSB SBA TSB

Base model 98,57% 98,23% e 217.145 e 210.241
Hybrid (x = 0) 99,74% 99,64% e 483.577 e 465.379
Hybrid2 (x = 0) 99,68% 99,58% e 388.201 e 372.286
Hybrid (x = 1) 99,60% 99,51% e 453.657 e 442.794
Hybrid2 (x = 1) 99,55% 99,47% e 361.997 e 353.084
Hybrid (x = 2) 99,46% 99,40% e 430.170 e 425.757
Hybrid2 (x = 2) 99,37% 99,33% e 340.721 e 336.117
Hybrid (x = 3) 99,27% 99,23% e 416.672 e 414.622
Hybrid2 (x = 3) 99,19% 99,15% e 326.495 e 324.497

As visible in table 7.2, all hybrid models outperform their respective base models on average
service level. At the same time this comes with a large increase in average inventory value. The
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Hybrid2 method seems to have a slightly lower service level than the Hybrid method, but with a
signi�cant lower investment in stock value.

Table 7.3: Overview of key performance indicators for weekly Hybrid Maintenance Models

Service level Inventory
Model SBA TSB SBA TSB

Base 98,57% 98,50% e 220.595 e 224.884
Hybrid (x = 0) 99,33% 99,22% e 282.794 e 283.669
Hybrid2 (x = 0) 99,27% 99,17% e 261.626 e 262.019
Hybrid (x = 1) 99,09% 99,00% e 259.976 e 258.644
Hybrid2 (x = 1) 98,99% 98,92% e 240.402 e 240.257
Hybrid (x = 2) 98,70% 98,65% e 240.291 e 240.018
Hybrid2 (x = 2) 98,60% 98,53% e 222.719 e 222.622
Hybrid (x = 3) 98,17% 98,14% e 226.855 e 226.674
Hybrid2 (x = 3) 98,06% 98,03% e 210.699 e 210.349

As visible in table 7.3, not all hybrid models outperform their respective base models on average
service level like with the monthly models. The increases in average inventory value are also not
as large. The Hybrid2 method seems again to have a slightly lower service level than the Hybrid
method, but again with a signi�cant lower investment in stock value. The Hybrid2 TSB model with
a reduced safety stock of 2 weeks even outperforms the base TSB model both on service level and
on average inventory value.

7.4. Analysis
The goal of the third part of this master thesis was to incorporate maintenance date into forecasting
models to make future spare parts demand estimates more reliable and therefore reduce average stock
value whilst maintaining high availability levels. Most manufacturing companies have been able to
reduce inventory costs over the last centuries by improving their process planning and implementing
methodologies like 'Just In Time'. This Hybrid Maintenance Model was developed as a suggestion
for service oriented companies to cooperate on making the supply chain more e�cient.

As mentioned in section 1.3 already, a thorough search of the relevant literature yielded no similar
technique. Therefore can this master thesis be regarded as a �rst attempt in making time series
models more intelligent by including preventive maintenance probabilities. Out of the 32 models that
have been tested in this research, only one, the TSB-Hybrid2 model, outperforms its base model on
both service level and average inventory value. One other model, the SBA-Hybrid2, performs almost
similar to its base model with slightly higher service level and a slightly higher average inventory
value as well. This outcome should however not discourage other researchers, but encourage them
to see the potential of similar hybrid forecasting models. Improvements in two main directions could
lead to more promising results in the future. Firstly, the classi�cation process that fed the Hybrid
Maintenance Models with 20 di�erent truck con�gurations. In this thesis a classi�cation model was
chosen that was easy to use and to interpret, since practitioners from dealer group I should be able
to use it as well. Truck classi�cation models with more classes should be able to distinguish more
between certain truck characteristics and could therefore lead to more reliable spare part demand
probabilities per truck class. Also the use of machine learning techniques like clustering analysis,
could prove to be an improvement on the current classi�cation model. Clustering analysis is the
task of grouping a set of objects in such a way that objects in the same group are more similar to
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each other than to those in other groups. The second direction of improvement is the simplicity of
the way in which the Hybrid Maintenance Models combine the time series model with the demand
estimate based on schedule maintenance.

To conclude the third part and chapter seven of this master thesis, research question 1.4 will be
answered. The research question was formulated as:

1.4. Can the replenishment policy of department D for intermittent spare parts be
improved by using maintenance data from its dealers?

This question can be positively answered. As presented in chapter 6 of this thesis, the weekly
TSB model performed similar with the monthly Demand Classi�cation model from chapter 5. Both
models resulted in large reductions (10,54% and 10,39% respectively) in inventory value, while
maintaining high service levels. The weekly TSB-Hybrid2 model accomplished, when comparing to
the standard TSB model, to reduce inventory value even further by 1,00%, while slightly increasing
service level with 0,03%.
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This chapter discusses the �nal conclusions of this master thesis and gives recommendations both to
company A and other practitioners as well as directions for future research activities. The structure
of this thesis was divided into three main parts, improving department D's current replenishment
system, testing newly developed models and existing models from literature and using maintenance
knowledge as a means to improve demand forecasts accuracy. This section will discuss the conclusions
and recommendations for all three parts. The conclusions are structured in such a way that they
provide answers on the research questions in their respective order. The formulation of the research
questions can be found in section 1.4 of this thesis.

8.1. Conclusion
The conclusions that can be drawn on the �rst part of this master thesis are �rstly, that the current
B replenishment policy overstocks intermittent and slow-moving parts at company A. The policy
does not react well on demand �uctuations and adapts slowly to declining demand. Secondly,
inventory on slow-moving and intermittent spare parts at company A can be reduced by 10,39%
or e 9.739.595 if all A-parts are going to be forecasted with the Demand Classi�cation model and
when the cuto� value for A parts is going to be reduced to 11 sales moments, instead of 40 hits.
At the same time, only a small fraction of 0,30% of overall service level is lost at all department
D dealers. Extra bene�ts of these high inventory reductions are the following: (1) Dealer's saved
money can be reinvested to potentially increase future sales, hence higher pro�ts for company A,
(2) Less amount of inventory also reduces the chances of stock becoming obsolete, hence less spare
parts returns and therefore less waste, (3) Dealers are shifting their attention to inventory e�ciency
instead of attaining high service levels, hence the new policy will suit the dealers' preferences.

The main conclusions of the second part of this master thesis are listed below. Firstly, average
inventory value can be even further decreased by using the Croston, SBA or TSB model instead
of the Demand Classi�cation method. This also causes the service level to be slightly lowered.
Secondly, the neural network models developed in this thesis were not able to successfully challenge
the more conventional time series models Croston, SBA and TSB. With regards to mean error,
mean squared error, percentage best and the mean absolute scaled error, the neural network models
performed rather well. Especially the stock control implications, which are naturally more important
to practitioners, were in favor of Croston, SBA and TSB. The neural network models are in particular
not reacting well on the very slow-moving parts with only 10 hits per year or even less. Thirdly the
forecasting models, both neural network models and time series models, based on weekly aggregated
demand outperform their monthly counterparts with regards to service level.

The conclusions that can be drawn on the third and �nal part of this master thesis on the
Hybrid Maintenance Model are promising. The Hybrid Maintenance Model was developed as a
�rst attempt in making time series models more intelligent by including preventive maintenance
probabilities. The SBA-Hybrid2 model performed similar to the original SBA model, while the
TSB-Hybrid2 model even outperformed the original TSB model, both on service level as on average
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inventory value. So by incorporating truck �eet information, maintenance history of those trucks
and time series forecasting into one hybrid model, the inventory performance of spare parts can be
further improved. Even with the relatively simplistic truck classi�cation model and easy to interpret
integration method of both the maintenance as the demand series model, the results prove to be
successful.

8.2. Recommendations for company A

The main and most practical recommendations of this project for company A and department D
are written in the department D Manual which can be found in appendix I. By moving the cuto�
value of 40 to 11 hits and therefore rede�ning their de�nition of slow-moving parts, company A can
reduce it's stock levels by 10,4% or roughly 10 million euros. Both company A and its dealers can
bene�t from reducing stock levels in the dealers' warehouses. Reducing stock levels means, dealers
save money, which they can reinvest to potentially increase future sales, hence higher pro�ts for both
them and company A. Less amount of inventory also reduces the chances of stock becoming obsolete,
hence less spare parts will be send back to company A as stock or scrap returns and therefore less
waste and lost pro�t for both parties. Lastly, department D is a service-oriented department within
company A and aims at supporting the dealer's inventory performance. As dealers are shifting
their attention to inventory e�ciency instead of attaining high service levels, the new policy and its
coherent bene�ts, will suit the dealers' preferences.

The Demand Classi�cation model is proven to give the most optimal solution. It classi�es the
SKU's into classes of di�erent demand patterns. Each part is then linked to a forecasting algorithm
that is best suiting for that demand class. In this research project, either the Lewandowski or
AVS-Graves model were chosen by Demand Classi�cation. However, implementing the Demand
Classi�cation model requires certain changes to the current replenishment system of department D.
Also it requires the analysts from department D to be able to understand, interpret and in�uence
three di�erent forecasting models, while until know only one model was used. Therefore as a second-
best option, this research would recommend to use the Lewandowski model for all A-class parts.
This model does not fall far behind the Demand Classi�cation model with regards to service level
and average inventory value. It requires only minimal changes to the current replenishment system
and it requires no extra knowledge from department D's employees. Company A should be advised
that by implementing the recommendations of this project, company A dealers are going to reduce
their stock levels. The bene�ts of these changes in the long run are already explained in this chapter.
In the short run, this means that dealers are going to buy less parts in order to achieve these stock
reductions. By implementing the recommendations in incremental steps, company A can prevent
missing its sales targets.

Lastly, this master thesis o�ers two directions for future research at department D. Chapter 6 of
this thesis showed that the weekly time series models showed mostly superior results to the monthly
time series models. The replenishment system of department D can be designed to run weekly
forecasts, making the models and estimations more reactive to alternations in the demand patterns.
Another capability of department D's current replenishment system is hierarchical forecasting. While
executing he preliminary literature review of this thesis, it was found that item level time series
which are aggregated over a higher group level time series are usually less intermittent and give
more demand history. The lower level of intermittency can produce a more reliable forecast for
the item level time series[26]. The distribution and dealer group network of department D, where
demand of individual dealers can be aggregated into dealer group demand, could make hierarchical
forecasting a very promising solution for the future.

54 S.T. Visser - Forecasting the intermittent and slow-moving demand of spare parts



CHAPTER 8. CONCLUSIONS AND RECOMMENDATIONS

8.3. Limitations to this research
The �rst limitation of this research is that it completely depends on department D's replenishment
system to calculate the results of chapter 5. It is known that the AVS-Graves and Lewandowski
model are behaving similar to the Croston and Holt-Winters model respectively. The actual calcu-
lations behind the two forecasting algorithms from system B were however not available because of
con�dentiality reasons.

A second limitation of this research is the assumption in the Hybrid Maintenance Models that
all future truck arrivals were scheduled one period, either week or month depending on the model,
in advance. This assumption was made because of two reasons. There was no clear registration
available at the concerning dealer group whether maintenance on a truck was preventive or corrective.
Furthermore, meetings with the dealer group I concluded that the vast majority of truck repairs are
a result of scheduled and preventive maintenance.

8.4. Recommendations for future research
Some questions are a consequence of this research and others could not be researched within the
given time of a graduation project. The subjects that have not been covered in this master thesis,
but deserve attention in future research are written in this section.

As mentioned in section 8.1, the four neural network models developed in this master thesis,
were not able to successfully outperform the more conventional time series models Croston, SBA and
TSB. These models were designed with only one hidden layer containing one and two hidden nodes
respectively. Neural networks with a more complex structure are maybe able to approximate the
complex nonlinear function of intermittent demand in a better way. Another approach of improving
forecasts with neural network modeling is the inclusion of more input nodes. The neural network
models discussed in this research used the number of hits at the end of the preceding time period,
the number of sales at the end of the preceding time period and the number of time periods since
the last non-zero demand occurrence as input variables. New models can be developed where the
number of sales over the last three, six or even more time periods can be taken as separate input
nodes. Besides arti�cial neural networks, other machine learning techniques like support vector
machines can also be used to further discover the patterns in intermittent demand.

The �eld of forecasting spare part demand is currently dominated by time series forecasting.
These models predict future values based on previously observed values. While time series models
are widely appreciated, especially by practitioners, they do not capture the underlying structure that
causes the demand of spare parts. The Hybrid Maintenance Models presented in this thesis, were
designed as a �rst attempt to incorporate the factors that have an e�ect on the demand generation
process. If this complex network of relationships can be e�ectively captured, it should be able to
deliver more accurate and meaningful forecasts. The development of new and more complex truck
type classi�cation models, for example with cluster analysis, is one way to further explore this idea.
Another way is searching for a better way to integrate the time series and maintenance model into
one hybrid model. Lastly, the developed Hybrid Maintenance Model should be tested in other spare
part environments, like aviation, pharmaceuticals and rail among others.
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Appendices

A. Department D's key performance measures

This appendix was removed because of con�dentiality reasons.
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B. Company A's spare part return policy

This appendix was removed because of con�dentiality reasons.
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C. Company A's organizational structure

This appendix was removed because of con�dentiality reasons.
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D. Distribution network of department D

This appendix was removed because of con�dentiality reasons.
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E. Company A trucks and the available chassis characteristics
This appendix describes the di�erent company A's truck characteristics that could be retrieved from
the chassis data set acquired from dealer group I. The three variables Truck Version, Truck Type and
Axlecon�guration were used in the truck classi�cation model from the Hybrid Maintenance Model in
chapter 7. Figures E.1 and E.2 give a visualized overview of the di�erent models and con�gurations
from company A's trucks.

1. Company A Model:

• Light-weight series
• Medium-weight series
• Heavy-weight series

2. Truck Version

2.1 Light-weight series:

• Light-weight1
• Light-weight2

2.2. Medium-weight series:

• Medium-weight1
• Medium-weight2
• Medium-weight3

2.3. Heavy-weight series:

• Heavy-weight1
• Heavy-weight2

3. Truck Type:

3.1. Rigid:

• This part was removed

because of con�dentiality

reasons.

3.2. Tractor:

• This part was removed

because of con�dentiality

reasons.

4. Axlecon�guration:

• 4X2
• 4X4
• 6X2
• 6X4
• 8X2
• 8X4

5. Engine:

• This part was removed because of con�dentiality reasons.

Figures E.1 and E.2 were removed because of con�dentiality reasons.
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F. Department D inventory snapshots

Table F.1: First snapshot of inventory per stock class for all department D dealers

Stock Class Parts on hand Percentage Value on hand Percentage

A 3.125.458,0 22,85% e 31.456.424,42 14,93%
B 5.399.375,1 39,48% e 93.548.905,79 44,41%
C 4.878.214,2 35,67% e 79.934.882,22 37,95%
R 37.326,3 0,27% e 1.522.499,05 0,72%
X 236.610,8 1,73% e 4.167.510,45 1,98%

Total 13.676.984,3 e 210.630.221,92

Table F.2: First snapshot of loss in service level per stock class for all department D dealers

Stock Class Hits with no on hand Percentage

A 116.653 9,68%
B 208.874 17,33%
C 760.013 63,06%
R 73.476 6,10%
X 46.195 3,83%

Total 1.205.211
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Table F.3: Second snapshot of inventory per stock class for all department D dealers

Stock Class Parts on hand Percentage Value on hand Percentage

A 3.117.163,9 22,81% e 30.260.511,86 14,48%
B 5.396.480,2 39,49% e 93.950.701,89 44,97%
C 4.860.126,1 35,57% e 79.217.839,22 37,92%
R 36.688,8 0,27% e 1.522.485,45 0,73%
X 253.420,4 1,85% e 3.972.210,22 1,90%

Total 13.663.879,4 e 208.923.748,64

Table F.4: Second snapshot of loss in service level per stock class for all department D dealers

Stock Class Hits with no on hand Percentage

A 118.666 9,87%
B 209.803 17,45%
C 755.949 62,86%
R 72.065 5,99%
X 46.061 3,83%

Total 1.202.544
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G. Dealer's safety stock settings

Group F

Table G.1: Price group and Safety stock settings of group F dealers 1 and 2

00004 00016
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 5,00 4 e 0,00 e 5,00 4
e 5,00 e 10,00 3 e 5,00 e 10,00 3
e 10,00 e 20,00 3 e 10,00 e 20,00 3
e 20,00 e 50,00 2 e 20,00 e 50,00 2
e 50,00 e 100,00 2 e 50,00 e 100,00 2
e 100,00 e 200,00 2 e 100,00 e 200,00 2
e 200,00 e ∞ 2 e 200,00 e ∞ 2

Table G.2: Price group and Safety stock settings of group F dealers 3 and 4

00033 00056
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 5,00 4 e 0,00 e 5,00 4
e 5,00 e 10,00 3 e 5,00 e 10,00 3
e 10,00 e 20,00 3 e 10,00 e 20,00 3
e 20,00 e 50,00 2 e 20,00 e 50,00 2
e 50,00 e 100,00 2 e 50,00 e 100,00 2
e 100,00 e 200,00 2 e 100,00 e 200,00 2
e 200,00 e ∞ 2 e 200,00 e ∞ 2

66 S.T. Visser - Forecasting the intermittent and slow-moving demand of spare parts



APPENDICES

Group G

Table G.3: Price group and Safety stock settings of Group G dealers 1 and 2

00020 00028
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 5,00 4 e 0,00 e 5,00 4
e 5,00 e 10,00 4 e 5,00 e 10,00 4
e 10,00 e 20,00 4 e 10,00 e 20,00 4
e 20,00 e 50,00 3 e 20,00 e 50,00 3
e 50,00 e 100,00 2 e 50,00 e 100,00 2
e 100,00 e 350,00 2 e 100,00 e 350,00 2
e 350,00 e ∞ 2 e 350,00 e ∞ 2

Table G.4: Price group and Safety stock settings of Group G dealers 3 and 4

00029 00030
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 5,00 4 e 0,00 e 5,00 4
e 5,00 e 10,00 4 e 5,00 e 10,00 4
e 10,00 e 20,00 4 e 10,00 e 20,00 4
e 20,00 e 50,00 3 e 20,00 e 50,00 3
e 50,00 e 100,00 2 e 50,00 e 100,00 2
e 100,00 e 350,00 2 e 100,00 e 350,00 2
e 350,00 e ∞ 2 e 350,00 e ∞ 2

Table G.5: Price group and Safety stock settings of group G dealers 5, 6 and 7

00068 00129 00131
Pricegroup SS Weeks Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 5,00 4 e 0,00 e 5,00 4 e 0,00 e 5,00 4
e 5,00 e 10,00 4 e 5,00 e 10,00 4 e 5,00 e 10,00 4
e 10,00 e 20,00 4 e 10,00 e 20,00 4 e 10,00 e 20,00 4
e 20,00 e 50,00 3 e 20,00 e 50,00 3 e 20,00 e 50,00 3
e 50,00 e 100,00 2 e 50,00 e 100,00 2 e 50,00 e 100,00 2
e 100,00 e 350,00 2 e 100,00 e 350,00 2 e 100,00 e 350,00 2
e 350,00 e ∞ 2 e 350,00 e ∞ 2 e 350,00 e ∞ 2
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Group H

Table G.6: Price group and Safety stock settings of group H dealers 1 and 2

00038 00040
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 25,00 3 e 0,00 e 25,00 3
e 25,00 e 50,00 3 e 25,00 e 50,00 3
e 50,00 e 75,00 3 e 50,00 e 75,00 3
e 75,00 e 100,00 3 e 75,00 e 100,00 3
e 100,00 e 250,00 3 e 100,00 e 250,00 3
e 250,00 e 500,00 2 e 250,00 e 500,00 2
e 500,00 e ∞ 1 e 500,00 e ∞ 1

Table G.7: Price group and Safety stock settings of group H dealers 3 and 4

00043 00049
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 25,00 3 e 0,00 e 25,00 3
e 25,00 e 50,00 3 e 25,00 e 50,00 3
e 50,00 e 75,00 3 e 50,00 e 75,00 3
e 75,00 e 100,00 3 e 75,00 e 100,00 3
e 100,00 e 250,00 3 e 100,00 e 250,00 3
e 250,00 e 500,00 2 e 250,00 e 500,00 2
e 500,00 e ∞ 1 e 500,00 e ∞ 1
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Group I

Table G.8: Price group and Safety stock settings of group I dealers 1 and 2

00002 00019
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 25,00 5 e 0,00 e 25,00 4
e 25,00 e 50,00 5 e 25,00 e 50,00 4
e 50,00 e 75,00 4 e 50,00 e 75,00 3
e 75,00 e 100,00 3 e 75,00 e 100,00 3
e 100,00 e 250,00 2 e 100,00 e 250,00 2
e 250,00 e 500,00 2 e 250,00 e 500,00 2
e 500,00 e ∞ 1 e 500,00 e ∞ 1

Table G.9: Price group and Safety stock settings of group I dealers 3 and 4

00037 00051
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 25,00 5 e 0,00 e 25,00 5
e 25,00 e 50,00 5 e 25,00 e 50,00 5
e 50,00 e 75,00 4 e 50,00 e 75,00 5
e 75,00 e 100,00 3 e 75,00 e 100,00 4
e 100,00 e 250,00 2 e 100,00 e 250,00 3
e 250,00 e 500,00 2 e 250,00 e 500,00 3
e 500,00 e ∞ 1 e 500,00 e ∞ 2

Table G.10: Price group and Safety stock settings of group I dealers 5 and 6

00069 00077
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 25,00 5 e 0,00 e 25,00 5
e 25,00 e 50,00 5 e 25,00 e 50,00 5
e 50,00 e 75,00 5 e 50,00 e 75,00 4
e 75,00 e 100,00 4 e 75,00 e 100,00 3
e 100,00 e 250,00 3 e 100,00 e 250,00 2
e 250,00 e 500,00 3 e 250,00 e 500,00 2
e 500,00 e ∞ 2 e 500,00 e ∞ 1
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Group J

Table G.11: Price group and Safety stock settings of group J dealers 1 and 2

00031 00032
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 25,00 3 e 0,00 e 25,00 3
e 25,00 e 50,00 3 e 25,00 e 50,00 3
e 50,00 e 75,00 3 e 50,00 e 75,00 3
e 75,00 e 100,00 3 e 75,00 e 100,00 3
e 100,00 e 250,00 3 e 100,00 e 250,00 3
e 250,00 e 500,00 2 e 250,00 e 500,00 2
e 500,00 e ∞ 1 e 500,00 e ∞ 1

Table G.12: Price group and Safety stock settings of group J dealers 1 and 2

00031 00032
Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 25,00 3 e 0,00 e 25,00 3
e 25,00 e 50,00 3 e 25,00 e 50,00 3
e 50,00 e 75,00 3 e 50,00 e 75,00 3
e 75,00 e 100,00 3 e 75,00 e 100,00 3
e 100,00 e 250,00 3 e 100,00 e 250,00 3
e 250,00 e 500,00 2 e 250,00 e 500,00 2
e 500,00 e ∞ 1 e 500,00 e ∞ 1

Table G.13: Price group and Safety stock settings of group J dealers 5, 6 and 7

00068 00129 00131
Pricegroup SS Weeks Pricegroup SS Weeks Pricegroup SS Weeks

e 0,00 e 25,00 3 e 0,00 e 25,00 3 e 0,00 e 25,00 3
e 25,00 e 50,00 3 e 25,00 e 50,00 3 e 25,00 e 50,00 3
e 50,00 e 75,00 3 e 50,00 e 75,00 3 e 50,00 e 75,00 3
e 75,00 e 100,00 3 e 75,00 e 100,00 3 e 75,00 e 100,00 3
e 100,00 e 250,00 3 e 100,00 e 250,00 3 e 100,00 e 250,00 3
e 250,00 e 500,00 2 e 250,00 e 500,00 2 e 250,00 e 500,00 2
e 500,00 e ∞ 1 e 500,00 e ∞ 1 e 500,00 e ∞ 1
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H. Full system B results

Table H.1: Full sample service level values

Hits Lewandowski AVS-Graves Lewandowski Demand Classi�cation
vs. Current B vs. Current B vs. AVS-Graves vs. Current B

40 99,00% 98,98% 97,98% 99,00%
39 99,00% 98,97% 97,98% 98,99%
38 98,99% 98,97% 97,98% 98,99%
37 98,99% 98,96% 97,99% 98,98%
36 98,98% 98,95% 97,99% 98,97%
35 98,98% 98,95% 97,99% 98,97%
34 98,97% 98,94% 98,00% 98,96%
33 98,97% 98,93% 98,00% 98,96%
32 98,96% 98,92% 98,00% 98,95%
31 98,95% 98,91% 98,00% 98,94%
30 98,95% 98,90% 98,01% 98,93%
29 98,94% 98,89% 98,01% 98,93%
28 98,93% 98,88% 98,02% 98,92%
27 98,92% 98,86% 98,02% 98,91%
26 98,91% 98,85% 98,03% 98,89%
25 98,90% 98,83% 98,03% 98,88%
24 98,88% 98,81% 98,04% 98,86%
23 98,87% 98,79% 98,04% 98,85%
22 98,86% 98,77% 98,05% 98,83%
21 98,83% 98,75% 98,05% 98,81%
20 98,81% 98,72% 98,06% 98,78%
19 98,79% 98,69% 98,07% 98,76%
18 98,76% 98,66% 98,07% 98,73%
17 98,73% 98,62% 98,08% 98,70%
16 98,69% 98,58% 98,09% 98,66%
15 98,64% 98,52% 98,09% 98,61%
14 98,59% 98,46% 98,09% 98,55%
13 98,52% 98,39% 98,10% 98,47%
12 98,45% 98,31% 98,10% 98,40%
11 98,37% 98,23% 98,11% 98,32%
10 98,30% 98,15% 98,11% 98,24%
9 98,22% 98,07% 98,12% 98,16%
8 98,18% 98,02% 98,12% 98,11%
7 98,15% 97,99% 98,12% 98,08%
6 98,13% 97,97% 98,12% 98,06%
5 98,13% 97,96% 98,12% 98,05%
4 98,13% 97,96% 98,12% 98,05%
3 98,12% 97,96% 98,12% 98,05%
2 98,12% 97,96% 98,12% 98,05%
1 98,12% 97,96% 98,12% 98,05%
0 98,12% 97,96% 98,12% 98,05%
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Table H.2: Full sample average inventory values

Hits Lewandowski AVS-Graves Lewandowski Demand Classi�cation
vs. Current B vs. Current B vs. AVS-Graves vs. Current B

40 e 1.101.095 e 1.094.197 e 937.790 e 1.100.720
39 e 1.100.183 e 1.093.162 e 937.986 e 1.099.711
38 e 1.099.410 e 1.092.005 e 938.309 e 1.098.696
37 e 1.098.570 e 1.090.930 e 938.537 e 1.097.727
36 e 1.097.776 e 1.089.912 e 938.781 e 1.096.796
35 e 1.096.761 e 1.088.694 e 938.991 e 1.095.698
34 e 1.095.774 e 1.087.378 e 939.480 e 1.094.592
33 e 1.094.849 e 1.086.186 e 939.687 e 1.093.590
32 e 1.094.185 e 1.085.377 e 939.915 e 1.092.858
31 e 1.093.366 e 1.084.226 e 940.258 e 1.091.962
30 e 1.092.408 e 1.082.855 e 940.601 e 1.090.903
29 e 1.091.784 e 1.081.553 e 941.466 e 1.089.892
28 e 1.090.734 e 1.079.901 e 941.963 e 1.088.607
27 e 1.089.647 e 1.078.390 e 942.408 e 1.087.416
26 e 1.088.236 e 1.076.568 e 942.856 e 1.085.807
25 e 1.086.393 e 1.074.387 e 943.406 e 1.083.850
24 e 1.084.518 e 1.071.991 e 943.930 e 1.081.821
23 e 1.082.630 e 1.069.457 e 944.458 e 1.079.523
22 e 1.080.067 e 1.066.226 e 945.299 e 1.076.459
21 e 1.076.674 e 1.062.278 e 945.808 e 1.072.753
20 e 1.073.061 e 1.058.208 e 946.393 e 1.068.903
19 e 1.069.500 e 1.054.203 e 946.932 e 1.065.080
18 e 1.065.401 e 1.049.500 e 947.585 e 1.060.605
17 e 1.060.004 e 1.043.393 e 948.606 e 1.054.717
16 e 1.053.596 e 1.036.318 e 949.166 e 1.047.945
15 e 1.045.874 e 1.028.262 e 949.742 e 1.039.996
14 e 1.034.443 e 1.016.270 e 950.279 e 1.028.146
13 e 1.020.185 e 1.001.218 e 951.145 e 1.013.276
12 e 1.007.161 e 987.484 e 951.543 e 999.652
11 e 995.109 e 974.480 e 952.498 e 986.703
10 e 984.249 e 962.524 e 953.505 e 974.820
9 e 974.266 e 951.806 e 954.413 e 964.140
8 e 967.961 e 944.551 e 955.295 e 956.930
7 e 963.613 e 939.182 e 955.883 e 951.616
6 e 960.152 e 935.187 e 956.366 e 947.686
5 e 957.774 e 932.246 e 956.723 e 944.746
4 e 957.152 e 931.290 e 956.834 e 943.792
3 e 956.732 e 930.906 e 956.690 e 943.408
2 e 956.646 e 930.807 e 956.646 e 943.309
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I. Department D Manual
The last appendix of this master thesis contains the department D Manual, which was written as a
�nal deliverable of this research project for company A. The purpose of the manual is to explain the
important decisions, parameter settings and replenishment policies of department D's system. By
providing this document to department D and its employees, the acquired knowledge and optimized
settings as a results of this project can be taken over by the analysts from department D.

The remainder of this appendix was removed because of con�dentiality reasons.

S.T. Visser - Forecasting the intermittent and slow-moving demand of spare parts 73


