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Management summary 
This research is conducted at Van den Bosch Transporten, a logistic service provider in bulk 

transportation. The goal of the research is to determine the optimal fleet size for a logistics service 

provider in bulk goods. 

Problem statement, objective, and scope  

Customer service is becoming more and more important for Van Den Bosch Transporten, the objective 

is to not refuse any orders and achieve a high on-time performance. On the other hand, a characteristic 

of the bulk transportation market is that the profit margins are relatively low. Therefore, costs are still 

an important performance indicator. It is important to match supply and demand to be both cost 

efficient and achieve a high customer service level. This leads to the following research question: 

“What is the optimal fleet size for an intermodal bulk logistics service provider?” 

In order to answer this research question three steps are necessary. First the expected number of 

orders need to be forecasted. Afterwards, this forecast should be converted to required trucking time. 

In the end, the optimal fleet size can be determined.  

There is decided to only focus on the trucking activities in the Benelux Plus region. Furthermore, the 

focus of the project is on the division liquid chemical (LC). Because of the customer centred focus the 

decision is made to only focus on modifying the supply side instead of modifying the demand side.  

Findings  

The best performing aggregation level is the level with individual lanes, region aggregated lanes, and 

non pareto lanes. A distinction between pareto and non pareto lanes outperforms all lane aggregation.  

In the next step two forecasting methods are compared against each other. The accuracy of the two 

methods is similar, but exponential smoothing is preferred, because it is easier to use and maintain. 

However, there is a lot of uncertainty, which is not predicted by the forecasting tool. This is important 

to consider when determining the optimal fleet size.  

Around 60% of the demand, is ordered at least one week before the requested loading week. With this 

information the forecast for next week is improved significantly, while the forecast for two weeks 

ahead deteriorates. Encouraging the customer to order earlier improves the forecast even more. This 

also indicates that the current way of capacity planning makes sense, because the current way of 

capacity planning makes use of the demand already ordered by customers.  

When the orders are converted to trucking time (and thus trucking capacity), two different methods 

are compared against each other. The results of the two methods are relatively close to each other. 

However, the simple average method which just multiplies the number of orders with the average time 

to process an order is preferred, because of the easiness to use and maintain.  

The most important conclusion, in the determination of the optimal fleet size is that the cost curve is 

relatively flat. Because of the flat cost function, it is important to consider more than just costs in 

determining the fleet size. The results from this first model are that a fleet size between 36 and 40 

trucks is optimal. A regular fleet consisting of 34 to 42 trucks is only two percent more expensive, which 

is still reasonable.  Important to mention is that waiting times are not considered in the report due to 

data quality issues.  
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1 Introduction 
In this first chapter the master thesis project is introduced. This master thesis is conducted at Van den 

Bosch Transporten, a logistics service provider active in bulk transportation. The goal of the project is 

to determine the optimal fleet size. 

The structure of this chapter is as follows. First, Van den Bosch Transporten, is introduced as a 

company. Afterwards, a problem statement is given, and the objective of the project is described. 

Next, the research question is formulated, and the scope of the project is determined. Afterwards, it 

is elaborated on the research methodology. Finally, in the last part, the outline of this thesis is 

presented.  

1.1 Company Description 
Van den Bosch Transporten is a logistic service provider transporting dry and liquid bulk goods. Van 

den Bosch Transporten is founded in 1964. An important characteristic for bulk transportation is that 

the product is directly loaded in the load unit, the container is the package material of the product 

during the transportation process. Consequently, Van den Bosch Transporten receives only full truck 

load (FTL) orders. The initial focus of Van Den Bosch was solely on road transportation. Over time, 

other forms of transport (boat and train) were discovered and used. Currently, around 75% of the 

transportation is intermodal. The mission of Van den Bosch Transporten is as follows:  

“To be the best and most successful company in bulk logistics” 

The organization is divided into several divisions based on the nature of the product. Each operational 

division has a manager, team leaders, planners and customer service employees. The daily operation 

is divided into three departments, liquid food (LF), liquid chemical (LC), and dry (DRY).  

Van den Bosch Transporten has a customer centred focus, therefore customer service level is 

important for the company. On the other hand, the bulk transportation market is characterized by low 

profit margins. In order to achieve a high customer service level (not refusing any orders from 

customers and on-time performance) and still be profitable, it is important to have a high utilization 

of the fleet and to be flexible to customer preferences.  

1.2 Problem Statement 
Van den Bosch Transporten has own trucks, but also make use of two kinds of subcontractors.  Van 

den Bosch Transporten has fully integrated subcontractors (FIS) and not fully integrated 

subcontractors (NFIS). Each trucking option (i.e. own trucks, FIS, and NFIS) has advantages and 

disadvantages in the terms of costs, flexibility and quality.  

Own trucks are driving around the year for Van den Bosch Transporten and, accordingly the flexibility 

of these trucks is low. A fully integrated subcontractor (FIS) is a subcontractor that is hired for longer 

consecutive periods in a year or around the year by Van den Bosch Transporten. FIS are a bit more 

flexible compared to own trucks, but the flexibility is still limited. The quality of FIS is as high as own 

trucks. Both FIS and own trucks are a form of regular capacity available throughout the year. However, 

it is easier and cheaper to adjust (both expanding and decreasing) the regular capacity with FIS trucks. 

If Van den Bosch Transporten wants to adjust the number of FIS trucks, this should be anticipated four 

weeks in advance. FIS are in literature known as contract-based subcontractors.  

The other subcontracting option are the not fully integrated subcontractors (NFIS). NFIS are very 

flexible and contacted at the last moment when a shortage in trucking capacity occurs to fill the gaps 

in the planning. However, this high flexibility comes at a price. The quality of NFIS is usually lower 
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compared to own and FIS trucks. NFIS are often not familiar with the bulk transportation market and 

do not always have the appropriate equipment. Moreover, NFIS are more expensive compared to FIS 

and own trucks. NFIS are in literature known as spot or on-demand subcontractors.  

In general holds that if subcontractors are contacted earlier, the chance that a truck is still available is 

higher and the associated costs are probably lower. 

A significant part of the demand is ordered only a few days before the requested loading date. 

Planners are busy with the daily operation and face problems with managing capacity on a longer time 

horizon. Due to the short planning horizon, the number of required trucks, and therefore additional 

subcontractors, is often known late. If there is overcapacity, Van den Bosch Transporten gets charged 

for cancelling subcontractors late. Furthermore, this ruins the relationships with subcontractors. 

Currently, this is not very often the case, because Van den Bosch Transporten has a relatively small 

own fleet and makes relatively much use of not fully integrated subcontractors (NFIS). Those 

subcontractors are arranged when there is a need for additional transportation capacity to fill the gaps 

in the planning.  

On the other hand, if there is a capacity shortage, subcontractors might already be busy and are not 

available anymore. Consequently, orders must be rejected, or orders are rescheduled to time slots 

that are not preferred by customers. This is not in line with the customer centred focus. If 

subcontractors are still available, they usually charge a premium because of the urgency.   

Limited insight in 
demand pattern

Limited insight in 
required trucking 

capacity

Mismatch required 
loading units

Mismatch required 
trucking capacity

Too little load units

Too many load units

Too many trucks

Too little trucks

 costly to cancel 
trucks late

 costly/impossible to 
arrange trucks late

Reduced service

Inefficient planning

Ruins relationships 
with subcontractors

 

Figure 1-1: Cause and effect tree, parts in grey are out of scope 

In Figure 1-1 the focus of the research and the interdependencies are visualized. The parts in grey are 

out of scope. The focus of this research is on trucking capacity, because the costs associated with this 

problem are higher and it is more urgent compared to loading units. Furthermore, arranging additional 

trucks lately leads usually to bigger issues regarding costs, quality and availability. On the other hand, 

it is way more costly to have overcapacity in number of trucks than to have overcapacity in loading 

units. The objective of this research is to better match trucking supply with demand.  

1.3 Research Questions 
Based on the previous section (problem statement) and the objective to match supply and demand, 

the following research question is derived:  

 “What is the optimal fleet size for an intermodal logistics service provider in bulk transportation?” 

In order to answer the research question, several sub questions are formulated: 
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1. How can the expected number of orders be forecasted most accurately? 

1.1. What are the characteristics of the demand and the market? 

1.2. What is the best performing aggregation level? 

1.3. Is the already existing forecasting method (Kaplan, 2015) suited? 

1.4. What are other forecasting methods suited for the problem? 

2. How can the forecast be converted to total required trucking capacity? 

2.1. Which trucking activities are relevant to the problem? 

2.2. What is the relationship between the used trucking time and the number of orders? 

3. What is the optimal fleet size (in terms of FIS)?  

1.4 Scope 
The duration of this master thesis project is limited. Therefore, it is impossible to consider everything. 

The focus is on the trucking activities in the so-called Benelux Plus region only. This region includes 

the Benelux, the eastern part of Germany, and the northern part of France. 

Furthermore, the focus is on the division liquid chemical (LC), the other divisions are not considered. 

Van den Bosch Transporten has also the option to sell transport orders via the Freightmatch platform, 

for instance orders that do not fit the network. This is also a form (trucking) capacity, but this is out of 

scope.  

In capacity management, at the tactical level, there are two options to focus on. One can either focus 

on modifying the demand with a set of marketing tools. On the other hand, the focus can be on 

modifying the supply instead (Olhager, Rudberg, & Wikner, 2001). It is decided to solely focus on 

adjusting the supply side, because Van den Bosch Transporten has a customer centred focus and 

therefore it is not preferred to adjust the demand side.  

The capacity planning can be divided in a strategic, tactical, and operational capacity planning level. A 

typical decision at this planning level is the number of own trucks. This is the result of a long-term 

strategic decision and the sunk costs are high (Herbots, Herroelen, & Leus, 2007). The decision to 

expand or decrease the own fleet cannot be made in isolation and is not in the scope of this project. 

The scope of the project is on the tactical level (the number of required FIS) and on the operational 

level (the number of required NFIS) . 

1.5 Research Methodology 
For every research (sub) question a methodology is described to answer the question. For every sub 

question, the first step is to perform a thorough analysis of the current situation. Afterwards, the sub 

questions are solved. 

1.5.1 Sub question 1: Forecasting demand 
The first sub question is about a method or technique to forecast the expected orders. The quality of 

a forecast depends on several factors. Two of those factors are the availability of data and how well 

the contributing factors are understood (Hyndman & Athanasopoulos, 2018). Important is to always 

keep in mind the goal of the project. The goal of the project is to determine the optimal fleet size in 

order to match supply with demand. The forecast should serve this goal.   

As mentioned previously, a thorough analysis of the demand, market and customers is required in 

order to make a well-considered choice for forecasting technique. According to Hyndman and 

Athanasopoulos (2018) creating a forecast consists of the following five basic steps: 
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1. Problem definition  

2. Gathering information 

3. Preliminary analysis 

4. Choosing and fitting models 

5. Using and evaluating a model 

The first step is defining the problem, in this step it is important to understand the goal of the forecast 

and put effort in discussion with stakeholders to get a good and complete overview of the problem. 

Next step is to gather information. This information should consist of both historical data and expertise 

of stakeholders. In the third step, the preliminary analysis, it is important to visualize the data. Graphs 

help to search patterns in the data. These first three steps are executed in the third Chapter. The 

fourth step is to choose the best fitting model. The best model depends on the availability of historical 

data and the understanding of potential explanatory variables.  In the last step, step five, the model(s) 

selected in step four are implemented and the performance is evaluated. 

At Van den Bosch Transporten, a forecasting method is already available (Kaplan, 2015), but this 

method is currently not used. Important is to discover is the reason of not using the tool in order to 

overcome this issue in the future. Furthermore, the method should be evaluated and compared with 

other potential forecasting methods.  

1.5.2 Sub question 2: Conversion from number of orders to trucking time 
In the first sub question, the orders are forecasted. However, the objective of this research is to control 

the trucking capacity. Therefore, those forecasted orders in the first sub question should be translated 

into required trucking capacity. Van den Bosch Transporten only receives orders that are full truckload. 

Therefore, trucking capacity is not measured in space or weight, but the trucking capacity should be 

measured in a time unit (hours) instead.  

1.5.3 Sub question 3: Determining the optimal fleet size 
The third and last sub question is about the optimal fleet size. This sub question is about how to 

incorporate own trucking and the two types of subcontracting together. Important in this sub question 

is to consider both short- and long-term goals and the uncertainty in the environment (Couillard, 

1993). As mentioned previously, both costs efficiency and customer service are key performance 

indicators.  

Van den Bosch Transporten has the option to expand their capacity on short term with NFIS trucks. 

This allows the organization to go for a demand chase strategy to meet the variation in demand 

(Olhager et al., 2001). The baseline of orders is done by fixed, regular capacity, the variation can be 

satisfied with additional nonregular capacity. The two kinds of subcontractors and own trucks differ 

in terms of flexibility, costs and quality. It is important to consider these characteristics. 

1.6 Thesis outline 
In this Chapter the company is introduced, and the problem is described. In Chapter two the related 

literature is described. In the third Chapter, the current situation is analysed in detail. In Chapter four, 

a general methodology to solve the problem is presented. This methodology is applied to the case of 

Van den Bosch Transporten in Chapter five. In Chapter six an implementation plan is given, and in the 

last Chapter of the report conclusions, recommendations, and limitations are described. 
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2 Literature 
In the second chapter the literature related to the project is presented. First, capacity management is 

described in general and it is elaborated on some central elements. Afterwards, literature related to 

the optimal sourcing mix is presented. In the last part, literature is described which determines the 

optimal fleet size by incorporating operational decisions such as routing, consolidation, and demand 

allocation. 

2.1 Capacity management 
The key goal of capacity management is to anticipate on future total demand and ensure that one has 

enough capacity to meet total future demand (Sagaert, Kourentzes, De Vuyst, Aghezzaf, & Desmet, 

2019). The availability of short-term capacity adjustments (i.e. subcontracting options) allows the firm 

to go for a demand chase strategy to meet the variation in demand (Merzifonluogly, Geunes, & 

Romeijn, 2007).  

Three variables that are important regarding capacity management (Hayes & Wheelwright, 1984). 

These three variables are listed below. 

1. The type of capacity needed 

2. The amount of the capacity needed 

3. The timing of the change in capacity  

To reduce total costs, flexibility can be an important factor. Instead of owning a fleet, using 

transportation resources from external parties can be an efficient option. Also interchangeability of 

vehicles to serve more than one type of demand can reduce the costs while the service level is 

improved (Redmer, 2015). 

2.2 Central elements in fleet size management 
In Figure 2-1 the relationships among the most important elements of the fleet sizing problem are 

depicted. According to List et al. (2003) three major inputs are involved in the fleet sizing problem. 

These are the demand, the network and the associated costs. The relationships and inputs with 

operating decisions are visualized in Figure 2-1. 

 

Figure 2-1: Relationships in the fleet sizing problem (List et al., 2003) 

Figure 2-1 shows the complexity of the fleet sizing problem. Important to note is that decisions about 

the optimal size of the fleet cannot be taken in isolation due to the relationships between the central 

elements. Multiple objectives are possible. Some examples of objectives are costs, on-time 

performance, and truck utilization.  

A conceptual framework is derived by Couillard (1993) to determine the optimal fleet size and 

composition. According to Couillard (1993), It is important to make trade-offs between short and long 
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term goals and consider the uncertainty in the process. This conceptual model is depicted in Figure 

2-2. 

Demand forecasting

Generation of 
alternative plans

Evaluation of 
alternative plans

Selection of the 
 best  plan

forecasts

Plans

Evaluation 
grid

Evaluation of 
alternative plans

Past data

Budget

Corporate 
objectives

Criteria
set

Future need expressed by 
customers

List of price and availability 
of vehicles

Maintenance and ownership 
costs functions

Fleet size 
& composition  

Figure 2-2: Conceptual framework fleet size determination and composition (Couillard, 1993) 

The input for determining the optimal fleet size is a demand forecast. With the forecast of demand 

multiple plans are generated about the composition and size of the fleet. Afterwards, those plans are 

evaluated against the objectives of the company. A subset of plans goes through to the next step. In 

this step the best plan is selected.  

2.3 Optimal sourcing mix 
The objective of the paper of  Stojanović, Nikoličić, and Miličić (2011) is to determine the optimal 

sourcing mix of an own fleet and subcontractors. The basics of this paper are in the make or buy 

decision making process. In times of capacity shortage, additional vehicles are hired from external 

parties. An own fleet makes sense when it reaches good utilization and economies of scale. Moreover, 

it is important that the company has a relative stable position in the market.  

In the paper of Shyshou, Gribkovskaia, and Barceló (2010) a fleet sizing problem in anchor handling 

operations is presented. Typical for these operations is high variation in demand throughout the year. 

Variation in demand causes variation in the prices of on-demand subcontractors. The objective is to 

minimize the total vessel hiring cost, which include costs for on-demand subcontractors and long-term 

contract subcontractors. 

Nikolić-Dorićb and Stojanovića (2014) explore the impact of time demand characteristics in the 

optimal transport sourcing mix. The transport sourcing mix consists of subcontracted charters, own 

trucks or a combination of both. According to them, a portion of the surplus of the demand is 

dependent on the demand time characteristics.  

The paper of  Kantari, Pujawan, Arvitrida, and Hilletofth (2020) addresses the issues of transport 

services using contract-based and on-demand subcontracting (no owned trucking fleet) under 

fluctuating demand with seasonal effects. The focus is on delivering products from plant to customer. 

Discrete event simulation is used to capture the dynamics of the problem. Several scenarios are tested 

and evaluated on the following three performance indicators: product fill rate, shipment reliability, 

and truck utilisation. 
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All articles presented in this section consider demand variation and other uncertain factors in their 

process to determine the optimal fleet size. It is recognized by the authors of the papers that this 

variation is inherent to the market they are operating in. The variation cannot be removed, and it is 

important to cope with the variation. They can cope with this variation by making use of the flexibility 

of on-demand subcontractors.  

Both Nikolić-Dorićb and Stojanovića (2014) and Kantari et al. (2020) consider two types of 

subcontractors (contract-based and on-demand) and could be applicable to the case of Van den Bosch 

Transpoten.  

2.4 Incorporating operational decisions in determining the optimal fleet size 
Several papers incorporate operational decisions in model with the objective to determine the optimal 

fleet size. In the model of Wu, Hartman and Wilson (2005) both operational and tactical decisions are 

considered. The operational decisions are demand allocation and positioning of idle trucks. A tactical 

decision made in their model is asset procurement. In their model there is a heterogenous fleet with 

differences in age, because older vehicles are in general more expensive to operate and maintain. The 

objective is to minimize total costs. 

In the paper of  Lim, Rodrigues, Xu, and Lim (2008) a transportation procurement model is developed. 

There is seasonal demand. The objective of the model is to allocate freight to carriers for routes in the 

network to minimize the total transportation costs. The seasonal demand can be levelled. In other 

words, demand during peak periods can be negotiated and shipped during low demand periods. There 

is argued that this is profitable for both the logistics service provider and the customer.  

A fleet size mixing problem is solved by Bertoli, Kilby, and Urli (2020). The objective of this model is to 

minimize the sum of operational and fixed costs over a multi-day planning horizon. With hiring 

additional vehicles is possible to meet demand during peak demand periods. The decision variables 

are the number of trucks assigned to a specific terminal and whether a cycle is executed with a 

resource from the allocated home terminal or not. 

Hewitt, Crainic, Nowak, and Rei (2019) propose a network design model incorporating both 

operational and tactical decisions. The problem they solve is about planning decisions made by a 

consolidation-based carrier. Decisions on operational costs (holding a shipment for consolidation) and 

service level (delivering on-time) must be balanced. The operational decisions made are the routing 

of freight through the network and selecting the appropriate services and resources to transport the 

freight. Tactical decisions are the total number of resources available and the assignment of resources 

to home terminals. The model of Hewitt et al. (2019) makes a distinction between contract-based and 

on-demand subcontractors and is therefore potentially applicable to the case of Van den Bosch 

Transporten.   
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3 Detailed analysis  
In this chapter the current situation at Van den Bosch Transporten is described and analysed in detail. 

First, the market and customers are analysed.  Afterwards, the main differences between fully 

integrated subcontractors (FIS), not fully integrated subcontractors (NFIS), and own trucks are 

described. Next, the current capacity planning at the strategic, tactical, and operational level is 

analysed. Lastly, the existing forecasting method at Van den Bosch Transporten is described in detail.  

The liquid chemical division (the division in scope of this project) of Van den Bosch Transporten served 

in 2019, 957 unique lanes and 184 unique customers. A lane is defined as the transportation of an 

order from origin to destination. Due to this specificity in loading and unloading countries and cities, 

a lane usually, but not necessarily, belongs to one customer, but many customers have multiple lanes. 

In 2019 the division LC (liquid chemical) was active in 30 individual countries across Europe. Most of 

the orders have as an origin or destination, a country in the Benelux Plus region (Benelux, Eastern part 

of Germany, Nothern part of France). Within the Benelux Plus region the activities are divided into 

road and intermodal transportation. Intermodal transportation is divided in the Rotterdam and Ruhr 

area (i.e. boat or train from or to the Rotterdam or Ruhr area).  

However, the seven most contributing lanes make up 30% of the orders and the four most contributing 

customers make up 50% of the orders in 2019.  In 2019, Van den Bosch was active in 30 different 

countries across Europe.  

3.1 Market and customer characteristics  
Van den Bosch Transporten receives three types of orders. Firstly, there are spot orders. Spot orders 

are ordered by customers who need additional resources only when a shortage in trucking capacity 

occurs. The second type of orders are tender orders. This is a contractual agreement between a 

customer and Van den Bosch Transporten to transport a specified amount of a product in a specified 

time period. This does not necessarily mean stable demand, because a customer can also order the 

amount specified on the tender in a short time period instead of spreading the orders smoothly over 

the whole period when the tender is valid. Last kind of orders are regular orders. This are order from 

regular customers, but there is no contractual agreement (no tender agreement). 

From interviews is conducted that the bulk transportation market is characterized by disloyal 

customers. Multiple customers appear only once or few times a year. This can even happen with 

tenders. In one or two months, a customer has for instance 20 shipments, but that is the only time 

this customer is making use of the logistic services of Van den Bosch Transporten. After fulfilling the 

tender, the customer does not order again.   

This disloyalty is confirmed when the data is analysed. For the analysis of customer loyalty, the data 

of 2018 and 2019 are compared. From the data is concluded that around 45% of the customers is 

present in both 2018 and 2019. This shows the disloyalty of customers. However, the loyal customers 

represent over 90% of the total demand in 2018 and 2019.  The disloyal customers only represent a 

small amount of the total demand. As already mentioned, most disloyal customers only make use of 

the logistics services of Van den Bosch Transporten when a shortage occur. 

3.1.1 Demand Analysis 
In this section, the demand of both 2018 and 2019 is analysed. The goal is to get insights in the demand 

pattern. Next to analysing demand, interviews are conducted with planners to get more insights and 

declare the patterns. 
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Figure 3-1: Comparison of total demand per week in 2018 and 2019 

In Figure 3-1 the demand fulfilled in 2018 and 2019 per week is visualized. An important comment is 

that this is sales data and not data of demand ordered by customers and therefore rejected orders 

are not included in the figure. However, Van den Bosch Transporten has the objective to not reject 

any orders. Therefore, it is likely that a large extent of the orders is accepted, and it is assumed that 

sales data is a good representation customer demand. The demand is stable across the year, with two 

dips. The first dip in the demand is around Christmas and New Year. This is in line with the interviews 

conducted with planners and customer service employees. In this period many companies are closed 

and accordingly the demand during this period is low. The second dip in the demand is from week 30 

to 34, this is the summer holiday period. Another observation is that in the second part of 2019, the 

average number of orders compared to 2018 is higher. This is explained by the appearance of two big 

customers. The expectation is that these customers stay with Van den Bosch Transporten.   

This graph is in line with the interviews conducted with planners and their intuitions on-demand 

patterns. However, way more variability is visible in Figure 3-1. From the interviews is conducted that 

this variability is hard to explain. A suggested explanation are national holidays, such as Eastern and 

Pentecost. Due to national holidays, companies are closed at some working days. From interviews 

with planners is also derived that there is no customer that has seasonal demand. 

3.1.2 Ordering moment of customers 
From interviews with planners it is conducted that a large extent of the demand is ordered in the 

loading week. However, from Figure 3-2 is concluded that there is still a significant part of the demand 

is ordered at least one week before the shipping week. 

From Figure 3-2 it can be concluded that 38% of the total demand is ordered in the loading week. 

Almost half of the demand is ordered one week before the shipping week. A small extent of the 

demand is ordered at least two weeks before the loading week.  
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Figure 3-2: Percentage of demand known x weeks before shipping week 

3.1.3 Trucking used in 2019  
In Figure 3-3, the usage of the different subcontracting options and own trucks are visualized. From 

this figure is concluded that NFIS trucks are used at a structural high level throughout the year.  

Trucking time is relevant, because the conversion from trucking time to number of trucks is simple. A 

truck can work a specified number of hours a week. The total required trucking time is simply divided 

by the time a truck can work per week.  

 

Figure 3-3: Trucking hours used in 2019 per week 

In 2019, around 33% of the total trucking time used is used by a NFIS truck. Those trucks are typically 

more expensive compared to FIS and own trucks. This percentage is relatively high. This is partly 

explained by the way of planning. Often, NFIS trucks are planned on shipments that require relatively 

much time (i.e. long distances). 

A relatively small part of the demand is fulfilled by own trucks. This has several reasons. The first one 

is that FIS charters are cheaper compared to own trucks. Another reason is that owning a large fleet 

has some risk, it is easier to get rid of FIS trucks compared to own trucks.   

However, although FIS trucks have some benefits, Van den Bosch Transporten still needs own trucks, 

because FIS trucks do not always have the right certificates and qualifications to transport specific 

orders.  
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A significant part of the FIS trucks is treated like it is own Van den Bosch Transporten capacity and 

available throughout the year. Those FIS trucks are important for the long run performance of Van 

den Bosch Transporten. Therefore, it is important to maintain a good relationship with them.   

3.2 Own trucks and subcontractors 
As explained earlier, Van den Bosch Transporten has an own fleet, but also has subcontracting options. 

There are two kinds of subcontractors, fully integrated subcontractors (FIS) and not fully integrated 

subcontractors (NFIS). The main differences between own trucks, NFIS and FIS are summarized in 

Table 3-1. 

Table 3-1: Main differences between own trucks, fully integrated subcontractors (FIS) and not fully integrated subcontractors 
(NFIS) 

 Relative flexibility Relative costs Relative quality  

Own trucking assets  Low Medium  High 

Fully integrated subcontractors (FIS)  Medium Low  High 

Not fully integrated subcontractors (NFIS)  High High Low 

 

First thing what stands out is that own trucks are more expensive in comparison to FIS trucks. This is 

due to the nationality of FIS charters (Eastern Europe). Still owning an owned fleet sounds 

counterintuitive but is easy to explain. Van den Bosch Transporten needs an own fleet to satisfy part 

of the demand. Due to cabotage legislation, drivers with the Dutch or German nationality are required. 

In addition to this, FIS drivers do not have certain certificates (ADR) they need to ship some extent of 

the products. Currently, the division liquid chemical (LC) of Van den Bosch Transporten has 18 own 

trucks.  

A fully integrated subcontractor (FIS) is integrated with Van den Bosch Transporten. In literature this 

subcontracting type is known as contract-based subcontracting. FIS have communication devices in 

their trucks to communicate with planners. Moreover, they are familiar with bulk transportation and 

have the required knowledge because the drivers are trained in the academy of Van den Bosch 

Transporten. FIS have, usually for a period in the year or around the year, a few trucks dedicated for 

Van den Bosch Transporten. These subcontractors are usually working with the company for longer 

consecutive time periods, this limits their flexibility. However, FIS are more flexible compared to own 

trucks because instead of working the whole year for Van den Bosch Transporten, FIS can work for 

periods during the year as well. The regular fleet (regular capacity) of Van den Bosch Transporten 

consists of a mix of own and FIS trucks.  

Not fully integrated subcontractors (NFIS) are in literature known as spot or on-demand 

subcontractors. They are usually addressed late when a shortage in transport capacity occurs. The 

quality of these subcontractors is lower, because they are usually not trained in the Van den Bosch 

Transporten academy. Moreover, NFIS do not always have the appropriate requirements for bulk 

transportation. They have, for instance, not always a compressor on their truck to load or unload a 

loading unit. This is currently solved in two ways. First solution is to plan together with a NFIS an own 

or FIS truck that can load or unload the load unit. Another solution also has to do with the planning. 

There are customers where such special equipment is not required or where a load unit only must be 

picked up or delivered. These orders can easily be done by NFIS.  

Due to these kind of issues NFIS can only be planned with additional prerequisites, this is not optimal. 

The costs associated with NFIS are usually higher, because they charge a fee for their flexibility.   
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From interviews with employees of Van den Bosch Transporten is derived that if Van den Bosch 

Transporten wants to expand the number of FIS trucks, this should be arranged usually around 4 

weeks in advance. Otherwise, the probability is high that these trucks are already booked by other 

companies and not available anymore.   

3.3 Current capacity planning 
The capacity planning can be divided into a strategic, tactical, and operational level. The actual 

planning is done with the help of an advanced planning program (Quintiq). Currently, planning is done 

by humans and Quintiq is used as a support system, but the goal is to automatically plan and not use 

Quintiq as a support system, but as an automated planning system. For humans it is impossible to 

consider all factors. An advanced planning system should be able to consider all factors. This will 

assure more efficient routing, reduce transportation costs, and improve customer service. 

3.3.1 Strategic capacity planning level 
The highest capacity planning level is the strategic capacity planning level. At the strategic level, 

decisions are made for at least a year ahead. A typical decision at this planning level is the number of 

own trucks. This is a huge investment and the sunk costs are high, and the result of a long-term 

strategic decision (Herbots, Herroelen, & Leus, 2007). These decisions cannot be made in isolation. 

This is not the focus of this research. The focus of this research is on the tactical and operational 

planning level.  

3.3.2 Tactical capacity planning level 
At the tactical level, decisions are made for a month to a few months ahead. The decision made on 

this capacity planning level is the number of fully integrated subcontractors (FIS). The planner has no 

tool that gives insight in the expected demand or the required resources on this time horizon. The 

planning on this level is based on history, experience of planners, and intuition of planners. It is well 

known that the low demand periods are around Christmas and the summer holidays. During those 

low demand periods, the demand is lower and therefore the available trucking capacity is decreased. 

However, this almost all planning done at this level. This information is very high level and not 

digitalized. The planning done at the tactical level is limited due to the lack of information and tools.   

As mentioned previously, FIS must be addressed around 4 weeks in advance to guarantee availability. 

The goal of this planning level is to adjust the number of FIS trucks in such way that demand, and 

supply are matched.  

3.3.3 Operational capacity planning level 
At the operational level, the planners only have tools that give insight in the demand that is already in 

the system. However, a relatively large extend of the demand is ordered only a few days before the 

due date. Therefore, a significant part of the demand is known late. The capacity planning decision 

made here is the number of required NFIS to complete all orders.  

Typically, decisions for required trucking capacity next week are based on the trucking capacity 

required in the current week and the demand already ordered by the customers for next week.  

This is best explained with a small example. If in the current week 2.000 trucking hours (including 

empty driving) are required to transport demand, the planner considers the demand that is already 

ordered for next week. If this number of orders is relatively low, the planner expects less demand in 

comparison to the current week and therefore less trucking capacity required to transport all orders 

and the other way around.  
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The conversion from trucking time to number of trucks is simple. A truck can work a specified number 

of hours a week. The total required trucking time is simply divided by the time a truck can work per 

week.  

The objective of Van den Bosch Transporten is to not refuse any orders set by customers and deliver 

on-time. Therefore, NFIS trucks are essential. If there are gaps in the planning (i.e. some individual 

shipments that cannot be shipped by regular capacity (own or FIS trucks), due to a shortage in trucking 

capacity), NFIS are arranged at the last moment to fill the gaps and transport those orders. Usually 

NFIS are only used to fulfil one specific order. 

The phase of realization is on the day of execution. Some last-minute changes are done due to 

unexpected circumstances. The planning is updated by for example swapping drivers or adding new 

stop locations. The required trucking capacity to complete all jobs is relatively stable across the week.  

If Van den Bosch Transporten receives an order that does not fit in the network (much idle driving 

time), they do not want to reject this order. There are two possible solutions to cope with this. The 

first one is that a customer service employee tries to arrange an additional order that fits the network 

and minimizes idle driving by combining orders. Another solution is selling the transport order via the 

Freightmatch platform. If the order is sold via the Freightmatch platform, another logistics service 

provider transports the order with own assets (truck and load unit). Due to these two mechanisms, 

Van den Bosch Transporten has a balanced network with little idle driving time.  

From interviews is concluded that improvements in the current way of planning can be made when 

information is available earlier. If planners have information early in the process, they should be able 

to plan resources and capacity proactive instead of reactive, which is currently the case. Moreover, 

planners should be able to plan resources more efficiently and better match supply with demand.  

3.4 Forecasting Tool 
A reliable forecast of demand serves as input for determining the optimal fleet size (Couillard, 1993). 

In the past, a forecasting method is developed for Van den Bosch Transporten (Kaplan, 2015), but this 

method is currently unused. The goal of the forecasting method is to provide support at the tactical 

level and better match resources with demand.  

The method developed by Kaplan (2015) is described in this section. In the remainder of the report is 

referred to this method as the Multiple Linear Regression forecasting method. First, three data pre-

processing steps are applied. Afterwards, demand is forecasted. The conceptual model of Kaplan 

(2015) is depicted in Figure 3-4.  
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Figure 3-4: Conceptual model forecasting method developed by Kaplan (2015) 
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3.4.1 Forecasting unit 
Forecasting can be done on multiple units. Some examples of potential forecasting units are lanes, 

regions, and product groups. The forecasting unit used is lanes. From interviews is conducted that this 

is the desired forecasting unit, planners will benefit most from a forecast on this unit. As mentioned 

previously, a lane is defined as a transportation from an origin city to destination city. 

3.4.2 Pareto analysis 
The first step in the method is a pareto analysis. To objective of the pareto analysis is to detect the 

most contributing lanes, because it is that the most contributing lanes are from the most important 

customers, Moreover, it is believed that the most contributing lanes are the stable part of the demand. 

The output are two groups of data. One group, the pareto group, consists of approximately 20% of 

the lanes but 80% of the demand. The remaining data is in the other group, referred to as the non-

pareto group. This group consists of 80% of the lanes but represents only 20% of the demand.  

The process is as follows: 

1. Sum demand of a time period per lane 

2. Rank lanes descending based on cumulative demand 

3. Calculate total number of lanes served in the chosen time period 

4. The top 20% (most contributing) lanes are the pareto group, the remaining lanes are the non 

pareto group 

3.4.3 Categorization 
Next categorization is applied to the pareto lanes. The objective of categorizing the demand patterns 

of the lanes is to select the most appropriate forecasting method. Different lanes have different 

demand structures, which may require different method for forecasting. However, almost as 

important is to get insight in the characteristics of the lanes. 

The method used for categorization is developed by Syntetos, Boylan, and Croston (2005). Based on 

the demand variability and the interval between non-zero demand periods, the demand is divided into 

four different categories.  

The method flowchart for this categorization method (Syntetos et al., 2005) is depicted in Figure 3-5. 
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Figure 3-5: Categorization scheme (Syntetos et al., 2005) 

Only the pareto lanes are categorized, categorizing other lanes is senseless because of the low demand 

volume. The demand is divided into four different categories. These categories are the following: 

• Erratic: Demand is throughout the whole year, but there is high variability in the quantity 
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• Smooth: Demand is throughout the whole year, low variability in the quantity 

• Intermittent: Many periods with zero demand, low variability in the quantity 

• Lumpy: Many periods with zero demand, high variability in the quantity 

The squared coefficient of variation is calculated using the following formula: 

𝐶𝑉2 = (
µ𝑑𝑒𝑚𝑎𝑛𝑑

𝜎𝑑𝑒𝑚𝑎𝑛𝑑
)2 

The inter-demand arrival interval is calculated with the following formula:  

𝐼𝑛𝑡𝑒𝑟 − 𝑑𝑒𝑚𝑎𝑛𝑑 𝑎𝑟𝑟𝑖𝑣𝑎𝑙 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠 𝑤𝑖𝑡ℎ 𝑛𝑜𝑛 − 𝑧𝑒𝑟𝑜 𝑑𝑒𝑚𝑎𝑛𝑑

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠
 

Lanes with relatively high demand are mostly categorized as smooth.  However, there are a lot of lanes 

which do not have smooth demand pattern. Therefore, several aggregation levels are tested. In the 

following section is commented on the different aggregation levels.  

3.4.4 Aggregation 
Several aggregation levels are tested for the case study of Van den Bosch Transporten by Kaplan 

(2005). The goal is to improve the accuracy of the forecast. The highest and most rough aggregation 

level is all-lane aggregation. All the orders from the liquid chemical (LC) division are aggregated and 

the results of this aggregation level is the total expected demand for the division LC per week.  

The second aggregation level consists of all pareto lanes aggregated (the pareto group) and all non 

pareto lanes aggregated (the non pareto group). The pareto and non pareto group are forecasted 

separately.   

The third level only considers the pareto group. This aggregation level consists of smooth individual 

lanes and region aggregated lanes. Some individual lanes have high demand and have smooth demand 

pattern, those lanes are forecasted individually. Those lanes are detected in the categorization 

method of Syntetos et al. (2005). The remaining pareto lanes are assigned to a region and the total 

demand of a specific region is summed. The non pareto group is forecasted separately.  

The fourth, and last aggregation forecasts every lane separately. For every single lane the demand is 

forecasted separately, even the lanes with almost no demand during the year are forecasted this way.  

In the report of Kaplan (2005), is concluded that the third aggregation level consisting of smooth 

individual lanes and region aggregated lanes is the most aggregation level. The second level, which 

makes a distinction between pareto and non pareto lanes has also reasonably good results and 

outperforms the all-lane aggregation level (Kaplan, 2005).  

3.4.5 Forecasting technique 
Multiple linear regression is implemented as a forecasting technique for the three best performing 

aggregation levels. For the individual lane aggregation another method is chosen. However, the 

performance at this aggregation level is bad and therefore there is not commented on this method. 

Regression analysis is a statistical method to investigate the relationship between a dependent 

variable and one or more independent variables. There are 47 dependent variables detected in the 

report of Kaplan (2015). Those 47 dependent variables are listed in Appendix A. Some examples of 

dependent variables are national holidays and demand from previous weeks. The multiple linear 

regression model is as follows for n observations with k variables: 

Di,t = β0 + βn,1x1,t + βn,3x3,t+. . . +βn,kxk,t + ε 
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Where: 

Di,t Expected demand in period t for observation i, i.e. the predicted demand  

βn,k Coefficient of variable k for observation n  

xk,t Value of variable k at time t  

Not all these 47 variables are relevant for every region or aggregation level. For the relevant, 

explanatory variables the report of Kaplan (2015) can be consulted.  
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4 Design for capacity planning 
The goal of the project is to determine the optimal number of required FIS. In this chapter a general 

design is constructed to do this. This chapter is divided into three sections.  

The input for a determining the optimal fleet size is a solid forecast of demand (Couillard, 1993). The 

outcome of a demand forecast is the number of expected orders. It is elaborated on this in Section 

4.1. However, the number of expected orders does not say anything about the required trucking 

capacity to fulfil all demand. The forecast should be converted to trucking time, models to do this are 

presented in Section 4.2. Trucking time is relevant, because there are only full truckloads. Moreover, 

the conversion from trucking time to number of trucks is simple. A truck can work a specified number 

of hours a week. The total required trucking time is simply divided by the time a truck can work per 

week.  

This does not mean that the optimal number of trucks can be calculated immediately, because it is 

important to incorporate uncertainty in determining the optimal fleet size (Couillard, 1993). In Section 

4.3, two types of models are presented to determine the optimal fleet size. As mentioned previously, 

additional regular capacity can be arranged in the form of contract-based subcontractors (FIS), but 

this should be anticipated four weeks in advance.  Additional non-regular capacity can be arranged in 

the form of spot or on-demand (NFIS) subcontractors. Those can be arranged just before the due date. 

However, when NFIS are arranged earlier, the chance that they are still available is higher, and the 

associated costs are probably lower.   

4.1 Forecasting 
In the first chapter of the report the five basic steps for creating a forecast according to Hyndman and 

Athanasopoulos (2018) are listed. The first three steps, problem definition, gathering information and 

preliminary analysis, are executed in the third chapter. In the current section is elaborated on the 

fourth step. In this step models are chosen and fitted. In order to make a well-considered choice, for 

the appropriate forecasting model, it is important to consider the first three steps.   

In general, there are three basic types of forecasting (Chambers, Mullick, & Smith, 1971): 

1. Qualitative techniques 

2. Time series analysis 

3. Causal models 

Qualitative techniques fully rely on human expertise, historical data is not considered in this 

forecasting type. This technique is used often when data is scarce, for example market entry of a 

product or for long-term (2 years and more) forecasts. 

The second type, time series analysis, is the complete opposite. This types only considers historical 

data. This basic type of forecasting is mainly used when relationships and trends are clear and stable 

over time. This type is suited for short term forecasting but perform often poorly in long term 

forecasting.  

The last type is more sophisticated and makes use of both relationships between variables and 

historical data (An example of such a method is the multiple linear regression method of Kaplan 

(2015), described in Section 3.4). It is possible to directly incorporate the results of a time series 

analysis in a causal forecasting model. The relationships between variables are used to forecast future 

demand. 
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The remainder of this section is divided into two parts, first it is elaborated on a forecasting technique. 

The multiple linear regression method of Kaplan (2015) is not out of scope, but already described in 

detail in section 3.4 and therefore not described in this part of the report. Afterwards, another 

technique is presented which adjusts and initial forecast by considering the number of orders that are 

in the system in advance.  

4.1.1 Exponential smoothing 
In the paper of Mullick et al. (1971) is concluded that stable demand patterns could be forecasted 

really well using a time series technique. Moreover, a time series technique is performing relatively 

well on short term. This is required in this case, because the focus of the project is on the tactical level.  

From the demand analysis is concluded that the demand is stable with a seasonal pattern and has no 

trend. An appropriate method to forecast the demand is the exponential smoothing method of Holt 

(2004). This is a method that smooths random fluctuations and is very easy to compute.  

Holt (2004) describes a method that considers seasonality. This method considers the forecast of last 

period and a ratio to adjust the forecast based on the seasonal pattern. This method is described 

below. 

First the smoothed and seasonally adjusted demand rate is determined, this is an estimate of the 

expected demand rate in period t. This formula is a combination of the current seasonally adjusted 

sales and the demand rate of the previous period and is as follows:  

d̄̄t = APtdt + (1 − A)d̄̄t−1 

Where: 

d̄t Smoothed and seasonally adjusted demand rate in period t, estimate expected demand rate 

Pt Seasonal adjustment ratio for period t, estimate of expected demand rate divided by the          

 expected demand  

dt Demand in period t  

A Constant, how fast exponential weights decline over consecutive periods  

0 ≤ A ≤ 1 

The new seasonal adjustment ratio for period t also consists of two parts. The first part is a 

combination of the demand rate of current period and the actual demand. The second part is seasonal 

adjustment ratio from the same period in the previous cycle.  

Pt = B
d̄t

dt
+ (1 − B)Pt−N 

Where: 

N The length of the seasonal pattern, one year   

B Constant, how fast exponential weights decline over the past periods 

0 ≤ B ≤ 1 

The seasonal adjustment ratio (Pt) formula is substituted in the equation where the smoothed and 

seasonally adjusted demand rate is calculated (d̄t). This leads to the following equation.  

d̄t = A(Bd̄t + (1 − B)Pt−Ndt) + (1 − A)d̄t−1 
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If the equation is rearranged and the current demand rate (d̄t) is brought to the right. The following 

function is obtained to calculate the new demand rate.   

d̄t =
A(1 − B)

1 − AB
Pt−Nst +

(1 − A)

1 − AB
d̄t−1 

With this equation the current demand rate is calculated. The outcome of this formula serves as input 

to calculate the new seasonal adjusted ratio (Pt). This is the weighted average of the demand rate of 

last period plus the demand of last period adjusted by the seasonal ratio. The forecast is obtained by 

the following formula for T demand periods ahead.  

E[dt+T] =
d̄t

Pt+T−N
 

This is an extrapolation formula. The current demand rate is used independent of the forecast horizon 

of T period ahead. This value is adjusted based on the seasonal ratio of period T. This formula implicitly 

assumes that the current demand rate (d̄t) will remain stable in the future. This stable demand rate is 

adjusted with a seasonal ratio applicable to the future period.  

The advantage of this method is that it is easy to compute and only a limited amount of data is 

required.  

4.1.2 Bayesian technique 
In this section a technique is presented to improve an initial forecast (derived with another forecasting 

method) by utilizing the information of the moment of ordering. This technique is based on the idea 

that things should be adjusted or updated when more information is available. 

The input of the Bayesian technique of Abuizam (2005) is an initial forecast derived with another 

forecast method. The Bayesian technique adjusts the initial forecast based on the number of orders 

that are already in the system for upcoming time periods. An important assumption of the Bayesian 

theorem is that the initial forecast is generated without any information known on orders already 

placed by customers. The Bayes theorem in workable form is as follows: 

P⟨Aj|B⟩ =  
P〈Aj〉P〈B|Aj〉

P〈A1〉P〈B|A1〉 + P〈A2〉P〈B|A2〉+. . . +P〈An〉P〈B|An〉
 

Where: 

A1, A2, ..., An Denote mutually exclusive exhaustive events  

P〈Aj〉  Initial probability, present level of information from j=1 to n  

P⟨Aj|B⟩  Revised probability based on the additional information 

The first step in the process, is to determine the probability distribution function to estimate the 

number of orders. This should be based on the initial forecast, which serves as the starting point. 

Abuizam (2005) recommends using the Poisson distribution function if the mean number of orders is 

below ten. In the other scenario, the number of orders is greater than or equal to ten, the normal 

distribution is more appropriate.  

With θt the probability of an order in future period t already in the system is represented. With this 

probability θt, the distribution function of the conditional probability of advanced number of orders 

can be estimated. This is done using the binomial probability distribution function and should be 

calculated for each possible value. The binomial probability mass function is the following:  
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P〈nat|nj〉 = (
nj

nat
)θt

nat(1 − θt)nj−nat  

Where:  

nj denotes the possible value j that the actual number of orders in period t might take  

nat  denotes the number of orders in the system for future period t   

θt  denotes the probability of an order in future period t 

Next step is to estimate the estimate the probability of the number of orders, given the number of 

advanced orders for future period t. This probability is as follows: 

P⟨nj|nat⟩ =  
P〈nat|nj〉P〈nj〉

P〈nat〉
 

Where:  

P〈nat〉 = ∑ P〈nj〉 P⟨nat|nj⟩
∞
j    

With all the information derived above, one can estimate the expected orders for the future period t. 

The final adjusted forecast is as follows: 

E⟨n|nat⟩ =  ∑ njP⟨nj|nat⟩

∞

j

  

4.2 Converting orders to trucking time 
In Section 4.1, a model is developed to forecast orders. However, the objective of this research is to 

determine the fleet size. Therefore, the forecasted orders should be converted to required trucking 

capacity, in the case of bulk transportation, to required trucking time. In this section multiple models 

are described to convert the number of orders into required trucking time. The project is focusing on 

bulk transportation and therefore only full truckloads. Order size is therefore not considered.  

As mentioned previously (Section 3.3.3), the translation from trucking time to the required number of 

trucks is straightforward. The number of required trucks is calculated by just dividing the total required 

trucking time by the time a truck can work per week. Therefore, the conversion models described in 

Section 4.2.1, do not convert to the number of required trucks, but only the number of required 

trucking hours. The last step from the trucking time to the number of trucks is straightforward. There 

is no weekly pattern (Section 3.3.3). 

4.2.1 Methods for required trucking time 
Three options are listed below to convert the number of orders to required trucking time: 

1. Current way of capacity planning 

2. Simple average method 

3. Multiple linear regression 

The three different options listed are explained in detail below. The first option is just the current way 

of capacity planning, a forecast is not required. The input is only based on information already 

available. For the second and third option a forecast is required this is input for the expected required 

trucking time.  
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4.2.1.1 Current way of capacity planning 

In the current way of capacity planning the decision for the required trucking capacity for next week 

is based on the required trucking capacity for this week and the number of orders already in the 

system. This is best explained with an example. In the current week 2250 trucking hours are required 

to complete all orders. If there is for the next week relatively much demand already ordered by 

customers, the planner expects that more trucking capacity is required to transport all orders.  

However, there is an issue with this method. In the third chapter (Section 3.1.2) is concluded that over 

85% of the demand is ordered in the loading week or one week before the loading week (Figure 3-2, 

Section 3.1.2). Almost no demand is ordered two or more weeks before the loading week. Therefore, 

the expected required trucking capacity for four weeks in advance will always be the required trucking 

capacity of the current week. 

4.2.1.2 Simple average method 

Another method to get the required trucking time is very simple. This method just multiplies the 

average time required to complete an order with the expected number of orders in a week: 

E[Ht] = Taverage ∗ Ot 

Where: 

E[Ht]  The expected required trucking time for week t  

Ot  The sum of the expected number of orders in week t  

Taverage  The average time required to complete an order 

To this method is referred in the remainder of the report as the “simple average method”. 

4.2.1.3 Multiple linear regression conversion method 

Compared to the simple average method, this method is a bit more complex. In the simple average 

method, the average time required to complete an order and the expected number of orders are taken 

as the only parameters. However, there might be more variables that influence the required trucking 

time.  

Especially, in intermodal transportation, the trucking time required to complete an order is often not 

solely at one moment. This is best explained with an example. A container goes from Rotterdam to 

Barcelona, is unloaded in Barcelona and is transported empty back to Rotterdam to be put on storage. 

It is often the case that the week a container comes back from Spain differs from the week it is loaded 

in the Netherlands and transported to Spain. Next to the number of orders for current week, the 

demand from previous weeks might explain a part of the variance. Another explanatory variable might 

be the trucking hours used in the previous weeks.  

Only the number of orders and the used trucking hours in the past two weeks are used as explanatory 

variables. The decision to not include the number of orders and used trucking hours of three weeks 

ago is made, because from historical data and interviews is conducted that almost no trucking capacity 

is required to finish the orders from three or more weeks ago. It is common that trucking hours are 

required to complete orders from last week and the week before, but (almost) no orders with a loading 

date earlier than those two weeks still require trucking time in current week.   

This leads to the following multiple linear regression model: 

E[Ht] = β0 + β1 ∗ Ot + β2 ∗ Ot−1 + β3 ∗ Ot−2 + β4 ∗ Ht−1 + β5 ∗ Ht−2 

Where: 
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E[Ht]  The expected trucking time for week t  

Ot  The sum of the expected number of orders in week t  

Ot-1   The number of orders in week t-1  

Ot-2   The number of orders in week t-2  

Ht-1   The used trucking capacity (in hours) in week t-1  

Ht-2   The used trucking capacity (in hours) in week t-2  

The β coefficients represent the effect of each variable, while considering other variables. The β0 

denotes the intercept. Multiple linear regression makes several assumptions. It is elaborated on the 

assumptions made in Appendix B. 

4.2.1.4 Decision on the appropriate model to calculate the required trucking capacity 

The current way of capacity planning is comparable to the Bayesian technique explained in Section 

4.1.2. With the Bayesian technique an initial forecast is adjusted based on the demand already ordered 

by customers. If this value is relatively high, the forecast is adjusted up. On the other hand, if this value 

is relatively low this initial forecast is adjusted down. The current way of capacity planning uses the 

same mechanism (demand already ordered by customers) as the Bayesian technique does.  

As mentioned previously, almost no demand is ordered by customers more than two week before the 

requested loading week. Therefore, it is difficult to apply the current way of capacity planning for 

three or four weeks in advance, which is the time required to adjust the number of FIS trucks.  

The forecast is adjusted with the Bayesian technique, and the two methods (multiple linear regression 

conversion method and simple average method) use this forecast as input and convert this to the 

required trucking time. Those two methods make implicitly use of the current way of capacity 

planning, because the forecast is adjusted with the Bayesian technique (which is comparable to the 

current way of capacity planning). Therefore, the current way of capacity planning is not selected as a 

method to predict the expected required trucking time for the following weeks. 

No decision is made yet between the simple average and the multiple linear regression conversion 

methods. Both methods are implemented, and the performance is evaluated in the case study in 

Chapter five.  

4.3 Fleet sizing 
In this part the objective is to determine optimal fleet size in terms of fully integrated subcontractors 

(FIS). Important in this sub question is to consider both short- and long-term goals. Moreover, it is 

important to consider uncertainty (Couillard, 1993).  

The number of own trucks is given, the decision of the size of the fleet owned by a company is the 

result of a long-term strategic decision, which is not the focus of this research project. As mentioned 

previously, FIS should be arranged four weeks in advance and Van den Bosch Transporten works for 

longer consecutive periods with FIS.  

This section is divided into three sections. In the first section, the mathematical model (objective and 

constraints) is given. In the second and third sections two solutions methodologies are presented, 

both with the goal to determine the optimal fleet size. In the first part, models are presented which 

consider operational decisions, such as allocation of demand to trucks and the allocation of trucks to 

specific routes (lanes in the case of Van den Bosch Transporten). In the second part two models are 

presented considering the optimal sourcing mix in a dynamic environment, considering much 

uncertainty.  
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Later in the report, in Section 5.5, the decision is made which of the two types of solution models is 

appropriate for the case scenario. The chosen methodology is described later in detail as well. The 

decision for the most suitable technique depends mainly on the uncertainty in the environment and 

the accuracy of the forecast and conversion. Furthermore, the decision depends on the applicability 

of the problem solved and whether the assumptions made by the model are satisfied.  

4.3.1 Mathematical model 
The objective is to minimize the overall long-run costs. The decision variable is the number of FIS trucks 

in every period t. The number of own trucks is given, because the scope of the research is on the 

tactical horizon. This leads to the following objective function.  

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ (𝑇𝑜𝑤𝑛,𝑤𝑜𝑟𝑘
 (𝑡) ∗ 𝑃𝑜𝑤𝑛,𝑤𝑜𝑟𝑘𝑖𝑛𝑔

 + 𝑇𝑜𝑤𝑛,𝑖𝑑𝑙𝑒
 (𝑡) ∗ 𝑃𝑜𝑤𝑛,𝑖𝑑𝑙𝑒

 + 𝑇𝐹𝐼𝑆,𝑤𝑜𝑟𝑘
 (𝑡)

𝑛

𝑡=0

∗ 𝑃𝐹𝐼𝑆,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
 + 𝑇𝐹𝐼𝑆,𝑖𝑑𝑙𝑒

 (𝑡) ∗ 𝑃𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
 + 𝑇𝑁𝐹𝐼𝑆,𝑤𝑜𝑟𝑘

 (𝑡) ∗ 𝑃𝑁𝐹𝐼𝑆,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
 

+ 𝑇𝑁𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
 (𝑡) ∗ 𝑃𝑁𝐹𝐼𝑆,𝑖𝑑𝑙𝑒

 ) 

Where, 

𝑇𝑜𝑤𝑛,𝑤𝑜𝑟𝑘
 (𝑡) Total working time (in hours) of own trucks in period t  

𝑇𝑜𝑤𝑛,𝑖𝑑𝑙𝑒
 (𝑡)  Total idle time (in hours) of own trucks in period t   

𝑇𝐹𝐼𝑆,𝑤𝑜𝑟𝑘
 (𝑡)  Total working time (in hours) of FIS trucks in period t   

𝑇𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
 (𝑡)  Total idle time (in hours) of FIS trucks in period t  

𝑇𝑁𝐹𝐼𝑆,𝑤𝑜𝑟𝑘
 (𝑡)  Total working time (in hours) of NFIS trucks in period t   

𝑇𝑁𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
 (𝑡)  Total idle time (in hours) of NFIS trucks in period t 

𝑃𝑜𝑤𝑛,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
   Costs per hour when an own truck is working  

𝑃𝑜𝑤𝑛,𝑖𝑑𝑙𝑒
   Costs per hour when an own truck is idle  

𝑃𝐹𝐼𝑆,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
   Costs per hour when a FIS truck is working   

𝑃𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
   Costs per hour when a FIS truck is idle  

𝑃𝑁𝐹𝐼𝑆,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
   Costs per hour when a NFIS truck is working  

𝑃𝑁𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
   Costs per hour when a NFIS truck is idle  

Subject to: 

The first constraint ensures that the number of FIS is an integer value in all periods: 

TFIS,work
 (t) + TFIS,idle

 (t)

length of period t (in hours)
 ϵ ℤ  ∀ t = 0, 1, . . . , n 

The second constraint ensures that all demand set by customers must be fulfilled, because of the 

customer centred focus: 

Town,work
 (t) + TFIS,work

 (t) + TNFIS,work
 (t) ≥ Tdemand 

 (𝑡) ∀ t = 0, 1, . . . , n 

Where, 

𝑇𝑑𝑒𝑚𝑎𝑛𝑑
  The demanded trucking time in period t 

The last constraints ensure that all variables are nonnegative. 

Town,work
 (t) ≥ 0,  Town,idle

 (t) ≥ 0,  TFIS,work
 (t) ≥ 0,  TFIS,idle

 (t) ≥ 0,  TNFIS,work
 (t) ≥ 0,   

TNFIS,idle
 (t) ≥ 0 ∀ t = 0, 1, . . . , n   
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4.3.2 Operational decisions and the fleet size  
In the types of models presented in this section to come to the optimal fleet size operational decisions 

are incorporated, such as demand allocation and routing.  

Wu et al. (2005) consider both operational and tactical decisions in their model. The operational 

decisions are demand allocation and the positioning of idle trucks. A tactical decision in their model is 

asset procurement. In their model, a heterogenous fleet with differences in age is considered, because 

older vehicles are in general more expensive to operate and maintain.  

The objective of the model is, as already mentioned, both at the operational and tactical level. The 

objective is to minimize the costs for all trucks. Moreover, purchase costs of new trucks and the 

salvage value of old trucks is considered. Decisions are made on both the loaded and idle truck flow.  

An important assumption made in the paper of Wu et al. (2005) is that customer demand is known 

with certainty. Contrary, the travel times of trucks are stochastic. A probability function, derived from 

historical data, is used to model those. The model of Wu et al. (2005) does not distinct between 

contract-based (FIS) and on-demand/spot (NFIS) subcontractors and is therefore difficult to apply.  

Hewitt et al. (2019) propose a network design model incorporating both strategic and tactical 

decisions. The problem they solve is about planning decisions made by a consolidation-based carrier. 

Decisions on operating costs (holding a shipment for consolidation) and service level (on-time 

performance) must be balanced.  

The tactical decisions in the model are the routing of freight through the network and the selection of 

appropriate services and resources. Strategic decisions are the total number of resources available 

and the assignment of resources to home terminals. Assumed is that the costs of strategic decisions 

are spread out of multiple planning periods. The objective of the model is to minimize the costs 

incurred before realizing demand and costs associated to the expected resources required to realize 

demand.  

Furthermore, there are capacity constraints, all paths are travelled, and all resources must go back to 

their assigned home terminal. A homogeneous fleet is assumed, although this can easily be adapted 

to a heterogeneous fleet by adding an additional variable which indicates truck type.   

An assumption is that every resource must return to its home terminal at least once during the period. 

Outsourcing costs are assumed to be greater than own transportation costs. In their model, shipments 

are not necessarily assigned to a single resource and can be transferred over time. Temporal attributes 

(due dates and availability time) and customer demand are assumed to be known, but there is 

uncertainty in the freight volume.  

Another model is presented by  Lim, Rodrigues, Xu, & Lim (2008). They develop a transportation 

procurement model. Seasonal demand is considered in the paper. However, seasonal demand can be 

levelled, demand during peak periods can be negotiated and shipped during low demand periods, 

although this is constrained. It is argued that this is profitable for the customer and the logistics service 

provider.  

Contracts are made between customers and shippers about the quantity that need to be shipped. The 

logistics service provider can ship demand at any time during the contract, although this is limited with 

the capacity ratio. The capacity ratio assures that the quantity shipped is stabilized over the contract 

time. The objective of the model is to allocate freight to carriers for routes in the network to minimize 

the total transportation costs.  
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In model there are two types of subcontractors, contract subcontractors (FIS) and on-demand 

subcontractors (NFIS). Assumed is that each carrier is assigned to a cluster or group of lanes. However, 

this can easily be relaxed. The decision variable is the allocation of volume to carriers.  

In the paper of Lim et al. (2008), the logistics service provider can determine when to ship the demand. 

This assumption is not in line with the customer centred focus of Van den Bosch Transporten and 

therefore the paper of Lim et al. (2008) is not considered in the remainder of the report. 

In the types of models presented above operational decisions are incorporated, such as demand 

allocation and routing freight to the network to determine the optimal fleet size. This comes at a cost, 

limiting assumptions are made on the uncertainty considered in the model. These kinds of models are 

applicable when the uncertainty in the environment is limited and the forecast or prediction on the 

required capacity is accurate.  

4.3.3 The optimal transport sourcing mix in a dynamic environment 
In this part, two models are described with the objective to obtain the optimal sourcing mix in a 

dynamic environment.  

The first model is presented by Kantari et al. (2020) a case is considered where a manufacturer 

distributes freight directly to retailers from a central depot. The logistic activities are done by on-

demand and contract-based subcontractors, the company owns no trucks. There is high demand 

variability and a seasonal pattern. The demand is divided into peak and an off-peak seasons. The 

demand is simulated with a normal distribution. Also, the transportation or service time is stochastic. 

The goal is to find the optimal sourcing mix to fulfil both shipper’s and customer’s preferences. The 

problem is visualized in Figure 4-1.  

 

Figure 4-1: Problem description of Kantari et al. (2020) 

In the model of Kantari et al. (2020) there are two controllable factors. Both the controllable factors 

can be set by the shipper. The first controllable factor is the number of the contract-based trucks. The 

second one is the on-demand ratio, this is calculated as follows: 

S + 1

C + S + 1
≤ R 

Where, 

R on-demand sourcing ratio, set by the shipper company  

S on-demand trucks assigned on a current day  

C contract-based trucks assigned on the same day. 

The on-demand ratio constraint was designed to give the contract-based trucks some time to come 

back to the manufacturing site to perform the next order. With this constraint, the flexibility of the 
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system is determined by the shipper. If the ratio is set to 0, no on-demand trucks can be used and 

there is no flexibility in the system. On the other hand, If the ratio is set to 0.5, many on-demand trucks 

can be used and the flexibility in the system is very high. 

Kantari et al. (2020) gives no mathematical model, discrete event simulation is used as the solution 

methodology to capture all dynamics in the environment. Three measurements are used to judge the 

performance of the sourcing mix. The first two, product fill rate and the shipment reliability are 

customer oriented. The product fill rate calculates the fraction of demand fulfilled; the shipment 

reliability is the number of on-time shipments divided by the total number of shipments executed. 

The other measurement is truck utilization to measure the shipper’s performance. The truck utilization 

is the value-added time of trucks divided by the total shipment time. 

A similar problem is solved in the paper of Nikolic-Doricb and Stojanovica (2014). Again, discrete event 

simulation is used as the solution methodology. The objective of the paper is to minimize overall 

transportation costs, including the costs of own trucks, contract-based subcontractors and on-demand 

subcontractors. The solution methodology is again discrete event simulation to capture all dynamics 

of the system.  

The daily transport demand is independent and identically distributed with a normal distribution. 

Demand must be satisfied on the day of arrival. Executing demand with own assets is preferred and 

the cheapest option. The number of own and contract-based vehicles is limited, but on-demand 

subcontracting is unlimited. In-house trucks must achieve a minimum margin, while contract carriers 

must achieve a minimum fleet utilization.  

Fleet utilization is not a hard constraint, but if the fleet of contract-based subcontractors is 

underutilized, penalty costs should be paid. Own trucks are preferred over contract-based trucks, and 

contract-based trucks are preferred over trucks from the on-demand market.  

The models described in this section are applicable when the uncertainty in the environment is high 

and unpredictable.  
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5 Case study 
In this chapter the methodology developed in the Chapter four is applied to the case of Van den Bosch 

Transporten. The case is already thoroughly analysed in the third chapter. The goal of the case study 

is to test if the developed methodology is applicable to the case of Van den Bosch Transporten and to 

evaluate the results.  

First, there is a short recap of the problem (Section 5.1). Afterwards, the performance measures are 

described (Section 5.2). In Section 5.3, the performance of different aggregation levels and forecasting 

methods are compared. Afterwards, a Bayesian technique is applied with the goal of improving the 

accuracy of the initial forecast, by utilizing the demand already ordered by customers. In Section 5.4, 

it is elaborated on converting the forecast to required trucking time. In the last Section 5.5, the optimal 

fleet size is determined, and a sensitivity analysis is done on two assumptions.  

5.1 Problem description 
The bulk transportation market is characterized by low profit margins, it is important to be cost 

efficient and achieve high fleet utilization. On the other hand, Van den Bosch Transporten has a 

customer centred focus, they want to deliver a high service level to their customers (not refusing any 

orders and on-time performance). In order to deliver high service against low costs, it is essential to 

match demand and supply accurately.  

Planners face problems with the expected required capacity on a longer time horizon. Currently, no 

use is made of a forecasting tool and therefore, the number of required trucks to transport total 

demand is often known late. Overcapacity is costly, because Van den Bosch Transporten gets charged 

for cancelling subcontractors late. Moreover, the relationship with both own drivers and FIS 

deteriorates if orders are cancelled late. On the other hand, having too little trucking capacity available 

is costly as well, because NFIS are more costly and of lower quality compared to own and FIS trucks. 

The big advantage of NFIS is the high flexibility. NFIS are used to fill the gaps in the planning.   

Van den Bosch Transporten has own trucks, those deliver high quality but are inflexible. The regular 

capacity consists not only of own trucks, the regular capacity consists of FIS trucks as well. FIS deliver 

the same quality as own trucks but are a bit more flexible. If Van den Bosch Transporten wants to 

expand the regular fleet, FIS need to be contacted roughly four weeks in advance to guarantee their 

availability.   

In general holds that the earlier a subcontractor (both FIS and NFIS) is contracted, the greater the 

chance there is still capacity available (and it is probably cheaper). 

5.2 Performance measures 
Later, in this chapter different methods are compared with each other. In order to draw objective and 

well considered conclusions, appropriate measurements are needed. The accuracy of the models is 

measured by two performance measurements. This are the following two:  

Mean Absolute Error (MAE) =
1

n
∗ ∑ |At − Ft|

n

i=1

 

Mean Absolute Percentage Error (MAPE) =
1

n
∗ ∑ |

At − Ft

At
| ∗ 100%

n

i=1

 

Where,  
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At  Actual value at period t  

Ft  Forecasted value at period t  

n  Number of fitted values 

The MAE is only measuring the absolute error. However, for interpretation it is easier to have a relative 

performance measurement. Therefore, the MAPE is used as well. 

5.3 Forecasting 
A forecast is created for one, two, three, and four weeks ahead. This time horizon is chosen, because 

additional FIS trucks can be arranged, however this should be anticipated four weeks in advance. A 

forecast is made for one, two, and three weeks ahead is to predict the expected number of required 

NFIS. In the current situation, NFIS are arranged late, when a gap in the planning occurs. If NFIS are 

arranged earlier, the chance that they are still available is higher and the associated costs are probably 

lower.  

This section is structured as follows. First, the aggregation levels and the forecasting techniques are 

described. Afterwards, the best performing aggregation level is chosen. Next, the performance of two 

forecasting methods is compared. A forecast is created for the first nine weeks of 2020. As mentioned 

previously, a forecast is created for one, two, three, and four weeks ahead.  After choosing the best 

performing forecasting method a Bayesian technique is applied to adjust the initial forecast. The 

forecast is adjusted with the information of the moment of ordering.   

5.3.1 Aggregation levels 
It is well known in literature that a forecast performs better on an aggregated level (Crainic & Kim, 

2007). Kaplan (2015) came to the same conclusion, every aggregation level was outperforming the 

forecast on individual lanes. Therefore, lanes are not forecasted individually. It is hard to determine 

the appropriate aggregation level in advance. Therefore, three different aggregation levels are tested.  

Aggregation level 1

Pareto lanes
Non pareto 

lanes

Non pareto 
lanes

Aggregation level 2

Regions
Individual 

lanes
Aggregation level 3 • Ruhr

• Rotterdam

• Road

• Marl-Hasselt

• Marl-Oss

• Hasselt-Genemuiden

• Oss-Scherpenzeel

• Oss-Waalwijk

All lanes 

 

Figure 5-1: Summary aggregation levels 

In Figure 5-1, the three different aggregation levels are visualized. In the first aggregation level, all lane 

aggregation, all lanes are aggregated and forecasted as one group together. The second aggregation 

level makes a distinction between pareto and non pareto lanes and a forecast is created for the two 

groups separately (described in detail in Section 5.3.1.1). The third aggregation level consists of 

smooth individual lanes, region aggregated lanes, and non pareto lanes (described in detail in Section 



 

29 
 

5.3.1.2). The output from the second aggregation level, the pareto and non pareto group, is used in 

this third aggregation level.  

5.3.1.1 Pareto analysis 

As mentioned previously (Section 3.1), Van den Bosch Transporten receives three types of orders. 

They receive tender, regular, and spot orders. The second aggregation level makes a distinction 

between tender orders and on the other hand regular and spot orders. This is done to test if the 

aggregating tender orders makes sense in terms of forecasting accuracy. 

However, no reliable data is available on which shipments belong to a tender and which shipments 

are regular or spot orders. From data and interviews is derived that the demand consists for 

approximately 80% of tender orders. The remaining orders are regular and spot orders. Usually, in a 

tender there is agreed upon a relative high volume.  

The pareto lanes (80% most contributing lanes) are likely to hold the major part of the tender orders 

and the non pareto lanes are likely to hold the major part of the spot and regular orders, because of 

the volume associated with the type of orders. 

The data of 2015 till 2019 is used to construct and train the forecast models. For each year separately 

a pareto analysis is done and the data is divided into a pareto and non pareto group.  

5.3.1.2 Individual lanes and region aggregated lanes 

In the previous section, two groups of orders are created, the pareto and non pareto group. In this 

section the pareto group is divided into individual lanes and region aggregated lanes. The non pareto 

group remains the same and is still forecasted together as one group.  

Forecasting lanes separately has the preference, because the next step the forecast is convert into 

expected required trucking time. The correlation between the number of orders and historically used 

trucking hours is higher for individually forecasted lanes compared to aggregated lanes.  

To detect if some lanes from the forecast groups can potentially be forecasted individually, 

categorization is applied. The method of Syntetos et al. (2005) is used to categorize lanes. This method 

is described in Section 3.4.3. Lanes with a smooth demand pattern during the year and high demand 

can potentially be forecasted individually.  

The data used to categorize the orders are the lanes from the pareto group of 2019. The result is that 

a few lanes with high demand are categorized as smooth. However, most lanes with lower demand, 

but still pareto, are categorized as intermittent.  

The lanes that are categorized as smooth in 2019 can potentially be forecasted individually. However, 

first is checked if these lanes (the “smooth” lanes in 2019) are categorized as smooth in 2017 and 2018 

and thus stable over the years. If this is the case, the lanes can be forecasted individually. However, 

the lanes that are forecasted individually are determined in consultation with Van den Bosch 

Transporten. The following five lanes are forecasted individually: 

• Marl-Hasselt 

• Marl-Oss 

• Hasselt-Genemuiden 

• Oss-Scherpenzeel 

• Oss-Waalwijk 
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The remaining lanes in the Pareto group are divided into groups. Three different groups are 

distinguished in consultation with Van den Bosch Transporten. This are the following three: 

• Ruhr area  Intermodal transportation in the Ruhr area 

• Rotterdam area  Intermodal transportation in the Rotterdam area 

• Road    Lanes that are transported by road only 

5.3.2 Exponential smoothing  
One of the two forecasting methods implemented is the exponential smoothing method of Holt 

(2004). This method is explained in detail in Section 4.1.1. The forecast for T sales periods ahead is 

obtained by the following formula:  

E[dt+T] =
d̄t

Pt+T−N
 

Where: 

d̄t Smoothed and seasonally adjusted demand rate in period t, estimate expected demand rate 

Pt Seasonal adjustment ratio for period t, estimate of expected demand rate divided by the          

 expected sales 

The data used to train this method is sales data from 2015 till 2019. The values of A and B are optimized 

with the data of 2019. The objective is to minimize the sum of forecast errors of 2019 by adjusting the 

values of A (the weight given to recent observations) and B (the weight given to recent seasonal 

adjustment ratios). The forecast error is defined as the difference between the predicted and actual 

values. The values A and B are independent from each other.  

5.3.3 Multiple linear regression forecasting method 
In the multiple linear regression forecasting method several parameters that can potentially explain 

part of the variance are included. For the explanatory variables, the report of Kaplan (2015) is 

consulted. Next to the report explanatory variables are derived from interviews with planners and 

literature.  

According to (Riet, Jong, & Walker, 2004) the gross domestic product (GDP) of a country is a driver for 

freight transport. However, GDP is only available quarterly, to reflect this factor the weekly average 

AEX score is taken. Another explanatory variable which might explain part of the variance is crude oil. 

For some products transported, crude oil is a raw material. Demand for these kinds of products might 

be affected by the price of crude oil. Furthermore, the demand of previous weeks, national holidays 

and the number of working days in a week are taken as input parameters. All variables used in the 

forecast model are listed in Appendix C.  

There are a lot of dummy variables, this may lead to multicollinearity. However, a lot of the dummy 

variables are insignificant and are not used to forecast demand. Therefore, multicollinearity is not an 

issue. This is double checked with the variance inflation factor (VIF) and Breusch-Pagan test. Again, 

the data used to train the model is sales data from 2015 till 2019. 

5.3.4 Results 
In this section, the best performing aggregation level is chosen (Section 5.3.4.1). In Section 5.3.4.2, the 

performance of the two forecasting methods (exponential smoothing and multiple linear regression 

forecasting) are compared. In the end, the results are wrapped up shortly.  
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As mentioned previously, a forecast is created for the first nine weeks of 2020. For every week a 

forecast is created for one, two, three, and four weeks ahead.  

5.3.4.1 Performance of aggregation levels 

First, the best performing aggregation level is determined. In Table 5-1, the performance of the three 

aggregation levels are summarized. 

Table 5-1: Performance aggregation levels 

 Multiple linear regression 
forecasting method 

Exponential smoothing 

Aggregation level  MAE MAPE MAE MAPE 

All lane aggregation 35.42 12.7% 40.00 15.3% 

Pareto and non pareto 
aggregation 

32.49 11.9% 28.57 10.2% 

Region, individual lane and non 
pareto lane aggregation 

20.96 7.9% 21.11 8.0% 

 

From Table 5-1 is concluded that the aggregation level consisting of individual lanes, region and non 

pareto lanes outperforms the other aggregation levels for both forecasting methods. Moreover, this 

aggregation makes most sense to the planners and current processes. A distinction between pareto 

and non pareto lanes improves the forecast accuracy. The results are as expected, because the same 

conclusions are drawn by Kaplan (2015).  

For the best performing aggregation level (region, individual lane and non pareto lane aggregation), 

the results of the two forecasting methods are very close to each other. In the subsequent section 

(Section 5.3.4.2) the two forecasting methods are compared a bit more in detail. 

5.3.4.2 Performance of forecast methods 

First the accuracy of the multiple linear regression forecasting, and exponential smoothing is 

compared for the aggregated lanes, afterwards the same is done for the individually forecasted lanes.  

Aggregated lanes 

Multiple linear regression forecasting, and exponential smoothing are implemented to forecast the 

orders for upcoming four weeks. The results of those two methods are compared against each other. 

The values of the explanatory variables for the multiple linear regression forecasting are listed in 

Appendix C.1. Using the elimination technique, non-significant variables are detected and not 

considered in the forecast. As mentioned previously, a lot of the dummy variables are non-significant 

and therefore those dummy variables do not lead to any multicollinearity.  

Table 5-2: Comparison of the performance of region aggregated lanes 

 Multiple linear regression 
forecasting method 

Exponential smoothing 

Region MAE MAPE MAE MAPE 

Ruhr 6.11 83.7% 5.26 71.5% 

Rotterdam 10.38 16.7% 7.82 11.6% 

Road 6.99 8.8% 5.92 8.8% 

Non pareto lanes 8.74 16.2% 8.76 16.2% 
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The MAE and MAPE of the region aggregated lanes are listed in Table 5-2. The MAPE for the Ruhr area 

is very high. However, this can be explained. This is due to a steep increase in the orders in that region 

at the start of 2020. In every forecasting region, the exponential smoothing method is outperforming 

or equal to the multiple linear regression method.  

Individual lanes 

Next, the results of the individual lanes are compared. The results are listed in Table 5-3. The values 

of the explanatory variables for the multiple linear regression forecasting for the individually 

forecasted lanes are listed in Appendix C.2. Again, the elimination technique is used to detect non-

significant variables. As mentioned previously, due to the insignificance of dummy variables 

multicollinearity does not give any problems. 

Table 5-3: Comparison of the performance of individually forecasted lanes 

 Multiple linear regression 
forecasting method 

Exponential smoothing 

Lane MAE MAPE MAE MAPE 

Marl-Hasselt 2.67 16.7% 2.43 16.4% 

Marl-Oss 2.93 31.2% 3.39 34.9% 

Hasselt-Genemuiden 3.07 11.9% 3.35 13.3% 

Oss-Scherpenzeel 1.19 8.0% 1.64 13.8% 

Oss-Waalwijk 1.74 16.2% 2.65 21.3% 

 

Whereas for the region aggregated and non pareto lanes, exponential smoothing was equal to or 

outperforming multiple linear regression forecasting, the opposite is true for individual lanes. Only for 

the lane “Marl-Oss” exponential smoothing is performing better compared to multiple linear 

regression forecasting, which is not explainable. However, on average the differences are quite small.  

To sum up, it is case dependent which method is performing better. Often, the difference in accuracy 

between the two forecasting methods is small. From Table 5-1 was already concluded that for the best 

performing aggregation level (individual lanes, region and non pareto aggregated lanes) the 

performance of the two forecasting methods was almost the same.  

5.3.4.3 Conclusion on forecasting method and aggregation level 

In both demand forecasting methods, the accuracy around Christmas is quite low. This period is not 

presented in the results in the report, because it is not in the first nine weeks of 2020 (which was the 

test set). However, this is an observation from the training set with the data of 2015 to 2019. This is 

an important observation, because a key step in forecasting is knowing when something can be 

forecasted accurately and when not (Hyndman & Athanasopoulos, 2018). Another observation is that 

in the multiple linear regression forecasting method the number of working days was an important 

explanatory variable for the expected number of orders. 

Another important observation is that the multiple linear regression forecasting method has troubles 

in adapting to a new situation in the case of Van den Bosch Transporten. In multiple linear regression 

the model is fitted to the input data and if a major change occurs, for instance a big customer 

appearing or disappearing, the model has troubles adapting to that new situation. Whereas, 

exponential smoothing can adapt to new circumstances, although this is with a delay.  

The multiple linear regression forecasting tool was already available for Van den Bosch Transporten, 

but unused. One of the main reasons was that there are some difficulties and troubles in updating the 
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parameters. The software used to update the parameters is not available for Van den Bosch 

Transporten. The exponential smoothing method has the big advantage that it is very easy to 

compute, use, and maintain. 

The accuracy of the two different forecasting methods was very similar. However, summing all these 

arguments together, exponential smoothing is preferred and chosen as the forecasting method for 

Van den Bosch Transporten. Region aggregated, individually forecasted, and non pareto lanes is 

chosen as the aggregation level for the forecast. This level is outperforming the other aggregation 

levels. 

In general, it is hard to predict the demand. From the demand analysis (Section 3.1.1) is concluded 

that there is some seasonality in the demand (the major dips in the demand during the summer 

holiday period and the period around Christmas). However, the other variability in the demand is hard 

to predict. It is important to consider the uncertainty when the optimal fleet size is determined 

(Couillard, 1993).  

5.3.5 Bayesian technique 
In Section 3.1.2 is concluded that a significant part of the demand is ordered at least one week in 

before the requested loading week. With the Bayesian technique described in the paper of Abuizam 

(2005), this information is utilized to improve an initial forecast set with another forecasting 

technique, in this case the exponential smoothing technique.  

In Section 3.1.2, Figure 3-2 is depicted. This graph visualizes the ordering moment against the shipping 

moment. However, in that figure, all demand is aggregated. In Section 5.3.4.1 is concluded that this is 

not the best aggregation level. Therefore, information of the moment of ordering at this aggregation 

level is required to apply the Bayesian technique. This is visualized in Figure 5-2. 

 

Figure 5-2: Percentage of demand known x weeks before shipping moment 

In Figure 5-2, the average percentage of orders already in the system x weeks before the shipping 

week is visualized. Some individual lanes are not included in Figure 5-2, because the customer always 

orders in the week of execution and therefore there is no information available for the Bayesian 

technique and this technique cannot be applied. For most lanes and groups, a significant part of the 

demand is known at least one week in advance. However, for two individual lanes (“Hasselt-

Genemuiden” and “Oss-Scherpenzeel”) only a small part of the demand is ordered at least one week 

in advance, the major part of the demand of these lanes is ordered in the shipping week.   
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FIS should be contacted roughly four weeks in advance. This technique does not help to improve the 

estimation of the required number of FIS truck on time, because almost no demand is ordered four 

weeks before the requested loading week. However, improving the forecast for one, two, and three 

weeks ahead can still be useful. NFIS trucks are usually addressed at last moment (i.e. few days before 

shipping date) to fill the gaps in the planning. If they are addressed earlier, the chance that trucks are 

still available is way higher (and the associated costs are probably lower).   

5.3.6 Results Bayesian technique  
In this section the Bayesian technique is implemented, and the results are compared against the 

exponential smoothing method. First, this is done for aggregated lanes, afterwards the Bayesian 

technique is applied on individual lanes.  

Aggregated lanes 

The results of the Bayesian technique are compared against the exponential smoothing method and 

listed in Table 5-4.  

Table 5-4: Performance Bayesian technique, region aggregated  

 Exponential smoothing Bayesian technique 

 1 week ahead 2 weeks ahead 1 week ahead 2 weeks ahead 

Region MAE MAPE MAE MAPE MAE MAPE MAE MAPE 

Ruhr 4.63 57.0% 5.48 70.3% 0.95 8.8% NA NA 

Rotterdam 9.86 14.3% 8.66 12.4% 5.43 8.4% 13.35 22.9% 

Road  6.28 9.9% 6.23 9.8% 2.74 4.3% 5.37 8.5% 

Non pareto lanes  10.05 17.6% 10.88 19.4% 3.15 5.6% 12.79 29.5% 

 

For every region the Bayesian technique improves the forecast for the upcoming week significantly. 

Adjusting the initial forecast for two weeks ahead does not improve the forecast accuracy. Instead, 

the opposite is true, the forecast is less accurate.  

The explanation for this is that there are large deviations between the number of orders known at 

least two weeks upfront. In many weeks no demand is ordered two weeks before the loading week. 

While, there are also some weeks where multiple orders are ordered by customers at least two weeks 

before the loading week. It is impossible to declare these deviations. However, due to these 

deviations, the accuracy of the Bayesian technique is worse compared to the exponential smoothing. 

In the region “Ruhr” the Bayesian technique is not applicable to adjust the forecast for two weeks 

ahead. As mentioned previously, there is a steep increase in orders at the start of 2019. The moment 

of ordering in 2020 differs a lot from the moment of ordering in 2019 for two weeks ahead. Therefore, 

the technique is not applicable for the forecast of two weeks ahead. However, the technique might 

be applicable when there is more (stable) data available of this region.  

Individual lanes 

The results for the individual forecasted lanes are summarized in Table 5-5. For the individual lanes 

the technique is only applied to improve the forecast for one week ahead, because almost no demand 

is ordered more than week before the requested loading week.  
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Table 5-5: Performance Bayesian technique, individual lanes  

 Exponential smoothing Bayesian technique 

 1 week ahead 1 week ahead 

Lane MAE MAPE MAE MAPE 

Marl-Hasselt 2.28 20.6% 1.47 12.2% 

Marl-Oss 3.00 37.1% 1.77 23.3% 

Hasselt-Genemuiden 3.17 12.2% 2.64 9.7% 

Oss-Scherpenzeel 1.71 13.1% 1.57 11.7% 

 

For the lane Oss-Waalwijk, the Bayesian technique is not applicable because demand is always 

ordered in the loading week. For the other lanes, the Bayesian technique is improving the forecast, 

although the improvement for some lanes (“Oss-Scherpenzeel” and “Hasselt-Genemuiden”) is small. 

This is easy to explain, because from Figure 5-2 was already concluded that for those two lanes the 

number of orders ordered one week in advance is very low and therefore the information to adjust 

the forecast is limited.  

5.3.6.1 Conclusion on Bayesian technique 

The accuracy of the forecast of one week ahead is improving significantly with the Bayesian technique. 

An interesting observation is that, for the regions and lanes where a major part of the demand is 

known one week upfront, even if the initial forecast is not very accurate, the Bayesian method still 

gives accurate results. The impact of the initial forecast is relatively small compared to the impact of 

the Bayesian technique if a major part of the demand is already ordered. 

The adjusted forecast with the Bayesian technique for two weeks ahead was less accurate compared 

to the initial forecast. For the forecast of three and four weeks ahead, the technique is not applied.  

As mentioned previously, the forecast cannot be improved for four weeks in advance, which is the 

time required to expand the regular fleet with FIS trucks. However, the forecast improvement is still 

helpful. Currently, NFIS trucks are usually addressed at last moment (i.e. a few days in advance) to fill 

the gaps in the planning. If NFIS trucks are contacted earlier, the chance that those are still available 

is higher (and the associated costs are probably lower).  

5.4 Conversion to required trucking time 
Next step is to convert the number of orders into required trucking time per week. The objective of 

this research is to determine the fleet size for an intermodal logistics service provider in bulk on a 

tactical level. Therefore, the forecast in Section 5.3 should be converted to required trucking hours in 

order to say something about the required trucking capacity. 

First, the conversion methods (developed in Section 4.2) are shortly repeated. Both methods require 

historical data about the trucking time. However, before diving into the data, it is important to first 

distinguish the relevant trucking activities. Afterwards, the data is cleaned. After these two steps, all 

input is known. The two conversion models are implemented, and the results compared.  

5.4.1 Conversion methods 
First the two developed conversion methods (explained in detail in Section 4.2) are shortly repeated 

to avoid any confusion. Multiple linear regression is used in this model, but this is a different model 

than the multiple linear regression forecasting model. The multiple linear regression conversion 

formula is the following: 

E[Ht] = β0 + β1 ∗ Ot + β2 ∗ Ot−1 + β3 ∗ Ot−2 + β4 ∗ Ht−1 + β5 ∗ Ht−2 
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Where: 

E[Ht]  The expected trucking time for week t  

Ot  The sum of the expected number of orders in week t  

Ot-1   The number of orders in week t-1  

Ot-2   The number of orders in week t-2  

Ht-1   The used trucking capacity (in hours) in week t-1  

Ht-2   The used trucking capacity (in hours) in week t-2 

Another simpler method, the simple average method, is implemented as well. The simple average 

method is just multiplying the average time needed to complete an order with the number of orders 

in a week: 

E[Ht] = Taverage ∗ Ot 

Where: 

E[Ht]  The expected trucking time for week t  

Ot  The sum of the expected number of orders in week t  

Taverage  The average time required to complete an order 

5.4.2 Relevant trucking activities 
Both conversion methods (simple average and multiple linear regression conversion) require historical 

data about the time required to complete an order. However, not all activities done by trucks are 

relevant for the trucking capacity. Therefore, first the relevant trucking activities are distinguished.  

The following six trucking activities are relevant for this project: 

• Driving time  Driving from the start to the end point (both idle and loaded) 

• Cleaning time  Cleaning of the load unit  

• Delivery time  Unloading time at customer site  

• Dismount/mount time Attach/detach a load unit 

• Pick-up time   Loading time at customer site 

• Waiting time  Waiting time, (not break or daily rest) 

Important to say is that not every shipment requires, for instance, a cleaning activity. Cleaning is based 

on customer requirements. Some containers are dedicated for certain products and for certain 

customers. Therefore, cleaning is often not or only occasionally (for instance once per month) 

required. Furthermore, some customers can load a container their selves. An empty container is 

dropped at the customer site, the customer fills this container and a truck picks the container up when 

it is loaded. The same holds for delivering products. Main point to consider is that a lot of shipments 

do not require every single activity (mount/dismount, pick-up, delivery and cleaning). 

At Van den Bosch Transporten the time every activity took for a specific order is recorded. 

5.4.2.1 Trucking activities intermodal transportation 

For the orders transported intermodally, only the trucking activities in the Benelux Plus region are 

considered, because those activities are influencing the required trucking capacity in the Benelux Plus 

region and the scope of the project is the Benelux Plus region.  

In Figure 5-3, an illustration of an order is given that starts in the Benelux Plus region and is transported 

intermodal to a country outside the Benelux Plus. The activities in white are in scope, the activities in 

grey are out of scope. There are two options as can be seen in Figure 5-3. The first one is that the 
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container is transported back empty, another option is that it is put in storage in the country or that 

the next shipment is loaded immediately. Cleaning depends on the preferences set by the customer; 

a cleaning activity is not always required. This is just an illustration about the trucking activities is 

scope, there might be additional stops or activities added.  

 

Figure 5-3: Illustration of an order starting in the Benelux Plus region transported intermodal 

5.4.2.2 Trucking activities road transportation 

For the orders transported solely by road, all the trucking activities are relevant for the trucking 

capacity in the Benelux Plus region, even though not all trucking activities are executed in the Benelux 

Plus region. There are for instance shipments to and from Denmark, done by road transportation only. 

Not only the activities in the Benelux Plus region are relevant, but also the activities in Denmark are 

relevant. Although those activities are not executed in the Benelux Plus region, those activities require 

trucking capacity from the Benelux Plus region and are therefore in scope.  

5.4.3 Data cleaning 
The relevant trucking activities are known, next step is to dive into the data. For every order, data is 

recorded of how long each activity took. The data for each activity is recorded separately. This data 

serves together with the forecast as input for the conversion models.  

As mentioned previously, the duration is known for every activity. However, there are some outliers 

in the dataset, which should be detected and treated. Naturally, an activity can only have a positive 

duration. Outliers are detected with the interquartile range (IQR) rule described in Montgomery and 

Runger (2010). The interquartile range is the difference between the first (Q1) and third (Q3) quartile 

of the data. For determining the interquartile range, the values of the quartiles are needed. Quartiles 

(Q1, Q2, and Q3) are the three values in the data that divide the sorted data (from lowest to highest) 

into four equal parts. The following formulas are used to determine if a value is an outlier:  

𝑥𝑖 ≥ 𝑄3 + 1.5 ∗ 𝐼𝑄𝑅 

𝑥𝑖 ≤ 𝑀𝑎𝑥(0; 𝑄1 − 1.5 ∗ 𝐼𝑄𝑅) 

Where  
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xi  Observation i  

Q1  First quartile  

Q3  Third quartile  

IQR  Interquartile range (Q3-Q1)  

Once an outlier is detected, this value is replaced with the average time that activity takes. The 

decision to replace the outlier with the average value of that activity is chosen, because it is likely that 

the activity happened. The activity was planned in Quintiq (planning system). There is assumed that if 

an activity is planned, it was required for that shipment and therefore also executed.  

5.4.3.1 Waiting times 

When outlier removal is applied for waiting times, over 20% of the data points are indicated as 

outliers. However, waiting times which took more than eight hours are not detected as an outlier. 

From interviews is concluded that this is not realistic. This indicates that there might be a lot of wrong 

data.  

Moreover, in the analysis of the waiting times it is concluded that the correlation with the number of 

orders is low. This is confirmed in interviews with employees. They state that waiting can be expected, 

there are for instance customers where you must wait always 15 or 20 minutes to fill out papers, this 

is predictable. However, there are also many cases where waiting times are unexpected because of, 

for instance, miscommunication with the customer.  Those are not expected and unpredictable. From 

the data it is not possible to determine whether the waiting time was predictable or not. It is also not 

possible to assume an average waiting time. Waiting times are not considered in the remainder of the 

report, although waiting times require trucking capacity. 

5.4.4 Results conversion models 
In this section, the multiple linear regression conversion model is compared against the simple average 

method. Again, the MAE and MAPE are used as performance measures. 

The data of 2019 is used to train the multiple linear regression conversion model and to calculate the 

average service time required for the simple average method. A conversion from the number of orders 

to the required trucking time is created for the first nine weeks of 2020. Important to note is that the 

inputs, number of orders and used trucking hours in previous weeks are known with certainty. While 

in practice those numbers are based on a forecast and therefore uncertain.  

Previously was concluded that the most appropriate level for forecasting consists of individual lanes, 

region aggregated lanes, and non pareto lanes (Section 5.3.4). The same aggregation level is used for 

converting the orders to trucking time. First the conversion is done for individually forecasted lanes, 

afterwards for aggregated lanes.  

Individual lanes 

In Table 5-6, the values of the explanatory variables for the individual lanes are summarized. The 

elimination technique is used to detect non-significant variables. In Table 5-7, the average time to 

complete an order is summarized per lane. This is the input for the simple average method.   
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Table 5-6: Variable values multiple linear regression conversion, individual lanes 

 
Marl-
Hasselt 

Marl-Oss Hasselt-
Genemuiden 

Oss-
Scherpenzeel 

Oss-
Waalwijk 

Intercept -0,4142 0,2779 -0,1172 -0,0837 -0,1283 

The number of orders in 
week t (Ot) 

0,4909 0,3460 0,1811 0,1361 0,1807 

The number of orders in 
week t-1 (Ot-1) 

0 0 0 0,0228 0 

The number of orders in 
week t-2 (Ot-2) 

-0,2225 -0,1569 0 0 0,0469 

The used trucking time (in 
hours) in week t-1 (Ht-1) 

0 0,2092 0 0 0 

The used trucking time (in 
hours) in week t-2 (Ht-2) 

0,5190 0,3092 0,0852 0 0 

 

Table 5-7: Average time to complete an order (input simple average method), individual lanes (in hh:mm) 

 
Average time to complete order 

Marl-Hasselt 13:47 

Marl-Oss 12:55 

Hasselt-Genemuiden 04:36 

Oss-Scherpenzeel 03:39 

Oss-Waalwijk 05:04 

 

With the input from Tables 5-6 and 5-7, the expected required trucking hours per order can be 

calculated with the two different methods. The results for the individually forecasted lanes are 

summarized in Table 5-8.  

Table 5-8: Performance conversion individual lanes 

 Simple average method Multiple linear regression 
conversion method  

Lane MAE (hh:mm) MAPE MAE (hh:mm) MAPE 

Marl-Hasselt 10:08 9.9% 8:59 7.0% 

Marl-Oss 10:22 14.5% 10:11 14.3% 

Hasselt-Genemuiden 7:21 6.7% 7:27 6.9% 

Oss-Scherpenzeel 3:23 7.4% 3:35 7.7% 

Oss-Waalwijk 3:41 9.8% 3:08 7.9% 

 

For individual lanes (Table 5-8), the differences between the simple average method and multiple 

linear regression method are relatively small. For some lanes multiple linear regression is more 

accurate, for other lanes the simple average method outperforms the multiple linear regression 

method. This is as expected, the number of orders in a week has a correlation of 88% to 96% with the 

number of trucking hours used. It is also in accordance with the following reasoning. For road 

transportation (all individual forecasted lanes are transported by road) it is usually the case that an 

order is completed at once. There is (almost) no trucking capacity required to finish the orders of last 

week and therefore the average time to complete an order times the number of orders in a specific 

week is quite an accurate forecast for the required trucking time in that specific week. Therefore, it is 
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straightforward that the simple average method is already an accurate forecast for the expected 

required trucking time. On average, the multiple linear regression conversion method is slightly 

outperforming the simple average method. 

Aggregated lanes 

Next, the methods are compared for the region aggregated and non pareto lanes. The values for the 

multiple linear regression conversion method are summarized in Table 5-9 per region. The average 

time to complete an order, which serves as input for the simple average method, are summarized per 

region in Table 5-10. 

Table 5-9: Variable values multiple linear regression conversion, aggregated lanes 

 
Ruhr Rotterdam Road Non pareto 

Intercept 0,3889 4,9310 -4,1764 3,0651 

The number of orders in week t (Ot) 0,2400 0,1621 0,3254 0,2558 

The number of orders in week t-1 (Ot-1) 0,0875 0,0759 0,1236 0,0956 

The number of orders in week t-2 (Ot-2) 0 0 0,0537 0 

The used trucking time (in hours) in 
week t-1 (Ht-1) 

0 0 0 0 

The used trucking time (in hours) in 
week t-2 (Ht-2) 

0 0 0 0 

 

Table 5-10: Average time to complete an order (input simple average method), individual lanes (in hh:mm) 

 
Average time to complete order 

Ruhr 09:17 

Rotterdam 07:46 

Road 10:03 

Non pareto 09:33 

 

In Table 5-11, the results of the comparison between the simple average method and the multiple 

linear regression conversion are listed for region and non pareto aggregated lanes. Again, it is case 

dependent which of the methods performs best.   

Table 5-11: Performance conversion aggregated lanes (in hh:mm) 

 Simple average method Multiple linear regression 
conversion method 

Region MAE MAPE MAE MAPE 

Ruhr 20:24 23.7% 13:55 16.6% 

Rotterdam 40:54 8.7% 42:53 9.4% 

Road 32:27 7.3% 45:55 10.2% 

Non pareto 83:01 11.8% 83:36 11.8% 

 

The simple average method outperforms the multiple linear regression method lanes transported by 

road (region “road” in Table 5-11). This makes sense, because the number of orders and used trucking 

hours in the same week had a very high correlation (89%). Again, the same reasoning holds. Orders 
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are usually executed fully at once, almost no trucking capacity is needed at another moment in time 

to complete that order. 

For the orders in the region “Rotterdam”, the simple average method is slightly outperforming the 

multiple linear regression conversion method.  This is counterintuitive because from interviews with 

planners is conducted that especially for intermodal transportation (region “Rotterdam” consists of 

intermodal transported lanes), the trucking capacity required to complete an order completely is 

typically not in one week. Again, this is best explained with an example. A container is transported 

from Rotterdam to Manchester, is unloaded in Manchester and is transported back to Rotterdam for 

the next shipment. The trucking activities are often not in the same week. Therefore, it was expected 

that the number of orders or trucking hours used in previous week is also an explanatory variable, 

which was impossible to grab by using an average the convert the number of orders to trucking 

capacity. However, this is not the case. An explanation for this is that because during the year there is 

stable demand. The trucking time required to finish jobs from previous week(s) is quite stable over 

time as well and therefore this time is roughly the same every week.  

Both methods are performing relatively poor for the region “Ruhr”. This has the same explanation as 

the poorly performing forecast, due to a steep increase in the orders at the start of 2020, the data of 

2019 (which is used to construct the multiple linear regression and to calculate the average time to 

complete an order) is less representative for 2020. 

5.4.4.1 Conclusion on conversion to required trucking time 

The accuracy of the conversion with the simple average method and the (more complex) linear 

regression conversion method is similar. As mentioned previously, Van den Bosch Transporten had 

troubles with updating parameters for the multiple linear regression method in the past. Therefore, 

the simple average method is preferred because it is easier to interpret and maintain.  

Waiting times are not considered, although those also require a significant amount of trucking time. 

An improvement could be made when in the database a distinction is made between two types of 

waiting times. On one hand, predictable waiting times, planners know that for some orders a truck 

(almost) always must wait before the process can start. On the other hand, unpredictable waiting 

times, for instance waiting time due to miscommunication or a product which is not ready for loading 

or unloading.  

Important to note is that the number of orders are known with certainty in these calculations. When 

the conversion model is used in practice, the number of orders is based on a forecast. A forecast is 

never perfect and there is always a forecast error.  

5.5 Fleet size  
In this section of the report the optimal fleet size is determined. First, one of the two solution 

directions presented in Section 4.3 is chosen. Afterwards, the model logic is explained in detail. Next 

step is to fit a distribution to the arrival pattern of orders (Section 5.5.3) and service times (Section 

5.5.4). Afterwards, the results are listed, and two assumptions are analysed in more detail.   

5.5.1 Choosing the appropriate solution methodology 
In Section 4.3, two types of solution methodologies are presented. The first type considers operational 

decisions in determining the optimal fleet size.  The second type considers the optimal sourcing mix 

in a dynamic environment, considering much uncertainty. In the following two sections (5.5.1.1 and 

5.5.1.2) these two solution methodologies are summarized and there is commented on those. 

Afterwards, the decision on the appropriate solution methodology is made. 
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The goal of the model should be to find the best mix between regular (own trucks and FIS) and 

nonregular capacity (NFIS). Moreover, it must be kept in mind that there is uncertainty. In Section 5.3 

is concluded that there is much random, unpredictable variability. In Section 5.4, is concluded that 

there is also an inaccuracy in converting the orders to required trucking time.  

5.5.1.1 Operational decisions and determination of the optimal fleet size  

Some models with the objective to determine the optimal fleet size assume customer demand is 

known with certainty (Wu et al., 2005; Hewitt et al., 2019). However, this assumption is not satisfied 

in the case scenario of Van den Bosch Transporten. Due to the nature of the market and customers, 

there is much random variation in the order pattern.  

5.5.1.2 Optimal fleet size in a dynamic environment 

In both the papers of Kantari et al. (2020) and Nikolic-Doricb and Stojanovica (2014) two types of 

subcontractors, contract-based (FIS) and on-demand (NFIS), are distinguished. Moreover, both papers 

consider uncertainty in both demand and transportation time.  

5.5.1.3 Decision on solution methodology  

The limiting assumptions made on the uncertainty in the models in Section 5.5.1.1 are not in line with 

the case situation of Van den Bosch Transporten. In Section 5.3 is concluded that there is much 

unpredictable variation in the demand. Assuming that demand is known with certainty is not realistic.  

In the models presented in Section 5.5.1.2, more uncertainty is considered. Moreover, those models 

distinguish the same kind of subcontractors as Van den Bosch Transporten. Due to on-demand 

subcontractors (NFIS) it is possible to be flexible to customer preferences and react to fluctuating 

demand. On the other hand, contract-based subcontractors (NFIS) and own trucks, make it is possible 

for logistics service providers to fulfil regular demand and deliver high quality against low costs. This 

solution methodology is better applicable to the case of Van den Bosch Transporten.  

5.5.2 Application of the methodology  
In this section the application of the methodology is described. First the logic of the model is explained. 

Afterwards, it is elaborated on the measurements to judge the performance of the fleet size. In the 

last part of this section the system parameters are described.  

Downside from considering much uncertainty (in shipment times and arrival pattern of demand) is the 

associated complexity (Kantari et al. 2020). Moreover, NFIS are used to fill the gaps in the planning. 

NFIS are only required to fulfil a specific order and are disposed afterwards. Therefore, the number 

of, and the moment when NFIS trucks are required depends on the size of the regular capacity. To 

capture all those dynamics in the system, discrete event simulation is chosen as the methodology.   

Model logic 

As mentioned previously, the focus of the project is on the tactical planning level. If the regular 

capacity (consisting of FIS and own trucks) should be adjusted, it is adjusted with FIS trucks. In the 

discrete event simulation model, the regular capacity (i.e. sum of own and FIS trucks) is varied on 

different levels (30 to 44 trucks). Assumed is that a truck can work 11.5 hours a day.  

Orders arrive from customers. In Section 5.5.4, is elaborated on the arrival pattern of orders in detail. 

If an order arrives, first is checked if a truck from the regular capacity (FIS or own) is available. If a 

truck is available, the order is transported immediately by a truck from the regular capacity, if not, it 

is put in queue to be transported by the regular capacity (FIS or own truck). If an order cannot be 

transported by a truck from the regular capacity within a certain time span (referred to as the ‘delay’ 

in the remainder of the report), the order is removed from the queue and transported by a NFIS truck. 
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There is assumed that NFIS trucks are always available when requested. The model logic is visualized 

in Figure 5-4: 

Order i 
arrives

Order i served by 
truck from regular 
capacity (own/FIS) 

Release truck 
(regular capacity)

Queue: 
Order i waiting for 

assignment 

Create duplicate of 
order i

Number of 
available 

trucks

Delay
Order i

Still waiting for 
assignment?

Order i served by 
NFIS 

Order i removed 
from queue

Finish

Finish

Finish

Finish

Available trucks +1

Available trucks -1

Yes

No

Dummy is disposed

 

Figure 5-4: Model logic fleet sizing model 

The delay is added to the model to overcome the problem of transporting an order with a NFIS truck 

while a few minutes later a FIS or own truck is available. This value is set to half an hour. However, it 

is hard to determine the value of this parameter. Therefore, the impact of the value of this parameter 

is studied in detail in the sensitivity analysis in Section 5.5.6.2. In Section 5.5.3 is elaborated on the 

service times for an order in detail.  

Performance measures 

The bulk transportation market is characterized by low profit margins and therefore costs are an 

important performance indicator for Van den Bosch Transporten. The mathematical model is given in 

Section 4.3. The model has the objective to minimize the total costs in the long run.  

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ (𝑇𝑜𝑤𝑛,𝑤𝑜𝑟𝑘
 (𝑡) ∗ 𝑃𝑜𝑤𝑛,𝑤𝑜𝑟𝑘𝑖𝑛𝑔

 + 𝑇𝑜𝑤𝑛,𝑖𝑑𝑙𝑒
 (𝑡) ∗ 𝑃𝑜𝑤𝑛,𝑖𝑑𝑙𝑒

 + 𝑇𝐹𝐼𝑆,𝑤𝑜𝑟𝑘
 (𝑡)

𝑛

𝑡=0

∗ 𝑃𝐹𝐼𝑆,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
 + 𝑇𝐹𝐼𝑆,𝑖𝑑𝑙𝑒

 (𝑡) ∗ 𝑃𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
  + +𝑇𝑁𝐹𝐼𝑆,𝑤𝑜𝑟𝑘

 (𝑡) ∗ 𝑃𝑁𝐹𝐼𝑆,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
 

+ 𝑇𝑁𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
 (𝑡) ∗ 𝑃𝑁𝐹𝐼𝑆,𝑖𝑑𝑙𝑒

 ) 

Where, 

𝑇𝑜𝑤𝑛,𝑤𝑜𝑟𝑘
 (𝑡) Total working time (in hours) of own trucks in period t  

𝑇𝑜𝑤𝑛,𝑖𝑑𝑙𝑒
 (𝑡)  Total idle time (in hours) of own trucks in period t   

𝑇𝐹𝐼𝑆,𝑤𝑜𝑟𝑘
 (𝑡)  Total working time (in hours) of FIS trucks in period t   

𝑇𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
 (𝑡)  Total idle time (in hours) of FIS trucks in period t  

𝑇𝑁𝐹𝐼𝑆,𝑤𝑜𝑟𝑘
 (𝑡)  Total working time (in hours) of NFIS trucks in period t   

𝑇𝑁𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
 (𝑡)  Total idle time (in hours) of NFIS trucks in period t 

𝑃𝑜𝑤𝑛,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
   Costs per hour when an own truck is working; € 50 euro per hour  

𝑃𝑜𝑤𝑛,𝑖𝑑𝑙𝑒
   Costs per hour when an own truck is idle; € 20 euro per hour  

𝑃𝐹𝐼𝑆,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
   Costs per hour when a FIS truck is working; € 38 euro per hour  
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𝑃𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
   Costs per hour when a FIS truck is idle;  € 20 euro per hour  

𝑃𝑁𝐹𝐼𝑆,𝑤𝑜𝑟𝑘𝑖𝑛𝑔
   Costs per hour when a NFIS truck is working; € 55 euro per hour  

𝑃𝑁𝐹𝐼𝑆,𝑖𝑑𝑙𝑒
   Costs per hour when a NFIS truck is idle;  - 

The costs consist of operating costs of own, FIS and NFIS trucks. Furthermore, underutilization of own 

and FIS trucks is costly as well. Drivers of own and FIS trucks are important for Van den Bosch 

Transporten. Without them, the company would not exist. Therefore, it is important to satisfy the 

drivers. When those drivers are underutilized, they are not satisfied. In addition to this, FIS can charge 

costs for cancelling them. This could lead to problems for the company on the long run. 

A NFIS truck costs on average € 55 euro per operating hour, a FIS truck costs, on average, € 38 euro 

per operating hour, an own truck costs € 50 euro per operating hour. First is assumed that the costs 

of not using an own or FIS truck are € 20 euro per hour. However, it is hard to quantify the costs of 

not using a truck. Therefore, the impact of this value is studied in detail in the sensitivity analysis in 

Section 5.5.6.2. 

Costs are an important performance measure for Van den Bosch Transporten, but it is important to 

consider other factors as well. A factor considered in the decision process could be the percentage of 

orders shipped by NFIS. The NFIS trucks are of lower quality, but due to NFIS trucks one can respond 

to fluctuating demand.  

Orders Transported by NFIS =
Number of orders shipped by NFIS trucks

Total shipments
∗ 100% 

To keep both own drivers and FIS companies satisfied and to be cost efficient, a high utilization of the 

regular capacity is essential. The truck utilization is calculated with the following function.  

Truck utilization =
Sum of operating time regular capacity

Total available working time
∗ 100% 

System parameters 

Before the simulation can start, the warm-up period, run length and the number of replications must 

be determined. A warm-up period is required to get the model in a steady state. If there is no warm-

up period, the output gathered from the system might not reflect the steady state situation.  The 

simulation software used is the trail version of Arena.  

The length of the warm-up period is determined with the Welch graphical method (Law & Kelton, 

2000). This method is based on plotting a response of the simulation, the utilization of the regular 

capacity in this case, and visualizing when the system is in a steady state. To determine the steady 

state, multiple replications are used, because if only one replication is used, difficulties can occur with 

interpretation when the model is in a steady state because of the variability in the model. For the 

simulated scenario the system is already in a steady state system. The warm-up period is set to 20 

days. The graph for determining the appropriate warm-up period is depicted in Appendix D.  

Next, the replication length is chosen. Important is to set the replication length long enough. The 

replication length is set to two years. As a rule of thumb at least three to five replications per 

experiment are required (Metha, 2000). The number of replications is set to 5. As mentioned 

previously, assumed is that a truck can work 11.5 hours a day, the day length is set to 11.5 hours.  

The model needs to be verified and validated as well to ensure that the model is behaving as intended. 

There are many techniques to validate the model (Sargent, 2000). One of those validation techniques 

is by visually checking the entity flow. From the visually checking the flow is confirmed that the model 
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is operating as expected. In addition to this, there are some simple test to check if the model is 

performing as expected. The maximum waiting time in the queue in front of the FIS and own trucks 

cannot exceed the value set for the delay. Also, the number of trucks occupied, cannot exceed the 

number of trucks available and the variation in both arrival pattern and process times is as expected. 

In determining the warm-up period was already concluded that the model is after a while in a steady 

state. This also indicates that the model behaves as expected.  

5.5.3 Distribution of service times 
In this section is elaborated on the distribution of service times. The paper of Kantari et al. (2020), 

both service and arrival pattern are assumed to be normally distributed. This section elaborates on 

the service times. The following section elaborates on the arrival pattern of orders. The data used to 

fit the distribution is the data of all orders in 2019. Again, waiting times are not included, because of 

problems with data quality.  

 
Figure 5-5: Histogram required trucking time per order, all orders aggregated 

From Figure 5-5 is concluded that there is a bimodal distribution with two peaks. This indicates that 

there are more groups in the data. From the data is concluded that there are three lanes, with a lot of 

demand and relative low service times per order. This is visual in Figure 5-5 as the first peak in the 

data. Those lanes are excluded in Figure 5-6. 

 
Figure 5-6: Histogram required trucking time per order, three specific lanes excluded 

In Figure 5-6, the histogram of required trucking time per order is depicted. The real data is plotted 

against the theoretical normal distribution in Figure 5-6,. From this Figure is concluded that the normal 
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distribution fits the data relatively well. This is validated with a goodness-of-fit test (procedure is 

explained in Appendix E) and QQ plots (Appendix F.1).  

Three lanes excluded in Figure 5-6, the histograms and QQ plots (Appendix F.2, F.3, and F.4) is 

concluded that each individual lane follows a normal distribution. This is confirmed with goodness-of-

fit tests, except for the lane Hasselt-Genemuiden. The variance for this lane is very low and due to 

that, the goodness-of-fit does not give a fit. Still, a normal distribution is assumed, because of the 

histogram and QQ plot visualized in Appendix F.4.  

5.5.4 Distribution of arrival of orders  
Next to the stochastic service times, uncertainty in the arrival pattern is considered as well. In the 

paper of Kantari et al. (2020), the arrival pattern is assumed to be normally distributed.   

Like in the paper of Kantari et al. (2020), the data is divided into low and regular demand periods. The 

low demand periods are the weeks around Christmas and new year and during the summer holiday 

period (week 30 till 33) in the Netherlands. Only the regular demand scenario is tested, because of 

limited data availability of the low demand scenario.  

The histograms and QQ plots are shown in Appendices G.1, G.2, G.3, and G.4. Again, the data is 

normally distributed. This is confirmed with goodness-of-fit tests.  

5.5.5 Results 
As mentioned previously an order must be transported within a certain time span (the delay), if the 

order is not transported within this time span by an own or FIS truck, a NFIS truck transports the order. 

In the first experiment the delay is set to half an hour. However, the effect of this value is studied in 

detail in Section 5.5.6.1. Assumed in this experiment is that the costs for not using a truck are € 20 

euro per hour, this is studied in detail in Section 5.5.6.2. 

 

Figure 5-7: Cost curve of the number of trucks in regular fleet (FIS and own)  

In Figure 5-7, the cost curve is depicted. The most important observation is that the cost curve is 

relatively flat. Under the assumptions made, having 38 trucks is optimal but having 36 to 40 trucks is 

almost as expensive. Having 34 or 42 trucks in the regular fleet is only two percent more expensive.  

Due to the relatively flat curve in Figure 5-7, a decision based on the fleet size only would be too short-

sighted. It is important to consider other performance indicators. In Figure 5-8, the percentage of 
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shipments done by a NFIS truck are depicted. In Figure 5-9, the utilization is depicted against the 

number of vehicles in the fleet.  

 

Figure 5-8: Dependency on the on-demand market 

 

Figure 5-9: Utilization of regular capacity against the number of trucks in regular capacity fleet 

The relationships in Figure 5-8 and Figure 5-9 are as expected, if the regular capacity is expanded, the 

utilization of regular capacity is lower and the need for additional NFIS trucks is lower. Reducing the 

regular capacity below 34 trucks, will almost not increase the utilization, but many orders need to be 

transported by NFIS trucks. On the other hand, if the regular capacity is set to 40 trucks, almost all 

demand can be transported by the regular capacity. Increasing the regular capacity above 40 trucks 

will only decrease the utilization. 

In the model is assumed that NFIS trucks are always available. However, this is uncertain in practice. 

If there are problems with the availability of NFIS trucks, the regular capacity can be expanded to 40 

trucks. In this case almost no orders are transported with NFIS trucks, but still close to optimal results 

are achieved. The opposite is true as well. If there are enough NFIS trucks available, but problems with 

the utilization of the regular fleet or it is not preferring having a big regular fleet. One can decide to 

decrease the regular capacity.  
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The optimal fleet size under these assumptions consists of 38 trucks in the regular capacity. However, 

the analysis and conclusions above are all based on averages, but it does not say anything about the 

behaviour over time. It is also interesting to see how the utilization and the number of orders shipped 

by NFIS trucks vary over time and have insight in the extreme values.   

 

Figure 5-10: Utilization of the regular fleet (consisting of 38 trucks) per week over time  

In Figure 5-10, the average utilization of the fleet consisting of 38 trucks per week is visualized. In 

Figure 5-9 was already concluded that the average utilization with a fleet size of 38 trucks is 90%. The 

maximum average weekly utilization of trucks is 94%, the minimum average weekly utilization per 

week of trucks is just below 85%. 

 

Figure 5-11: Number of orders transported by NFIS trucks per week over time (with a regular fleet of 38 trucks) 

In Figure 5-11 the number of orders transported by NFIS trucks are visualized over time. In multiple 

weeks no NFIS trucks are required to fulfil all demand. However, in most of the week at least some 

NFIS trucks are required to fulfil part of the demand.  
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5.5.6 Sensitivity analysis  
In the model several assumptions are made. However, some assumptions are hard to quantify. A 

sensitivity analysis is done to assess the impact of two of those assumptions.   

The first that is tested is the impact of including a delay parameter. In the first scenario this delay is 

assumed to be half an hour, but this value was not really based on anything. Therefore, different input 

values are tested.  

The second assumption tested is the costs associated with not using an own or FIS truck, while it is in 

the regular fleet. In the first scenario those are assumed to be € 20 euro per hour. This is based on 

human judgement and it is hard to quantify or motivate this value. Therefore, the effect of other 

values on the optimal number of vehicles in the regular fleet is tested.  

Important is to keep in mind that in Section 5.5.5 is concluded that a regular fleet of 38 trucks is 

optimal, but a fleet from 36 to 40 trucks has almost the same results. In addition to this, having 34 or 

42 trucks in the regular fleet is only two percent more expensive, which is still reasonable. 

5.5.6.1 Delay parameter in the simulation model 

In the results in 5.5.5, the delay is set to half an hour. The value of half an hour in the first experiment 

is not really based on anything. Therefore, different values are tested in this section and there is 

commented on the optimal fleet size these different values. 

 

Figure 5-12: Impact of delay parameter on optimal number of trucks as regular capacity 

From the first simulated scenario in Figure 5-7 is already concluded that the cost curve is relatively flat 

and having 36 or 40 trucks in the fleet has almost the same results as the optimum of 38 trucks. From 

Figure 5-12 is concluded that the optimal number of trucks in the regular capacity for the different 

values vary from 36 to 40 trucks. The impact of the delay parameter in the simulation model does not 

really have a big impact on the optimal number of trucks. 

5.5.6.2 Costs of relationship drivers own and FIS trucks  

The second assumption tested is the cost of not using an FIS or own truck is € 20 euro per hour. As 

mentioned previously, it is hard to quantify these costs.  
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Figure 5-13: Impact of different costs values of not using trucks in the regular fleet 

In Figure 5-13 different values for not using an own or FIS truck are depicted against the number of 

trucks in the regular capacity. It is straightforward that if the importance of the relationship with own 

and FIS drivers, and thus the associated costs, increase, the optimal size of the regular capacity is 

lower. However, the impact of this value is limited. Again, the optimal number of trucks is between 

36 and 40, depending on the costs of the relationship with drivers from the regular fleet.  

5.5.7 Conclusion on fleet size 
The most important conclusion is that the cost curve dependent on the size of the fleet is relatively 

flat. Moreover, from the sensitivity analysis is concluded that the impact of the assumptions made, 

which are debatable or hard to quantify, is very small.   

A regular capacity anywhere between 36 and 40 trucks gives almost the same results in terms of costs. 

If the fleet is reduced to 34 or expanded to 42 trucks, this is only two percent more expensive and still 

a reasonable in terms of costs.  
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6 Implementation plan 
In this chapter an implementation plan for Van den Bosch Transporten is described.  

Forecasting 

The best performing aggregation level consists of individual lanes, region aggregated lanes and non 

pareto aggregated lanes. If a new lane appears with high and smooth demand (this can be checked 

with the categorization procedure of Syntetos et al. (2005)). It is probably better to forecast that lane 

individually.  

The Bayesian technique in the current set up considers all orders set in current week to adjust the 

forecast for the upcoming week. However, this means that at Friday afternoon the initial forecast can 

be adjusted with the Bayesian technique and only then (Friday afternoon) can be anticipated on the 

adjust forecast. This is not workable in practice. Better would be to choose a fixed moment in the 

week, calculate the probability of an order in future period t based on that moment. The Bayesian 

technique should adjust the forecast with the information of the number of orders in the system at 

that specific moment.  

The probability of an order in future period t (θt) in the Bayesian technique is relatively stable over 

time, but it is recommended to update this value once a year.  

For the exponential smoothing method there are two constants A and B. Constant A determines how 

fast exponential weights decline over consecutive periods, constant B determines how fast 

exponential weights decline over the past periods. It is recommended to update these parameters 

twice a year.  

Conversion to trucking hours 

For the conversion method the average time it took to complete an order is required as an input. A 

rule of thumb is to update this value once a year. However, when planners have the feeling that the 

duration for completing orders is starting to shift, it is recommended to update the parameters 

immediately and not wait for the designated moment in the year.   

Fleet size 

When planners of Van den Bosch Transporten have the feeling that there is really changing something 

in the variability of the order pattern (both more and less variability). They should run the simulation 

model again the determine the optimal fleet size. However, from the sensitivity analysis is concluded 

that this solution is quite robust, and the cost curve is relatively flat.  

If the order quantity changes, it is important to adjust the fleet size. As mentioned previously, most 

accurate is to run the model again with updated parameters and determine the optimal fleet size with 

help of the model. If Van den Bosch Transporten has troubles in running the model, a quick fix could 

be to just scale the required trucking capacity with the demand (i.e. 1.2 times more demand, 1.2 times 

more required trucking capacity).   
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7 Conclusions, recommendations, and limitations  
In this last chapter of the report, the conclusions are summarized (Section 7.1). Afterwards 

recommendations for Van den Bosch Transporten are given (Section 7.2) and limitations of the 

research are described (Section 7.3). 

The research is divided into three parts, the three sub research questions. The three sections in this 

chapter are divided into three parts as well. The first part is about forecasting demand, the second 

part is about converting the number of orders into required trucking time. The objective of the last 

part of the research is to determine the optimal fleet size. 

7.1 Conclusions  
Sub question 1: How can the expected number of orders be forecasted most accurately?  

First the best performing aggregation level is determined. A distinction between pareto and non 

pareto lanes outperforms the all lane aggregation level. However, pareto and non pareto aggregation 

is outperformed by the aggregation level consisting of individual lanes, region aggregated lanes, and 

non pareto lanes. 

After determining the appropriate aggregation level, two forecasting methods are implemented, and 

the performance is compared. The accuracy of the exponential smoothing method of Holt (2004) and 

the multiple linear regression forecasting method, is similar. However, exponential smoothing is 

preferred, because it is very easy to compute and use. The multiple linear regression forecasting 

method was already available at Van den Bosch Transporten but unused, because of problems in 

maintaining and updating the forecasting tool.  

With the Bayesian technique an initial forecast is adjusted based on the moment of ordering demand. 

The accuracy of the forecast for one week ahead improves significantly when the Bayesian technique 

is applied, but the accuracy of the forecast for two weeks ahead deteriorates. This is due to only a 

small extent of the demand that is ordered two or more weeks before the shipping date. However, 

this is not the main problem, the main problem is that this amount of demand ordered two or more 

weeks before the loading week is not stable over the time. In some weeks multiple orders are already 

ordered for two weeks in advance, but there are also multiple weeks where no demand is ordered 

two weeks in advance. Due to this instability the accuracy of the forecast deteriorates.  

Sub question 2: How can the forecast be converted to total required trucking capacity?  

Next, the number of orders is converted to required trucking time. Two different conversion methods 

(multiple linear regression and simple average method) are implemented and compared, the 

performance is similar. The simple average method, which is just multiplying the average time to 

complete an order with the number of orders, is preferred because it is very easy use and maintain.  

In the conversion from orders to trucking time, waiting time is not considered due to data quality 

issues. When outlier removal (interquartile range rule) is applied to the waiting times, over 20% of the 

data points are indicated as outliers. Furthermore, many data points are unrealistically high, but not 

indicated as outliers. It is decided to not consider waiting times in the remainder of the report.  

Sub question 3: What is the optimal fleet size?  

The objective of the last part of the project was to determine the optimal fleet size. Two types of 

solution methodologies are presented in the fourth chapter. One direction of solution methodologies 

includes operational decisions (i.e. allocation, routing) in determining the optimal fleet size, but makes 

limiting assumptions regarding the uncertainty in the model (i.e. demand is forecasted and known). 
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The second option determines the optimal fleet size in a dynamic environment with all the 

uncertainty, but without operational decisions.  

The second type of solution methodology is more applicable to the case of Van den Bosch Transporten. 

A discrete event simulation model was developed. The first and most important conclusion is that the 

costs function is relatively flat. A regular fleet consisting of 38 trucks is optimal, but a fleet consisting 

of 36-40 trucks is almost as expensive. A fleet consisting of 34 or 42 trucks is only two percent more 

expensive compared to a fleet of 38 trucks. This is still reasonable.  

However, in this first simulation experiment, several assumptions are made. Some of those 

assumptions are doubtful and hard to quantify. Therefore, a sensitivity analysis is conducted on two 

of those assumptions. The impact of the following assumptions is tested in the sensitivity analysis. 

• Vehicles in the regular fleet costs € 20 per idle hour 

• The delay is set to half an hour 

From the sensitivity analysis is concluded that those assumptions do not have a big impact on the 

optimal fleet size.  A fleet size varying from 36 to 40 trucks is optimal.  

7.2 Recommendations  
In this section, some recommendations for Van den Bosch Transporten are given.  

Forecasting 

In the implemented method, the pareto rule is used to distinguish between tender and the other types 

(spot and regular) of orders. A pareto rule is used, because no reliable data is available of which 

shipments belong to a tender and which shipments are regular or spot orders. It would be better and 

easier if a distinction between spot, regular, and tender orders and replace the pareto analysis with 

simply dividing the data into two categories. One category consists of tender orders, the other 

category consists of regular and spot orders.  

If information is known earlier, the forecast can be approved even more with the Bayesian technique, 

not only for one week ahead, but also for two, three, and four weeks ahead. In the report is proven 

that the technique works in the case of Van den Bosch Transporten for the forecast of next week. 

Encouraging customers to order earlier should help to improve the forecast.  

The assumption is made that demand is relatively stable across the week. It would be better to study 

the weekly pattern in detail.  

Conversion to trucking time  

A significant part of the orders is ordered at least one week before the loading week. For those orders 

many details (i.e. cleaning program required, driving distance) are already available. Incorporating this 

information should improve the accuracy of the conversion from number of orders to trucking hours.  

Fleet sizing  

The cost function is relatively flat. Therefore, the decision of the optimal fleet size should be based on 

more than solely costs. If quality of the trucks and drivers is important or there are problems with the 

availability of NFIS trucks, a larger fleet would be more applicable. On the other hand, having a larger 

regular fleet can give troubles during lower demand periods or relationships with drivers and FIS trucks 

are getting more and more important, a smaller regular fleet would be more appropriate. Therefore, 

a fleet size in the range of 36 to 40 trucks would be (close to) optimal, dependent on the preferences 

of Van den Bosch Transporten. 
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The current way of estimating the required trucking capacity for next week is based on the trucking 

capacity used this week and the demand already ordered by customers for next week. If relatively 

much demand is already ordered, the expected trucking capacity for next week is upscaled a bit 

compared to current week and the other way around.  The results from Bayesian technique show that 

the demand already ordered for next week is a good estimator for expected demand next week. The 

relationship between the number of orders and required trucking time is highly linear and therefore, 

this current way of working makes sense.  

7.3 Limitations  
Next, the limitations of the project are described.  

Forecasting 

The forecast is based on sales data and not on demand ordered by customers, which includes rejected 

orders from customers as well. Van den Bosch Transporten has the objective to fulfil all demand set 

by customers and therefore it is likely that the sales data is close to the demand ordered by customers, 

but it would be better to train the forecasting model with data of customer demand (compared to 

sales data).  

Conversion to trucking time  

Waiting time is not considered in the report due to problems with data quality. However, from 

interviews is conducted that waiting activities are occupying trucks and therefore influence the 

available trucking capacity. It would be better to incorporate waiting times.   

Fleet sizing  

It is assumed that orders require trucking time solely at one moment in time. This is reasonable for 

road transportation, but for intermodal transportation this assumption is often not satisfied. This is 

best explained with the example already used in the report. A full container must be transported from 

the Netherlands to Spain and comes back empty from Spain. The trucking activities with the full 

container (from the Netherlands to Spain) are often not in the same week as the activities with the 

empty container (from Spain to the Netherlands). The assumption that orders require trucking time 

solely at one moment is for intermodal transportation often not satisfied. 

An assumption is that NFIS are always available when requested. This assumption is doubtful in 

practice. Another assumption made is that it is relatively easy to adjust (both expanding and 

decreasing) the number of FIS trucks. However, it might take some time and effort to educate new FIS 

drivers and get into a close relationship with them. On the other hand, dropping some FIS trucks from 

the regular capacity could lead to a bad reputation for Van den Bosch Transporten in the market, 

which is not preferable. 

Usually NFIS trucks are used for only one day or a part of the day. A requirement with a NFIS is often 

that such a truck must often start and stop at the same location, whereas own and FIS trucks stop and 

start during the week at the place assigned by a planner. It could be that NFIS have additional idle 

driving time due to their start and end positions compared to trucks which are driving around the 

week for Van den Bosch Transporten. This is not considered. Moreover, NFIS drivers are not trained 

in the Van den Bosch Transporten academy and they are less experienced in bulk transportation. Some 

activities (mount/dismount, load/unload, cleaning) could take additional time because drivers are not 

familiar with the procedures and the way of working. Both the quality and the start and stop 

requirements of NFIS are not considered in the project.  

In the simulation model to determine the optimal fleet size is assumed that if an order is not 

transported within a certain time span (the delay) by an own or FIS truck, it is immediately transported 
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by a NFIS truck. However, in practice, planners make a well-considered decision in which orders should 

be transported by a NFIS truck. There are certain orders where for instance no compressor is required 

to load or unload a loading unit. If there is a shortage of regular capacity and NFIS trucks are required, 

these kinds of orders are done by NFIS trucks. This is not considered in the model, in the model this 

assignment to NFIS trucks is completely random. 

There is a main difference between het problem studied in Kantari et al. (2020) and the case of Van 

den Bosch Transporten. In the paper of Kantari et al. (2020) there is a central depot and customers 

are served from that central depot. If the order is completed, trucks drive back to the central depot. 

In the case of Van den Bosch Transporten there is no central depot, but customers are located 

everywhere and Van den Bosch Transporten has trucks driving around in the network. The implicit 

assumption made is that the network is balanced. If an order does not fit in the network, there are 

two options. The first one is that customer service employees try to arrange an additional order that 

fits in the network and therefore the order can be executed with minimal idle driving time. Another 

option is not transporting the order with own assets but selling the order on the Freightmatch 

platform, where another logistics service provider is executing the order with own assets (truck and 

load unit).  
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Appendix A: Variables Kaplan (2015) 
Variable explanation 

Expected Peak Intuition planner or information gained from the customer 

NoOfContractedCustomer No of contracted customers, expected to give an order 

Bouwvak Holiday, companies in NL closed 

Around New Year/Christmas - 

Lag1 Effect of 1 period before on the next period 

Lag2 Effect of 2 periods before on the next period 

Lag3 Effect of 3 periods before on the next period 

Lag4 Effect of 4 periods before on the next period 

NewYear - 

Trend - 

Easter - 

LiBeration Day of NL - 

Ascension Day - 

Whit Monday - 

King's Birthday - 

Carnival(South) - 

Labor Day - 

Belgian National Day - 

Assumption of Mary - 

Armistice Day - 

All Saints Day - 

Epiphany - 

Good Friday - 

Corpus Christi - 

Peace Festival - 

Day of German Unity - 

Reformation Day - 

Repentance Day - 

Victory in Europe Day - 

Restoration of the Czech Independence Day - 

Independent Czechoslovak State Day - 

Struggle for Freedom and Democracy Day - 

Liberation Day Italy - 

Republic Day Italy - 

Feast of the Immaculate Conception - 

National Day Sweden - 

Early May Bank Holiday - 

Spring Bank Holiday - 

Battle of the Boyne - 

Summer Bank Holiday - 

National Day Austria - 

End of World War II - 

Republic day of Slovakia - 

National Uprising Day - 

Constitution Day - 

The Day of the Virgin Mary of the Seven Sorrows - 

Day of the Fight for Freedom and Democracy - 
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Appendix B: Assumptions multiple linear regression 
The multiple linear regression technique is used to forecast the required trucking time. Important to 

note is that multiple linear regression has several assumptions. Those assumptions are listed below 

(Montgomery & Runger, 2010).  

• Linearity 

• Normally distributed error term 

o Only care for small sample sizes 

• Constant variance of error term 

o Multicollinearity  

• Explanatory variables independent of error term 

Firstly, it is assumed that the relationship between the dependent and explanatory variables is linear. 

This is checked with added value plots and common sense.  

The second assumption is that the error term should be normally distributed. However, we only care 

about this assumption for small sample sizes (sample sizes below 30). 

Multicollinearity means that there are strong dependencies among the regressor variables. If 

multicollinearity exists, the regression coefficients might be very imprecise. Two examples of test for 

multicollinearity are the Breusch-Pagan test and variance inflation factor (VIF) test.  

The last assumption is that the errors are uncorrelated with the explanatory variables. If not so, causal 

interpretation is not possible. However, prediction is possible even if this assumption is violated. 
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Appendix C: Variables multiple linear regression forecasting model   
Variable Value 

AEX continous 

Crude_Oil continous 

WorkingdaysNL 0-5 

WorkingdaysDE 0-5 

WorkingdaysBE 0-5 

January If yes: 1, otherwise 0 

Februar If yes: 1, otherwise 0 

March If yes: 1, otherwise 0 

April If yes: 1, otherwise 0 

May If yes: 1, otherwise 0 

June If yes: 1, otherwise 0 

July If yes: 1, otherwise 0 

August If yes: 1, otherwise 0 

September If yes: 1, otherwise 0 

October If yes: 1, otherwise 0 

November If yes: 1, otherwise 0 

December If yes: 1, otherwise 0 

BouwvakNoord If yes: 1, otherwise 0 

BouwvakMidden If yes: 1, otherwise 0 

BouwvakZuid If yes: 1, otherwise 0 

DemandPreviousWeek1 integer 

DemandPreviousWeek2 integer 

DemandPreviousWeek3 integer 

DemandPreviousWeek4 integer 

WeekBeforeChristmas If yes: 1, otherwise 0 

Christmas If yes: 1, otherwise 0 

NewYear If yes: 1, otherwise 0 

Trend If yes: 1, otherwise 0 

EasterMonday If yes: 1, otherwise 0 

LiberationDayNL If yes: 1, otherwise 0 

AscensionDay If yes: 1, otherwise 0 

WhitMonday If yes: 1, otherwise 0 

KingBirthday If yes: 1, otherwise 0 

Carnival If yes: 1, otherwise 0 

Laborday If yes: 1, otherwise 0 

BelgianNationalDay If yes: 1, otherwise 0 

AssumptionOfMary If yes: 1, otherwise 0 

ArmisticeDay If yes: 1, otherwise 0 

AllSaintsDay If yes: 1, otherwise 0 

Epiphany If yes: 1, otherwise 0 

GoodFriday If yes: 1, otherwise 0 

CorpusChristi If yes: 1, otherwise 0 

PeaceFestival If yes: 1, otherwise 0 

DayofGermanUnity If yes: 1, otherwise 0 

ReformationDay If yes: 1, otherwise 0 

RepentanceDay If yes: 1, otherwise 0 

LiberationDayItaly If yes: 1, otherwise 0 

RepublicDayItaly If yes: 1, otherwise 0 

FeastImmaculateConception If yes: 1, otherwise 0 

EarlyMayBankHoliday If yes: 1, otherwise 0 

SpringBankHoliday If yes: 1, otherwise 0 

BattleoftheBoyne If yes: 1, otherwise 0 

SummerBankHoliday If yes: 1, otherwise 0 

NationalDayAustria If yes: 1, otherwise 0 
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Appendix C.1: Variable values multiple linear regression forecasting region aggregated 

lanes 
 

Ruhr Rotterdam Road Non pareto 

Adjusted R-squared 0.4552 0.5739 0.6726 0.4941 

Intercept -5,26137 -60,4407 -24,3598 -28,1578 

AEX 0 0,06005 0 0 

Crude_Oil 0 0 0 0 

WorkingdaysNL 0 12,64951 16,24894 5,47113 

WorkingdaysDE 1,67711 0 0 6,16869 

WorkingdaysBE 0 0 0 0 

January 0 0 0 4,87738 

Februar 0 0 0 0 

March 0 0 0 0 

April 2,26483 8,18342 0 0 

May 1,02022 0 0 0 

June 0 0 0 0 

July 0 0 -9,55895 0 

August 0 0 0 -5,15979 

September 0 0 -4,20941 0 

October 0 0 0 0 

November -1,74033 -8,91451 0 0 

December 0 -8,73045 4,62441 0 

BouwvakNoord 0 0 -8,83367 0 

BouwvakMidden 0 0 -6,16528 0 

BouwvakZuid 0 0 0 -12,1844 

DemandPreviousWeek1 0,23735 0,1815 0 0,18863 

DemandPreviousWeek2 0,2582 0 0,10185 0 

DemandPreviousWeek3 0 0,12084 0 0 

DemandPreviousWeek4 0,12955 0 0 0,13589 

WeekBeforeChrist -5,61279 -10,481 -26,3307 0 

Christmas -0,51963 0 -21,4147 0 

NewYear 3,1833 0 -24,0539 0 

Trend 0 0,06016 0 0,03229 

EasterMonday 0 0 0 0 

LiberationDayNL 0 0 0 0 

AscensionDay 0 10,94288 0 0 

WhitMonday 0 0 0 0 

KingBirthday -5,11315 0 0 0 

Carnival 0 0 0 0 

Laborday 0 0 0 0 

BelgianNationalDay 0 9,40931 0 0 

AssumptionOfMary 2,3324 0 0 0 

ArmisticeDay 3,89484 0 6,26355 12,31542 

AllSaintsDay 0 0 0 0 

Epiphany 0 0 0 0 

GoodFriday 0 -10,1642 0 0 

CorpusChristi 0 0 -9,36916 0 

PeaceFestival 0 0 -9,70056 0 

DayofGermanUnity 0 0 0 0 

ReformationDay 0 -9,6362 0 0 

RepentanceDay 0 0 0 0 

LiberationDayItaly 0 0 0 0 

RepublicDayItaly 0 0 0 0 

FeastImmaculateConception 0 0 0 8,64104 

EarlyMayBankHoliday 0 0 0 0 

SpringBankHoliday 0 0 0 0 

BattleoftheBoyne 0 0 0 0 

SummerBankHoliday 0 0 0 0 

NationalDayAustria 0 -8,36615 0 0 
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Appendix C.2: Variable values multiple linear regression forecasting individual lanes 
NA is not applicable for the individual lane   

 
Marl-
Hasselt 

Marl-Oss Hasselt-
Genemuiden 

Oss-
Scherpenzeel 

Oss-
Waalwijk 

Adjusted R-squared 0.6532 0.5954 0.6875 0.7043 0.5928 

Intercept -15,212 -5,33725 -8,42004 0,0142 1,730597 

AEX 0,033534 0 0 0 0,021191 

Crude_Oil -0,05144 0 -0,11243 0 -0,10923 

WorkingdaysNL 3,421848 0 4,44388 1,70977 0 

WorkingdaysDE 0 2,01429 NA NA NA 

WorkingdaysBE NA NA NA NA NA 

January 0 0 4,27929 1,7556 0 

Februar 0 0 0 0 0 

March -1,52251 0 0 0 0 

April 0 0 0 0 0 

May -1,13492 0 0 0 0 

June -1,37042 0 0 0 0 

July 1,116728 0 0 -1,43324 -0,73945 

August 0 0 4,33122 0 0 

September 0 0 3,58523 0 0 

October 0 0 0 0 -1,04991 

November 0 -2,51076 0 -0,92231 0 

December -2,57851 -3,32282 0 0 0 

BouwvakNoord -6,31589 0 -8,71811 -2,14236 0 

BouwvakMidden -3,73892 2,89135 0 0 0 

BouwvakZuid 0 -4,84745 -3,99953 -0,76286 -2,4063 

DemandPreviousWeek1 0 0,14371 0,4304 0,25364 0,208994 

DemandPreviousWeek2 0 0 0,15616 0 0 

DemandPreviousWeek3 0 0,11703 0 0,11239 0 

DemandPreviousWeek4 0 0,29448 0,10636 0 0 

WeekBeforeChrist 2,9674 0 0 -3,53902 -4,23321 

Christmas 0 0 -13,1008 -8,40178 -7,97489 

NewYear -2,41073 0 12,76996 0 0 

Trend -0,04433 0 0 0 0 

EasterMonday 0 0 0 0 -2,09936 

LiberationDayNL 0 0 7,15571 0 0 

AscensionDay 0 -3,40287 0 -4,2409 -1,85475 

WhitMonday 4,140073 0 0 0 0 

KingBirthday 0 2,88193 0 -3,11528 0 

Carnival 0 0 0 0 0 

Laborday 0 0 0 0 0 

BelgianNationalDay NA NA NA NA NA 

AssumptionOfMary 0 0 NA NA NA 

ArmisticeDay 2,504581 3,19123 NA NA NA 

AllSaintsDay 0 0 0 0 0 

Epiphany 0 0 0 0 0 

GoodFriday 0 0 0 0 2,849225 

CorpusChristi 0 4,60216 NA NA NA 

PeaceFestival 0 0 NA NA NA 

DayofGermanUnity -2,58775 0 NA NA NA 

ReformationDay 0 0 NA NA NA 

RepentanceDay -2,02567 0 NA NA NA 

LiberationDayItaly NA NA NA NA NA 

RepublicDayItaly NA NA NA NA NA 

FeastImmaculateConception NA NA NA NA NA 

EarlyMayBankHoliday NA NA NA NA NA 

SpringBankHoliday NA NA NA NA NA 

BattleoftheBoyne NA NA NA NA NA 

SummerBankHoliday NA NA NA NA NA 

NationalDayAustria NA NA NA NA NA 
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Appendix D: Warm-up period 

 

  

0,00%

10,00%

20,00%

30,00%

40,00%

50,00%

60,00%

70,00%

80,00%

90,00%

0 5 10 15 20

U
ti

liz
at

io
n

Days

Warm-up period



 

64 
 

Appendix E: Goodness-of-fit test 
In the model probability distributions for the arrivals of orders and the service times are needed. A 

goodness-of-fit test is performed to test if an underlying distribution represents the data. 

The goodness-of-fit test procedure is described by Montgomery and Runger (2010). The procedure is 

based on the chi-square test. All observations are arranged in a frequency histogram from lowest to 

largest. In total there are k classes. A rule of thumb is the number of classes is equal to the square root 

of the number of observations. Usually this is not an integer value. Therefore, the first integer value 

above and below the value are both taken as the number of classes and the goodness-of-fit test is 

done for both. The test chi square test statistic is the following: 

𝜒0
2 = ∑

(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

𝑘

𝑖=1
 

Where, 

Oi the observed frequency in the ith class interval  

Ei  the expected frequency in the ith class interval  

The hypothesis is that the data follows the hypothesized distribution, this hypothesis is rejected when 

the following equation is met: 

𝜒0
2 > 𝜒𝛼,𝑘−𝑝−1

2  

Where, 

k the number of bins  

p number of parameters of the hypothesized distribution estimated by sample statistics. 

If the hypothesis is rejected, the hypothesized distribution is not representing the demand.  
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Appendix F: Service time distributions  
This appendix is divided into four parts 

Appendix F.1: Aggregated lanes, individual lanes excluded 

 

Appendix F.2: Oss-Scherpenzeel 

 

Appendix F.3: Oss-Waalwijk 
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Appendix F.4: Hasselt-Genemuiden 
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Appendix G: Order arrival distributions 
This appendix is divided into four parts 

Appendix G.1: Aggregated lanes, individual lanes excluded 
 

 

Appendix G.2: Oss-Scherpenzeel 

 

 

Appendix G.3: Oss-Waalwijk 
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Appendix G.4: Hasselt-Genemuiden 
  

 
 

 

 


