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Abstract 
In this master thesis the costs effects of a company dedicated transport network are investigated. 

Currently, the internal cheese transport of FrieslandCampina is outsourced to logistic service providers. 

The objective of this thesis is to determine if insourcing these transport activities is financially beneficial. 

For this purpose a Vehicle Allocation Model (VAP) was created and solved. Also, an adaptive heuristic 

was developed for the Pickup and Delivery Problem (PDP) encountered at the company. Both these 

models were used to get insights into the costs of a hypothetical company dedicated network. Finally, a 

model was used to determine the optimal fleet size in this network. In scope is all the internal transport 

of cheese of FrieslandCampina, from production locations until the warehouses. In the current situation 

the results indicate that, due to opening times of locations, a company dedicated network is not 

recommended.   
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Executive Summary 
This report provides an analysis of the benefits and costs of a company dedicated transport network for 

FrieslandCampina’s internal transport of cheese. For this purpose it was determined what it would have 

cost if a company dedicated network was used for transport in the year 2015. These costs were 

subsequently compared to the actual transportation costs of 2015, where all transport was outsourced 

to logistics service providers to see if financial benefits can be expected by insourcing internal transport 

of cheese. 

Two different models were created to determine costs of this hypothetical dedicated transport network. 

First, a Vehicle Allocation Problem (VAP) was used to determine what it would have cost if all the 

transport requests are served by the network on the exact same time and way as was the case in 2015. 

This VAP was solved by a commercial solver to near optimality, resulting in near minimal costs. Also, the 

transport was modelled as a Pickup and Delivery Problem (PDP). In the PDP transport requests can be 

combined within routes and they do not have to start on the exact same time as was the case in 2015, 

but only on the same day. This additional freedom in creating routes means that lower costs can be 

obtained. The PDP however is a lot more difficult to solve computationally and therefore solvers could 

not be used. An adaptive heuristic was developed, specifically designed for the situation encountered at 

FrieslandCampina, to create routes with or without LIFO loading constraints imposed. Based on these 

routes costs could be calculated. Finally, a model was used to determine the optimal fleet size in the 

dedicated network. This model could only be applied to the PDP. 

Two different situations were investigated; (1) a large dedicated network that serves all internal 

transport of cheese and (2) a small dedicated network in which part of the requests are served and the 

other are outsourced to logistic service providers. The models indicate that in the first situation 

transportation costs are around 2 million euros higher than current costs. In the second situations 

transportation costs are around 200,000 euros lower, however this excludes planning and managements 

costs. Because a limited number of iterations was used in the heuristic due to computing times, the costs 

of a dedicated network would be somewhat lower in reality. Sensitivity analyses were also carried out on 

the maximum route duration used in the heuristic and on the prices the logistic service providers charge.  

Based on these results it can be concluded that a large company dedicated transport network for the 

internal transport of cheese is not profitable in the current situation. However, the sensitivity analyses 

on the maximum route duration showed that it can become profitable if route durations can be 

increased due to longer and equal opening times of the locations. It can also be concluded that 

transportation costs are likely to be slightly lower if a small company dedicated network is implemented. 

It is however important that the prices of the current logistic service providers do not increase. In that 

case the costs saving obtained by the small dedicated network is off set by the increase in prices. Purely 

from a costs perspective it is not recommended to implement a dedicated transport network in the 

current situation. A large dedicated network is more expensive and a small dedicated network is not 

worth the effort and risk of implementing it. Nonetheless, there are also other non-quantifiable benefits 

associated with company dedicated network, these were not taken into consideration in this 

recommendation. It is also recommended to FrieslandCampina to do this research with more transport 

in scope, this might tip the scale in favor of the dedicated network. The research should also be repeated 

when the opening times of the locations have extended.  
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1. Introduction 
Most goods-producing companies have outsourced transport logistics because it is not a core 

competence (Harrington, 1998). A company dedicated transport network might however be beneficial 

for multinationals with large production volumes. It is possible that due to the amount of transportation 

the transport network is dense enough to make insourcing profitable. Another reason might be that 

large companies are highly fragmented into different business units and departments resulting in little 

collaboration of transport between these entities. Insourcing transport logistics can improve 

consolidation of transport within the company. Furthermore, improved control over the transportation 

processes makes it possible to tightly tune production processes resulting in lower inventory levels 

needed. The effects of a company dedicated transportation network were researched and are presented 

in this report where the main focus lies on costs of such a network.  

The research discussed in this report was conducted at FrieslandCampina. In the following paragraphs a 

general background will be given on FrieslandCampina and its organizational structure. In chapter 2 the 

research problem and questions are formulated. The scope of the research is defined and methodology 

discussed. Chapter 3 describes the current situation of the transport in scope. Chapter 4 describes 

several models used to answer the main research questions including a Vehicle Allocation Problem and a 

Pickup and Delivery Problem. Results of these models are given in chapter 5. In chapter 6 the results are 

discussed and different scenarios highlighted. Finally, conclusions and recommendations are given in 

chapter 7.  

1.1 FrieslandCampina 
In 2008, the companies Royal Friesland Foods and Campina merged into FrieslandCampina. With a 

annual revenue of 11.3 billion euro FrieslandCampina currently is the sixth largest dairy company and 

the third largest dairy cooperative in the world. The cooperative structure of the company comes from 

the fact that the farmers that produce milk for FrieslandCampina are also the owners, making 

FrieslandCampina a special company. Its goal is to optimize the farmer’s wealth instead of profit. This is 

achieved by giving the farmers a good price for the milk they produce and by guaranteeing to buy all the 

milk each farmer produces. Besides these benefits, the farmers also receive a kind of dividend payment 

based on profits of FrieslandCampina and the amount and quality of milk provided. FrieslandCampina is 

owned by over 19,000 member farmers in the Netherlands, Belgium and Germany. The company 

employs over 22,000 people and has offices in 32 countries around the world. 

FrieslandCampina has a large portfolio of dairy based products and brands. The company has a high 

level of vertical integration, for most of its products almost the whole production chain is owned. This 

also resulted in one of the company’s slogans “From grass to glass”. Besides the consumer goods, 

intermediate products are also sold to other professional clients. All these products are produced in 

many different production locations. This means that a lot of transportation is required between these 

production locations, packaging locations and warehouses. In addition all these produced goods need to 

be transported to the customers resulting in a total spend of around 450 million euros on transportation 

from and within Europe. A more efficient way of transport can therefore result in large savings for the 

company.  
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FrieslandCampina is divided into the following five different business units.  

- Cheese, Butter & Milkpowder 

- Consumer Products Europe, Middle East and Africa 

- Ingredients 

- Consumer Products Asia 

- Consumer Products China 

Each business unit consists out of several operating companies. All operating companies are formally 

individual companies. Each operating company manages its own products and production locations. The 

Corporate Centre supports the five business units.  

1.2 Cheese, Butter & Milkpowder 
The business unit Cheese, Butter & Milkpowder (CBM) produces the products as its name suggests. The 

production of cheese is most complex due to the number of different shapes, recipes, ripening stages 

and packaging forms of cheese. Cheese is produced at a production location from which it is transported 

to a ripening location. It stays in these ripening locations for different durations after which it is send to 

a packaging location. In the packaging location the cheese is cut into smaller pieces and packaged in 

different forms. Packaged cheese is transported to warehouses from which it is distributed to the 

customers. Most cheese is produced and packaged on behalf of retailers. Cheeses are also sold under 

FrieslandCampina brands like Milner and Frico via the business unit Consumer Products Europe, Middle 

East and Africa. Cheese can furthermore be sold to customers after each of the intermediate stages of 

production. For example some professional customers buy the cheese directly after production and do 

the ripening and packaging themselves. Another product produced by this business unit is butter. Fresh 

milk from cows has high fat content and therefore fat is removed from the milk. This results in milk 

cream from which butter is made. After production the butter is transported mostly in 25 kilograms 

carton boxes to warehouses. From these warehouses the butter is sold to professional customers. The 

butter can also be directly transported from production locations to professional customers in tank 

trailers as liquid oil. Finally powdered milk is produced by removing the water from milk. After 

production the vast majority of the powdered milk is immediately sold to Hoogwegt, a company with a 

specialized distribution network for powdered milk. Hoogwegt picks the powder up at the production 

locations and transports it to their own warehouses.  

The business unit CBM is the only business unit that did not make profit. In 2015 revenue was 2,552 

million euros with an operating loss of 101 million. However profit is not the sole reason for the 

existence of this business unit. FrieslandCampina has the special obligation to buy all the milk produced 

by the member farmers. This means that a lot of milk is bought which needs to be processed. For the 

production of cheese a lot of milk is needed. On average 10 kilograms of milk is required to produce one 

kilogram of cheese. This means producing cheese is a good way to get rid of a large part of the abundant 

flow of milk. Making butter and powdered milk out of milk is another good way to process the ample 

flows. The shelf life of powdered milk and butter is a lot higher than that of the milk itself. The other 

three business units do make profits. As a result these business units receive priority over the supply of 

milk. Roughly said, when the supply of milk is low the other business units are supplied with milk first 

and the remainder is given to CBM. This also means that in case of a high supply of milk, a lot of milk not 
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needed by the other business units is processed by CBM. This way of working results in a large variability 

in the production volumes of cheese, butter and milkpowder. Therefore the amount of transportation 

needed for this business unit varies a lot. 

1.3 Other Business Units 
The business unit Consumer Products Europe, Middle East and Africa (CPEMEA) produces dairy products 

for consumers and professional customers. In the Netherlands and Belgium it also sells fruit juices and 

drinks. Some of the well-known brands that are produced by FrieslandCampina are Optimel, Vifit, 

Chocomel, Fristi, Appelsientje and Coolbest. The products are produced in multiple production locations 

throughout the Netherlands and other countries. The business group is active in 18 different countries in 

the regions mentioned in the business unit’s name. In 2015 this business unit had a turnover of 3,697 

million euros and an operating profit of 279 million.  

The business unit Ingredients focusses on the business to business market worldwide. Intermediate 

products and finished products are sold to industrial customers as ingredients that add value to their 

products. The following operating companies are part of the business unit. The operating company 

DOMO produces and sells ingredients, intermediate products and finished products for infant and 

medical nourishment. DMV produces and sells ingredients with high protein contents. Kievit produces 

and sells encapsulated ingredients for the worldwide food industry. Creamy Creation produces and sells 

emulsified drinks for industrial customers. Nutrifeed produces and sells dairy based food and 

intermediate products for young cattle. DFE Pharma produces and sells ingredients for the 

pharmaceutical industry. In 2015 this business unit had a turnover of 1,734 million euros and an 

operating profit of 241 million. 

As the name suggests the business unit Consumer Products Asia (CPA) is similar to CPEMEA, only it 

focusses on Asia. Dairy based products are sold to consumers in Asia. Depending on the product it is 

either produced in Asia or the Netherlands. For example infant nutrition has a much higher value in Asia 

if produced in the Netherlands and therefore most infant nutrition is produced here. Other more 

common dairy products are mostly produced in the vicinity. In 2015 this business unit had a turnover of 

2,774 million euros and an operating profit of 631 million. 

In January 2016 the business unit Consumer Products China was established. China used to be part of 

CPA, however due to its size and the importance of the Chinese market for FrieslandCampina it was 

decided to create a separate business unit. This enables a special focus on this market so potential can 

be fully utilized. 

1.4 Corporate Centre 
Supporting activities for the five business units are the responsibility of the Corporate Centre. Some of 

these activities are Finance, Human Resources, Research & Development, ICT, Cooperative Affairs and 

Procurement. Procurement is split up into 6 different units as shown in figure 1. The unit Indirect 

Materials & Services is again split up into several different categories, one of which is Logistics. This 

master thesis was conducted under the supervision of the category logistics team. This category 

procures the logistics services needed by FrieslandCampina. The selection of logistic service providers 
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and price negotiations are its main tasks. Often long term agreements, for a subsequent number of 

years, are made with logistic service providers. This can be for any form of logistic service such as road 

transport, container transport, air transport and warehousing. 

 

Assistant CPO Center of Excellence

Controlling

Direct Materials

CPEMEA, BGI, CBM

Indirect Materials &

Services

CPEMEA, BGI, CBM

Business Group CPEMEA

R&D, Corporate Centre

Business Group

ING

Business Group

CBM

Procurement

CPA

CPO

 
Figure 1: Organizational chart Procurement 

1.5 Milk Logistics 
Milk Logistics is a division within Cooperative Affairs that takes care of most liquid bulk transport of 

FrieslandCampina. The division manages two types of transport; RMO (‘Rijdende Melk Ophaaldienst’) 

and Intra transport. RMO trucks collect the milk from the member farmers and transport it to the 

production locations. Liquid dairy based bulk transport between factories is facilitated by Intra 

transport. It was decided to insource transport logistics for these types of transport due to the 

importance of these flows for the production process. Without supply of milk the production process 

stops. Multiple transport companies work for Milk Logistics each providing one or several dedicated 

trucks. These companies bought trucks that are dedicated to drive for FrieslandCampina as either RMO 

or Intra transport trucks. This means that the trucks are not allowed to do any other transport. 

FrieslandCampina does the transport planning and the trucks of the companies drive according to the 

provided schedule. Each year Milk Logistics determines the compensation fees for the companies. This is 

done by determining what a truck and trailer that satisfy requirements of FrieslandCampina costs. Also 

the cost of capital are carefully determined. Based on this information the yearly fixed costs of owning a 

truck with trailer are determined. Additionally the variable costs, for example wearing of tires and the 

driver’s wages, are extensively calculated. The companies get compensated both for the fixed as well as 

the variable costs. This way of working ensures that Milk Logistics is committed to optimize transport 

schedules as well as utilization of trucks because also the fixed costs are compensated for. Not fully 

utilizing a truck would therefore be costly. Another benefit of this way of working is that 

FrieslandCampina does not need to invest a large sum of money in a truck fleet. As a result money can 

be invested in other projects with a higher rate of return and that are closer to the core competences of 

FrieslandCampina.  
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Figure 2: Supply of Milk 2014 and 2015 

Figure 2 shows the supply of milk throughout the years 2014 and 2015. In the graph it can be seen that 

supply of milk varies throughout the year. There are multiple reasons for these fluctuations one of which 

is the seasons, cows produce more milk in the winter in stall. It can also be noticed that the supply of 

milk is much higher in 2015 compared to 2014. The reason for this increase is the removal of the milk 

quota by the European Union which had been enforced for 30 years. On average around 26 million 

kilograms of milk needs to be picked up from the member farmers each day. To collect all this milk there 

are currently around 230 RMO trucks driving for FrieslandCampina. These trucks pick up the milk from 

the member farmers in the Netherlands, Belgium and Germany. The planning of trucks is done in 12 

hourly shifts after which the trucks returns to their starting locations.  

In the processing of milk other side products, some of which liquid, are produced. These liquid side 

products are used in the production of other products. The liquid bulk flows are transported by Intra 

transport. In total there are around 70 Intra trucks driving for FrieslandCampina. The planning of these 

trucks is also done in 12 hourly shifts. These trucks do not need to return to the starting location at the 

end of the shift. At the end of a truck driver’s shift a car with replacement drives to the location of the 

truck where drivers switch places. This means that there is more flexibility in the planning of Intra 

Transport. If the demand for Intra transport trailers is high, some of the physical transport is outsourced 

to logistic service providers. In peak periods up to 30 extra trucks are needed. Finally the Intra transport 

truck trailers can carry larger volumes of liquid than RMO trucks. RMO truck trailers have a pumping 

system for collecting milk at the farmers. Intra trucks only drive from factory to factory so there is no 

need for a pumping system which leaves extra space in the trailer.   
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2. Research design 
The purpose of this master thesis is to give FrieslandCampina new insights into the difficult challenge of 

managing transportation where the focus is on lowering costs. A possible contribution of this study to 

FrieslandCampina is a change in transportation policy.  

2.1 Research Problem 
The high diversification of the company, as explained in the previous chapter, results in low transport 

synergy. The transportation is managed differently in each of the different business units. Most 

transport is outsourced to third party logistic service providers with little checking for possible 

consolidation of transport orders. As a result, a lot of potential savings on transport are ignored. A 

solution to this problem can be to insource transport logistics. This way a central overview of all 

required transport is created. The obtained intelligence can subsequently be used to optimize 

transportation by consolidating and optimizing routes wherever possible. Also, the profit margins the 

third party logistic service providers make are cut out further lowering transportation costs.  

The objective of this study is to determine if a company dedicated transportation network is financially 

beneficial for FrieslandCampina. In other words, to research whether insourcing transportation 

decreases transport costs relative to current costs.  

2.2 Research Questions 
The main research question that guided the research in this master thesis is the following: 

What are the financial benefits of a company dedicated transportation network, compared to 

the current outsourced transportation, for FrieslandCampina? 

To answer the main research question the following sub questions were formulated: 

What are the current costs of outsourced transportation? 

What are the costs of a company dedicated transportation network? 

How can transport logistics be insourced? 

2.3 Scope 
Due to the large transport volumes and complexity of FrieslandCampina it was decided to focus on the 

internal transport flows of the business unit Cheese, Butter & Milkpowder (CBM) first. Only transport 

between production locations, ripening locations, packaging locations and warehouses is taken into 

consideration. The inbound flows of milk are already managed by Milk Logistics and often the flows from 

warehouses to customers are managed by the logistics service providers that own the warehouses. The 

internal transport flows remain to be considered for insourcing. A preliminary research revealed the 

sheer volumes of transport. Data of the internal transport of cheese alone was initially obtained. For the 

first 43 weeks of 2015 45,660 transport orders were generated already. To keep the problem size 

manageable it was decided to initially focus on the business unit CBM.   

 

The vast majority of milkpowder produced is immediately sold to Hoogwegt, which also takes care of 

transport from the production locations to their warehouses. Therefore it was not possible to consider 

insourcing these transport flows because transport data is not available within FrieslandCampina. 
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Besides, powdered milk is transported ambient whereas the transport flows of cheese and butter are 

mostly done in chilled trailers. This means that the internal transport flows of cheese could only be 

extended with the flows for butter. However, these were finally also left out of scope due to issues with 

the ERP system (SAP). As a result the transport in scope is the internal transportation of cheese.  

 

A small part of cheese is still transported the old fashioned way by stacking the cheese separately on 

each other in a truck. For this transport special trucks are required and therefore also left out of scope. 

There are also some other small exceptional internal transport flows to and from different locations left 

out of scope. An example is the transport to Utrecht where the transport racks on which the cheese is 

transported are cleaned. To keep a clear overview of the locations it was decided to leave this transport 

out of scope. In 2015 still around 51,000 transport orders remained in scope.  

2.4 Methodology 
In this section, the methodology used to answer the research questions is described. In subsequent 

chapters each of the taken steps are elaborated in more detail. It was decided to take the entire year 

2015 as a baseline. First the current situation was analyzed, considering the transport data of 2015. The 

data was obtained from an excel file, based on transport order in SAP, used for reporting basic 

performance indicators of internal cheese transport. Subsequently using this data as input it was 

determined what it would have cost if a company dedicated transportation network was used in 2015. 

As a result all models considered in this report are deterministic. Finally, actual transport costs of 2015 

were compared to the costs of the hypothetical situation of a company dedicated network in 2015. 

The current situation was initially analyzed. A clear overview has been created of the locations and 

transport flows in scope by creating maps. The next step was to analyze the current transport flows to 

identify important locations and lanes. Temporal aspects were also analyzed such as variability of 

transport volumes throughout the year 2015, starting times of trips and average number of trips per 

week day. Transport requirements were subsequently checked to identify what products could possibly 

be combined for transport. Finally, the current cost of transport in scope was determined. After a 

thorough understanding of the current situation had been obtained, the next step was to investigate the 

company dedicated transportation network. Multiple models have been created for this purpose. First 

the costs of a truck and trailer that satisfies requirements of FrieslandCampina along with other input 

for the models, such as distances and travel times between the different locations, needed to be 

determined. Once this was done it could be roughly estimated how many trucks were transporting 

cheese for FrieslandCampina at each moment in time in 2015. Based on this information the optimal 

fleet size was calculated using a simple model. The goal of this first model was to obtain an initial 

understanding of a company dedicated network. Subsequently, the data was modelled as a Vehicle 

Allocation Problem to calculate what it would have cost if all trips in 2015 were transported by a 

dedicated network on the exact same times as they were transported in 2015. This scheduling need not 

be optimal in the case of a company dedicated network. Therefore, the problem was also modelled as a 

Pickup and Delivery Problem. Due to the size and complexity of the problem at hand it could not be 

solved to optimality and a heuristic was developed. This way a near optimal scheduling for the dedicated 

network could be obtained. Based on these schedules costs in different scenarios could be calculated.  
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3. Current Situation 
To research the costs and benefits of a dedicated transportation network first a comprehensive 

understanding of the current situation was needed. This was done by analyzing the transport data in 

scope which is the internal transport of cheese between the production, packaging, ripening locations 

and warehouses in 2015. The transport in scope consists roughly out of 51,000 transport movements 

between 25 different locations with an average load factor of 86.4%. Four different logistic service 

providers facilitated this transport for FrieslandCampina. In 2015, most transport was serviced by Wolter 

Koops followed by Bakker Logistiek, Segers and Bouter in descending order. However, the first two are 

responsible for almost 90% of all this transport. Agreements, mostly for periods of five years, have been 

made with the logistic service providers specifying the prices they can charge for specific lanes. These 

lanes are exclusive to the logistic service provider in the agreement.  

3.1 Transport Flows 
The internal transport flows of cheese are highly complex because of the many different stages and 

locations in the production process of cheese. Currently, there are 9 production locations, 10 ripening 

locations, 6 packaging locations and 3 warehouses in and around the Netherlands that are needed to 

produce all cheese. Each of the production locations, packaging locations and warehouses also serves as 

ripening locations. In figure 3, an overview of all locations is given. Most production locations are in the 

eastern half of the Netherlands. Ripening and packaging locations are scattered throughout the country. 

The warehouses from which the cheese is distributed are on a central line through the middle of the 

country. Each of the production locations has one or more specific types of cheese they can produce. 

The same goes for the ripening and packaging locations.  

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3: Locations 
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FrieslandCampina only owns the production and packaging locations. All warehouses and ripening 

locations are owned by logistic service providers. The warehouse in Zeewolde is owned by Bakker 

Logistiek and therefore nearly all transport to Zeewolde is done with their trucks. The group of ripening 

locations east of Tilburg are owned by Segers, which is why they do transport for FrieslandCampina. The 

same goes for Bouter that owns the ripening location in Groot-Ammers.  

After production, cheese is transported to ripening locations. Foil cheese, cheese without coating 

packed in plastic foil, is transported in chests to maintain its original shape. Nature cheese, cheese with 

coating like the yellow wheel shaped cheese, is transported on racks. Empty racks and boxes also need 

to be transported back to the production locations. From the ripening locations cheese is transported in 

the same fashion to the packaging locations. Again the empty chests and racks need to be returned. In 

the packaging locations the cheeses are cut and packaged into end products. These end products are 

packed in carton boxes which are stacked on pallets. The finished goods are transported to the 

warehouses from which the goods are distributed within the Netherlands and to the rest of the world.  

The location Leerdam, followed by Wolvega, were the locations with the largest outbound flows in 2015, 

as can be seen in table 1. The reason for this is that packaging is the last step in the production process 

and the vast majority of cheese is packed at either one of the two locations. This results in large 

numbers of pallets with finished goods and empty chests and boxes which need to be transported to the 

warehouses. Another location with high outbound transport flows is Rutten. Rutten is a distribution 

center and a ripening location. Only the internal transport is in scope, so outbound flows to customers 

were not taken into consideration. However, Rutten still had a high number of internal outbound flows 

because a lot of foil cheese is ripened in Rutten. This means a lot of chests with foil cheese need to be 

transported to the packaging location and empty chests need to be transported to production locations. 

Workum and Bedum also had large numbers of outbound transport. These two production locations are 

the ones with the highest capacity. Workum has a production capacity of 120,000 tons of cheese per 

year and Bedum a capacity of 87,000 tons per year. Finally, Groot-Ammers is the ripening location which 

was largest in terms of outbound flows. The other locations all had smaller internal transport outbound 

flows. Besides the outbound flows the average load factor of trucks that left each location as well as the 

sum of the distances travelled from each location are given in table 1. 

Table 1: Outbound flows internal cheese transport per location 

 

Table 2 shows similar results for the locations with largest inbound flows. The warehouses are all in the 

top four, in terms of number of trips, because they are at the end of the production process. Therefore, 

all produced cheese is concentrated into these three locations. Rutten was largest by this criterion 

Location Number of trips Number of goods Sum of distance Average load factor 

Leerdam 7671 225244 753874 0.9434 

Wolvega 6371 206789 695941 0.9580 

Rutten 5847 205925 467117 0.9227 

Workum 4907 133329 343333 0.8972 

Bedum 3152 79731 478346 0.8649 

Groot Ammers 2979 77000 305519 0.8535 

Average all locations 2057.44 55866.36 226134.88 0.7901 
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which is because Rutten is used both as a warehouse and ripening location resulting into additional 

transport of cheese that needs ripening. Leerdam was second largest which is explained in a similar way 

as for the outbound flows. Almost all produced cheese is packaged in Leerdam or Wolvega, therefore 

both are represented in table 2. Workum is the largest production location and therefore a lot of empty 

chests and racks which are used for transport of cheese are transported to Workum. Workum is fifth 

largest and Wolvega sixth, all other locations are smaller in terms inbound flows.  

Table 2: Inbound flows of internal cheese transport per location 

3.2 Variability 
As explained in chapter 1, there is variability in transport volumes especially for the transport of cheese. 

Figure 4 shows the number of inbound trips throughout 2015 for the locations in table 2. From this 

graph, the variability becomes apparent. Each week the number of inbound trucks differ and for some 

locations a trend is also visible. Rutten and Zeewolde show an increasing number of inbound trucks 

throughout the year whereas a downward trend is distinguishable for Tilburg. Summary statistics for the 

variability of the inbound flows for the locations are shown in table 3. The inbound flows for Rutten had 

the largest variation, highest standard deviation (𝜎), in number of trucks but also the largest mean (𝜇). 

To be able to compare the variation for each of the different locations the coefficient of variation is 

introduced which is defined as; 

𝐶𝑣 =
𝜎

𝜇
                                                                                      (1)  

Workum had the largest relative variation of these locations because the coefficient of variation is 

highest. Similar results were found for the outbound flows of cheese and are shown in appendix A.  

 
Figure 4: Inbound flows of internal cheese transport per location per week 
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Location Number of trips Number of goods Sum of distance Average load factor 

Rutten 7717 226541 578898 0.9324 

Leerdam 6943 170459 722531 0.8055 

Zeewolde 6422 187533 609501 0.9120 

Tilburg 4611 114463 636789 0.8335 

Workum 3281 122576 193058 0.9562 

Wolvega 2931 77696 243337 0.8832 

Average all locations 2057.44 55866.36 226134.88 0.8361 
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Table 3: Summary statistics of number of inbound trips per week per location 

 Leerdam Rutten Tilburg Wolvega Workum Zeewolde Average all locations 

Mean 133.8039 148.0392 88.9412 56.7843 62.6471 123.8235 36.1294 

Standard Deviation 11.9366 17.2910 9.7704 6.8865 8.6813 14.0499 1.8006 

Coefficient of Variation 0.0892 0.1168 0.1099 0.1213 0.1386 0.1135 0.0498 

 

Variability was present in the number of inbound trucks per location however more variability is 

noticeable looking at specific transport lanes between locations. Figure 5 shows the three largest 

transport lanes in terms of number of trips. More variability seemed to be present, which was also 

confirmed by the summary statistics in table 4. The coefficients of variation for two lanes are much 

higher and for one lane similar to the highest coefficient of variation of the inbound flow, that of 

Workum.  

Table 4: Summary statistics of number of trips per week per lane 

 Bedum-Rutten Wolvega-Zeewolde Workum-Rutten 

Mean 37.1764 54.3137 54.4118 

Standard Deviation 7.3849 7.1111 9.9295 

Coefficient of Variation 0.1986 0.1309 0.1825 

 

 
Figure 5: Number of trips per lane per week 

Figures 4 and 5 are useful to show the presence and magnitude of the variability in transport volumes. 

However, they do not provide an indication of the overall variability. Both figures display the variability 

for specific cases. For this reason the sum of the distances travelled by all trucks per week was used to 

measure the variability in the number of trucks needed. This measure was used instead of the total 

number of trips per week because it also takes travel times into account. Fewer trucks are needed to 

transport goods over small distances compared to larger distances. Figure 6 displays this measure and it 

can be concluded that there is variability in the number of trucks needed throughout the year. It also 

becomes apparent that most trucks are needed in spring. The mean, standard deviation and coefficient 

of variation are 108852, 6611 and 0.0607 respectively. The relative variation in the number of trucks 
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company dedicated network this variability will negatively affect costs. Requiring a large fleet of trucks 

to transport all goods one week and having this fleet sit idle the next is costly. To minimize vehicle costs 

in a company dedicated network the optimal fleet size needs to be determined. Figure 6 also shows the 

total number of transport requests per week which is highly correlated with the total distance travelled. 

It can be concluded that the average distance of the trips is relatively constant throughout the year even 

though in week 49 the average trip distance is larger as both lines in the graph nearly touch. 

 
Figure 6: Total distance travelled by all trucks and number of trucks per week 

After an indication of the variability of trucks needed throughout the year was obtained, the next step 

was to analyze the daily variability. Figure 7 illustrates this using the average of the same measure used 

in figure 6, sum of total distances travelled, as well as the average number of trips per day. The number 

of trips and trucks driving during the weekend was much lower compared to the rest of the week. This 

was the case because surcharges are applied by the logistic service providers on trips during the 

weekend. FrieslandCampina therefore tries to avoid these as much as possible. The other days of the 

week were similar in terms of trucks required. The average number of trips per day from Monday 

through Friday was 178.50 and in the weekend the average was 44.96.  

 
Figure 7: Average daily distance travelled by all trucks 
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Finally, the starting times of trips were analyzed. To do this the goods issue times were used, which is 

the time the way bill of a truck is issued, as an indicator of the starting time. Figure 8 shows the sum of 

these goods issue times rounded down to the nearest hour of the day for all trips. Distinct peaks are 

noticed in the morning and beginning of the afternoon. Overall most trips started just after 8 am and 2 

pm. This distinction is even more noticeable for the location Lochem where almost all trips start either 

around 8 am or 2 pm. The starting times of trips from other individual locations were also analyzed and 

some are shown in appendix B. A short summary of these findings is given here. It was noticed that for 

most locations most trips started in the morning as could be expected from figure 8. However for the 

locations Rijkevoort, Beek en Donk, Leerdam, Genk, Gemert, Geldrop and Bodegraven more trips started 

in the afternoon. Of these Genk was most distinct as in Genk almost all trips started around 2 pm. The 

locations Bodegraven, Beek en Donk, Born, Geldrop, Gemert, Groot Ammers, Rutten, Wolvega and 

Workum showed an equal distribution of the trips over the day.  

 

In case of a company dedicated transport network the available trucks need to be allocated to trips. To 

determine the costs of such a network for 2015 the same starting times can be used. This way it can be 

calculated what it would have cost if the same trips starting at the same times would have been serviced 

within the company network. A model needs to be created that allocates trucks such that the associated 

costs are minimal. 

 
Figure 8: Starting times of cumulative number of trips 
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therefore have time to return to their optimal temperature. After packaging all cheeses are transported 

at the same chilled temperature of around 4 degrees Celsius. 

A major advantage of a company dedicated transport network is that transport requests can be 

combined and consolidated. This way, a smarter and possibly a cheaper way of transporting might be 

achieved. Now that it is known that all transported goods in scope can be combined in the same truck, it 

remains to be determined how to schedule the trucks in a smart and cost effective way.  

3.4 Costs of Transport 
In this chapter the need for three different models was identified in order to determine the costs of a 

company dedicated network. A model is needed that identifies the optimal fleet size at which vehicle 

costs are minimal. Also it will need to be determined how to allocate vehicles resulting in minimal costs. 

Finally a model is needed that makes schedules for vehicles in which transport requests are combined.  

These models, that will be presented in the next chapter, all require the goods issue time of transport 

requests as input. However for some transport orders this was missing. For this reason, these transport 

orders were removed from the data set. After elimination a total of 50,810 transport orders remained 

for which FrieslandCampina paid a grand total of € 8,944,818. This amount of money is the baseline to 

which the costs associated with a company dedicated network will be compared.  
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4. Models 
In this chapter the different models that were used to answer the research questions are discussed. First 

it is explained how the input for the models was obtained. In the next paragraph, a simple model to get 

an initial estimate on the fleet size is described. The following paragraph illustrates the Vehicle 

Allocation Problem, which was used to calculate what it would have cost if the exact same trips as in 

2015 were driven by a company dedicated fleet. Finally, a Pickup and Delivery problem is considered in 

the last paragraph, a literature review is presented and the development of an Adaptive Local 

Neighborhood search heuristic discussed.  

4.1 Input 
Besides the transport orders, additional input was needed for the models discussed in this chapter. This 

input is described in the following sub-paragraphs.  

4.1.1 Cost of Trucks 

First of all it was determined what a truck and trailer costs that meets all FrieslandCampina’s 

requirements for transporting cheese. As discussed in the requirements paragraph of chapter 3, cheese 

is transported chilled at temperatures ranging from 4 to 12 degrees Celsius. This means that trucks with 

chilled trailers are needed for transport. An extensive delineation of the costs of such a truck was 

obtained based on the costs sheets developed by Milk Logistics. As was explained in chapter 1.5, Milk 

Logistics compensates the RMO and Intra trucks based on fixed costs determined by them. Each year 

they prepare cost sheets incorporating all recent information in order to fairly compensate the logistic 

service providers that work for them. The cost sheet for Intra transport for the year 2015 was altered to 

the case of a truck with chilled trailer needed for transport of cheese. Only the input parameters were 

changed, all calculations were done similarly. These input parameters were obtained by means of an 

interview by phone. The managing director of a logistics service provider that works for 

FrieslandCampina provided information. The trucks used by this company are similar to the ones needed 

for transporting cheese. He provided all the information required for the cost sheet such as acquisition 

value, residual value, average yearly mileage and number of depreciation years for both the truck and 

the chilled trailer. Based on these input values, the other values in the sheet could be recalculated. 

Some entries could be directly copied from the original cost sheet like telephone costs, managing costs 

and value of tires. This resulted in the cost sheet in table 5. For confidentiality reasons specific entries 

are left blank and only the resulting total costs are shown in this report. 

4.1.2 Distances 

The distances between all locations also needed to be determined. A square matrix with 25 rows and 

columns representing the 25 different locations was obtained. Each entry represents the distance 

between two locations where the specific row is the starting location and the column the ending 

location. A total of 252 − 25 = 600 (diagonal elements are equal to 0) distances needed to be 

determined. Excel was connected to the Google Maps API to obtain these distances. Six distances were 

subsequently manually adjusted because of incorrect values (in red). The final distance matrix is shown 

in appendix C. It can be noticed that this matrix is mostly mirrored along the diagonal excluding some 

slight deviations for specific entries. These small fluctuations can be accounted to one-way streets.  
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Table 5: Cost sheet truck with chilled trailer (blank values due to confidentiality reasons) 

 Basic information  

Truck:  

acquisition value  €       95,000  

residual value  €       15,000  

value tires  €         3,699  

depreciation years 8 

  
Chilled trailer:  

acquisition value  €       56,000  

residual value  €       10,000  

value tires  €         4,936  

depreciation years 9 

  
Interest rate 2.14% 

  
Fixed yearly costs  

depreciation truck              €           - 

depreciation trailer              €           - 

interest truck              €           -  

interest trailer              €           -  

vehicle tax              €           -  

vehicle insurance              €           -   

eurovignet              €           -  

telephone              €           -  

managing costs              €           -  

Total fixed yearly costs             €     30,923 

  
Variable costs per km  

repair and maintenance truck              €           - 

repair and maintenance trailer              €           - 

tires truck              €           -  

tires trailer              €           -  

Total variable costs per km             €     0.1164 

  
Fuel- and AdBluecosts per km  

net fuel costs per km              €           - 

net Adbluecosts per km              €           - 

Total fuel- en Adbluecosts per km             €     0.3232 

profitmarginfree part net fuelcosts per km              €           - 

  
Total variable hourly costs  

hourly wage              €        26.63  

  
Occupation  

number of shifts per year 365 

  
Resuls(exl . profitmargin)  

fixed costs per shift  €         84.72  

variable costs per km  €       0.1164  

fuel- and AdBluecosts per km  €       0.3232  

variable hourly costs  €         26.63  

  
Profitmargin 4.5% 

  
 Results   

fixed costs per shift  €         88.53  

variable costs per km  €       0.1216  

fuel and AdBluecosts per km  €       0.3330  

variable hourly costs  €         27.83  
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4.1.3 Travel Times 

A similar matrix containing the travel times between locations instead of distances was also used as 

input for the models. This matrix was likewise obtained using the Google Maps API and the same 

manual adjustments were made. However the travel times from Google Maps assume a car is used 

instead of a truck. Trucks have a lower allowed top speed limit of 80 km per hour in the Netherlands. 

Besides, trucks accelerate at a lower rate and therefore the travel times obtained needed to be adjusted 

upwards. It was decided to multiply all travel times by a conversion factor of 1.4 to obtain the travel 

times for a truck. This resulted in the travel time matrix shown in appendix D. The factor 1.4 was chosen 

by comparing the travel times obtained from Google Maps to norm travel times used by Milk Logistics. 

Milk Logistics sets norm distances and travel times based on past experience. The logistics service 

providers are compensated based on these norm values and the costs sheets made by Milk Logistics. 

Intra Transport and RMO trucks only drive from the farmers to the factories and between factories 

respectively. For this reason the norm values, distances and travel times, are not available for all 

locations in scope and Google Maps was needed. Nonetheless the norm values were useful to validate 

the distances obtained from Google Maps and to determine the travel time conversion factor. In 

appendix E a table with the norm distances and travel times between locations in scope is given. Norm 

values for lanes out of scope have been removed. First it can be noted that most cheese production 

locations are represented in this table. This is caused by the fact that Milk Logistics controls the 

transport of liquid bulk between factories. The sixth column in the table displays the difference between 

the norm distances and the ones obtained from Google. Most differences are small and it can be 

concluded that the distances from Google are reasonably accurate even though on average they are 

shorter than the norm distances (the average difference is one). The next step was to determine the 

conversion factor. The last column in the table in appendix E shows the factors by which the travel time 

from Google Maps must be multiplied to obtain the norm travel time. It was decided to use 1.4 as a 

conversion factor for the Google travels times because the average of the values in the last column of 

the table is 1.3519. A conservative choice was made by rounding this average value. This was also 

motivated by the fact that the distances used by Google are on average slightly shorter and rounding up 

would compensate for this effect.  

4.2 Fleet Composition 
The first model developed was used to determine the optimal fleet size. As illustrated in chapter 3 there 

is variability in the demand for transport over the year. Each day a different number of trucks was 

needed to serve all transport requests of that day. In the hypothetical case of a company dedicated 

transportation network these requests could either be served by company dedicated trucks or hired 

trucks. The optimal distribution of owned versus hired trucks can be calculated with the following 

model. The model, based on complete enumeration of fleet sizes, as presented in the book by Ghiani, 

Laporte and Musmanno (2013) was used. The following variables are defined; 𝑛 is the number of time 

periods into which the year is decomposed, 𝑣𝑡 is the number of vehicles needed at time period 𝑡 ∈

1, … , 𝑛, 𝑐𝐹 are the fixed costs and 𝑐𝑉 are the variable costs per time period of an owned vehicle, 𝑐𝐻 are 

the costs of hiring a vehicle per time period and the decision variable 𝑣 represents the number of owned 

vehicles. The annual costs can subsequently be expressed as: 
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𝐶(𝑣) = 𝑛𝑐𝐹𝑣 + 𝑐𝑉 ∑ min {𝑣𝑡, 𝑣}

𝑛

𝑡=1

+ 𝑐𝐻 ∑ 𝑚𝑎𝑥 {𝑣𝑡 − 𝑣, 0}

𝑛

𝑡=1

                                  (2) 

The optimal fleet size can then be determined by varying the variable 𝑣 from 0 to 𝑚𝑎𝑥 {𝑣𝑡} in this 

expression and determining what value of 𝑣 minimizes 𝐶(𝑣). This model assumes that all vehicles are 

homogeneous which is valid for the company dedicated transportation network as only trucks with 

chilled trailers are needed.  

Initially the number of trucks required at each time period for the hypothetical company dedicated 

transportation network was unknown because no routing had been established. Instead the number of 

trucks that actually had been transporting cheese at each moment in time was used as an initial 

estimate so that the model could be run. This way a rough estimate of the optimal fleet size could be 

obtained. The entire year 2015 had been split up into 17,520 periods of 30 minutes and for each period 

the number of trucks en route was estimated. This was done by calculating the time of arrival based on 

the goods issue time as starting time and the travel time matrix (appendix D) for all trips. It should be 

noted that the actual start and especially end time could deviate from the estimated times due to 

external effects such as traffic jams. The estimated times were transformed such that they represent the 

minutes of the year. For example there are 1440 minutes per day so that a starting time of 01:10 AM on 

the second day of the year is set as 1510. Loading and unloading times were estimated at 45 minutes 

each and subsequently the start and end time of each trip was adjusted. Now that the start and end 

time of each trip was known it could be calculated how many trucks were in use at each minute of the 

year. The number of trucks needed per time period was set as the maximum of vehicles in use per 

minute in that 30 minutes time period.  

The next step was to determine the fixed (𝑐𝐹) and variable costs per time period (𝑐𝑉) of a company 

dedicated truck based on table 5. The fixed costs were directly available from the costs sheet whereas 

the variable costs were determined with the assumption that the average yearly mileage of each truck is 

145,000 kilometers. The variable costs per time period were set equal to the variable costs per 

kilometer, equaling € 0.1216, multiplied by 145,000 and divided by 17,520. Fuel costs including Adblue 

and hourly wage are not included in 𝑐𝑉 because these costs are also made if a truck is hired and 

therefore do not influence the decision on owning or hiring vehicles. The final input parameter, the 

costs of hiring a truck with trailer (𝑐𝐻), was based on an internet search. A truck and chilled trailer can be 

hired for a minimum of one day with costs of 125 and 60 euros respectively1, including 500 kilometers of 

surcharge free kilometers. The cost of hiring (𝑐𝐻) was conservatively set on 200 euros daily to account 

for extra surcharges.  

The model presented had to be adjusted to account for the fact that it is not possible to hire a truck per 

half-hour. The new costs formula is given in equation 3, where 𝑣𝑑
∗  represents the daily number of trucks 

required, equal to the maximum of 𝑣𝑡 in each 48 time periods depicting a day. The model based on this 

costs formula was subsequently implemented in the programming language R with the following 

parameter settings; 𝑛𝑐𝐹  = 32314, 𝑐𝑉 = 1.0064 and 𝑐𝐻 = 200.  

                                                           
1
 http://www.bostrailer.nl/verhuur.php   

http://www.bostrailer.nl/verhuur.php
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𝐶(𝑣) = 𝑛𝑐𝐹𝑣 + 𝑐𝑉 ∑ min {𝑣𝑡, 𝑣}

𝑛

𝑡=1

+ 𝑐𝐻 ∑ 𝑚𝑎𝑥 {𝑣𝑑
∗ − 𝑣, 0}

365

𝑑=1

                                     (3) 

4.3 Vehicle Allocation Problem 
The data was modelled as a Vehicle Allocation Problem (VAP) to determine what it would have cost if 

the exact same trips of 2015 would have been driven with a company dedicated fleet. This gives a good 

indication and upper bound of the costs of a company dedicated transportation network. The scheduling 

of 2015 is not optimal for a FrieslandCampina dedicated network. All trips are assumed to be FTL and 

the starting location including starting time and destinations for each trip are fixed and the same as in 

2015. A VAP is concerned with the allocation of trucks to these required trips. A truck picks up a load at 

a location, then transports it to its destination after which it is emptied and needs to be moved to 

another pickup point. The VAP is an integer programming problem that minimizes a objective function 

such as the distance travelled by all the trucks while a feasible allocation of trucks to transport requests 

is maintained.  

In the notation of a VAP, the planning horizon 𝑇 is split up into time periods 𝑡 ∈ {1, … , 𝑇}. The set 𝑁 

contains all the 25 locations in scope. The following variables are defined; 𝑑𝑖𝑗𝑡  represents the number of 

transport requests from location 𝑖 ∈ 𝑁 to location 𝑗 ∈ 𝑁 at time period 𝑡, 𝛾𝑖𝑗  is the travel time from 

𝑖 ∈ 𝑁 to 𝑗 ∈ 𝑁, 𝜏𝑖𝑗  is the travel time from 𝑖 ∈ 𝑁 to 𝑗 ∈ 𝑁 including loading and unloading time, the 

variables 𝑐𝑓𝑖𝑗 and 𝑐𝑒𝑖𝑗  represent the costs of traveling from 𝑖 ∈ 𝑁 to 𝑗 ∈ 𝑁 with a full and empty truck 

respectively, 𝑐𝑜𝑖𝑗  are the costs of outsourcing a transport request from 𝑖 ∈ 𝑁 to 𝑗 ∈ 𝑁 to a logistics 

service provider, 𝑚𝑖𝑡 represents the number of vehicles that enter the system at location 𝑖 ∈ 𝑁 at time 

period 𝑡. The following decision variables were defined; 𝑥𝑖𝑗𝑡  represents the number of vehicles moving a 

load from location 𝑖 ∈ 𝑁 to location 𝑗 ∈ 𝑁 at time period 𝑡 and  𝑦𝑖𝑗𝑡  represents the number of vehicles 

moving empty from 𝑖 ∈ 𝑁 to 𝑗 ∈ 𝑁 at time period 𝑡 and 𝑧𝑖𝑗𝑡  represents the number of outsourced trips 

at time period 𝑡. The optimization problem is subsequently formulated as follows. 

Minimize   ∑ ∑ ∑ (𝑐𝑓𝑖𝑗𝑥𝑖𝑗𝑡 + 𝑐𝑒𝑖𝑗𝑦𝑖𝑗𝑡 + 𝑐𝑜𝑖𝑗𝑧𝑖𝑗𝑡)

𝑗𝜖𝑁,𝑗≠𝑖𝑖𝜖𝑁

𝑇

𝑡=1

                                       (4) 

  𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜                                               ∑(𝑥𝑖𝑗1 + 𝑦𝑖𝑗1)

𝑗∈𝑁

= 𝑚𝑖1                    𝑖 ∈ 𝑁                                          (5) 

∑(𝑥𝑖𝑗𝑡 + 𝑦𝑖𝑗𝑡)

𝑗∈𝑁

− ∑ (𝑥𝑘𝑖(𝑡−𝜏 𝑘𝑖))

𝑘∈𝑁,𝑘≠𝑖:𝑡>𝜏 𝑘𝑖

− ∑ (𝑦𝑘𝑖(𝑡−𝛾 𝑘𝑖))

𝑘∈𝑁,𝑘≠𝑖:𝑡>𝛾 𝑘𝑖

− 𝑦𝑖𝑖𝑡−1 = 𝑚𝑖𝑡           (6) 

𝑖 ∈ 𝑁, 𝑡 ∈ {2, … , 𝑇}                         

𝑥𝑖𝑗𝑡 + 𝑧𝑖𝑗𝑡 = 𝑑𝑖𝑗𝑡                           𝑖 ∈ 𝑁, 𝑗 ∈ 𝑁, 𝑡 ∈ {1, … , 𝑇}      (7) 

𝑥𝑖𝑗𝑡 ≥ 0                                  𝑖 ∈ 𝑁, 𝑗 ∈ 𝑁, 𝑡 ∈ {1, … , 𝑇}             

𝑦𝑖𝑗𝑡 ≥ 0                                  𝑖 ∈ 𝑁, 𝑗 ∈ 𝑁, 𝑡 ∈ {1, … , 𝑇}             
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The objective function (4) is the total routing costs consisting out of the total costs of full trips, empty 

trips and outsourced trips over the planning horizon. Constraints (5) and (6) ensure that the total 

number of trucks in the system is set correctly throughout the planning horizon. Constraint (5) makes 

sure that no more trucks leave each starting location than available. Constraint (6) ensures that the 

number of trucks that leave each location at each time period is equal to the number that enter that 

location from another, plus the ones that were already there, plus the ones that entered the system at 

that time period. All trips are served, either by company dedicated or external trucks, due to constraint 

(7). Finally 𝑥𝑖𝑗𝑡  and 𝑦𝑖𝑗𝑡  are non-negative values. No constraint is needed for 𝑧𝑖𝑗𝑡  due to constraint (7) 

and the fact that both 𝑥𝑖𝑗𝑡  and 𝑑𝑖𝑗𝑡  are non-negative. Also 𝑚𝑖𝑡 only takes on integer values which 

ensures that 𝑥𝑖𝑗𝑡  and 𝑦𝑖𝑗𝑡  have integer values as well. Finally the difference in costs of traveling full and 

empty, variables 𝑐𝑓𝑖𝑗 and 𝑐𝑒𝑖𝑗, is caused by additional labor costs of the driver due to loading and 

unloading times.  

The problem as formulated minimizes costs for a given set of vehicles with starting locations (𝑚𝑖𝑡 ). The 

formulation was extended so that the starting location of each truck was not needed as input but set 

optimally. For this purpose an additional variable was introduced and a constraint added. The variable 𝐹 

represents the company dedicated fleet size and constraint (8) was added so that no more vehicles can 

enter the system than are available in the fleet. This way only the fleet size is needed as input instead of 

the starting locations of each individual vehicle. 

∑ ∑ 𝑚𝑖𝑡 = 𝐹

𝑖𝜖𝑁

  

𝑇

𝑡=1

                                                                        (8) 

The formulation could subsequently also be adjusted so that the fleet size is also not needed as input. By 

changing the variable 𝐹 into a decision variable and adding it, multiplied by a cost constant, to the 

objective function, the optimal number of trucks in the fleet is set so that total transport cost are 

minimal. Replacing formula (4) by (9) in the formulated problem optimizes the fleet size and the starting 

location of each truck within that fleet. 

Minimize ∑ ∑ ∑ (𝑐𝑓𝑖𝑗𝑥𝑖𝑗𝑡 + 𝑐𝑒𝑖𝑗𝑦𝑖𝑗𝑡 + 𝑐𝑜𝑖𝑗𝑧𝑖𝑗𝑡)

𝑗𝜖𝑁,𝑗≠𝑖𝑖𝜖𝑁

𝑇

𝑡=1

+ 𝐶𝐹                                  (9) 

In the current formulation it is assumed that transport request can either be served by trucks in the 

company dedicated fleet or by external trucks from logistics service providers. It is however interesting 

to know how many trucks were minimally needed in the company fleet to serve all transport requests of 

2015. For this reason restraint (7) was changed into constraint (10) and the objective function changed 

into formula (11).  

𝑥𝑖𝑗𝑡 = 𝑑𝑖𝑗𝑡                          𝑖 ∈ 𝑁, 𝑗 ∈ 𝑁, 𝑡 ∈ {1, … , 𝑇}      (10) 

Minimize 𝐶𝐹                                                                             (11) 

Just like the model presented in the previous subchapter, the planning horizon, which is a year, was split 

up into 17,520 time periods of 30 minutes. This seemed like a good tradeoff between accuracy and 

computational difficulty. Shorter time periods means that the times used in the VAP are closer to reality 

but this also means that it is more difficult to solve due to the increase in number of time periods. The 
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entire year is seen as one vehicle allocation problem with a large time horizon. Modelling in this way, 

means that the return of the truck to its origin after a shift could not be taken into consideration. This 

return trip is currently also not mandatory for trucks that drive Intra transport and therefore it is an 

reasonable assumption. The goods issue times are again representative of the starting times and 

transformed such that they represent the minutes of the year. These times were divided by 30 and 

rounded down resulting into the starting period𝑠 𝑡 ∈ {1, … , 𝑇} for each trip. The start and end location 

of each trip were already known so that the list of transport request 𝑑𝑖𝑗𝑡  could be created. The travel 

times, variable 𝛾𝑖𝑗, were obtained by dividing each element of travel time matrix (appendix D) by 30 and 

rounding up to the nearest integer. Loading and unloading times were repeatedly set to 45 minutes 

each, so that the matrix containing the travel times of loaded trucks, variable  𝜏𝑖𝑗, was retrieved by 

adding 3 to each element of the empty travel times matrix (𝛾𝑖𝑗). The costs of traveling from location 

𝑖 ∈ 𝑁 to 𝑗 ∈ 𝑁, variable 𝑐𝑒𝑖𝑗, were calculated by multiplying the distance with variable distance costs 

(table 5) and adding the travel time (appendix D) multiplied by the driver’s wage.  Adding an additional 

90 minutes of labor costs for loading and unloading resulted in the costs of traveling full from location 

𝑖 ∈ 𝑁 to 𝑗 ∈ 𝑁, variable 𝑐𝑓𝑖𝑗. Costs of outsourcing transport requests, variable 𝑐𝑜𝑖𝑗, were set equal to 

the average of the transport costs that was paid in 2015 on each lane. The fixed costs parameter 𝐶 for a 

vehicle was based on the costs sheet in table 5. Other input, such as the variables 𝐹and 𝑚𝑖𝑡, is discussed 

in the following chapter. Finally these different formulations of the VAP were implemented into the 

commercial solver AIMMS so that they could be solved to optimality.  

4.4 Pickup and Delivery Problem 
In the VAP, it is enforced that transport requests are served by company dedicated trucks in the same 

time period the actual trip of the logistic service providers had started. These fixed starting times limit 

the solution space and therefore result in suboptimal routings. Modelling the data as a Pickup and 

Delivery problem (PDP) helps overcome this problem by loosening time constraints. Instead of 

postulating that transport request need to be served in the same time period it is assumed that 

transport request are served on the same day the actual trips were served. PDPs differ from the VAP in 

the sense that the focus is on routing of vehicles instead of allocating vehicles to trips. Solving the PDP 

will result in a feasible routing of vehicles between locations serving all transport requests of that day 

with optimal operating costs. Repeating this process for each individual day will give an estimate of the 

yearly costs of a company dedicated transportation network for FrieslandCampina. 

The PDP encountered at FrieslandCampina can be formulated on a graph 𝐺 = (𝑉, 𝐴). Where 𝑉 is the 

union set of all locations consisting out of the sets of 𝑛 (𝑛 =number of transport requests) pickup 

location 𝑃 = {1, … , 𝑛}, the 𝑛 delivery locations 𝐷 = {𝑁 + 1, … ,2𝑛} and the start and end locations of 

each truck. Multiple vehicle depots are needed in a company dedicated transportation network because 

of the geographical size of the network. The nodes 𝜏𝑘 = 2𝑛 + 𝑚 + 𝑘 and 𝜏𝑘
′ = 2𝑛 + 𝑚 + 𝑘 are added 

to the union set 𝑉and represent the start and end location of each truck 𝑘 ∈ 𝐾 where 𝐾 is the set of all 

available vehicles. The formulation presented here is based on the formulations presented in Ropke and 

Pisinger (2006) and Battara, Cordeau and Lori (2014). In Battara et al. (2014) the problem is named the 

Pickup-and-Delivery Vehicle Routing Problem with Time Windows (PDVRPTW). The arc set 𝐴 is defined 

as all the arcs between all nodes in the set 𝑉, 𝐴 = 𝑉x 𝑉. Each arc(i,j) ∈ A has a cost 𝑐𝑖𝑗  and travel time 𝑡𝑖𝑗  
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associated with it. Each transport request 𝑖 has a specific load size 𝑞𝑖 that needs to be transported from 

the pickup node 𝑖 ∈ 𝑃 to the delivery node 𝑛 + 𝑖 ∈ 𝐷. Every node 𝑖 ∈ 𝑉 also has a service time 𝑠𝑖 

associated with it, time needed either for loading or unloading the goods. A time window [𝑎𝑖 , 𝑏𝑖] within 

which node 𝑖 ∈ 𝑉 must be visited is also imposed. Service at node  𝑖 ∈ 𝑉 cannot start before time 𝑎𝑖  or 

after time 𝑏𝑖. Each vehicle 𝑘 ∈ 𝐾 has a maximum capacity denoted by 𝑄𝑘. Finally 𝐿𝑘 represents the 

maximum trip duration of vehicle 𝑘. Three different decision variables are used. The first one 𝑥𝑖𝑗𝑘  is a 

binary variable which is 1 if vehicle 𝑘 ∈ 𝐾 travels from node 𝑖 ∈ 𝑉 to node 𝑗 ∈ 𝑉 and 0 otherwise. The 

variable 𝑇𝑖𝑘 represents the time at which the service (pickup or delivery) starts at node 𝑖 ∈ 𝑉 with 

vehicle 𝑘 ∈ 𝐾 and 𝑄𝑖𝑘  represents the load of vehicle 𝑘 ∈ 𝐾 after visiting node 𝑖 ∈ 𝑉. Now that all the 

variables are defined the problem can be formulated as follows.  

Minimize   ∑ ∑ ∑ 𝑐𝑖𝑗𝑥𝑖𝑗𝑘

𝑗𝜖𝑉𝑖𝜖𝑉𝑘𝜖𝐾

                                                                     (12) 

     𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜                                                      ∑ ∑ 𝑥𝑖𝑗𝑘

𝑗∈𝑉𝑘∈𝐾

= 1                         ∀ 𝑖 ∈ 𝑃                                 (13) 

 ∑ 𝑥𝑖𝑗𝑘

𝑗∈𝑉

− ∑ 𝑥𝑛+𝑖,𝑗𝑘

𝑗∈𝑉

= 0                   ∀ 𝑖 ∈ 𝑃, 𝑘 ∈ 𝐾                    (14) 

∑ 𝑥𝜏𝑘𝑗𝑘

𝑗∈𝑉

= 1                             ∀ 𝑘 ∈ 𝐾                               (15) 

∑ 𝑥𝑗𝑖𝑘

𝑗∈𝑉

− ∑ 𝑥𝑖𝑗𝑘

𝑗∈𝑉

= 0                      ∀ 𝑖 ∈ 𝑃 ∪ 𝐷, 𝑘 ∈ 𝐾           (16) 

 ∑ 𝑥𝑖,𝜏𝑘
′ ,𝑘

𝑖∈𝑉

= 1                               ∀ 𝑘 ∈ 𝐾                              (17) 

 𝑇𝑗𝑘 ≥ (𝑇𝑖𝑘 + 𝑠𝑖 + 𝑡𝑖𝑗)𝑥𝑖𝑗𝑘                      ∀  𝑖 ∈ 𝑉, 𝑗 ∈ 𝑉, 𝑘 ∈ 𝐾      (18) 

𝑄𝑗𝑘 ≥ (𝑄𝑖𝑘 + 𝑞𝑗)𝑥𝑖𝑗𝑘                         ∀  𝑖 ∈ 𝑉, 𝑗 ∈ 𝑉, 𝑘 ∈ 𝐾      (19) 

𝑇𝑛+𝑖,𝑘 − 𝑇𝑖𝑘 − 𝑠𝑖 − 𝑡𝑖,𝑛+1 ≥ 0               ∀ 𝑖 ∈ 𝑃                               (20) 

 𝑇𝜏𝑘
′ 𝑘 − 𝑇𝜏𝑘𝑘 ≤ 𝐿𝑘                              ∀ 𝑘 ∈ 𝐾                              (21) 

 𝑎𝑖 ≤ 𝑇𝑖𝑘 ≤ 𝑏𝑖                                   ∀ 𝑖 ∈ 𝑉, 𝑘 ∈ 𝐾                  (22) 

 max{0, 𝑞𝑖} ≤ 𝑄𝑖𝑘 ≤ min{𝑄𝑘, 𝑄𝑘 + 𝑞𝑖}           𝑖 ∈ 𝑉, 𝑘 ∈ 𝐾                  (23) 

 𝑥𝑖𝑗𝑘 ∈ {0,1}                                  ∀ 𝑖 ∈ 𝑉, 𝑗 ∈ 𝑉, 𝑘 ∈ 𝐾                

The objective is to minimize the total transportation costs. Constraint (13) ensures all pickup locations 

are visited and constraint (14) ensures that the delivery location of a picked up load is visited by the 

same vehicle that picked up the load. Constraint (15) makes sure that all vehicles leave their starting 
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location. Constraint (16) ensures that for each vehicle all trips between nodes are connected such that 

vehicle routes are formed. Constraint (17) ensures that all vehicles end their route in their ending 

location. Constraint (18) makes sure that the service time variable is set correctly and constraint (19) 

does the same for the load variable of each vehicle. Constraint (20) ensures that goods are picked up 

before they are delivered at the corresponding delivery location. Constraint (21) makes sure that each 

route is within the maximum route duration. Constraint (22) ensures that the time windows of each 

location are obeyed and the final constraint (23) bounds the load variable so that it cannot exceed the 

maximum vehicle capacity.  

4.4.1 Literature Review 

A literature review on PDPs was performed and is briefly discussed in this subparagraph. The Pickup and 

Delivery problem (PDP) can be seen as generalization of the vehicle routing problem (VRP) (Dumas, 

Desrosiers, & Soumis, 1991). The VRP is a PDP where either all pickup locations or all delivery points are 

located at the depot (Savelsbergh & Sol, 1995). The formulation of the PDP given in the previous 

paragraph can be classified as a static one-to-one multiple vehicle pickup and delivery problem with 

time windows. The problem is static because all transport requests are known in advance and 

deterministic. Each request has a single origin and destination so the problem can be characterized as 

one-to-one according to structural classification of Berbeglia, Cordeau, Grobkovskaia and Laporte 

(2007). Due to the large transport volumes multiple vehicles are needed to serve all requests. The 

pickup and delivery locations are production locations, ripening locations, packaging locations and 

warehouses some of which close at night. For this reason time constraints are also needed.  

The problem formulated in the previous paragraph is an Integer Linear Programming problem which 

makes it very hard to solve to optimality. The PDP is NP hard as it is a generalization of the VRP which is 

also NP hard. Exact algorithms are algorithms that still result in the optimal solution to the problem. 

Often used methods are column generation, branch-and-bound and branch-and-cut. Some exact 

algorithms that can be used to solve the PDP encountered at FrieslandCampina will now be discussed. 

One of the first exact algorithms for the multiple vehicles PDP is that of Dumas, Desrosiers and Soumis 

(1991). The algorithm is based on column generation and could only solve instances up to 19 requests to 

optimality with normal time constraints. Instances with tight time constraints, decreasing the solution 

space, could be solved up to 55 requests.  

Another more recent exact algorithm is that of Ropke and Cordeau (2009) which is a branch-and-cut-

and-price algorithm. In the algorithm a set of all feasible routes Ω is defined and optimized. Due to the 

size of the problem it is too costly to determine what this set is. Through column generation subsets of 

the master problem are considered. Columns are added to the master problem using the pricing sub 

problem. The pricing sub problem is a constrained shortest path problem with time windows, capacity 

and pickup before delivery constraints in place. This algorithm uses some of the inequalities introduced 

in Ropke, Cordeau and Laporte (2007) and introduces two new families of inequalities. The algorithm 

was tested on the same group of instances and outperforms that of Ropke et al. (2007). It was able to 

solve all instances with up to 75 requests used in Ropke et al. (2007) to optimality within a couple of 

minutes. Also larger instances were tested by Ropke and Cordeau (2009) and the algorithm was able to 

solve an instance with 175 requests to optimality within 2 hours of computing time.  
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To the best of my knowledge, currently, the fastest exact algorithm is that of Baldacci, Bartolini and 

Mingozzi (2011). In the paper, two variants of the problem are considered. In the first, the objective is to 

only minimize the routing costs and in the second the objective is first to minimize the fleet size after 

which the routes are minimized. An exact algorithm was proposed for the first variant based on a set 

partitioning formulation. In the algorithm three methods are used to compute a final near optimal lower 

bound on the problem. Based on this lower bound and a known upper bound, a reduced problem is 

generated, containing only variables that have reduced costs within this range. If this reduced problem 

is not too large, the optimal solution can be found by solving the integer program. Otherwise, the 

problem can be solved by means of a branch-and-cut-and-price algorithm. An exact algorithm for the 

second variant of the problem was also proposed by decomposing this problem into several instances of 

the first variant. Each of these first variant instances involves a different number of vehicles so that the 

initial problem can be solved. The second variant of the algorithm was tested on the same instances as 

in Ropke and Cordeau (2009) and on average was 9 times faster and able to solve 9 more instances to 

optimality. The first variant of the algorithm was tested on a different class of problems and on average 

was 8 times faster than the algorithm proposed by Ropke and Cordeau (2009). Finally the first variant of 

the algorithm was tested on large instances with around 500 requests and tight time constraints. In half 

of these instances the optimal solution was found in a couple of minutes.  

Solving PDPs with realistic problem sized instances often is impossible or too costly. For this reason 

heuristics were introduced. Heuristic are algorithms that result in sub-optimal solution to the problem 

within reasonable computing time. Heuristics are able to handle larger instances of the PDP because 

optimality is not required. Three pivotal heuristics from literature that can give good solutions to the 

problem defined in chapter 4.1 are briefly discussed and compared to each other. Other pivotal articles 

within this field (Lau & Liang, 2002; Li & Lim, 2003; Xu et al. 2003; Pankratz, 2005) are not discussed. 

One of the first heuristics for the multiple vehicle pickup and delivery problem is that of Nanry and 

Barnes (2000). It is based on a reactive tabu search approach using local neighborhood searches in 

which the search parameters are adjusted during the search so that the search is diversified into other 

areas of the solution space. Three different types of neighborhood searches are applied according to 

predefined hierarchy. The heuristic was tested on different instances containing 25, 50 or 100 

customers. On all 25 customer instances the heuristic was able to find the optimal solution within a 

couple of seconds. Optimal or near-optimal solutions were found on the 50 and 100 customer instances 

in a couple of minutes on average.  

Another well-known heuristic for the pickup and delivery problem with time windows is that of Bent and 

Hentenryck (2004) which uses two stages. First the heuristic minimizes the total number of vehicles 

using local neighborhood searches after which total travel costs are minimized with the help of large 

neighborhood searches (LNS) in the second stage. The performance was tested on standard benchmarks 

containing 100, 200 or 600 customers. The computing times were fixed so that the first stage was 

allowed to run for 5 minutes and the second stage for 60 minutes or 90 minutes for the 600 customer 

instances. Especially on the 200 and 600 customer instances the heuristic proved to be effective, 

improving on 47% and 77% of the best known solutions at that time however at the cost of relatively 

long running times.  
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Currently considered to be the best heuristic for the multiple vehicle pickup and delivery problem with 

time windows is the Adaptive Large Neighborhood Search (ALNS) heuristic proposed by Ropke and 

Pisinger (2006). The heuristic is based on removing and reinserting relatively large number of requests 

into the solution. In the paper first the normal LNS heuristic is described followed by a number of 

removal and inserting heuristics that can be used in this framework. In the search for a solution these 

sub heuristics are adaptively chosen based on past performance. This adaptive feature makes it very 

robust and perform well compared to other heuristics.  The performance of the prosed ALNS heuristic, 

after some parameter tuning, has been extensively tested by Ropke and Pisinger (2006). ALNS was also 

compared to the heuristic proposed by Bent and Hentenryck (2004) which was considered the best 

heuristic available at that time. From these tests the superiority of ALNS over the heuristic of Bent and 

Hentenryck (2004) became clear, especially as problem sizes increased. Better solutions where found in 

shorter periods of time. On the largest test instance with 1000 customers ALNS found a solution within 2 

hours. Overall ALNS was able to improve 50% of the best known solutions in literature and found 

solutions as least as good as the best known solution in 80% of time.  

Concluding the main differences between the three heuristics discussed is that Nanry and Barnes (2000) 

only made use of local neighborhood searches, Ropke and Pisinger (2006) only used large neighborhood 

searches and Bent and Hentenryck (2004) used both. The disadvantage of only using local neighborhood 

searches is that the heuristic can get trapped in local optima. Nanry and Barnes (2000) overcame this 

problem by also allowing infeasible solutions during the search. Large neighborhood searches result in 

better solutions because getting trapped in local optima is less likely as a lot of requests are removed 

and reinserted back into the solution. Simulated annealing is another way of escaping local optima (Bent 

& Hentenryck, 2004; Ropke & Pisinger, 2006). Finally an adaptive feature is used in the heuristics of both 

Ropke and Pissinger (2006) and Nanry and Barnes (2000). Adaptive heuristics produce very promising 

results (Ropke & Pisinger, 2006). This is also supported by the fact that the heuristic of Nanry and Barnes 

(2000) produced high quality solutions even though only local searches are used.  

Recently the focus in literature on routing problems has been more towards loading constraints. 

Research on routing problems with last in – first out (LIFO) loading constraint is motivated by the fact 

that trucks are often rear loaded. This means that the last goods that were picked up are blocking access 

to the goods already in the trailer. Therefore it is often costly or impossible to deliver picked up goods 

that were not most recently loaded. Almost all literature in this area is on the traveling salesman 

problem with LIFO loading. This is similar to the pickup and delivery problem with LIFO loading however 

with one major difference of unlimited vehicle capacity. Only one article (Cherkesly, Desaulniers, & 

Laporte, 2014) was found that extended the model presented in chapter 4.4 with LIFO loading 

constraints. In the paper (Cherkesly et al. 2014) three different exact algorithms were proposed based 

on branch-price-and-cut to solve the problem. The exact algorithms were able to solve problem 

instances with up to 150 nodes to optimality within 35 minutes.  

Another closely related article is that of Benavent, Landete, Mota and Tirado (2015) where instead of 

time windows maximum route durations are imposed. In the paper (Benavent et al. 2015) two mixed 

integer formulations are proposed. A compact and a non-compact formulation are given, solved using a 

branch-and-cut algorithm. Also several valid inequalities were introduced to decrease the solution 
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space. The exact methods were able to solve problem instances with up to 60 nodes. A heuristic to solve 

larger problem instances was also proposed by Benavent et al. (2015). In the heuristic multiple initial 

solutions are improved upon using tabu search. Three different heuristics that produce initial solutions 

were put forward. One of which based on the savings heuristic of Clarke and Wright (1964) and the 

others based on random processes. These initial solutions are improved using a local neighborhood tabu 

search. To avoid getting trapped in local optima the maximum route duration can be temporally 

extended so that other infeasible solutions are allowed. This route duration violation is penalized in 

subsequent iterations so that the search is guided to a feasible solution. The amount of penalization is 

dependent on the feasibility of the solution. If the current solution is feasible the violation is lightly 

penalized to diversify the search otherwise, in case of infeasibility, the penalty is harder. Another 

diversification penalty is also used in the objective function to diversify the search. Finally a perturbation 

operator, which consists of several random moves on the current solution, is also proposed by the 

authors to drastically change the makeup of the routes if the cost of the solution does not change a lot 

in subsequent iterates. This is another method to diversify the search. The heuristic resulted in high 

quality solutions in relatively small computing times. All of the largest test instances with approximately 

400 nodes where solved within 30 minutes.  

This literature review has examined and described literature that is available on pickup and delivery 

problems especially focusing on one-to-one multiple vehicle problems with time windows. These 

problems have extensively been studied and multiple exact algorithms and heuristics have been 

proposed in literature. The pickup and delivery problem can however still be extended with more 

constraints that are encountered in reality. First of all, the pickup and delivery problem with time 

windows and split loads has to the best of my knowledge not yet been studied. No literature was found 

on either the single or multiple vehicle version of this problem. It would be interesting to see exact 

algorithms being developed for this problem especially because of its high computational difficulty. 

Heuristic approaches would also be of great value due to the potential in obtaining savings and lowering 

the amount of empty miles being driven (Nowak, Ergun, White, 2009). Another gap in literature that was 

noticed is that no heuristic has yet been developed to solve the multiple vehicle pickup and delivery 

problem with LIFO loading and time windows. Only an exact algorithm has been developed for this 

problem (Cherkesly et al. 2014) that could solve problems with up to 150 nodes. A heuristic for this 

problem would be helpful since most problems encountered are larger than 75 request. Finally 

heuristics and exact algorithms can be developed that consider both LIFO loading as well as split loads.  

4.4.2  Heuristics 

The problem encountered at FrieslandCampina is different from the instances studied in literature, 

because in these instances locations are only visited once. In the case of FrieslandCampina only a limited 

number of nodes are present that are associated with a lot of requests.  Also 67% of transport requests 

are FTL resulting in fewer possible combinations of transport requests. Another major difference and 

challenge is the fact that the time windows, equal to the opening times, for each visited location are 

large. Finally the most challenging part is the large number of transport requests over the year. Due to 

the wide time windows and large number of transport requests solving the problem to optimality, with 

the use of AIMMs or an exact algorithm, was not an option. The fastest exact algorithm (Baldacci et al., 
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2011) still takes around 15 minutes to solve problem instances of 175 requests, approximately equal to 

the average number of requests during week days at FrieslandCampina. Routings for 365 days need to 

be created which would, roughly said, result in over 91 hours of computing time without even 

considering the increase in computational effort caused by the wide time windows. Directly 

implementing a known heuristic from literature was also not optimal due to the difference in 

characteristics of the problem instance. 

 

For these reasons it was decided to develop a heuristic best suited for the situation encountered at 

FrieslandCampina inspired by the heuristic proposed by Benavent et al. (2015). The goal is to produce a 

feasible routing of vehicles serving the transport requests of a specific day while the operating costs are 

being minimized. It is assumed that start and end locations of each truck are equal and predefined so 

that the routing schedules between days are independent. Instead of imposing time windows it was 

decided to use only route duration constraints. Even though opening times are not exactly the same for 

all locations they are similar. All locations are open during most part of a regular working day. Therefore 

individual time constraints were not explicitly needed. The algorithm presented was implemented with 

and without LIFO constraints in place. 

Input 

A variety of goods on different load carriers need to be transported in the hypothetical company 

dedicated transportation network. As explained in chapter 3, the transported goods can among others 

be end products on pallets, foil cheese in chests or nature cheese on racks. Each combination of 

products and load carrier has a maximum loading capacity. It is therefore impossible to directly 

determine what transport requests can physically be combined in a trailer if different products on 

different load carriers are considered. The number of transported goods of each request was rescaled so 

that the associated maximum loading capacity was set equal to 30 units to overcome this problem. A 

capacity of 30 was the modus among the maximum loading capacities. Subsequently the amount of 

goods was rounded up to the nearest integer to account for possible loss of space due to inconvenient 

dimensions of combined load carriers. It must be noted that the maximum loading capacity is often 

caused by a volume restriction however for some goods the mass is the limiting factor. Fewer heavy 

goods can thus be combined with other goods according to the rescaled capacity criterion than in 

reality. Goods for which the mass is the limiting factor are by definition less voluminous. The start and 

end location of each request was changed into a numeric identifier ranging from 1 to 25 representing 

the different locations. A master list was created with all transport requests containing; the day, the 

start location, end location, number of rescaled goods and costs of that request. The costs are the actual 

costs paid to the logistic service provider in 2015. An example of the list of numbered transport requests 

for January 1st 2015 is given here.   

1  1 18 15 26 378.67 

2  1 18 15 30 378.67 

3  1 18 15 29 378.67 

4  1 18 15 30 378.67 

5  1 18 24 30 248.11 
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Initial Solution 

The trips of a specific day form the input for the heuristic. A new list is created by selecting the transport 

request of a desired day from the master list. In this list it was often encountered that a couple of trips 

had the same start and end location with a combined number of goods smaller or equal than 30. These 

requests could thus be combined into a single transport request. The procedure of preprocessing the list 

of transport requests, named Trips, is shown in pseudo code in Appendix F. The combining of requests, 

lines 4-15, is repeated 𝜑 times to allow combinations of more than two requests. 

The transport requests on the new list, shorter or equal to the initial list, are subsequently routed. The 

first step in the heuristic is determining what LTL requests, if possible, are beneficial to consolidate 

based on relative distance saving. The distance saving of consolidating two requests, while LIFO loading 

constraints are obeyed, is calculated using formula (24). Where 𝑝𝑖  and 𝑑𝑖  are respectively the pickup and 

delivery location of request 𝑖. 𝐷(𝑖, 𝑗), an element of the Distance Matrix (appendix C), represents the 

distance from location 𝑖 ∈ 𝑉 to 𝑗 ∈ 𝑉.  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑆𝑎𝑣𝑖𝑛𝑔 = 𝐷(𝑝1, 𝑑1) + 𝐷(𝑑1, 𝑝2) − 𝐷(𝑝1, 𝑝2) − 𝐷(𝑑2, 𝑑1)                                        (24) 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑆𝑎𝑣𝑖𝑛𝑔 =
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑆𝑎𝑣𝑖𝑛𝑔

𝐷(𝑝1, 𝑑1) + 𝐷(𝑑1, 𝑝2) + 𝐷(𝑝2, 𝑑2)
                                           (25) 

Equation (24) is the result of the difference in travel distances of; (1) serving first request 1 followed by 

requests 2 and (2) serving first pickup locations of requests 1 followed by 2 and sequentially serving 

delivery locations 2 followed by 1. Figure 9 displays two different routes of consolidated transport 

requests. Even though the absolute distance saving is larger for route 2 it is preferable to consolidate 

the requests in route 1 instead of 2. For this reason relative distance saving, equation (25), was 

introduced as a performance criterion where the denominator is the distance of serving both requests 

sequentially without consolidating. Based on this criteria route 1 prevails over route 2. 

 
Figure 9: Distance savings obtained by consolidating 

For all possible combinations of LTL requests, the combined load is smaller or equal to 30, the relative 

distance saving is calculated and saved into a matrix along with the requests involved. Additionally if the 

delivery location of request 1 is equal to the pickup location of request 2 or vice versa the relative 

distance saving was set arbitrary low to a negative value. In this case it is better to sequentially serve the 
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requests without consolidating. From the resulting matrix a possible combination is selected that 

maximizes relative distance savings and the involved requests are consolidated. In the matrix the 

combinations that involve these requests are removed and the process is repeated until the maximum 

relative distance saving in the matrix is smaller than a predefined positive value. Based on trial and error 

a value of 0.3 was selected that resulted in sensible consolidating of requests. Lower values resulted in 

illogical consolidation. All consolidated requests and the remaining individual requests are saved as 

individual routes. It was decided to only consider simple consolidation of two requests because due to 

the high average load factor very few additional requests could be added.  

The routes are saved into a three dimensional array named Routes. A sort of data cube consisting out of 

multiple matrices stacked behind each other. Each row represents an individual route and the values in 

the columns have different meanings depending on the 3rd dimension. In the third dimension five 

different matrices are defined. The first matrix is the routing matrix in which the elements represent the 

locations visited. In the second matrix the associated amount of picked up or delivered goods at each 

location are saved and in the third the associated request number. The fourth matrix saves the 

associated amount of money paid in 2015 for that specific request and the fifth matrix keeps 

performance criteria of that route. The performance criteria saved are; (1) number of locations visited, 

(2) total distance, (3) total duration, (4) excess route duration over maximum duration and (5) sum of 

actual costs of requests in 2015 on that route. The need for these last two criteria will become apparent 

later on in this chapter.   

In the routing matrix, the first location of each route, the first column, is always equal to the last 

location of that route and represents the depot of a truck. Until now the routes have not yet been 

assigned to trucks and the first column in the routing matrix therefore contains zeros. The second 

column contains pickup locations of different requests and the third column contains the associated 

delivery location, or another pickup location in case of consolidated requests. The next step in the 

heuristic is to assign trucks to the routes. As input a vector of length 25 named Trucks is defined in which 

the 𝑖𝑡ℎ element represents the number of trucks available at location 𝑖. Trucks are sequentially assigned 

to the route most close to its location. This procedure is described in pseudocode in appendix G.  

 

Now that all available trucks have been assigned to routes it is most likely that routes are still present 

without a truck assigned as the number of requests is much higher than the fleet size. These unassigned 

routes are identified with a minus one as depot. The goal of the next step is to obtain a routing in which 

all requests are in routes with a truck assigned to it. Similar to Benavent et al. (2015) an initial feasible 

solution is obtained based on the savings algorithm of Clarke and Wright (1964). The assigned routes are 

combined with other routes by connecting them after each other. All possible combinations of assigned 

routes with other routes, assigned or unassigned, are made and the combination of routes that have 

minimum route duration is combined into one route. As a result two routes have changed; one assigned 

route has increased in length due to the additional requests from the other route and another route has 

become empty. If this other route was unassigned it is removed completely and if this route was 

assigned a empty route from depot to depot remains. Instead of recalculating the route duration of all 

possible combinations of routes only the effected combinations are recalculated to save computing 
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time. Subsequently a new combination of routes is selected with minimum route duration and this 

process is repeated until no unassigned routes remain or the minimum route duration of the 

combinations exceeds the maximum route duration. Algorithm 1 describes this procedure in 

pseudocode.  
Algorithm 1 

1  AssignedRoutes ⊆ Routes with start location ≠ -1 
2  UnassignedRoutes ⊆ Routes with start location = -1 
3  create list with durations of combinations of routes ∈ AssignedRoutes and routes ∈ Routes 
4  Best = minimum duration ∈ list 
5 while (Best ≤ Maximum Route Duration & UnassignedRoutes ≠ ∅) do 
6  combine routes ∈ Best 
7  update effected route durations ∈ list 
8  Best = minimum duration ∈ list  
9  update UnassignedRoutes  

Finally if a feasible routing of requests has been obtained a slightly different version of the algorithm of 

Algorithm 1 is applied to improve the routing. The route durations for all possible combinations of 

routes are calculated and the route durations of the associated individual routes are subtracted. As long 

as this saving is positive routes are combined. Similarly to save computing time in each iterate the 

associated combinations are adjusted due to the changing of routes. If not all routes have a truck 

assigned this last step is skipped. 

Figure 10 summarizes the steps taken to obtain an initial solution. First the requests for a specific day 

are selected from the master list and requests are subsequently combined if possible. Based on relative 

distance saving requests are consolidated in routes and the remaining individual requests are also saved 

into a three dimensional array. Trucks are then assigned to the routes based on proximity. The algorithm 

of Clarke and Wright (1964) is applied hereafter with the goal of obtaining a routing schedule containing 

only assigned routes. If achieved, the algorithm is applied again. Now with the goal of decreasing the 

total duration of all routes. All the described steps result into a relatively good initial feasible solution 

that obeys LIFO loading constraints. If enough trucks are initially available then all requests will be 

served. In this case the 5th performance criterion, previously described, is zero for all routes. In the case 

of unassigned routes the requests in that route must be served by external logistic service providers. 

The 5th performance criterion for that route is then set equal to the sum of the costs of the requests.  

 

 

 

 

 

 

 

Figure 10: Process for initial routing 
 



 

31 
 

Local Neighborhood Search 

Now that an initial solution of a routing schedule is available a local neighborhood search can be applied 

to improve the solution. First the current solution is saved and called Routes. In the current solution a 

route is randomly chosen along with a random pickup location in that route. The associated delivery 

location is identified and the entire request is removed from the solution. This means that in the third 

dimension specific indices are removed from all matrices. Figure 11 displays this graphically. The 

surrounding indices are then moved to the left so that no gaps remain in the route.  

 
Figure 11: Removal of requests from solution 

 

The removed request is subsequently reinserted into the solution at the best overall position that is not 

equal to the position from which it was removed. This new solution is saved as CandidateRoutes. The 

reinsertion point is determined by complete enumeration. For all routes all possible reinsertion points of 

the pickup location, that respect loading constraints, including all associated possible delivery location 

reinsertion points are investigated. Criterion (26) is used to evaluate the new route created by 

reinserting the requests and the route with the lowest value is saved as best. In this formula 𝐷𝑢𝑟 is used 

as an abbreviation for duration and the old route is the same route but without the reinserted request. 

The feasibility penalty (𝐹𝑃) parameter is set arbitrary high so that routes that violate the maximum 

route duration are never selected as best. This criterion is used to select the best reinsertion point 

because the truck drivers wage, which is directly proportional to the route duration, is the largest cost 

driver. The loading constraints that must be respected ensure that the maximum load capacity of the 

truck is not exceeded. Also LIFO loading constraints might additionally be imposed. In this case there are 

only one or two possible reinsertion points of a delivery location for a given pickup location reinsertion 

point; (1) immediately after the pickup insertion point and (2) possibly also after all delivery locations of 

additional pickups have been visited. This is illustrated in figure 12 where the numbers represent the 

amount of goods. Besides reinserting the removed request into a route another new solution called 

CandidateRouteExternal is generated in which the request is inserted in an additionally created 

unassigned route. If a request is not part of an assigned route it means that the individual request is 

outsourced to a logistic service provider.  

𝑇𝑟𝑖𝑝𝐷𝑢𝑟(𝑁𝑒𝑤 𝑅𝑜𝑢𝑡𝑒) − 𝑇𝑟𝑖𝑝𝐷𝑢𝑟(𝑂𝑙𝑑 𝑅𝑜𝑢𝑡𝑒) − 𝐹𝑃 ∗ max(𝑇𝑟𝑖𝑝𝐷𝑢𝑟(𝑁𝑒𝑤 𝑅𝑜𝑢𝑡𝑒) − 𝑀𝑎𝑥𝐷𝑢𝑟, 0)  (26) 
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Figure 12: Delivery location reinsertion points in different scenarios 

The three different solutions; (1) Routes, (2) CandidateRoutes and (3) CandidateRoutesExternal are 

subsequently compared based on costs. The best solution is chosen and the same process is repeated 

with this new found solution. This process is repeated again for φ times in total. The following costs 

formula (27) was used to determine the costs of the different routings. Where 𝑇𝑄(𝑖) represents the 

total sum of performance criterion 𝑖 (page 29) of all routes. The inflation factor (𝐼) is a parameter used 

so that the costs of outsourcing individual requests to logistic service providers could be altered. The 

external penalty (𝐸𝑃) is introduced to penalize the number of outsourced/external requests (𝑁𝐸𝑅). 

These variables were introduced so that the heuristic could be forced into creating a routing in which no 

requests are outsourced to logistic service providers.  

𝐶𝑜𝑠𝑡𝑠(𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛) = 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝐶𝑜𝑠𝑡𝑠 ∗ 𝑇𝑄(2) + 𝑊𝑎𝑔𝑒 ∗ 𝑇𝑄(3) + 𝐹𝑃 ∗ 𝑇𝑄(4) + 𝐼 ∗ 𝑇𝑄(5) + 𝐸𝑃 ∗ 𝑁𝐸𝑅  (27) 

The procedure of the local neighborhood search is summarized in pseudocode in Algorithm 2. The costs 

of the final solution, found after φ iterations, are calculated using equation (27) without the last two 

terms.  

Algorithm 2 

1  BestRoutes = Routes 
2  for φ iterations do 
3 CandidateRoutes = Routes 
4   randomly remove request from CandidateRoutes 
5 CandidateRoutesExternal = CandidateRoutes 
6 reinsert removed request into CandidateRoutes at best location 
7 reinsert removed request into CandidateRoutesExternal as unassigned route 
8 if (Costs(CandidateRoutesExternal) < Costs(CandidateRoutes) then 
9  CandidateRoutes = CandidateRoutesExternal 
10 if accept(CandidateRoutes,Routes) then 
11  Routes = CandidateRoutes 
12  if (Costs(Routes)<=Costs(BestRoutes) & Routes is feasible) then 
13   BestRoutes = Routes 
14 return BestRoutes  

In line 10 of algorithm 2 an accept function is evoked. Two different acceptance criteria, greedy (G) and 

simulated annealing (SA), were applied to the heuristic. The formulas of the greedy and simulated 

annealing acceptance criteria are given in equations 28 and 29 respectively.   

 

𝐴𝑐𝑐𝑒𝑝𝑡 𝑖𝑓 𝐶𝑜𝑠𝑡𝑠(𝐶𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑅𝑜𝑢𝑡𝑒𝑠) ≤ 𝐶𝑜𝑠𝑡𝑠(𝑅𝑜𝑢𝑡𝑒𝑠)                                        (28) 
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𝐴𝑐𝑐𝑒𝑝𝑡 𝑖𝑓  𝑒
𝐶𝑜𝑠𝑡𝑠(𝑅𝑜𝑢𝑡𝑒𝑠)−𝐶𝑜𝑠𝑡𝑠(𝐶𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑅𝑜𝑢𝑡𝑒𝑠)

𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒
  

> 𝑋~𝑢𝑛𝑖𝑓(0,1)                                  (29) 

The simple greedy acceptance criterion only accepts candidate solutions with lower costs. This would 

result in decent solutions however it has the tendency to get trapped in local optima. To overcome this 

difficulty and make it more likely to find the global optimum, simulated annealing was also applied. Two 

additional input parameters, Temperature and CoolDownRate, are introduced. At the start of each 

iterate in Algorithm 2 the current temperature is updated by means of equation (30) so that the 

temperature exponentially decays as the search progresses.   

𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 = 𝐶𝑜𝑜𝑙𝐷𝑜𝑤𝑛𝑅𝑎𝑡𝑒 ∗ 𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒                                            (30) 

In case the costs of the candidate solution are lower than the costs of the current solution, the fraction 

term in the exponent is positive. This results in a total value that is always larger than 1 as is shown in 

figure 13. The right side of the inequality is a random number between 0 and 1. Therefore the candidate 

solutions with lower costs will always be accepted. If the candidate costs are higher the fraction term in 

the exponent is negative and the resulting value of the term will be between 0 and 1. The solution will 

then randomly be accepted with a bias towards accepting less bad candidate solutions. The temperature 

parameter is used to reduce, in case of high temperatures, or enlarge, in case of low temperatures, the 

cost difference. This way bad solutions are accepted with a higher likelihood in case of high 

temperatures and vice versa. This process helps diversify the search, especially in the beginning, into 

different areas of the solution space by allowing worse solutions with a higher probability. As the search 

proceeds the temperature is lowered and as a consequence only candidate routes with lower costs are 

accepted in the last iterations. 

 
Figure 13: Exponential function 

Another method to help escaping local optima, introduced by Benavent et al. (2015), was applied to the 

heuristic as well. In the local neighborhood search only small incremental changes, moving one request, 

can be made to the current solution. When the maximum route duration constraint is tight, due to long 

routes, few possible moves might be available that do not violate the constraint. Until now this violation 

has been heavily penalized such that accepted solutions never contain infeasible routes. Benavent et al. 

(2015) suggested overcoming this problem by temporally relaxing the maximum duration constraint and 

thus expanding the search space. This is achieved by lowering the feasibility penalty (𝐹𝑃). The heuristic 

is made adaptive so that based on the current and past solutions the feasibility penalty is altered. The 

feasibility penalty parameter is initiated with a value that is not extremely high and updated in 
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subsequent iterates according to the performance of the solution. When a predefined number of 

subsequent solutions are feasible, the penalty is lowered so that the search is diversified. When multiple 

consecutive solutions are infeasible the penalty is increased again to guide the search towards a feasible 

solution. This process is described in pseudocode in appendix H and was, besides the temperature 

update, also added into the beginning of the for-loop in Algorithm 2. Feasibility of the current solution is 

checked by testing if the fourth performance criterion, 𝑇𝑄(4), is larger than zero.  

The heuristic described until now results in a good routing as long as enough initial trucks are available 

to serve all requests. For FrieslandCampina it might however be interesting to have a company 

dedicated transportation network that serves part of all requests while other requests are served by 

logistic service providers. If fewer trucks are used as input for the heuristic, so that not all requests can 

be served, the routings created were not good. This problem was solved by setting the number of initial 

trucks high enough so that all requests could be served and a good routing created. Subsequently near 

the end of the search a destroy-procedure is invoked. Operational costs, equation (27), for each 

individual route are compared to the costs of the individual requests in that route. The most profitable 

routes are kept unchanged in the solution while the unprofitable routes or routes for which no trucks 

are available are destroyed. Routes are destroyed by inserting the individual requests of that route into 

newly created unassigned routes. This process is summarized in pseudo code represented in Algorithm 3 

and was added to the end of the for-loop in Algorithm 2. It is required that the number of initial trucks 

for each location is equal or higher than the number of available trucks.  

This destroy procedure also has other benefits. In the described local neighborhood search solutions can 

only change one request at a time. Routes that are unprofitable might therefore not be changed. 

Removing one request out of an unprofitable route can make the entire solution more expensive and 

therefore this candidate solution would not be accepted. Allowing to remove all requests at once in the 

destroy procedure helps overcome this problem. The destroy procedure is also used to reset to search 

to the best found solution so far. Finally if desired the parameter settings can also be reset. For example 

the current temperature might be reset to a higher value to reinitialize diversifying of the search. Also 

the feasibility penalty (𝐹𝑃) can be reset to its initial value because the best found solution is always 

feasible just like the initial starting solution. 

Algorithm 3 

1  if (iteration number = destroy parameter) then 
2      Routes = BestRoutes 
3      create list with cost difference for all invidual routes ∈ Routes 
4      iterate over locations with available trucks 
5 selectedlist ⊆ list with start location = location of available trucks 
6 sort selectedlist non-increasingly 
7 iterate over selectedlist 
8       if (iteration number > number of available trucks | cost difference < 0) then 
9           destroy associated route 
10 BestRoutes = Routes 
11 Temperature = TemperatureAfterDestory 
12 𝐹𝑃 = FeasibilityPenaltyAfterDestroy 
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Concluding, eight different versions of a local search heuristic have been created. First of all the 

acceptance criteria can either be greedy or simulated annealing. Also the heuristic can either impose 

hard maximum route duration constraints or be made adaptive. Finally it can be chosen whether LIFO 

constraints must be obeyed or not. Two different final heuristics were implemented in the programming 

language R, one with and one without LIFO loading constraints in place, in which all options were 

incorporated. Parameter settings can then be altered so that the desired behavior is used in the search. 

For example, simulated annealing was implemented as acceptance criterion however setting the initial 

temperature near zero results in a greedy acceptance criterion. Also the adaptive feature in the search 

can be deactivated by setting the change parameter larger than the number of iterations and by using 

an arbitrary high feasibility penalty. A procedure for destroying routes and resetting the search was also 

introduced so that a good solution can still be obtained when fewer vehicles are available. The following 

assumptions were made in the development of these heuristics; 

- Transport distances and times are deterministic and equal throughout the year 

- A truck always returns to its starting location at the end of the route 

- A equal maximum route duration is imposed on all trucks 

- Equal opening times are assumed for all locations equal to the maximum route duration 

- Loading capacity feasibility of combined requests are based on equally rescaling amount of 

goods and rounding up to the nearest integer 

- Loading and unloading times are equal for all transport requests 
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5. Results 
Results obtained from the different models introduced in chapter 4 are given in this chapter. The results 

of the models are delineated in paragraphs in the same sequence as in the previous chapter. Used input 

parameters along with support are given. For the VAP and PDP, results are shown for different 

parameter configurations that resemble different scenarios. First, costs will be calculated for a situation 

in which all requests are served by a company dedicated transportation network. A hybrid situation in 

which part of requests are served by the company network and the rest served by external logistic 

service provider will also be considered. In both situations, the models minimize the routing costs. 

However, in the first situation it is enforced that no individual requests are externally served. Finally, the 

effects of cost changes of external requests and varying maximum route durations are illustrated.   

5.1 Fleet Composition 
First of all, the results of the fleet composition model are given. Input for this model is the number of 

vehicles needed at each period of time. As discussed in Chapter 4, the number of trucks required at each 

time period was initially unknown. Therefore the number of trucks that were en route in 2015 in reality 

was used instead as a rough estimate. The estimated maximum number of trucks that was in use 

simultaneously in 2015 was 75. For this reason the decision variable 𝑣 in Equation (3) was iterated over 

the values 0-75 to determine the optimal fleet size. In figure 14, the results are shown and the minimal 

cost are obtained with 52 owned vehicles. In appendix I a table is given with the exact costs.  

 
Figure 14: Annual vehicles costs at varying fleet sizes 

5.2 Vehicle Allocation Problem 
The second model introduced in chapter 4, was the VAP of which different versions were described. At 

first it was investigated what it would have cost if all requests in 2015 would have been served at the 

exact same times by a company dedicated transportation network. To answer this question, it must be 

determined how many trucks are minimally needed to serve all requests. For this purpose the VAP was 

run with equation (11) as objective function and with constraints (5), (6), (8) and (10). Initially this 

formulation of the VAP was run for the entire year at once. However, the computer used for this thesis 

ran out of working memory trying to solve this problem. Therefore the VAP was solved per month for 

which the available memory sufficed, the results are shown in table 6. The minimum number of trucks 

needed is highest in November. In that month 90 trucks are required even though the number of 
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requests is not highest. This means if all requests in 2015 needed to be served by company dedicated 

trucks a minimum of 90 trucks is needed. 

Table 6: Minimal fleet size per month 

Month 1 2 3 4 5 6 7 8 9 10 11 12 
Fleet size 78 80 84 81 85 80 80 78 81 84 90 81 
Requests 3,933 3,843 4,262 4,398 4,282 4,350 4,368 4,278 4,422 4,344 4,126 4,204 

 

The next step was minimizing the yearly costs for a given fleet size of 90 trucks. The only adjustment 

made to the previously run version of the VAP was to set the objective function equal to equation (4). In 

this configuration the starting locations of the available trucks are optimally chosen. Again it was 

impossible to determine the minimal costs for the entire year at once. By means of trial and error it was 

figured out that a maximum planning horizon of two months could be solved to optimality without 

crashing. After solving the VAP for the first two months a slightly different version was run on 

subsequent months. Alterations needed to be made because of the dependencies between the six two 

month sub problems. The ending locations of the trucks in one sub problem must be equal to the 

starting locations of the trucks in the subsequent sub problem. The altered VAP still has equation (4) as 

objective function and constraints (5), (6) and (10) were used. The starting locations of trucks, input 

variable 𝑚𝑖𝑡, were manually set equal to the ending locations of trucks in the preceding sub problem. 

The results of the six different sub problems are shown in table 7 along with the yearly results. It should 

be noted that each of the sub problems are solved to optimality resulting in minimal costs. However, the 

yearly costs need not be minimal due to the dependencies between the sub problems. Nonetheless, it is 

not expected that the real minimal yearly costs are much lower. To investigate this effect the first and 

second month of the year were also optimized separately resulting in combined total costs of 1,752,556 

euros which is just slightly higher than the total costs of optimizing at once. Concluding, the total 

minimal yearly costs are roughly equal to 11,223,619 euros. These costs can still be lowered by using a 

smaller fleet size and hiring additional trucks when needed. Determining this optimal fleet size using the 

model in the previous paragraph was not possible however due to the way the VAP is modeled. It is not 

known how many trucks are required on a daily basis and trucks cannot be taken out of the model after 

they have been entered. Over the entire year 76.66% of the trips were transporting goods and the rest 

were empty trips resulting in a total of 1,396,352 empty kilometers.  

Table 7: Yearly Costs 90 vehicles 

Months 1-2 3-4 5-6 7-8 9-10 11-12 Total 

Total Costs 1,751,104 1,916,100 1,907,531 1,900,252 1,922,376 1,825,806 11,223,169 
Operational Costs: 1,281,010 1,430,070 1,421,501 1,406,255 1,436,346 1,339,776 8,314,958 
- Cost Full trips 1,083,096 1,215,611 1,200,548 1,199,928 1,216,407 1,137,186 7,052,776 
- Cost Empty trips 197,914 214,459 220,953 206,327 219,939 202,590 1,262,182 
- Cost External trips 0 0 0 0 0 0 0 
Fixed Costs 470,094 486,030 486,030 493,997 486,030 486,030 2,908,211 
Full Trips 7,776 8,660 8,632 8,646 8,766 8,330 50,810 
Empty Trips 2,318 2,513 2,622 2,621 2,809 2,585 15,468 
Outsourced Trips 0 0 0 0 0 0 0 
Full km 855,076 964,607 947,019 946,481 957,865 887,174 5,558,222 
Empty km 219,419 238,243 245,595 228,112 242,159 222,824 1,396,352 
Outsourced km 0 0 0 0 0 0 0 



 

38 
 

For FrieslandCampina, it is also possible to serve part of all requests with the company dedicated trucks 

and outsource the rest. The VAP can be reformulated using equation (9) as objective function with 

constraints (5), (6), (7) and (8). This formulation allows for serving requests by external logistic service 

providers while the total routing costs including fixed vehicle costs are minimized. Solving this 

optimization problem therefore determines at what fleet size total costs are lowest. It was decided to 

optimize over the months October and November because these are the consecutive months in which 

most trucks are needed if no requests are served externally (table 6). This resulted in an optimal fleet 

size of 14 trucks. The yearly cost could subsequently be minimized with this new fleet size as input. The 

same process was applied as in the case of 90 available trucks. The results are given in table 8. The 

yearly costs in this scenario are equal to 8,723,938 euros and on average 81.25% of the trips in the 

dedicated network were loaded. The associated number of empty kilometers is 3434. In this solution a 

total of 35,931 transport requests are served by external logistics service providers costing 6,077,534 

euros.  

Table 8: Yearly Costs 14 vehicles 

Months 1-2 3-4 5-6 7-8 9-10 11-12 Total 

Total Costs 1,336,902 1,501,191 1,489,173 1,485,941 1,504,646 1,406,085 8,723,938 
Operational Costs: 1,263,776 1,425,586 1,413,568 1,409,097 1,429,041 1,330,480 8,271,548 
- Cost Full trips 315,683 3,58,630 354,444 3,53,172 350,241 319,143 2,051,313 
- Cost Empty trips 18,946 23,434 25,568 23,643 26,291 24,819 142,701 
- Cost External trips 929,147 1,043,522 1,033,556 1,032,282 1,052,509 986,518 6,077,534 
Fixed Costs 73,126 75,605 75,605 76,844 75,605 75,605 452,390 
Full Trips 2,252 2,506 2,529 2,588 2,561 2,443 14,879 
Empty Trips 504 586 602 584 592 566 3,434 
Outsourced Trips 5,524 6,154 6,103 6,058 6,205 5,887 35,931 
Full km 253,159 290,347 283,788 278,761 276,469 244,894 1,627,418 
Empty km 19,404 24,087 26,619 24,256 27,326 25,814 147,506 
Outsourced km 601,917 674,260 663,231 667,720 681,396 642,280 3,930,804 

 

It is conceivable the current logistic service providers will increase prices for their services when part of 

the requests are taken away, as was done in the previous scenario. The repercussion this has on the 

optimal fleet size and costs was investigated. To study this effect an inflation factor (𝐼), as introduced for 

the PDP in equation (27), was also introduced into the VAP notation. A new objective function, equation 

(31), was defined and constraints (5), (6), (7) and (8) were used. A planning horizon containing the 10th 

and 11th month was optimized for varying values of 𝐼. The effect of this parameter on the optimal fleet 

size is summarized in figure 15 and the results can be found in appendix J. It can be seen that the 

optimal fleet size initially rapidly increases with 𝐼 but that this effect declines for higher values of the 

parameter. The asymptotic limit is a fleet size of 90 (appendix J) as could be expected from table 6. The 

effect on total costs shows a similar pattern. It can also be noticed that only in the case where the costs 

of serving requests externally remains unchanged, 𝐼 ≈ 1, that a company dedicated transportation 

network is financially beneficial. 

Minimize ∑ ∑ ∑ (𝑐𝑓𝑖𝑗𝑥𝑖𝑗𝑡 + 𝑐𝑒𝑖𝑗𝑦𝑖𝑗𝑡 + 𝐼 ∗ 𝑐𝑜𝑖𝑗𝑧𝑖𝑗𝑡)

𝑗𝜖𝑁,𝑗≠𝑖𝑖𝜖𝑁

𝑇

𝑡=1

+ 𝐶𝐹                               (31) 
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Figure 15: Effect of inflation factor on optimal fleet size and total cost 

5.3  Pickup and Delivery problem 
The last model introduced in chapter 4 was for the PDP. In the development of the heuristic that solves 

the PDP several input parameters were introduced. First of all the number of available trucks per 

starting location is needed as input. It was decided to use four different locations as depots for trucks; 

Leerdam, Rutten, Tilburg and Zeewolde. The last three were chosen because they are the locations of 

the warehouses from which the cheese is distributed. All internal transport of cheese therefore 

concentrates into these locations. The location Leerdam was also added as a depot because it is the 

second largest in terms of volume of inbound transport. The other depots are also in the top 4 of table 

2. The number of available vehicles was initially set to 30 in each of the depots. The wage and distance 

costs used in equation (27) were set equal to the values in the costs sheet of table 5. The maximum 

route duration was fixed at 12 hours. Even though most locations are not open 12 hours per day this 

number was still chosen because of the goods issue times of trips in 2015. In figure 8 it is clear that the 

majority of the trips start between 6 am and 4 pm. The average travel time of all trips is 101 minutes 

which is nearly equal to 2 hours. Combining these findings resulted in the chosen maximum route 

duration. This duration also allows a fair comparison with results of the VAP. A last motivation was the 

fact that the RMO trucks from the Milk Logistics department, as was explained in chapter 1, work in 12 

hours shifts. The other input parameters are discussed in the following paragraph. 

5.3.1 Testing heuristics 

First the performance of different versions of the heuristic was tested on the 167 transport requests 

from January 2nd. Both heuristics, with and without LIFO loading constraints, were tested. In these tests 

it was enforced that all requests are served in the dedicated network so that the quality of the created 

routings could be adequately compared. The total costs of routings, including operational and fixed 

costs, were used as a performance measure. Total costs were used instead of operational costs because 

cheaper routings can be created when more vehicles are used. Table 9 shows the parameters which 

were used in two different test series after initial parameter tuning. In the first series of tests the 

number of iterations was set relatively low, so that a solution was found in around two minutes whereas 

in the second series this number was increased and a routing was obtained in just under 40 minutes on 
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average. Computing times were shorter when LIFO loading constraints were imposed. At a high number 

of iterations computing times almost halved. This is caused by the fewer possible reinsertion points that 

need to be investigated. As explained in paragraph 4.4.2 the desired behavior of the search could be 

obtained by changing the parameter settings. The first two rows in table 9 show the features that are 

activated by the associated last two clusters of parameters settings. It can be noticed from table 9 that 

the temperature was not increased after the destroy procedure had been evoked. This resulted in 

poorer solutions.   

Table 9: Parameter settings for two different series of tests 

Acceptance criteria  Greedy SA Greedy SA  Greedy SA Greedy SA 

Adaptive no no yes yes no no yes yes 

Parameters   

NumberOfIterations 1000 1000 1000 1000 20000 20000 20000 20000 

DestroyParameter 900 900 900 900 18000 18000 18000 18000 

ExternalCostChangeParameter 1 1 1 1 1 1 1 1 

ExternalPenalty 1000 1000 1000 1000 1000 1000 1000 1000 

         

Temperature 10−6 1000 10−6 1000 10−6 10000 10−6 10000 

TemperatureAfterDestroy 10−6 10−6 10−6 10−6 10−6 10−6 10−6 10−6 

CoolDownRate 0.99 0.99 0.99 0.99 0.99 0.999 0.99 0.999 

         

ChangeParameter 20000 20000 20 20 20000 20000 20 20 

FeasibilityPenalty 1000 1000 1 1 1000 1000 1 1 

FeasibilityPenaltyAfterDestroy 1000 1000 1 1 1000 1000 1 1 

 

For each different setting of parameters both heuristics were run 10 times with resulting values shown 

in tables 10 and 11. The first test series, with a low number of iterations, is shown in table 10. In this 

series it can be noticed first of all that the costs are higher when LIFO loading constraints are in place. 

Secondly average costs are lowest when the most basic greedy version of the heuristic is used. This is 

the case both with and without LIFO constraints. The simulated annealing (SA) acceptance criterion 

degrades the results in both heuristics. In case of no LIFO constraints costs are similar when the adaptive 

feature is activated compared to the most basic version of the heuristic. With LIFO constraints these 

costs are slightly higher. Finally in both heuristics if SA and the Adaptive feature is used, resulting costs 

are highest. The performance difference of different versions of the heuristics is small and there is a lot 

of fluctuation in the resulting values (high standard deviations). This indicates that the results obtained 

at this number of iterations are greatly influenced by probability.  

Initial tests, at a low number of iterations, show that the more advanced heuristics are inferior to the 

most basic version. The added value of the advanced heuristics becomes apparent as the number of 

iterations increases. Results of the second series of tests, with a high number of iterations, are shown in 

table 11. A more distinct performance difference can be noticed. When LIFO loading constraints are 

ignored the performance of the heuristic increases with each additional feature activated. The adaptive 

heuristic with SA performs best in this situation, costs are lowest. In case of LIFO loading constraints the 

Adaptive heuristic with greedy acceptance criterion performs best. However SA strongly degrades the 

solution in case of LIFO loading constraints. Also in this test series the costs are much higher if LIFO 

loading constraints must be obeyed.  
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Table 10: Total costs and number of trucks in solution with 1000 iterations (bold rows: mean, stdv and minimum of column) 

No loading constraints LIFO Loading constraints 

G SA G + Ad SA + Ad G SA G + Ad SA + Ad 
33,115 60 33,218 59 33,055 60 33,769 61 34,482 64 35,968 71 34,742 66 36,609 74 

33,063 61 33,345 59 33,323 61 33,038 59 33,338 59 35,326 68 34,646 65 36,045 72 

33,184 62 33,494 59 33,491 62 34,363 59 34,501 65 35,461 68 34,721 66 35,497 66 

33,544 62 33,843 59 33,367 61 33,168 59 34,682 67 35,383 64 34,937 66 36,326 74 

33,144 60 33,440 61 32,990 59 33,463 59 34,352 65 35,411 69 34,503 64 36,576 74 

33,410 63 33,320 60 33,137 60 33,654 59 34,352 65 35,554 64 35,012 65 36,603 74 

33,121 60 33,190 60 33,484 62 33,096 58 34,353 65 35,710 70 34,574 65 36,148 73 

33,530 62 33,310 59 33,287 60 33,429 59 34,570 65 35,261 68 34,587 65 36,607 74 

32,916 59 32,995 57 33,507 62 33,440 59 34,767 65 35,165 67 34,513 64 36,608 74 

33,205 60 33,093 59 33,079 60 33,302 60 34,400 64 35,441 70 34,632 67 35,403 68 

33,223 60.9 33,325 59.2 33,272 60.7 33,472 59.2 34,380 64.4 35,468 67.9 34,687 65.3 36,242 72.3 

195.41 1.22 224.48 0.98 184.95 1.00 369.93 0.75 372.95 1.96 219.65 2.26 162.37 0.90 442.41 2.76 
32,916 59 32,995 57 32,990 59 33,038 58 33,338 59 35,165 64 34,503 64 35,497 66 

 
Table 11: Total costs and number of trucks in solution with 20000 iterations (bold rows: mean, stdv and minimum of column) 

No loading constraints LIFO Loading constraints 

G SA G + Ad SA + Ad G SA G + Ad SA + Ad 

33,009 60 33,076 57 32,792 59 32,567 58 34,393 63 34,762 60 33,659 61 34,685 62 

33,072 60 32,999 56 32,767 58 32,523 56 33,966 62 35,312 64 33,941 62 34,406 61 

33,193 62 32,989 58 32,715 59 32,496 56 34,252 63 34,495 61 33,625 61 35,091 63 

33,204 62 32,580 57 32,874 59 32,805 59 34,357 65 34,837 61 33,864 62 34,505 61 

32,910 59 32,761 56 32,794 59 32,772 58 34,601 66 35,251 63 33,707 63 34,533 64 

33,089 61 32,715 57 32,632 58 32,736 58 34,515 65 35,748 65 33,337 60 34,295 61 

33,023 59 33,138 58 32,721 58 32,437 56 34,066 63 34,417 65 33,684 61 33,821 60 

33,049 60 33,012 57 32,864 60 32,705 58 34,357 65 34,918 60 33,686 61 34,712 61 

33,211 60 32,905 57 32,852 59 32,772 58 34,338 64 34,549 61 33,861 61 34,862 64 

32,980 61 33,237 57 32,560 57 32,457 56 34,326 63 34,679 61 33,783 62 34,391 61 

33,074 60.4 32,941 57.0 32,757 58.6 32,627 57.3 34,317 63.9 34,897 62.1 33,715 61.4 34,530 61.8 
96.63 1.02 192.59 0.63 96.99 0.80 137.24 1.10 178.71 1.22 400.52 1.87 159.66 0.80 328.10 1.33 

32,910 59 32,580 56 32,560 57 32,437 56 33,966 62 34,417 60 33,337 60 33,821 60 

5.3.2 Yearly Costs 

After the heuristic had been tested it could be used to calculate the yearly costs of a dedicated network. 

This requires that a routing is created for each of the 365 days of the year. To keep computing time 

manageable only a relatively small number of iterations are available per day. The test results show that 

at a low number of iterations the basic version of the heuristic prevails. For this reason the basic 

heuristic was iterated over all days of the year. The number of iterations available per day was made 

dependent on the number of transport requests of that day to avoid wasting computational effort. For 

example during the weekend only a couple of transport requests need to be routed. It would be a waste 

of computing time to use the same amount of iterations to create a routing for this day as for another 

with a lot more requests.  

Yearly costs were calculated for the situation in which all transport requests are served in the company 

dedicated network. A trial run was conducted with 30 vehicles in each of the depots which showed that 
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day 133 required the most number of vehicles. Subsequently costs and number of routes were 

minimized by running the most advanced version of the heuristic at a high number of iterations. In case 

of no LIFO loading constraints the minimum required number of trucks spread over the depots is 91 and 

in case of LIFO loading constraints 97. This minimum number of vehicles was subsequently used as input 

for each day of the year and the heuristic was iterated again over the entire year. This resulted in total 

yearly operational costs of € 8,523,122 and € 8,848,940 respectively. The costs of vehicles needed in 

these routings were minimized by applying the fleet composition model, equation (2), introduced in 

chapter 4.2. The optimal number of fixed vehicles for each of the depots was determined and hiring 

costs for additionally needed trucks were set at 200 euros per day as previously explained. Table 12 

shows for each of the depots the number of vehicles available for the daily routing, the optimal number 

of fixed vehicles and the total vehicle costs including yearly fixed- and additional hiring costs. Adding the 

vehicle costs to the operational resulted in total yearly transportation costs of € 10,986,777 in case of no 

loading constraints and € 11,564,369 with LIFO loading constraints.  

Table 12: Vehicle costs for dedicated network serving all transport requests  

 

Total yearly transportation costs were € 8,944,818 in 2015 which is less than the costs of a dedicated 

network that serves all requests assuming maximum route durations of 12 hours. Figure 16 illustrates 

the effect of changing this parameter on the costs of a dedicated network in which all transport requests 

are served. For varying numbers of route durations costs and number of vehicles required were 

determined for January 2nd. This was done by running the greedy heuristic without LIFO constraints at 

1,000 iterations. A negative exponential trend can be noticed on the cost of the network, fewer 

available hours result in a rapid cost increase. Also not all transport requests could be served by the 

network if fewer than 10 hours were available. Transport distances of some requests are too large to be 

served by a truck and return to its depot within 9 hours. Figure 16 shows that requiring trucks to return 

to their start location has an profound effect on cost in this transport network. This is due to the 

geographical size of the network. At maximum route durations of roughly 18 hours the dedicated 

network becomes profitable compared to current costs. Running the adaptive heuristic with simulated 

annealing for a large number of iterations will shift the blue cost line downwards resulting in a lower 

breakeven point. It must be noted that additional operating costs will be incurred by increasing the 

maximum route duration. For example multiple drivers will then be needed per route. These costs are 

not incorporated into figure 16.  

 No loading constraints  LIFO loading constraints 

Depot 15 20 22 25 Total  15 20 22 25 Total 

Routing 26 29 19 17 91  30 30 18 19 97 

Fixed 19 20 11 8 58  22 24 9 8 63 

Costs 744,380 807,495 503,862 407,918 2,463,655  890,924 941,554 443,633 439,318 2,715,429 
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Figure 16: Effect maximum route duration on 2

nd
 of January 2015 

A smaller dedicated network that serves part of all transport requests was also investigated. Setting the 

external penalty (𝐸𝑃) equal to zero allows individual requests to be served by logistic service providers 

outside the dedicated network. Again the greedy heuristic was run over the entire year with 30 vehicles 

available in each depot. The optimal number of trucks per depot per day was determined by 

incorporating daily fixed vehicle costs in the destroy procedure described in Algorithm 3. In line 3 of the 

algorithm the costs differences are calculated by subtracting the individual transport requests costs 

from the costs of the route that serves them including operational and fixed vehicle costs. This way only 

routes remain that are profitable and the optimal number of trucks is determined. Subsequently the 

mean value of optimal vehicles per depot, shown in table 13, was used as input for the entire year. As a 

result yearly operational cost are € 8,227,915 and € 8,395,220 respectively in case of no loading 

constraints and LIFO constraints. Not all available vehicles are fully utilized each day of the year. 

However most days this is the case so the number of fixed vehicles was set equal to the numbers in 

table 13. Fixed vehicle costs are equal to € 517,036 and € 387,777 respectively. Resulting in total 

transportation costs of € 8,744,951 for a small dedicated network in case of no loading constraints. In 

case of LIFO loading constraints costs are slightly higher, with € 8,782,997. 

Table 13: Mean optimal number of vehicles per depot 
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6. Discussion 
Now that all results have been illustrated, they can be discussed. In the first subchapter the 

performance of the different versions of the heuristic is discussed and explained. Besides the PDP costs 

for a dedicated network were also obtained through the VAP. In the second subchapter the outcomes of 

these models is discussed and compared to each other. Followed by a subchapter that considers the 

implications these findings have for FrieslandCampina. In these three subchapters the focus is on costs 

mostly whereas in the fourth other non-quantifiable benefits of a company dedicated network are 

briefly discussed. The last subchapter discusses the limitations of the models used.  

6.1 Performance of Heuristics 
The first conclusion drawn from the test series in tables 10 and 11 is that costs are higher if LIFO loading 

constraints are enforced. This is caused by the fewer possible reinsertion points that limit the solution 

space (figure 12). As a result the created routes are less good than without LIFO constraints and costs 

are higher. The advantage of LIFO loading constraints is that in reality no time needs to be wasted on 

rearranging goods in the trailer to get access to goods that need to be unloaded. However this 

advantage is not quantified in terms of money in the heuristics. Loading and unloading times are fixed at 

45 minutes in both the heuristic with and without LIFO loading constraints. This means that the heuristic 

without LIFO loading constraints is not penalized for inconveniently unloading goods. For this reason 

costs are higher when LIFO loading constraints are enforced. In reality the costs difference of routings 

created by both heuristics would be less.  

Another important result found is that if the number of iterations are limited the most basic version of 

the heuristic resulted in the best routings. The simulated annealing acceptance criterion resulted in 

poorer solutions. This can be explained by the fact that with simulated annealing less fruitful paths are 

also investigated during the search. When the number of iterations is low this is a waste of precious 

iteration steps resulting in inferior solutions. This is also the reason why the diversifying property of 

simulated annealing became useful when the number of iterations was increased in the heuristic 

without LIFO loading constraints. In this case enough iterations were available to explore multiple paths 

in the solution space. If LIFO loading constraints were enforced then still at a high number of iterations 

simulated annealing degraded the routings created. Both with and without the adaptive feature 

activated simulated annealing performed worse compared to greedy. Further investigations are needed 

to explain this effect. 

Another finding from the test results was that a low number of iterations for both heuristics, with and 

without LIFO loading constraints, the adaptive feature deteriorated the solutions created. Similar to 

simulated annealing the benefit of this feature became apparent at a higher number of iterations. In 

both heuristics when the adaptive feature was activated at a high number of iterations, costs decreased. 

This difference can be explained in a similar fashion as with simulated annealing. The final routing 

created by the heuristic always needs to be feasible. If the adaptive feature is used also infeasible 

solutions are accepted during the search. At a low number of iterations it is a waste to also investigate 

infeasible solutions paths because the final solution can only be feasible and available iterations are 

limited. At a high number of iterations enough iterations are available to explore infeasible paths and 
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get back to a feasible solution with possibly lower costs. In this case the adaptive feature is useful to 

overcome local minima in search of the global minimum. Concluding, these test series supports the 

general findings in literature of the benefits of an adaptive feature in a heuristic (Nanry & Barnes, 2000; 

Ropke & Pisinger, 2006; Benavent et al., 2015). In the tests of the heuristic in table 11, both with and 

without LIFO constraints, the largest increase in performance was noticed when the adaptive feature 

was activated.  

6.2 PDP vs VAP 
The costs results obtained by the two different models are summarized in table 14. It is clear that costs 

are quite similar even though the models are entirely different. In this subchapter these differences are 

discussed along with the effect on total costs.  

Table 14: Yearly costs overview of different models (In the small dedicated network part of request are outsourced to logistic 
service providers outside the network) 

 VAP PDP 

  No loading constraints LIFO loading constraints 
Large Dedicated Network € 11,223,619 € 10,986,777 € 11,564,369 
Small Dedicated Network € 8,723,938 € 8,744,951 € 8,782,997 

  

Although the PDP has more freedom in creating its own routes, yearly costs are still similar to that of the 

VAP. The most important reason for this equality is that the VAP is solved as a linear-programing 

problem whereas a heuristic is used for the PDP. This means that the costs of the VAP are near minimal, 

as each of the sub-problems is solved to optimality (explained on page 37). However the yearly costs of 

the PDP are just an upper bound because a limited number of iterations were used per day due to 

computing times. If the heuristic were allowed to run for a longer period of time associated costs would 

be lower. At the current settings it took around 12 hours of computing time already to obtain these 

yearly costs (in case of no loading constraints). For this reason the number of iterations was not further 

increased. Nonetheless it should be clear that the yearly costs obtained by the heuristic are an upper 

bound and real costs are most likely to be lower. In reality the heuristic could be run for a longer period 

of time because only a routing for the next day would be needed instead of 365 routings at once.  

Another important difference is that trucks need to return to their start locations in the PDP which is not 

demanded in the VAP. This has a profound effect on costs. The transport network is considerably large 

so that demanding a return to the start locations is costly. Especially because the drivers wage is the 

biggest cost driver. In the worst case scenario this can result into an empty return trip of almost 4 hours 

(Bedum to Tilburg). In the VAP no depots are appointed to which trucks need to return and in the model 

trucks just stay at their last unloading location until they need to drive to their next pickup location. It is 

questionable how representative this is of reality. Truck drivers cannot be expected to stay in their 

trucks every hour of the year. Additional costs associated with giving drivers their rest and days off are 

not incorporated into the VAP.  For example, if drivers need to be switched, either the truck or a car 

needs to go to a specific location where the switch can take place. This will cost fuel and time. Costs of 

the VAP should therefore be higher than they are right now.  



 

46 
 

A third difference between the models is that a maximum route duration is imposed in the PDP and not 

in the VAP. As a result all transport requests are delivered within a period of 12 hours in the routes 

created by the heuristic. This is not the case in the VAP. In the VAP the transport requests are picked up 

in the same 30 minute time period as was the case in 2015. Figure 8 shows that a substantial amount of 

requests started outside the busiest 12 hour period of the day. This is another reason why the costs of 

PDP are not considerable lower than that of the VAP. Figure 16 displays the profound effect increasing 

the maximum route duration has on costs in case of the PDP, especially when the maximum route 

duration is short. On the other hand the PDP is free to route the trips in this 12 hour period whereas the 

VAP has less freedom even though requests are spread out more. 

In table 14, no loading restrictions are explicitly stated for the VAP. However, note that in the VAP LIFO 

loading constraints are implicitly used because all transport requests are seen as FTL. This means that 

one request is transported at each moment in time at most and therefore the last picked up request is 

always the first out. In the PDP not all requests are seen as FTL. To be able to determine how many 

different goods could be combined the good needed to be rescaled so that all requests had an equal 

maximum loading capacity. This was of course not needed in the VAP.  

Another difference between the models is that in the PDP the route durations in appendix D are used. In 

the VAP these times are also used, however rounded up to the nearest 30 minute time period. This is 

needed because the VAP is modelled in time periods. As a result the route durations used in the VAP are 

longer than needed and therefore fewer transport requests can be delivered per vehicle. Resulting costs 

are therefore also higher because more vehicles are possibly needed. If the VAP was modelled in smaller 

time periods, for example of 5 minutes, the resulting costs of the model would be lower. In case of a 

small dedicated network the models also differ. In the PDP the actual costs paid in 2015 are used for 

transport requests that are served outside the network. In the VAP the average costs paid in 2015 on 

each lane are used for outsourced requests.  

Finally the last difference between the models is that the fleet composition model, chapter 4.2, could 

only be applied to the PDP. The reason for this being that the PDP is solved per day and the VAP is 

solved over longer periods of time. As a result the vehicle costs in the PDP could be lowered by applying 

the model while this was not possible for the VAP. For this reason the vehicle costs in the VAP are higher 

than would be the case in reality. In the VAP the utilization of the trucks is lower compared to the PDP.   

6.3 Implications 
Now that the models have been compared it can be discussed what the implications of these outcomes 

are for FrieslandCampina. The different models give slightly different results but what would the actual 

costs of a dedicated network be? Two different scenarios are discussed; the large dedicated network in 

which all requests are served and a small dedicated network that handles part of the transport requests. 

First of all, the large dedicated transport network is considered. The actual costs of the transport in 

scope were € 8,944,818 in 2015. It is clear from the results in table 14 that none of the models resulted 

in lower costs. The heuristic without loading constraints had the lowest associated costs which are still 

over 2 million euros higher than current costs. In case LIFO restrictions are imposed the difference is 
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over 2,5 million and the costs of VAP are in between. If a company dedicated network would be 

implemented it is likely that pickup times would be more flexible than in the VAP. In the VAP pickup 

times are really strict which negatively effects costs of the network. Therefore the results of the 

heuristics are likely to be more representative of  the actual costs of a dedicated network. The heuristic 

without loading constraints is probably the most representative of the two heuristics. The reason being 

that for all transport requests 45 minutes of loading and unloading times are used in the model. This is a 

good approximation of handling times in case of full truck loads, which the majority of the transport 

requests are. However there are still a lot of transport requests which are LTL. Therefore the total 

loading and unloading times are an overestimation of actual times. The occasionally incurred additional 

unloading time caused by inconveniently placed goods is thus compensated within the model for a large 

part already.  

So the heuristic without loading constraints seems most representative of the costs. However the costs 

produced by this model are an upper bound. The real costs will be lower. Nonetheless these costs would 

most likely not be lower than current costs. None of the test results in table 11, at a high number of 

iterations, have costs that are lower than current costs for January 2nd (€ 30,447). A large dedicated 

network in which all requests are served will therefore be more expensive in the current situation and 

with the current assumptions. The results obtained by the heuristic are however strongly influenced by 

the maximum route duration, as shown in figure 16. It can be questioned how representative a 12 hour 

maximum route duration is. Large production locations are often open for longer periods of time 

whereas smaller ripening locations are open fewer hours. Figure 8 also shows that a decent number of 

trips start outside the 12 hours peak period. It is likely that in a situation where all locations have longer 

and equal opening times a dedicated network would be profitable. In the heuristic the trucks also need 

to return to their depot which increased costs. If this would not be demanded by the model costs of the 

network would be lower.  

Now the small dedicated network will be discussed. All of the models resulted in costs which are slightly 

lower than current costs, as can be seen in table 14. The routings produced by the heuristic without 

loading restrictions resulted in transportation costs which are around 200 thousand euros cheaper. The 

cost difference will be larger still because the costs of the heuristic are an upper bound. Furthermore, if 

the maximum route duration can be increased, due to possibly longer and equal opening times in the 

future, costs can be lowered further. Such a small dedicated network therefore might seem interesting. 

However the potential costs saving will be lower due to additional costs that accompany a dedicated 

network. Management and planning costs will be incurred if implemented. The possible costs saving of a 

dedicated network will therefore be small and most likely not worth the effort of a drastic change in 

transportation policy. Besides, if a dedicated network is implemented the possibility exists that current 

logistic service providers will increase their prices. If they do so, the costs saving of a small dedicated 

network can be offset by the increase in prices of the other transport requests. Transportation costs will 

then be higher than was initially the case as is illustrated in figure 15.  

6.4 Qualitative Benefits 
Beside costs effects a dedicated network also has other effects on operations. Currently it occurs 

repeatedly that the logistic service providers are multiple hours late. Often this is not reported to the 
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locations from which the goods need to be picked up or delivered to. As a result goods that need to be 

picked up are blocking the docks. This means that when another truck arrives the dock needs to be 

emptied so that the new truck can be loaded. This results in unnecessary labor which is costly. In a 

company dedicated transport network more control is imposed so that situations like these can be 

avoided. Also this additional control can be used to optimally tune processes between different 

locations. Smaller inventories are needed with cost savings as a result. Another benefit of a dedicated 

network is that hygienic quality of the trucks can be ensured. In a dedicated network the trucks are only 

used to transport cheese and no other products. These are some of the unquantifiable benefits that also 

are associated with a company dedicated transport network.  

6.5 Limitations 
In modeling real life situations, it is inevitable to make assumptions that simplify reality. These 

assumptions can however have a profound effect on the applicability of the results. The consequences 

of the assumptions made in the different models are discussed in this paragraph.  

First of all the goods issue time was used as the starting time of the transport requests in this research. 

It should be the case that trucks start driving at that time. Nonetheless it often is the case that the way 

bill is created awhile before the truck leaves. Sometimes this happens the night before when trucks start 

arriving early next morning. This has a large effect on how representative the different models are of 

reality. However starting times were needed and the goods issue time was the best option. Also it was 

undoable and impossible to investigate the reliability of each individual goods issue time due to the 

sheer number of requests which all were created in the past. Another limiting factor is that deterministic 

models were used. Travel distances and times were kept constant. In reality traffic jams may occur or 

roads might be closed resulting in varying travel times and distances throughout the year. Furthermore, 

last minute transport requests can be needed in reality. These uncertainties will increase the costs of the 

dedicated network in reality. In both the VAP and PDP it is assumed that loading and unloading times 

are of equal length for all transport requests even though the number of goods differ per request. In 

reality it takes less time to unload LTL than a FTL. However, times used are representative of a FTL. The 

labor costs in the models are therefore high, especially for the VAP and the heuristic with LIFO loading 

restrictions.  

In the heuristic a maximum route duration constraint is imposed instead of time windows per request. 

This implicitly states that all locations have equal opening hours which is not the case in reality. Another 

simplification of reality made in the heuristic is that the amount of goods per request was rescaled so 

that all requests had equal maximum load capacity. During this thesis another model was also created 

that determined how many items of different goods could physically be combined in a trailer. However, 

it was not managed to incorporate this model within the routing heuristic.   

  



 

49 
 

7. Conclusions & Recommendations 
Now that all results are given and have been discussed a conclusion can be formulated. 

Recommendations to FrieslandCampina will also be given along with possibilities for further research.  

7.1 Conclusions 
To answer the research questions two different models were used to get an indication on the costs of a 

dedicated transport network. The problem was formulated as a VAP and solved to near optimality. This 

gave an indication of costs if starting times of trips are strict. Loosening these constraints and allowing 

for consolidation of requests was achieved by modeling the problem as a PDP. The computational 

complexity of this problem however is much higher so that a heuristic was needed. An adaptive heuristic 

has been developed, inspired on a recent article (Benevant et al., 2015), specifically altered for the 

situation encountered at FrieslandCampina. The heuristic can either be run with or without LIFO loading 

constraints imposed. Finally a model was used that minimized vehicles costs by determining the optimal 

balance between owned and hired vehicles. Based on the results obtained by the models it can be 

concluded that the costs of a dedicated network in which all transport requests are served are most 

likely to be higher than current costs. In the current situation a large dedicated network for the internal 

transport of cheese is not profitable. Costs will likely be slightly lower if a small dedicated network is 

implemented. Circumstances would however have to stay the same, especially the rates current logistic 

service providers charge. This research also shows that there is potential in a dedicated cheese transport 

network for FrieslandCampina. Synchronizing and increasing opening times of the different locations will 

make a dedicated network financially more beneficial. Additional control over the transportation 

process also results in other qualitative benefits.  

7.2 Recommendations & Implementation 
In FrieslandCampina’s current situation it is not recommended to implement a dedicated network, small 

or large, for the internal transport of cheese. A large dedicated network is more expensive and a small 

one is just slightly cheaper than current costs. A drastic reorganizing of the way of working is required if 

such a small network would be implemented. The cost savings in the current situation are not high 

enough for such a change, especially because of the possibility that the current logistic service providers 

increase their prices. It is however recommended to FrieslandCampina to do a similar research project 

again in the future if opening times have increased. In that case FrieslandCampina might decide that a 

dedicated network is worthwhile. For the implementation of a dedicated network two major decision 

areas were identified and each is discussed in a separate paragraph. 

7.2.1 Vehicles 

The first choice that needs to be made is how to implement the vehicles needed in a dedicated network. 

First of all the trucks could be bought by FrieslandCampina. However this requires a large investment 

with a low return on investment in case of a small network. Currently the return on investment in case 

of a large network is negative even because no costs savings are obtained. FrieslandCampina can more 

profitably invest money in projects with a higher rate of return and which lie closer to their core values. 

Another possibility is to create a situation similar to that of Milk Logistics, as is explained in chapter 1.5. 

This way a company dedicated network can be obtained without a high initial investment. In such a 
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situation it would be particularly helpful if the current logistic service providers would provide the 

dedicated vehicles. This way they will be partially compensated for the transport requests they lose to 

the dedicated network. This mitigates the risk of a price increase by the current logistic service 

providers, as illustrated in figure 15, in case of a small company dedicated network.  

7.2.2 Planning 

Secondly the planning of the dedicated network also needs to be implemented. Three different 

possibilities are described. Planning could be done by FrieslandCampina itself, similar to how Milk 

Logistics do their planning. The advantage of this option is that low operational planning costs are 

incurred. In case of a small dedicated network one planner would be enough to do all the planning. In 

case of a large dedicated network 4 planners would be enough, at Milk Logistics one planner is needed 

per 25 vehicles on average. The planning cost therefore would be the cost of either one or four fulltime-

equivalents. A disadvantage of this option is that a large investment is needed. Planning software will 

possibly need to be bought which is expensive. Another option is that the same planning software is 

used that Milk Logistics uses. This would have to be investigated further to check if that is possible. A 

different choice is to do planning externally by the logistic service providers that provide the dedicated 

trucks for the network. They already have planning software so no high initial investment is needed. 

However, a major disadvantage is that the planning is not done by a independent party. In case of a 

small dedicated network the planners could plan all difficult trips in the dedicated network and service 

most profitable requests individually. The total transportation costs for FrieslandCampina therefore 

would increase. The final possibility is to let the planning be done by an external independent party. This 

way no initial investment is needed and independence is ensured. This comes at a costs however 

because this third party would need to be compensated. An often used structure is that a service fee for 

each planned requests is charged.  

7.3 Further Research 
The heuristic proposed in this thesis uses a maximum route duration. To get a more accurate estimate of 

the costs of a dedicated network in the current situation a heuristic with time windows instead of a 

maximum route duration could be implemented. Also loading and unloading times could be made 

dependent on the load size in this heuristic. This would be difficult to do but would make the  heuristic 

and associated costs more representative of reality. It would also be interesting to create a PDP model 

in which the trucks do not have to return to a depot. Due to the large distances between locations it is 

costly to return to the depot at the end of each day. This model would therefore result in lower costs.  

This same research could also be repeated with a larger scope. With the current scope, a large dedicated 

network is not profitable. However, with more transport in scope it can possibly become profitable. 

Adding the internal transport of other business units would make the network more dense which would 

lower relative costs. More research into the qualitative effects of a company dedicated network would 

also be interesting. This way a better informed decision can be made regarding the question whether to 

implement a company dedicated network or not. Finally, as was previously already mentioned, this 

same research should be repeated when the opening times of the locations have increased and become 

more equal to each other. In that case a dedicated company network is likely to be profitable.  
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Appendix A 
 

 

Outbound flows of internal cheese transport per location per week 

 

Summary statistics of number of outbound trips per week 

 Bedum Groot Ammers Leerdam Rutten Wolvega Workum Average all locations 

Mean 60,3529 57,2157 147,9804 112,0588 123,2549 94,2941 39.5992 

Standard Deviation 7,4829 8,6689 13,1753 14,5796 11,7019 9,2425 1.9607 

Coefficient of Variation 0,1240 0,1515 0,0890 0,1301 0,0949 0,0980 0.0495 
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Appendix B 

 
Starting times of cumulative number of trips

 

Starting times of cumulative number of trips 

 

Starting times of cumulative number of trips 
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Appendix C 
Distance matrix 
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Appendix D 
Travel time matrix 
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Appendix E 

 

Norm values Milk Logistics compared to Google Maps values 

Date Start Location End Location Travel Distance Travel Time 

   Norm Maps Difference Norm Maps Factor 
8/1/2011 BALKBRUG WORKUM 111 111 0 104 69 1.5072 
8/1/2011 BALKBRUG GERKESKLOOSTER 92 107 -15 80 69 1.1594 
8/1/2011 BALKBRUG BEDUM 93 90 3 88 57 1.5439 
8/1/2011 BALKBRUG MARUM 85 97 -12 75 57 1.3158 
8/1/2011 BALKBRUG LOCHEM 66 60 6 65 52 1.2500 
7/1/2015 BALKBRUG ZEEWOLDE 75 76 -1 73 52 1.4038 
2/1/2014 BALKBRUG LUTJEWINKEL 165 165 0 150 98 1.5306 
8/1/2011 WORKUM BALKBRUG 111 109 2 104 68 1.5294 
8/1/2011 WORKUM GERKESKLOOSTER 85 85 0 81 59 1.3729 
8/1/2011 WORKUM BEDUM 114 113 1 106 73 1.4521 
8/1/2011 WORKUM MARUM 80 77 3 77 48 1.6042 
8/1/2011 WORKUM LOCHEM 159 154 5 130 102 1.2745 
8/1/2011 WORKUM BORN 278 281 -3 240 172 1.3953 
7/1/2014 WORKUM ZEEWOLDE 108 108 0 101 75 1.3467 
8/1/2011 WORKUM LUTJEWINKEL 79 79 0 76 52 1.4615 

8/1/2011 GERKESKLOOSTER BALKBRUG 92 107 -15 80 69 1.1594 
8/1/2011 GERKESKLOOSTER WORKUM 85 87 -2 81 61 1.3279 
8/1/2011 GERKESKLOOSTER BEDUM 39 36 3 42 35 1.2000 
8/1/2011 GERKESKLOOSTER MARUM 23 14 9 23 20 1.1500 
8/1/2011 GERKESKLOOSTER LOCHEM 157 157 0 144 113 1.2743 
12/1/2012 GERKESKLOOSTER BORN 314 311 3 278 181 1.5359 
8/1/2011 GERKESKLOOSTER LUTJEWINKEL 144 141 3 125 91 1.3736 
1/1/2010 BEDUM BALKBRUG 93 90 3 88 58 1.5172 
8/1/2011 BEDUM WORKUM 114 114 0 106 74 1.4324 
8/1/2011 BEDUM GERKESKLOOSTER 39 36 3 42 34 1.2353 
8/1/2011 BEDUM MARUM 40 39 1 40 30 1.3333 
8/1/2011 BEDUM LOCHEM 157 148 9 141 107 1.3178 
8/1/2011 BEDUM LUTJEWINKEL 168 169 -1 150 104 1.4423 
8/1/2011 MARUM BALKBRUG 85 96 -11 75 56 1.3393 
8/1/2011 MARUM WORKUM 80 78 2 64 50 1.2800 
8/1/2011 MARUM GERKESKLOOSTER 22 14 8 22 19 1.1579 
8/1/2011 MARUM BEDUM 40 39 1 40 30 1.3333 
8/1/2011 MARUM LOCHEM 155 149 6 135 101 1.3366 
8/1/2014 MARUM ZEEWOLDE 131 131 0 121 79 1.5316 
8/1/2011 MARUM LUTJEWINKEL 134 133 1 115 80 1.4375 
8/1/2011 LOCHEM BALKBRUG 65 60 5 53 55 0.9636 
8/1/2011 LOCHEM WORKUM 159 154 5 130 104 1.2500 
8/1/2011 LOCHEM GERKESKLOOSTER 157 156 1 144 114 1.2632 
8/1/2011 LOCHEM BEDUM 157 148 9 141 108 1.3056 
8/1/2011 LOCHEM MARUM 155 148 7 135 103 1.3107 
8/1/2011 LOCHEM BORN 208 205 3 187 123 1.5203 
7/1/2014 LOCHEM ZEEWOLDE 92 92 0 87 70 1.2429 
8/1/2011 LOCHEM LUTJEWINKEL 191 189 2 168 118 1.4237 
12/1/2015 LOCHEM GEMERT 136 134 2 125 94 1.3298 
4/1/2013 TILBURG LOCHEM 148 148 0 135 99 1.3636 
Average  1  1.3519 
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Appendix F 
 
Pseudocode for combing transport requests 

1  FTLTrips ⊆ Trips with load = 30 
2  MergedTrips ⊆ Trips with load ≤ 30 
3  for 𝜑 iterations do 
4   FTLMergedTrip ⊆ MergedTrips with load = 30 
5 FTLTrips = FTLTrips ∪ FTLMergedTrips 
6  LTLTrips ⊆ MergedTrips with load ≤ 30 
7 MergedTrips = ∅ 
8  while LTLTrips ≠ ∅ do 
9  Combinations ⊆ LTLTrips with same start and end location 
10  Results = set of combined requests ∈ Combiniations with loads ≤ 30 
11  while Results ≠ ∅ do 
12   place request ∈ Results with maximum load into MergedTrips 
13   remove associated requests from Results 
14  end while 
15  place Combinations ∖ Results into MergedTrips 
16  remove Combinations from LTLTTrips 
17 end while 
18 Trips = FTLTrip ∪ MergedTrips   

Appendix G 
 
Pseudocode for assigning trucks to routes 

1  while Trucks ≠ ∅ do 
2   iterate over locations with available trucks 
4  assign truck to route closest 
5  remove truck from Trucks 
6  set start location of remaining routes equal to -1 
7  iterate over all routes 
8   add start location at the end of route  

Appendix H 
 
Pseudocode for adaptive feasibility penalty 

1  if (current solution is feasible) then 
2   increase feasibilitycounter by 1 
3 infeasibilitycounter = 0  
4  if (current soltuion is infeasible) then 
5   increase ifeasibilitycounter by 1 
6 feasibilitycounter = 0  
7  if (feasibilitycounter = changeparameter) then 
8   𝑭𝑃 = 𝑭𝑃 /2 
9 feasibilitycounter = 0 
10 if (infeasibilitycounter = changeparameter) then 
11   𝑭𝑃 = 𝑭𝑃 *2 
12 infeasibilitycounter = 0   
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Appendix I 
 

Annual vehicles costs at varying fleet sizes 

𝒗 𝑪(𝒗) 𝒗 𝑪(𝒗) 𝒗 𝑪(𝒗) 𝒗 𝑪(𝒗) 𝒗 𝑪(𝒗) 𝒗 𝑪(𝒗)  𝑪(𝒗) 

1 2,989,600 12 2,746,455 23 2,576,132 34 2,435,821 45 2,280,423 56 2,240,023 67 2,490,726 

2 2,965,270 13 2,727,051 24 2,563,218 35 2,422,566 46 2,266,405 57 2,251,970 68 2,521,657 

3 2,940,111 14 2,708,482 25 2,550,752 36 2,409,158 47 2,252,696 58 2,266,627 69 2,553,184 

4 2,914,470 15 2,690,958 26 2,538,361 37 2,395,588 48 2,240,505 59 2,283,813 70 2,585,107 

5 2,890,061 16 2,674,333 27 2,525,867 38 2,381,822 49 2,231,057 60 2,302,944 71 2,617,029 

6 2,867,407 17 2,658,439 28 2,513,264 39 2,367,899 50 2,224,159 61 2,324,824 72 2,648,948 

7 2,846,132 18 2,642,,891 29 2,500,538 40 2,353,756 51 2,220,252 62 2,348,472 73 2,680,866 

8 2,825,227 19 2,628,546 30 2,487,707 41 2,339,372 52 2,217,931 63 2,373,885 74 2,712,784 

9 2,805,262 20 2,614,638 31 2,474,765 42 2,324,716 53 2,218,426 64 2,401,078 75 2,744,701 

10 2,785,727 21 2,601,763 32 2,461,921 43 2,309,981 54 2,222,962 65 2,430,043 76 2,776,617 

11 2,765,822 22 2,588,919 33 2,448,938 44 2,294,949 55 2,230,353 66 2,459,990   

  



 

61 
 

Appendix J 
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