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“In applying mathematics to practical matters, we make tentative assumptions about the real world 

which we know are false but which we believe may be useful nonetheless… 

…the statistician knows: in nature there never was a normal distribution, there never was a straight 

line, yet with normal and linear assumptions, known to be false, he can often derive results which 

match, to a useful approximation, those found in the real world.” 

(Box, 1976) 
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Abstract 
A waste collection company currently offers a fixed fee tariff structure based on container volume. 

Customers can decide on the size of the waste container and the collection frequency, and pay a 

fixed fee accordingly. The profitability of a product and or customer is largely dependent on the 

weight of the waste delivered, because of the processing costs involved, which are based on the 

waste weight. It was investigated whether price differentiation and a new tariff structure based on 

waste weight, instead of container volume, could improve the company’s profit. The three-part tariff 

was chosen as the most suitable tariff structure, and a model was constructed to determine the 

optimal tariff parameters. It was concluded that the introduction of a three-part tariff, will maximize 

the company’s total profit and will increase the expected profit per customer. This will outweigh the 

additional cost (due to extra service time) incurred for registering the waste weight data.     



5 
 

Preface 
The report in front of you is the result of my graduation project, which was conducted in completion 

of the master Operations Management & Logistics, at the Eindhoven University of Technology. The 

graduation project was carried out in a company environment.  

I never expected the waste collection business to be so large and interesting, and I would like to 

thank the company for the support of this project. I also would like to thank the people that made 

this project possible, either by giving advice, supporting with the data, or helping me to find the right 

people within the organization. Especially, I want to thank my company supervisor, Marc Lensen. He 

introduced me to this project, helped me to gain new insights and ideas to improve the project, and 

provided the freedom to explore the different research directions of this project. 

I want to thank my supervisors at the TU/e, Mr. Huang and Mr. Flapper. I am very grateful for the 

useful comments and feedback they have given me throughout the project. 

This master thesis project marks the end of my time as a student at the TU/e. After completion of 

the bachelor Architecture, Building & Planning, I was looking for a more quantitative challenge, and 

found this in the master Operations Management & Logistics. I enjoyed working on the master 

courses together with Tom and Robbe, as well as with all the other students I have met. 

All of this would also not have been possible without the love, patience and support of my parents 

and my girlfriend Maaike.   

Joan Stip          Eindhoven, June 2016 

  



6 
 

Management Summary 
 

Motivation of the research 

 

The waste collection business has a large focus on volume. Container sizes and waste quantities are 

expressed in liters or cubic meters. However, from a cost perspective, it’s all about kilograms. Waste 

weights can vary largely from one container to another. This variety is caused by the specific weight 

of the waste, the level of compaction, the moisture content and the fill level of the container. 

Shrinking market conditions for the waste collection business resulted in lower total waste volumes 

and volatile raw material prices. This led to competition on the remaining volumes with significant 

pressure on prices. Lower revenues and significantly lower margins were achieved, which increased 

the necessity to focus on margin and price. 

The company is able to register the weight of individual containers at the time of collection, but this 

incurs some extra seconds service time at each customer. Currently, weight data is collected only six 

weeks per year, during so called weighing weeks. In these weeks, the waste weight of every 

container is registered.  

The first goal of this master thesis was to study the waste weight data, and determine unbiased 

estimates for the average waste weight per collection. Currently, there is no statistical justification 

for the estimates used by the company for costing and pricing. The company wanted to gain more 

insight in the weight data. 

Also, a strong hypothesis within the company was that heavy weights could be attributed to 

predictors such as business sector and collection frequency, and that this could serve as a basis for 

price differentiation. This hypothesis was also investigated in this thesis, to see if group differences 

could be identified. 

Furthermore, this thesis analyzed the profitability of different tariff structures. The goal here was to 

determine whether a weight-based tariff structure could bring the company more profit. 

Problem definition 

Market pressure on prices caused margins for ROL-containers to erode. Processing costs can vary 

largely from one customer to another, based on the amount of waste (in kg) that they deliver. 

Weights have a large impact on the business of the company, but weight data is currently not used 

in pricing of ROL containers. Sampled weight data is available and more data can easily be obtained, 

so the question becomes how the company can use this weight information to differentiate prices 

and what will be the potential value of using this information. 

This research focused on ROL-containers residual waste, where the scope was limited to Dutch 

customers in the SME segment. 

Methodology 

Different research methods were used to determine the answers to the research questions. As a first 

step, in chapter 6, a literature review was conducted to determine which models are used in 

literature to make use of price differentiation based on customer usage. Also the application of 

these models in the waste collection/recycling business was studied.  
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Next, in chapter 7 and 8, the weight data was analyzed both graphically and statistically. First, in 

chapter 7, the distribution function of the weight data was determined and new estimates for the 

average container load were established. Then, in chapter 8, an ANOVA analysis was conducted to 

determine if statistical significant group differences existed. A regression model was constructed to 

see if waste weight can be predicted by the factors: business sector, collection frequency and 

geographic area.  

In chapter 9, both a qualitative analysis and a quantitative analysis were conducted to determine the 

optimal price differentiation model for the company. For the qualitative analysis, we considered 

literature as well as the company’s perspective. For the quantitative analysis, a model was 

constructed to determine the optimal tariff structure and contract parameter values. 

Conclusions 

It was concluded that the distribution of the waste weight data cannot be characterized by a 

symmetrical normal distribution, as was done by default by the company. An outlier procedure 

based on the assumption of a normal distribution therefore leads to the removal of valid data. The 

weight data shows instead a non-symmetrical and positively skewed distribution, where the mean is 

higher than the median. This indicates that the mean is influenced quite heavily by the larger weight 

values.  

Group differences in mean waste weight can be identified based on business sector and collection 

frequency. Although group differences exist, using these group differences as the basis for a 

prediction tool does not result in a very good model, because there is still a lot of variation within 

each group and not much variation between groups. Segmenting customers based on these criteria 

would still result in light and heavy customers spread around each segment. Therefore, using these 

segmentation criteria as a basis for price differentiation will not be very useful. 

A three-part pricing model appeared to be the most interesting model based on the qualitative as 

well as on the quantitative analysis. Such a pricing model consists of a fixed fee, an allowance limit, 

and an overage price per unit for exceeding the allowance limit. Based on the qualitative analysis, 

the three-part model seems the most suitable to address the issue of the company, because the 

three-part tariff offers the benefits of the fixed-fee contract (certainty for the customer), while on 

the other hand it enables the company to price differentiate based on usage.  In the quantitative 

analysis a model was constructed to come up with the optimal tariff parameters. When comparing 

the optimal three-part tariff with other tariff structures, it can be seen that the three-part tariff is 

well able to outperform the others.  

The expected profit (margin) per customer under such a tariff structure will increase quite largely, 

and will outweigh the additional costs of collecting the weight data.  However, it is uncertain what 

the effect is on the number of customers that will leave or change their contract, as well as the 

effect on the number of potential new customers. Only a more thorough analysis with respect to 

customer behavior under tariff change, can tell the real consequences of such a change in tariff 

structure. The model that was created in this research should be seen as a first step to investigate 

the dynamics of a new tariff structure.  

Recommendations 

1. The use of the new container weight estimates 

Using the container load estimates obtained in this research will result in more accurate calculations 

for the company. The use of these estimates is not just limited to the customer profitability model, 
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they can also be useful for operational decision making such as transportation planning. Since 

company actions on the tariff structure can influence these weights, the company is advised to 

update these values yearly, following the procedure described in chapter 7. 

2. The use of a three-part pricing contract 

The company can significantly improve profitability by adopting a new pricing strategy for their 

contracts. Introducing a weight limit in the contracts will result in “heavy” customers that either 

have to become profitable or will resign their contract. On the other hand, because the average 

container load will decrease, a lower fixed fee can be charged, which might be able to attract more 

new customers.  

3. Collection of weight data  

The implementation of a weight based tariff structure, requires the collection of waste weight data. 

Also, high-cost customers can be identified by monitoring their waste weights. Currently, this 

procedure is not completely error free, and can be improved. Several errors can occur in the weight 

process, so the process should be made more verified. 

Academic relevance and further research 

This research was conducted with a focus on commercial waste collection. The model used to 

determine the optimal tariff can also be applied to other service industries where the cost to serve a 

customer largely depends on the usage level of the service. Such industries are for example: 

electricity, telecommunications and car lease, but one can also think of high-tech industries where 

service contracts for high value equipment are offered to customers.  

The pricing model that was created for this research describes some of the dynamics of the real 

world problem but certainly not all, and therefore possibilities to extend the model exist. The model 

in this research mainly focused on the customer purchase decision. This could be extended by 

modeling customer behavior such as the tariff choice decision under multiple tariffs and the usage 

quantity decision. The analysis can also be extended by incorporating the tariffs offered by 

competition.  
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List of Definitions 
  

Activity-based Costing Activity-based costing (ABC) is a costing method to allocate costs to 
products or services. The general idea is that products or services 
(cost objects) are the result of activities, and these activities 
consume resources. 

  
Commercial Residual Waste All waste products from the service sector (retail, offices, 

institutions etc.) and the industrial sector, not directly originating 
from the production process and in terms of nature and 
composition similar to household waste.  

  
Commercial Waste 
Collection 

The collection of commercial refuse from (large) containers at 
commercial (non-domestic) customers 

  
Functional (re)-use Waste is used either as a raw material or as energy source (by 

incineration) 
  
Goodness of fit The agreement of a set of observed values and a set of theoretical 

values that depend on some hypothesis. The term is used in fitting a 
theoretical distribution to a set of observations. 

  
Incineration A waste treatment process that involves the combustion of waste 

materials. Sometimes the heat is used to generate electricity. 
  
Landfill Disposal of waste materials by burial on a landfill site 
  
Nonlinear Pricing Any kind of price structure in which there is a nonlinear relationship 

between price and quantity of goods (or consumption level of 
service) 

  
Processing (waste) Temporary storage of waste at dump sites, transportation to final 

processing locations, and the final treatment process applied to the 
waste. 
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List of Abbreviations 
 

3P  Three parameter 

ABC  Activity-based Costing 

AFZ  Roll-on-roll-off containers   (Dutch: Afzet-container) 

ANOVA  Analysis Of Variance 

B2B  Business to Business 

CDF  Cumulative Distribution Function 

CS  Chi-Squared 

GOF  Goodness Of Fit 

LA  Large Accounts 

LAP  National Waste-management Plan  (Dutch: Landelijk Afvalbeheer Plan) 

MLE  Maximum Likelihood Estimation 

PDF  Probability Distribution Function 

ROL  Trolley containers    (Dutch: Rol-container) 

SME  Small and Medium Enterprises 

WEEE  Waste Electrical and Electronic Equipment 

WTP  Willingness To Pay 
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1. Introduction 
This report is the result of a master thesis project, conducted at the company in the Waste Collection 

business. The first chapters are used to describe the research problem and setting. In this first 

chapter, a short description of the company and its market is given. The information is mainly based 

on the company’s annual and sustainability report. In the next chapter, the research problem is 

stated and the scope of the research is outlined.  

1.1 The Dutch waste market 

The Dutch waste market knows a wide variety of players. There is a mix of large and small 

companies, with an international, national, or regional focus and also private and public sectors are 

mixed. For private companies, besides household waste collection, commercial waste collection is an 

important source of income. The five largest players in the Dutch waste market are: Van 

Gansewinkel, Shanks, Suez (heretofore: SITA), Indaver and Attero. They represent roughly forty 

percent of the market, in revenue. The numbers 6 till 25 own twenty percent (Erich & Peek, 2014). 

Van Gansewinkel, Shanks and Suez  are also present in the top 15 of Europe. 

The yearly production of waste in the Netherlands, rose from 47 million tonnes in 1985 to 63 million 

tonnes in 2000 and lowered to approximately 60 million tonnes in 2010. The numbers are lagging, 

because most recent numbers of total waste production are from 2010. The national waste 

management plan (LAP2) states that total waste production in 2015 should not exceed 68 million 

tonne and 73 million tonne in 2021. Due to the economic crisis, this number will perhaps be lower 

than expected, according to (Erich & Peek, 2014). 

The processing methods of waste can be categorized in: Functional (re-)use, incineration, and 

landfill. Where in 1990 66% of the total amount of waste was functionally used, this percentage 

increased to 88% in 2010. The company where this research is conducted, managed to functionally 

(re-)use 93.1% of total waste in 2013 and 2014. 

1.2 Waste Collection 
The company provides waste management solutions for customers. The company collects and 

transports waste from households, businesses and other entities to treatment and processing 

locations. Within the Waste Collection division, the company also deploys some recycling activities 

for amongst others paper, cardboard, wood and food waste. The company also provides more 

specialized services such as hazardous waste treatment in the chemicals division. Although separate 

collection is provided for a large variety of waste streams that can be recycled, there always remains 

a residual waste stream. This residual waste stream can consist of many different components. 

Residual waste is transported to external processors where it will be incinerated to recover energy. 

The collection services can vary with respect to waste type, container size (and or type) and 

collection frequency. Customers can request different combinations of these services. The services 

are typically sold on a contract basis. The company segments its business customers into two groups, 

based on the revenue they generate: Large Accounts (LA) and Small and Medium Enterprises (SME). 

Large Accounts are customers generate a revenue > x.  These accounts are managed by sales 

representatives that visit the customers, and negotiate over an extensive combination of services. 

These sales representatives are usually in competition with some of the major competitors, and it 

often involves one or more rounds of negotiation on price and service levels. 
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SME customers generate a revenue < x. Sales are handled primarily by SME managers and a telesales 

team. Negotiations are possible, but up to a certain limit. For these customers, most of the services 

are limited to a standardized set of options. The company wants to keep conditions for these 

customers as general as possible.   

In the waste collection division, the company provides two main types of container services: Trolley 

(ROL) and roll-on-roll-off (AFZ) containers. Appendix A provides some pictures of these container 

types. ROL-containers are movable containers on trolley wheels, and multiple customers can be 

serviced in one truck route. There can be for example 80 customers in one truck route. ROL 

containers come in different volumes, varying from 0,12-5 m3. The volume of a typical ROL 

container is 1,1 m3. ROL containers are in general serviced on a frequency basis but collection on 

demand is also possible. Customers can decide on the size of the waste container and the collection 

frequency, and pay a fixed tariff accordingly.  

AFZ containers are larger roll-on-roll-of containers where a truck can service only one container at a 

time, see also Figure 18 in Appendix A. AFZ containers also come in different volumes, varying from 

3m3 to 40m3. A container is collected when the customer demands it (mostly when full). Each 

container is weighed before delivered to the customer and when returned to the depot full. The 

price that the customer pays is based on the actual amount of waste (in kg) that is delivered, 

container rent, and a transportation component.  
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2. Problem description 
In this chapter, the research problem is introduced. The problem statement is based on information 

from company reports and interviews with experts from within the company. Based on the problem 

statement, deliverables for the company are defined in the next chapter. 

2.1 Motivation of the research 

In the past, good times went by for the waste industry. The increasing attention for sustainability 

and growing economies led to increasing demand for raw materials and investments in capacity 

were made. But in recent years, the waste industry experienced more turbulent times. The 

economic crisis caused shrinking market conditions, which resulted in lower total waste volumes, 

and volatile raw material prices. This led to competition on the remaining volumes with significant 

pressure on prices. Despite the difficult market conditions, the company was able to extend its 

customer base in the SME segment but at lower market prices and with less volume. This resulted in 

lower revenues and significantly lower margins. This increases the necessity to focus on margin and 

price. 

To create insights into actual margins, the company introduced a customer profitability model, in 

order to identify unprofitable services and customers. For each service offered, cost calculations 

were made, using activity based costing. Once cost drivers were identified, it became clear that 

approximately 50% of the cost of ROL-container services are processing costs, which can be seen in 

Appendix C1. These costs are dependent on the weight of waste inside a container, not on volume. 

Figure 1 in gives an overview of resources and activities involved in the waste collection process of 

ROL-containers.  

 

Figure 1 Resources and activities of the waste collection process (CPM Model, 2014) 

The waste collection process concerns three main activities. These activities are Rent, Transportation 

and Processing.  
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- The first activity is Rent. A customer rents a container from the company to collect his waste. 

Container rent is based on the containers asset costs, considering purchasing, depreciation and 

maintenance.  

- The next activity in the process is Transportation. The waste is collected at the customer’s location 

by the company, using a collection vehicle, manned by one or more truck drivers. When the 

collection truck is full, the driver brings the waste to a dump site. Vehicles and vehicle staff costs are 

based on hourly rates. 

- The last activity is Processing. At the dump site (Op- & Overslag), waste is temporarily stored, and 

sometimes sorted, before it is transported to the external processor (Aftransport), where the waste 

is incinerated (Waste Processing). The costs for these resources are based on the actual amount of 

waste (in kg’s).  

For ROL-container services, pricing is based on container volume. Container volume is not an 

accurate measure for the amount of waste in kg’s, because it is subject to significant variation. This 

can be seen in Figure 19 in Appendix D which shows a histogram of waste weight values (in kg) of 

type E ROL-containers residual waste. 

Tchobanoglous, Theisen, Vigil, & Alaniz, (1993) write on the bias of weights of solid waste. Variety is 

caused by the specific weight, the level of compaction, and the moisture content of the waste. 

Specific weight can be described as the weight per unit volume. (Tchobanoglous et al., 1993) report 

typical specific weights for various types of waste. For commercial residual waste, a value of 119 

kg/m3 (range 50-181) is reported. They also report values for other types of waste such as (wet) 

food waste with a typical weight of 540 kg/m3 (range 475-949), agricultural (mixed) with a typical 

weight of 561 kg/m3 (range 400-750) and construction and demolition waste that can take values 

ranging from 181-1801 kg/m3. If these other waste types get (partially) mixed up with the residual 

waste stream, this can impact the waste weight largely.  

The company is able to register the weight of individual containers at the time of collection, but this 

incurs approximately 4 extra seconds service time at each customer. Weighing every individual 

container will result in €280.000 additional costs yearly, an analysis of which can be found  in 

Appendix G. Therefore currently, weight data is collected only sample wise during so called weighing 

weeks. Six weeks per year, waste weight data of every container is registered. These weeks are 

chosen by the company, and represent “regular” periods throughout the year, where for instance 

national holidays are avoided. Customers have no notion that these weeks take place, so the 

weighing data is expected to be representative. Weight data is thus available but currently not used 

in the pricing of the ROL-containers. 

 

In current pricing, a standard weight is assumed for every customer, based on container size and 

waste type. These standard weights can be found in Table 4 (Chapter 7). But when looking at the 

weight data from the sample weeks, this standard weight may not be the true estimator of the 

mean. Based on the weight data of the type E containers, 40% of the weighed containers contained 

more than the standard weight, and 10% of the containers even contained 2-5 times the standard 

weight. These containers will incur losses for the company, due to the high processing cost of heavily 

loaded containers. These containers do not only harm profit, but are also harmful for equipment and 

staff. 
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Figure 20 in Appendix D shows that the average weight per customer varies similar to the weight per 

container. This indicates that these larger weight values are not limited to incidents but represent 

structural behavior. This is not only the case for the type E containers, weight data of other ROL-

container sizes shows similar patterns. 

 

2.2 Problem statement 

The problem can therefore be defined as follows: Market pressure has forced prices for ROL-

containers to drop, which caused margins to erode. Processing costs can vary largely from one 

customer to another, based on the amount of waste (in kg) that they deliver.  

Weights have a large impact on the business of the company, but weight data is currently not used 

in pricing of ROL containers. Sampled weight data is available and more data can easily be collected, 

so the question becomes how the company can use this weight information to differentiate prices 

and what will be the potential value of using this information. 

2.3 Scope 

The scope of the research is on Dutch customers. Other countries are left out of scope because this 

research was conducted at the Dutch division of the company, and decision making is decentralized 

for the countries where the company operates.  

Furthermore, the focus is on business customers and especially SME customers. LA customers often 

have individualized and more complex contracts where a variety of services is offered, and price 

agreements for specific services can deviate from list prices, as long as the complete contract is 

profitable. For SME customers, list prices are standardized. 

The focus is on ROL-containers because for these containers, in contrary to AFZ containers, weight is 

currently not used in pricing. For AFZ containers, the customer’s tariff is based on three separate 

components: rent, transportation and processing. 

The focus is on commercial residual waste, because it is the largest waste stream for ROL-containers 

in both volume and revenue, and, in the contrary to valuable waste streams such as 

paper/cardboard or glass, a high processing cost factor is involved because residual waste is either 

incinerated or disposed in landfills. 
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3. Company Deliverables 
The company’s goal is to improve the profit margin on ROL-containers. Since it is known that weights 

have a large impact on this profit margin, price differentiation based on differences in weight can be 

applied in order to increase profit margin. The company can take two important steps, with regards 

to the use of weight data in the pricing of ROL-containers. This leads to the following deliverables, 

which will be incorporated in the research questions: 

1. Use of accurate weight estimators for ROL containers 

Currently there is no statistical justification of the weight estimates that are used for costing and 

pricing. The current estimates are based on the assumption that weight data is normally distributed, 

and every value outside the mean ± 2 times the standard deviation, is considered an outlier. A first 

step for the company would be the use of unbiased weight estimators in their current pricing model. 

The result should be an Excel data file that provides weight estimators for the ROL containers, and 

show if there are group differences based on customer and product characteristics. 

2. A price differentiation model 

Using the estimators and actual weight data, the company wants to segment customers based on 

the amount of waste (in kg) they deliver. The company also wants to answer the question how they 

should deal with “heavy” users. A mathematical model will be developed that can determine optimal 

contract parameters, given the distribution of the container weight data. This mathematical model 

should be implemented in an Excel / VBA software tool to make it user-friendly. 
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4. Research Questions 
Based on the Problem Statement, as described in the second chapter, and the company deliverables, 

denoted in the third chapter, the research questions are determined.  

The main research question becomes: 

How can a waste collection company improve profitability by using ROL-container 

weighing data in the pricing of commercial residual waste? 

The main research question will be divided into the following four sub research questions.  

First it is necessary to explore the weight data to determine the underlying distribution and find out 

which customer and product factors significantly influence the weight. Based on this information, 

unbiased estimators for the container should be determined. This leads to the first two sub 

questions: 

Sub question 1: What is the distribution function of the ROL-container weighing data? 

Sub question 2: Can differences between groups be identified in the ROL-container weighing data? 

In order to improve profitability, the company wants to apply price differentiation based on weight 

data. A model is created to determine the optimal contract parameters. The profitability of a pricing 

model that uses the container weight data is determined. This is the third research question: 

Sub question 3: How can price differentiation be applied, in order to take waste weight differences 

into account? 

In order to make use of price differentiation, the company needs to be certain about the waste 

weight data of individual customers. Registering the weight of every container is a costly procedure. 

On the other hand, using price differentiation may result in benefits for the company. This profit 

needs to be offset against the cost of collecting the data. This analysis will be conducted in the last 

sub research question: 

Sub question 4: What is the value of using waste weight data in pricing? 
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5. Research Methodology 
In the following section, the research methodology is discussed, in order to define how to deal with 

the research questions. This section will be guided by the research questions denoted in chapter 4. 

The first sub research question to be dealt with is: 

Sub Question 1: What is the distribution function of the ROL-container weighing data? 

As a result of the weighing weeks, a lot of weighing data is available. First, the underlying 

distribution needs to be determined, and outliers defined, in order to come up with the unbiased 

estimators for the average waste weight per container type. Weight data is processed with the 

Microsoft Access and Excel to make it suitable for data analysis. SPSS software will be used to 

analyze data graphically and statistically. 

Sub Question 2: Can differences between groups be identified in the ROL-container weighing 

data? 

Based on this weight data, the question also becomes which factors can help to explain differences 

in container weight data. This can be product characteristics, such as collection frequency, but it can 

also be customer characteristics, such as business sector and geographical area. 

The dependent, or outcome, variable is in this case the weight, which is a continuous variable. There 

are three independent, or predictor, variables to be considered. According to experts within the 

company, and based on literature, factors that will be interesting to consider are: 

A. Business Sector (Branche) 

B. Collection Frequency 

C. Geographical Area 

These are all categorical variables. This means that the variable has multiple categories, and each 

case can be assigned to one of these categories. Analysis of Variance (ANOVA) will be used to 

compare averages of these categories, and tell whether these differences are significant.  

The next sub question to be answered will be:  

Sub question 3: How can price differentiation be applied in order to take waste weight differences 

into account? 

The choice for the optimal tariff structure should not only be based on analytics, but also behavioral 

and practical aspects do play a role. Therefore, before conducting the quantitative analysis, a 

qualitative analysis is needed. Based on the literature research, the following models will be 

considered: Two-part tariff, Three-part tariff and group pricing. 

 

A qualitative analysis is used to determine which of these models is most applicable to the 

company’s issue. From a behavioral point of view, consumer preferences should be taken into 

account and especially preferences in B2B settings. This part will be answered using literature. From 

the company’s point of view, aspects such as sales and administrative consequences should also be 

taken into account. 

After this analysis a quantitative analysis is conducted to obtain optimal contract parameters for the 

chosen model. To answer this research question, a tariff-optimization problem should be 
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constructed. A common objective in the optimization functions in literature is profit maximization 

for the firm. This objective is constrained by the customers willingness-to-pay (WTP) function.  

Sub Question 4: What is the value of using waste weight data in pricing? 

Based on the information obtained in sub question 1 and 2, and the pricing model from sub question 

3. The value of using the waste weight information in pricing will be determined by comparing the 

profitability of the price differentiation model with the current situation. Simulation will be used to 

explore the sensitivity of the models by varying the (estimated) parameters. This way, an assessment 

can be made of the bandwidth of the profit gain that can be accomplished. This profit will be offset 

against the costs of weight data collection. 
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6. Literature review 
The company’s issue can be approached as both a marketing and an operations topic. A literature 

review was conducted to determine which models are used in literature to make use of price 

differentiation based on customer usage. Because waste collection can be seen as reversed logistics, 

models from this area are studied as well.  The following general databases were used: FOCUS, 

Google Scholar, Scopus and Web of Science. Also used were: ABI/Inform, JSTOR, ProQuest and 

ScienceDirect. Where (combinations of) the following keywords were used: Pricing, Price 

Differentiation/Discrimination, Revenue Management, Customer/Market Segmentation, Customer 

Profitability, Service Industries, Reverse Logistics, Random Yield, (Commercial) Waste Collection, 

Residual Waste, Solid Waste. 

6.1 Marketing and operations  

Marketing and Operations are two of a company’s key departments that can contribute to its 

success, but they often work separately. Where marketing has a focus on revenue generation and 

operations has a focus on cost reduction, this can lead to decision-making in a disjoint manner, 

which can result in suboptimal plans (Tang, 2010). Pricing can be considered as one of the functions 

within a company that integrates information from both (T. Nagle & Thompson, 2012). Researchers 

underline the importance of cross-functional research areas that would help in better coordination 

of the marketing-operations interface (Malhotra & Sharma, 2002). One of these areas is the 

alignment between pricing and cost. Not all customers are equally profitable (marketing issue) 

because cost factors vary considerably between customers, which impacts operating efficiency and 

cost structure (operations issue). The use of a customer profitability analysis for pricing policies, is 

described as one of the implications to take operational factors into account (Niraj, Gupta, & 

Narasimhan, 2001). Explicit discounts/surcharges linked to service requirements and costs, can be 

used as tools to implement such pricing. 

6.2 Price differentiation  
Price differentiation is a powerful way for sellers to improve profitability. It refers to the practice of 

charging different prices to different customers, for either exactly the same good or for slightly 

different versions of the same good (Phillips, 2005). (Pigou, 1932) Suggested a taxonomy of three 

levels of price differentiation. First-degree price differentiation means that every unit is sold at the 

maximum that a purchaser would like to pay and it is the upper limit to what producers can gain. 

Second-degree price differentiation involves a general pricing structure that induces customers to 

identify themselves as member of a certain group. All forms of nonlinear pricing can be considered 

as second-degree price differentiation practices. An example is quantity discounts, where a buyer 

identifies himself as either a small or large buyer, and receives discount accordingly. Third-degree 

price differentiation occurs when sellers identify different groups of customers and offer different 

prices to each group.  

 

(Bouter, 2013) describes two important reasons that can be identified for price differentiation. The 

first reason is: differences in customer’s willingness-to-pay, which is the maximum amount that an 

individual is willing to pay for a product or service. The optimal strategy is to sell to each consumer 

separately at its maximum willingness to pay. (Frank, Massy, & Wind, 1972)  The other reason is: 

differences in customer’s cost-to-serve. Most literature discusses the first reason, the latter is 

somewhat underexposed. Literature on market segmentation focusses mostly on differences in 
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willingness-to-pay. (Phillips, 2005) discusses on the topic of group prices: “Group pricing is the tactic 

of offering different prices to different groups of customers for exactly the same product. It requires 

the determination of whether a buyer belongs to a specific group, and use that information to 

determine the price to charge.” This is a tactic that is often applied in services and business-to-

business sales. Businesses can easily develop customized prices for different business segments.  

 

Literature on nonlinear pricing is often related to different consumption levels of services, which can 

be translated into differences in cost-to-serve. These models are often used in the service and access 

industries such as telecommunications, internet access, electricity and other utilities where different 

consumption levels of customers play a role. A lot of literature on nonlinear pricing concerns 

consumer choice behavior under multiple tariffs (Lambrecht, Seim, & Skiera, 2007), (Ascarza, 

Lambrecht, & Vilcassim, 2012). Another important topic in literature is the behavioral aspect of 

nonlinear pricing practices, and especially the “flat rate bias” (A. Lambrecht & Skiera, 2006), the 

effect that customers show a preference for fixed fees, because they tend to choose certainty over 

uncertainty. (Backhaus, Koch, & Stingel, 2011) researched these effects in a Business to Business 

setting.  

 

(Wilson, 1993) describes several kinds of tariffs in his book, Nonlinear Pricing. The most important 

tariffs are: 

 - Fixed-fee tariff: Some companies charge a fixed fee based on the average consumption, but there 

is a danger in averaging costs for different types of customers. Competitors undercut prices for the 

most profitable customers. Segmentation by pricing enables a company to remain competitive in 

serving low-cost customers while still profitably serving the high cost segment (T. T. Nagle & Holden, 

1995).  

- The Linear tariff is probably better known as pay-per-use, where customers pay a fixed price per 

unit of consumption.  

- The Block tariff is also known from quantity discounts. A higher consumption or order quantity is 

either rewarded with a discount or an additional fee.  

- Two-part tariffs involve two separate charges to the customer. There is a fixed part that every 

customer pays, as well as a linear part; a constant price per unit of consumption.  

Figure 2 Several kinds of tariffs (Wilson, 1993) 
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- The Three-part tariff is somewhat similar to the two-part tariff, but consists of three components; 

The fixed part, a consumption allowance, and a marginal price for any usage in excess of the 

allowance.  

In his book, nonlinear pricing, (Wilson, 1993) indicates that tariffs will evolve over time, from linear 

to two-part, and from two-part to three-part tariffs. In the past, a lot is written on the optimality of 

two-part tariffs under different assumptions. The literature on optimality of three-part tariffs is 

scarce, but gains more interest in recent years.  

6.3 Price differentiation in waste collection 
The application of price differentiation in waste collection is not a large topic in literature. However, 

some papers describe the application of price differentiation in the collection of household waste, so 

in a non-commercial setting. The main focus of these articles is waste reduction instead of cost 

reduction. The models applied are either weight-based pricing (Linderhof, Kooreman, Allers, & 

Wiersma, 2001) and (De Jaeger, 2010), or unit-based pricing (Dijkgraaf & Gradus, 2008). Although 

cost reduction was not the goal of their research, (Linderhof et al., 2001) showed that the increased 

costs for collection, control and administration were compensated by the reduction in processing 

cost. (Dijkgraaf & Gradus, 2008) state that costs of a bag-based system are much lower than a 

weight-based system, where they also conclude that these systems perform equally in the reduction 

of unsorted waste and it stimulates recyclable waste. Frequency- and volume-based systems 

perform far worse. 

6.4 Reverse logistics models 
The literature on Reverse Logistics show similar characteristics to issues found in the waste 

collection industry. As in remanufacturing, waste processing and the re-use of materials is creating 

considerable benefit to industry and community, but there are uncertainties on both the supply and 

demand sides. A major challenge for remanufacturing firms is the variation in the condition of used 

products. There exists uncertainty regarding the percentage of used products that can actually be 

remanufactured. This percentage is usually called the remanufacturing yield. The same kind of 

uncertainty can be observed within waste collection, regarding the amount of waste that is inside a 

container. (Bakal & Akcali, 2009) investigate the effects of this random yield on pricing decisions in 

reverse supply chains. In their article, the yield is also dependent on the acquisition price offered for 

end-of-life products. Their model determines the optimal acquisition price and selling price for 

remanufactured products. (Panagiotidou, Nenes, & Zikopoulos, 2010) also discuss a stochastic yield 

of returns in a reverse logistics environment. They determine the optimal procurement quantity of 

recyclables, and include the effect of sampling inspection of returns prior to the procurement 

decision. This also shows similarities with respect to the waste collection process, where inspection 

(weighing) is possible and can help to determine the yield of return. This information can be used to 

make decisions on price. 

6.5 Conclusion 
Pricing decisions are becoming more and more tactical and operational in nature and the pricing 

function should be the integrator of marketing and operations. Price differentiation can be used as a 

method to account for differences in cost-to-serve. To account for large variation in consumption 

patterns of services, a nonlinear pricing strategy can bring additional profits. The application of price 

differentiation to waste collection in a non-commercial setting has been studied in literature, and 

shows that it can reduce processing cost but also brings additional administration cost. Furthermore 

it is sometimes known for reducing the residual waste stream and increasing the amount of 
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recyclable waste. By applying these principles to the waste collection company’s business customers, 

the impact can be studied in a commercial setting. Models from reverse logistics show similar 

characteristics to the waste collection process and can help to model the decision making. 
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7. The distribution function of the weight data 

7.1 Introduction 

The data was examined to find out what kind of probability distribution function can be fitted to the 

weight data. First, the right data was selected and outliers were detected and removed. Next, the 

data were analyzed graphically. Histograms and other plots were used to obtain information about 

the data distribution. Then SPSS Statistics 22 software was used to analyze the data statistically and 

Mathwave EasyFit software was used for distribution fitting. The three-parameter (3P) lognormal 

distribution was found to provide the best fit over the complete range of containers that were 

considered in the analysis. 

 

7.2 Data preparation 

The weight data that was available, was an export of all the ROL-container waste weight data 

collected in the years 2013, 2014 and 2015 and contained a total of 2,443,688 weight 

measurements, of which 1,235,136 measurements concerned residual waste. It can be seen from 

Figure 3 that at the beginning of 2013, most containers were weighed, but this number decreased 

during the year. At the start of 2014 a new weighing policy was introduced. Six weeks per year, in 

the months January, February, March and September, October, November, every collected ROL-

container is weighed individually. During the rest of the year, for some customers that require 

specified weight information on their containers, weight data is always collected. These customers 

are therefore overrepresented in the dataset. To avoid that these data influenced the analysis, only 

the data collected in the sample weeks were selected. This data is expected to give a good 

representation of the total customer population. The data set covered eleven sample weeks, six in 

2014 and five in 2015. In these sample weeks, 72% of the total customer population is weighed. This 

is due to the fact that not every customer is necessarily serviced in a weighing week (due to non-

weekly collection frequencies), as well as that not every collection truck is equipped with a weighing 
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system. 

7.3 Data selection 
The weight data was coupled to customer information from the company’s CRM system, to select 

the right data for the analysis . To avoid missing values, only cases were selected that contained all 

the relevant descriptors as described in the next subsections. 

7.3.1 Area  
According to the scope of this research, the studied area was limited to the Netherlands. The 

Netherlands is divided by the company in three main areas; Noordoost (North-East), Randstad 

(central area in the Netherlands) and Zuid (South). Only data was selected that contained a location 

description. (99,9% of the data).  

7.3.2 Account Segment 

The company segments its business customers into two segments, large accounts (LA) and small and 

medium enterprises (SME). Only data was selected that contained this descriptor (95,7%). Although 

Large Accounts are outside the scope of this research, they were incorporated in the weight analysis, 

since the weight estimator will be used for both account segments.   

7.3.3 Sector 

The company segments their business customers into different sectors. The categorization is based 

on the SBI-code of the customers (Standaard Bedrijfs Indeling) which is the Dutch equivalent of the 

ISIC (International Standard Industrial Classification). Based on this code, business customers are 

divided into 22 different segments called “Branches”. An overview of this classification can be found 

in appendix B. This information is known for 93.5% of the customers and will be used for further 

analysis. Cases where this information is missing will be excluded from the set.  

7.3.4 Container size 
The dataset contained weight measurements of 22 different container types. A complete overview 

of the container types in use can be found in Appendix B. However, the analysis focused on the 

standard container sizes, regularly in use. Table 1 provides an overview of the containers that were 

considered for the analysis. It is also denoted how much weight measurements of each container 

type remained in the set, after the data selection.  

Type: # Weight Measurements 

A 29,194 

B 29,341 

C 12,164 

D 19,837 

E 68,281 

F 6,835 

G 11,839 

H 15,927 

I 6,310 

Table 1 Container types 

After the data selection procedure, a total of 199,728 weight measurements remained. When 

discussing the data analysis in Chapter 7 and 8, the type E container is used to illustrate how the 
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data are analyzed. This is the most commonly used container, which results in the largest number of 

weight measurements available. The same analysis was conducted for the other container types, 

and deviating patterns are mentioned.  

7.4 Outliers 

The data was first examined on the presence of outliers, because outliers can significantly influence 

the outcomes of the data analysis. However, outliers can also provide important information about 

the characteristics of the population, that would not be discovered when simply omitted. 

(Montgomery & Runger, 2006).  

One way of detecting outliers is to assume a certain kind of statistical distribution (i.e. the normal 

distribution), and consequently compute the parameters such as mean and standard deviation, 

assuming that all the data points have been generated by this statistical distribution. The outliers are 

then the points that are unrealistic to be generated by the overall distribution. However, since there 

is no idea about the distribution, this is not a justified procedure.  

The data was first investigated graphically using a scatterplot, Figure 4. With waste weight values of 

the type E containers ranging from 0 up to 30,000 kg, the dataset seemed to contain some clearly 

unrealistic values. Therefore, in discussion with experts from the company, an upper limit was 

determined in order to define the term “unrealistic”. The maximum lifting capacity of the waste 

collection truck was used as an upper limit. According to the specifications of the manufacturer this 

is 1000 kg for the container sizes up to 1600L, and 2000 kg for the system lifting the larger 

containers up to 5000L. Therefore, weight values exceeding these limits were omitted as data errors. 

This can be due to a weighing device that is not working properly or the truck driver registering the 

weight can by accident (or out of personal efficiency) register the weight of multiple containers at 

once. This results in an inflated weight value. 

Another limit was defined using the specific weight of the waste. Using the numbers of 

(Tchobanoglous et al., 1993), we assume that it is very unlikely that residual waste exceeds a specific 

mass of 1000 kg/m3. This means that for example, the upper limit of a container with size 240L, will 

be at 240 kg.  
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7.5 Graphical analysis 

As a starting point to get an idea about the distribution of the variable, a histogram was used. A 

histogram graphically represents the frequency of data values within data categories. When plotting 

these frequencies, the shape of the distribution can be examined. 

Looking at the histogram after the data cleanup, Figure 5, it can be concluded that the weight data 

does not follow a normal symmetrical distribution, but instead is positively skewed. The mean is 

located to the left and a long tail to the right indicates larger values that occur less often. This is a 

pattern that is also known to occur in other types of data that are bounded by zero on the left, such 

as income data or house prices. It is also found to be common in solid waste weighing data 

(Korhonen & Kaila, 2015). Possible (well-known) candidate distributions to fit this type of data are, 

for example, the log-normal (Salhofer, 2000) or the log-logistic distribution (Milke, Wong, & McBean, 

2008),  where the log values of the data follow either a normal or logistic distribution. Other 

candidate distributions considered are the exponential distribution and the Weibull distribution.  

Figure 4 Scatter plot of container type E waste weight data (in kg) period: 2014, 2015 
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7.6 Statistical analysis 

Probability distribution fitting software (Mathwave EasyFit) was used to fit a distribution on the 

weight measurements, for each container size separately. The tested distributions were: Normal, 

Lognormal, Log-Logistic, Exponential and Weibull distribution.  

When testing the hypothesis that a particular distribution will be satisfactory as a population model, 

and the underlying distribution of the population is unknown, (Montgomery & Runger, 2006) 

suggest the use of a goodness-of-fit (GOF) test procedure, based on the Chi-Square (CS) distribution. 

This is a test procedure for a random sample of size 𝑛 from a population whose probability 

distribution is unknown. These 𝑛 observations should be arranged in a frequency histogram, having 

𝑘 bins or class intervals. Let 𝑂𝑖 be the observed frequency in the 𝑖th class interval. Then, from the 

hypothesized probability distribution the expected frequency in the 𝑖th class interval, denoted 𝐸𝑖, is 

computed. The test statistic is given by: 

𝑋2 = ∑
(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

𝑘

𝑖=1

 
(1) 

 

If the population follows the hypothesized distribution, 𝑋2 has, approximately, a chi-square 

distribution with  𝑘 − 𝑝 − 1 degrees of freedom, where 𝑝 represents the number of parameters of 

the hypothesized distribution, which are estimated based on sample statistics.  

Since this test is applied to binned data, the value of this test statistic depends on how the data is 

binned. According to (Montgomery & Runger, 2006), there is no general agreement regarding the 

minimum value of expected frequencies in a bin, but values of 3, 4 and 5 are widely used as minimal. 

Mathwave Easyfit uses by default 5 as a minimum.  

Figure 5 Histogram of container type E waste weight data (in kg) 
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The software provides a ranking of the distribution that fits best, based on the Chi-Squared statistic. 

An overview of the three best fitting distributions can be found in Table 2. A score of 3 means that 

the distribution fitted best, 2 means second-best, 1 means a third-best fit and zero implies that the 

distribution was not in the top 3. 

Type: Lognormal (3P) Log-logistic (3P) Log-logistic 

A 0 1 2 

B 3 2 0 

C 3 2 1 

D 2 3 1 

E 3 2 1 

F 2 3 1 

G 3 2 1 

H 2 3 1 

I 3 2 0 

Total: 21 20 8 

Table 2 Goodness-of-fit assessment 

Based on the GOF assessment the most appropriate distribution appeared to be the three-

parameter (3P) lognormal distribution. For a random variable 𝑋 that follows the 3P log-normal 

distribution, 𝑌 = ln(𝑋 − 𝛾) follows a normal distribution with mean 𝜇 and variance 𝜎2. The “simple” 

two-parameter (2P) lognormal distribution is the case where 𝛾 = 0, and therefore 𝑌 = ln(𝑋). The 

probability density function (pdf) of the 3P log-normal distribution is given by: 

𝑓(𝑥; 𝜇, 𝜎, 𝛾) =
1

(𝑥 − 𝛾)𝜎√2𝜋
exp {−

[ln(𝑥 − 𝛾) − 𝜇]2

2𝜎2 } 

For 𝑥 ≥ 𝛾 

(2) 

 

The three parameter lognormal probability distribution has the following statistical properties 

(Hoare & Tsokos, 2009): 

Expected Value = 𝑒𝜇+
𝜎2

2 + 𝛾 

Median = 𝑒𝜇 + 𝛾 

Variance = (𝑒𝜎2
− 1)𝑒2𝜇+𝜎2

 

The values of the parameters (𝜇, 𝜎, 𝛾) need to be estimated. EasyFit software uses the maximum 

likelihood estimation method to estimate the parameters for the 3P lognormal distribution. The idea 

behind maximum likelihood estimation is that a good estimate of a parameter 𝜃, is the value of 𝜃 

that maximizes the probability of getting the observed data. (Calitz, 1973) researched the parameter 

estimation in 3P log-normal distributions and concluded that the method of Maximum Likelihood 

Estimation (MLE) is much better than other methods and that it should be considered as the prime 

method for estimating the parameters of the 3P log-normal distribution. He strongly suggested using 

the procedure as shown by (Cohen, 1951). Cohen’s procedure identifies the local maximum 

likelihood estimator for the threshold parameter 𝛾, and then finds the maximum likelihood 

estimator for the parameters 𝜇 and 𝜎. 
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For a random sample, consisting of 𝑛 independent observations 𝑥 = (𝑥1, … , 𝑥𝑛) the following 

equation: 

[∑(𝑥𝑖 − 𝛾)−1

𝑛

𝑖=1

] [∑ ln(𝑥𝑖 − 𝛾)

𝑛

𝑖=1

− ∑(ln(𝑥𝑖 − 𝛾))2

𝑛

𝑖=1

+
1

𝑛
(∑ ln(𝑥𝑖 − 𝛾)

𝑛

𝑖=1

)

2

] − 𝑛 ∑
ln(𝑥𝑖 − 𝛾)

𝑥𝑖 − 𝛾

𝑛

𝑖=1

= 0 

(3) 

Can be solved iteratively to obtain the local maximum likelihood estimate (LMLE), 𝛾, for 𝛾. Then the 

estimates for 𝜇 and 𝜎2 are given by: 

�̂� =
1

𝑛
∑ ln(𝑥𝑖 − 𝛾)

𝑛

𝑖=1

 
(4) 

And: 

�̂�2 =
1

𝑛
∑(ln(𝑥𝑖 − 𝛾))2

𝑛

𝑖=1

− (
1

𝑛
∑ ln(𝑥𝑖 − 𝛾)

𝑛

𝑖=1

)

2

 

(5) 

 

Table 3 shows the estimated parameter values for all container sizes. The estimated distributions 

were plotted on the data of all container sizes, to give an overview of the model fit. This can be 

found in Appendix E: Probability Distribution Function plots. 

Type 𝜇 𝜎 𝛾 

A 2.9423 0,75249 -1.1516 

B 4.1147 0.62847 -9.2111 

C 4.3167 0.58763 -12.381 

D 4.4541 0.62994 -12.953 

E 4.47 0.63934 -12.579 

F 4.7978 0.58131 -20.021 

G 4.9431 0.55849 -25.225 

H 5.1696 0.60906 -25.667 

I 5.8984 0.48735 -86.953 

Table 3 Parameter estimates  

7.7 Estimation of the mean 
Based on the fitted parameters (𝜇, 𝜎, 𝛾) the mean of the 3P-lognormal distribution can be calculated 

using the following formula: 

𝑀𝑒𝑎𝑛(𝑋) = 𝐸(𝑋) = 𝛾 + exp (𝜇 +
𝜎2

2
) 

(6) 

 

Statistically, the average value of all the observations in the sample, is called the sample mean. The 

true mean can be determined based on the statistical model that generated those data values. The 

true mean is displayed in Table 4. Also, a 95% confidence interval for the true mean is given, using 

the method of (Hoare & Tsokos, 2009). The confidence interval depends on the estimated 

distribution parameters and the sample size, and can be calculated using the following formula: 
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(7) 

 

The table also displays the median value, another measure of central tendency, like the mean. The 

median is the “middle” value if the values are sorted from smallest to largest. It is less influenced by 

cases with extreme values. It can be seen that the median values are lower than the mean values. 

This difference indicates that the distribution is non-symmetrical and that the mean is influenced 

quite a lot by the larger values. 

Type: Current standard (kg) True Mean (kg) Under Upper Median (kg) 

A 24 24 24 24 18 

B 67 65 65 66 52 

C 90 77 76 78 61 

D 92 92 91 93 72 

E 91 95 94 95 74 

F 115 124 122 125 100 

G 139 139 137 140 115 

H 163 186 184 188 148 

I 275 323 319 328 275 

Table 4 Estimates of the mean 

7.8 Influence on profit margin [Confidential] 

Using the estimates obtained in the previous section will have consequences for the profit margin 

calculations of the company. If the true mean is lower than the current company standard, this 

means that the actual profit margin of the product is higher than in the current calculation. On the 

other hand, if the true mean is higher than the current company standard, actual profit margin on 

the product will be lower than currently calculated.  

Profit margin is defined as: 

𝑃𝑟𝑜𝑓𝑖𝑡 𝑀𝑎𝑟𝑔𝑖𝑛 =
𝑅𝑒𝑣𝑒𝑛𝑢𝑒 − 𝐶𝑜𝑠𝑡

𝑅𝑒𝑣𝑒𝑛𝑢𝑒
= 1 −

𝐶𝑜𝑠𝑡

𝑅𝑒𝑣𝑒𝑛𝑢𝑒
 

We can see a total decline of X% in profit margin. For products where the new estimate is lower than 

the original estimate, profit margin becomes larger. If the new estimate is the same as the old, profit 

margin calculation does not change. For products with a weight estimate higher than the original, 

the profit margin is lower.  

7.9 Conclusion 

From the analysis in this chapter it can be concluded that the weight distribution cannot be 

characterized by a normal distribution, as was done by default by the company. This can be seen in 

Figure 6, which shows a histogram of the type E weight data, and a PDF plot of the normal 

distribution. The characteristic symmetrical pattern of a normal distribution was not found in the 

weight data, so an outlier procedure based on this distribution will result in the removal of valid 

data. 
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The weight data shows instead a positively skewed distribution, which was a consistent pattern 

across all the container sizes, as can be seen in Appendix D. The distribution that characterized this 

pattern best, appeared to be the 3P-lognormal distribution, which is illustrated in Figure 7. 

Parameters for this distribution were estimated, and estimates for the mean values calculated. 

If we compare the mean values with the median values, the lower median values indicate a non-

symmetrical distribution where the mean is influenced quite largely by the larger values. This is 

illustrated in Figure 8. This figure shows the consequences of ‘outliers’ on the overall mean of a type 

E container. For different confidence levels, as a percentage of the total number of observations, the 

mean is calculated. It can be seen, that the mean calculated over all the weight values (95kg) differs 

largely from the mean calculated over 90% of the weight values (75kg), a value that approximately 

equals the median.  

Using the new estimates to improve the profit margin calculation, we can see that it affects total 

profit margin by X%. The implication is that for some containers, Type E, F, H and I, prices need to be 

raised, to obtain the desired profit margin. For the containers B and C, prices can actually be 

somewhat lower. For the containers A, D and G, the weight estimate did not change.  

 

Figure 6 Histogram of container type E waste weight data with PDF plot of fitted normal distribution 
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Figure 7 Histogram of container type E waste weight data with PDF plot of fitted Lognormal (3P) distribution 

 

Figure 8 The influence of outliers on the average waste weight per container (type E)  
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8 Group differences in the weight data 

8.1 Introduction 

In this chapter, the question will be answered if significant differences in container load can be 

identified for specific market segments. This could then be used as the basis for a segmented pricing 

scheme. There is one dependent, or outcome, variable in this case, which is weight. Three 

independent, or predictor, variables were investigated. The choice of these predictor variables is 

based on discussions with experts from the company and in line with literature. The following 

predictor variables were considered: 

A. Business Sector (Branche) 

Differences in container load is expected to differ for business sectors, because every sector has 

sector-specific waste streams, that will eventually end up in the residual waste stream. Therefore a 

sector-specific composition of residual waste, is likely to result in sector specific waste weight. 

Classification by sector can also be found in literature, e.g. (Salhofer, 2000). In total 22 Business 

Sectors (Branches) are considered, as specified in appendix B. 

 

B. Collection frequency 

Because waste is generated by a business process, it is expected that if collection frequency is lower, 

more waste is generated and therefore the container load is higher. (Korhonen & Kaila, 2015) also 

discuss that when collection frequency decreases, the weights increase due to a longer accumulation 

time between pickups. The analysis in this chapter is focused on a total of 5 standard frequencies for 

SME customers. The possible collection frequencies are limited to the following options: Once per 

four weeks (1XP4W), once per two weeks (1XP2W), once per week (1XPW), twice per week (2XPW) 

or collection on demand with frequency (0).  

   

C. Geographical area 

Geographical area was also tested as a predictor variable, to see if differences existed for the 3 

different areas that the company distinguishes. Some areas are more rural areas compared to the 

others, which could potentially lead to differences in businesses and/or behavior. Geographic 

variables as basis for segmentation is mentioned in segmentation literature, e.g. (van Raaij, 2006) 

and (Cooil, Aksoy, & Keiningham, 2008). 

The above mentioned variables are all categorical. An Analysis of Variance (ANOVA) was used to 

compare means of the different groups, and tell whether there are significant differences between 

categories. Because of the different container sizes, the effect of the predictor variables was 

analyzed separately for each container type. As a first step, in section 8.2, data was analyzed 

graphically using boxplots. Subsequently, in section 8.3, ANOVA analysis was conducted for each 

predictor variable.  

8.2 Graphical analysis 

The data was first examined graphically using boxplots, to get an idea about the group differences. 

The boxplots are created with SPSS statistics 22. A boxplot gives a visual representation of the data 

distribution for each group. The middle dark line represents the median of the data. The box 

represents the 25th and the 75th percentile, which means that the box contains the middle 50% of 

the data. The whisker bars represent either 1.5 times the box height. To compare the groups, we 
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look at the medians (the middle dark line) and the boxes. If the boxes of groups A and B do not 

overlap, than we can surely say that there is a difference between group A and B. If the boxes do 

overlap, but the median of group A exceeds the box of B, than we can say that there is likely to be a 

difference between groups A and B.  

Three boxplots were created, one for each categorical predictor variable. For illustration, the 

boxplots for container type E are shown. The boxplot in Figure 9 indicates that there might be some 

group differences in business sector. For container type E, branche 3, 10, 11, 12 and 21 are 

categories where the median values exceed the boxes of (some) other groups. The boxplot in Figure 

10 also indicates that there might be group differences in collection frequency. Especially for the 

frequency 0, which means that a container is emptied on demand, the median is notably higher than 

the other boxes height. Looking at the third boxplot in Figure 11, weight seems to be somewhat 

lower in area 2 compared to the areas 1 and 3. However, based on this boxplot, there is not enough 

evidence to claim group differences based on geographical area. 

 

 

 
 

 

Figure 9 Waste weight differences in business sector (container type E) 
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8.3 ANOVA Analysis 
From the graphical analysis it can be concluded that group differences in mean container load might 

be identified for each of the predictor variables. A one-way ANOVA analysis is a technique used to 

test hypotheses about the means of two or more groups. The ANOVA tests if the means of two or 

more groups are equal. An ANOVA analysis was carried out to identify if groups differ significantly 

for every container. Analysis of Variance is based on the comparison of a different categories of a 

Figure 10 Waste weight differences in collection frequency (container type E) 

Figure 11 Waste weight differences in geographical area (container type E) 
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single predictor variable. For each category 𝑛 observations are taken. An observation (weight 

measurement) 𝑌𝑖𝑗  can be described by the function: 

𝑌𝑖𝑗 = 𝜇 + 𝑐𝑖 + 𝜖𝑖𝑗 (8) 

 

Where 𝜇 is the overall mean, 𝑐𝑖 represents the 𝑖th category (𝑖 = 1,2, … , 𝑎) and 𝜖𝑖𝑗 is a random error 

(𝑗 = 1,2, … , 𝑛). The hypothesis test is whether the categories are all equal and is represented by:  

𝐻0: 𝑐1 = 𝑐2 = ⋯ = 𝑐𝑎 = 0 

𝐻1: 𝑐𝑖 ≠ 0 for at least one 𝑖 

The weight data of 8 different container types were analyzed for the three independent (predictor) 

variables. The results are summarized in Table 5.  

8.3.1 ANOVA assumptions 
According to (Montgomery & Runger, 2006) the analysis of variance (ANOVA) assumes that the 

observations are independent, observations are normally distributed, with the same variance for 

each treatment or factor level. 

1. Independence of observations 

Independence of observations means that observations cannot belong to multiple groups at the 

same time. This assumption is met since every case can only be in one business sector, can only have 

one collection frequency, and is only in one area. 

2. Dependent variable approximately normally distributed for each category 

The normality assumption was checked for each category of the predictor variables, but, as 

discussed in the previous chapter, the data shows a positively skewed distribution within each 

category. As a remedy, data was log transformed prior to the analysis. Each observation 𝑌𝑖𝑗  was 

transformed to 𝑌𝑖𝑗 = ln (𝑌𝑖𝑗). 

3. Homogeneity of variances  

The Levene’s test was used to check the assumption of homogeneity of variances. A significant 

Levene’s test 𝑝 ≤ 𝛼 (𝛼 = 0,05) means that the homogeneity of variance assumption is violated for 

the dataset. When this assumption is violated,  a robust test of equality of means, such as Welch or  

Brown-Forsythe should be conducted, the interested reader is referred to (Tomarken & Serlin, 

1986). The Levene’s test appeared to be significant for every ANOVA analysis that was carried out. 

Therefore, Welch ANOVA statistics are reported instead of the standard one-way ANOVA statistics.  

8.3.2 Analysis 
A one-way ANOVA was conducted to explore the influence of business sector, collection frequency 

and geographical area on average container weight. Table 5 shows the F-ratio’s and their 

significance (P-values). The table shows that there are statistically significant group differences 

within each of the categorical predictor variables. 
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Container type Statistic Branche Frequency Area 

A F 48,875 93,506 41,218 

 
P ,000 ,000 ,000 

B F 59,261 82,231 79,054 

 
P ,000 ,000 ,000 

D F 38,377 63,226 52,267 

 
P ,000 ,000 ,000 

E F 94,879 292,114 279,061 

 
P ,000 ,000 ,000 

F F 11,205 27,250 39,965 

 
P ,000 ,000 ,000 

G F 24,577 42,209 42,156 

 
P ,000 ,000 ,000 

H F 30,027 89,350 88,009 

 
P ,000 ,000 ,000 

I F 16,912 30,009 6,375 

 
P ,000 ,000 ,002 

Table 5 ANOVA analysis 

However, this doesn’t tell yet which groups are statistically significantly different from each other, it 

only tells that there were at least two groups different. Based on the findings from the ANOVA 

analysis, the relationship between the 3 predictor variables and the independent weight variable 

was analyzed in more detail. In order to determine the influence of all the groups in the predictor 

variables, a regression model was constructed for each container type. The goal of the regression 

analysis was to predict the average weight for specific customer groups. The results of this 

regression analysis can be found in appendix F. The main conclusion of the regression analysis is that 

the regression model was not suitable as a prediction model. The R and R Squared values indicate a 

bad model fit. This is because, although significant group differences existed, there is still a lot of 

variation in the waste weight values across each segment. Using the predictor variables as a basis for 

segmentation is therefore not recommended. 

8.4 Conclusion 
The analysis revealed that there are group differences in mean waste weight per container. A part of 

the waste weight variation in ROL-containers could be explained by a customer’s business sector and 

the collection frequency of the container. Using area as a predictor variable does not add much 

predictive power to the model.  

However, although group differences exist, using these group differences as the basis for a 

prediction tool does not result in a very good model, because there is still a lot of variation within 

each group and not much variation between groups. Since the regression model did not result in a 

good statistical fit, segmenting customers based on these criteria would still result in light and heavy 

customers spread around each segment.  

In order to come up with a prediction model for the mean waste weight per container for a specific 

group, an Excel tool was developed, to fit a 3P-lognormal distribution to a data selection based on 

the customer characteristics: business sector, collection frequency and geographic area. Using the 

techniques described in chapter 7, this model will give an estimate for the mean, as well as a 

confidence interval based on the sample size of the data available. From an operational perspective 

this model can be used for the exploration and validation of waste weight data. From a marketing 
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perspective, using the model as a basis for price segmentation in order to account for weight 

differences will not be very useful.  
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9.  Pricing model 

9.1 Introduction 
The analysis of the weight data in the previous chapters revealed a lot more about the 

characteristics of the waste weight data. The analysis of chapter 7 showed that the weight data 

follows a positively skewed distribution, where large weight values influence the mean quite heavily. 

When looking at the cost drivers, using a standard price based on container size does not reflect the 

real cost.  When a fixed tariff is charged that is independent of the waste weight, “light” customers 

subsidize the “heavy” ones.  

Competitors with a better understanding of cost drives and a smarter or more flexible approach to 

pricing, might be able to offer the most profitable customers (“light” customers) a better deal. As a 

consequence, the company will be left with more customers with heavy containers, that will even be 

more expensive to serve. As the average waste weight per container goes up, prices need to be 

increased to cover costs, which in return will offer competition even more opportunities to undercut 

prices. Segmentation by pricing enables a company to remain competitive in serving low-cost 

customers while still profitably serving the high cost segment (T. T. Nagle & Holden, 1995). 

This chapter explores the option of price differentiation based on weight. The chapter consists of 

two main parts. Because the choice for a tariff structure should not only be based on a quantitative 

analysis, first a qualitative analysis is conducted, that considers both literature as well as company 

aspects. Based on the qualitative analysis, one model is chosen that will suit the company’s issue 

best. The second part of this chapter is a quantitative analysis to determine the optimal contract 

parameter values. To determine the optimal contract parameter values, a tariff-optimization 

problem is constructed. The objective of the optimization function is profit maximization for the 

firm, where this objective is constrained by the customers willingness-to-pay (WTP) function. 

9.2 Qualitative analysis 

9.2.1 Price differentiation 
Recapitulating on the literature analysis in chapter 3, three types of price differentiation can be 

distinguished. These are:  

- First-degree price differentiation. Selling to every customer at a different price (in the best case this 

is the maximum that a purchaser would like to pay) and it is the upper limit to what producers can 

gain.  

Currently, the company practices some kind of first-degree price differentiation. Since customers can 

negotiate on the price at the moment of contracting, the same contracts are sold for different prices 

to different customers. However, since this negotiation takes place at the moment of contracting, 

the waste weight characteristics of the individual customer are unknown, and cannot be taken into 

account.  

- Second-degree price differentiation. A general pricing structure that requires customers to identify 

themselves as member of a certain group (e.g. light and heavy customers). All forms of nonlinear 

pricing can be considered as second-degree price differentiation practices.  

Nonlinear pricing schemes are often used in service industries such as telecommunications, internet 

access, electricity and other utilities, where different consumption levels of customers, and thus 

differences in cost-to-serve play an important role. Since the company’s issue shows a lot of 

similarities, these nonlinear pricing schemes are particularly interesting to consider for the company.  
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- Third-degree price differentiation, the tactic of charging different prices to different groups, is 

based on targeting customer groups by known characteristics. 

The analysis of chapter 8 showed that although group differences in mean waste weight per 

container can be identified, the variation within these groups is still quite large, where the difference 

between groups is not very large. The segmentation criteria tested for the regression model did not 

result in a good statistical fit. A segmentation based on these criteria would therefore result in light 

and heavy customers spread around each segment, instead of being concentrated in a particular 

subset that could be targeted with a cost-effective price. Third degree price differentiation, or group 

pricing, is therefore not considered as an optimal pricing strategy for the company to take waste 

weight differences into account.  

Based on the statements above, second-degree price differentiation, or nonlinear pricing, seems to 

be the most promising strategy. Therefore we will continue on second-degree price differentiation 

and focus on nonlinear pricing models. 

9.2.2 Nonlinear pricing 
Based on the literature review, we focus on two prominent models within the theory of nonlinear 

pricing. These are two-part tariffs and three-part tariffs. An overview of the tariff structures is given 

in Figure 12.  

Figure 12 Multi-part tariffs 
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The flat rate tariff is the pricing scheme currently in use by the company. It consists of a fixed fee 𝐹 

regardless of the waste weight delivered. Therefore, a consumer’s expenditure on the service is 

always: 

𝐹 (9) 
 

 

The two-part tariff consists of two components. Similar to the flat rate tariff, there is a fixed fee 𝐹, 

which is the access price for the service that every customer has to pay. The second component is 

the price 𝑝 per unit (kg) waste. This model is quite similar to a simple pay-per-use model, the single 

difference here is the access price or fixed fee. 

When a customer delivers quantity 𝑞 (in kg) of waste, his expenditure on the service under the two-

part tariff becomes: 

𝐹 + (𝑞)𝑝 (10) 
 

The three-part tariff consists of three components. The first component is the fixed fee 𝐹, the access 

price that every customer has to pay. The second component is the allowance 𝑡̅, which in the case of 

the waste collection company is the maximum amount of waste (in kg) that is allowed in the 

container. The third component is the overage price 𝑝 per unit (kg) waste.  

When a consumer delivers quantity 𝑞 (in kg) of waste, his expenditure on the service becomes: 

𝐹 + max {0, 𝑞 − 𝑡̅}𝑝 (11) 
 

One can see that the three part model is also able to describe the other tariffs as well. If the values 

of 𝐹𝑗, 𝑡̅ and 𝑝 take values of zero, the model allows for a two-part tariff (when 𝑡̅ = 0), linear pricing 

(when 𝐹𝑗 = 0) and a Fixed fee (when 𝑡̅ = 𝑝 = 0).  

9.2.3 Behavioral aspects 
According to (Bouter, 2013) a pricing model can set the tone for an entire industry, but not all 

attempts are successful. It always depends on consumers accepting the price differentiation. People 

tend to choose certainty over uncertainty, and it has been demonstrated that most people choose 

avoiding a loss over the chance of earning a profit.  

Studies have identified several psychological effects that are believed to bias consumers’ choice 

towards fixed tariffs (also called, flat rate). In literature this is referred to as the “flat rate bias”. It 

concerns the fact that consumers often favor flat rate tariffs, although a usage based tariff would be 

cheaper with regard to their actual usage volume. See for instance: (A. Lambrecht & Skiera, 2006) 

(Herweg & Mierendorff, 2011) and (Krämer & Wiewiorra, 2012). (Backhaus et al., 2011) examined 

whether these tariff choice biases also hold in business-to-business markets. Their findings from 

transactional and survey data from a mobile phone service provider, reveal that tariff choice biases 

also occur in B2B markets. 

Taking this into account, the three-part model seems to incorporate the insurance of a fixed fee (up 

to a certain allowance), but also has the desired property of a usage based price. In this way it offers 

insurance against payment variations due to uncertain future consumption for the customer, while 

on the other hand enabling the company to price-discriminate based on cost-to-serve.  
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A recent study by Bain & Company (Mewborn, Murphy, & Williams, 2014) reveals that customer’s 

priorities have shifted. More and more, business customers only want to pay for actual product 

value instead of potential value. Business customers want to shift capital expenses to operating 

expenses, demanding new price meters. (Copiers priced per printed page, Jet engines priced per 

mile or hour flown, etcetera). Companies shift from unlimited usage models to models with usage-

based pricing to make pricing reflect the real costs and risks, in order to avoid heavy users that 

receive a subsidized ride.  

9.2.4 Company aspects 
In order to consider the company aspects for the pricing model, we consider the following activities 

for the waste collection company: Sales, Waste Collection, Administration and Competition. In 

discussion with the company, sales and administrative consequences are the most important aspects 

to consider. A new pricing model should not be too complex to sell to the customer, and on the 

other hand should not increase the administrative burden.  

From a sales perspective, the current fixed-fee contract is easy to sell. The customer can choose 

between 8 sizes of containers, the number of containers, as well as the visiting frequency. The 

customer pays a fixed amount (monthly) for having the container as well as for the contracted 

number of visits. The customer therefore knows upfront what he will be paying. Introducing a 

weight-based contract will bring more questions to the table, because the customer will be 

uncertain of his future payments. The Three-Part tariff offers the customer some insurance to large 

variations in future payment, which makes it easier to understand (and sell) compared to a pure 

usage-based tariff such as the two-part tariff. 

When considering the waste collection process, the condition for the introduction of a weight based 
pricing scheme is the weighing of containers. Weighing has some consequences for the truck driver, 
as described in Appendix G. The main consequence is a slight increase of service time at the 
customer. The customer is not aware of the weighing process. Since the weight can only be 
measured after the material is loaded unto the truck, the container cannot be refused based on the 
weight. Therefore, the pricing scheme should control for the weight afterwards.  

As far as administrative consequences are concerned, the largest disadvantage of a weight-based 

contracts is that some billing occurs afterwards, where in current contracts, all billing occurs in 

advance by means of direct debit. This way, the company is certain of receiving their money upfront. 

A payment scheme as in telecommunications, where the customer pays every month afterwards 

based on his actual usage, will increase the administrative burden a lot and is therefore not 

desirable. A payment scheme such as in gas or electricity supply, where the customer has to pay in 

advance and at the end of the year is accounted for his actual usage level, is therefore more 

convenient. 

Concerning competition, largest competitor SITA mentions on their website that there are weight 
differences between organizations e.g. offices (70-100 kg/m3) and the hospitality industry (170-200 
kg/m3). This suggests that some kind of price differentiation based on business sector is applied. 
Other competitors mention in their Terms and Conditions that the offered tariffs are based on an 
average specific weight of 100 kg/m3 (for residual waste). In case of regular excess, tariffs will be 
adjusted accordingly. There are also some companies who mention explicitly that contracts are 
based on a specific weight of 100 kg/m3 and when this limit is exceeded, overage cost will be passed 
on to the customer. This suggests a usage based pricing scheme with an allowance limit, such as the 
three-part tariff. 
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Considering the above, the three-part tariff offers the benefits of the fixed-fee contracts, while on 
the other hand enables the company to price differentiate based on usage. The next section 
considers literature on three-part tariffs, and in section 9.3 a quantitative model is constructed in 
order to optimize tariff parameter values. 
 

9.2.5 Three-part tariffs 
Most literature has focused on determining the optimal two-part tariff, or compared the two-part 

tariff with flat-rate pricing and pay-per-use mechanisms. Three-part tariffs gained more interest in 

recent years, but articles on this topic are still scarce.  

Lambrecht et al. (2007) explored consumer behavior (tariff choice and consumption) under three-

part tariffs. The developed framework models consumer’s decision process under three-part pricing. 

The model accounts for consumer uncertainty about consumption, incorporates tariff-specific 

preferences, and accommodates for consumers switching to competitors. The model was estimated 

using consumer level data. However, they did not determine optimal packages or tariff parameters. 

The measurement was rather focused on consumer preferences for flat-rate plans relative to pay-

per-use plans (which was found to be significant).  

(Bagh & Bhargava, 2012) show that, compared to a two-part tariff, a three-part tariff can be a more 

efficient instrument to price discriminate. The objective of their paper is to compare these two 

pricing schemes on their efficiency to price discriminate. They construct a quasi-optimal three-part 

tariff using an optimal menu of two-part tariffs, and show that the three-part tariff outperforms the 

menu of two-part tariffs.  

The paper by (Baek & Brueckner, 2015) is the first article to address elementary questions that 

involve the optimal features of the three-part tariff. Their analysis is based on two types of 

customers, high- and low-demand customers, where low-demand customers consume below the 

allowance limit, and high-demand customers consume above. 

9.3 Model formulation 
Based on the previous section, the three-part pricing model was chosen as the most suitable pricing 

strategy for the company’s issue. In order to determine the optimal contract parameters for the 

three-part pricing model, a tariff optimization problem is constructed. 

To determine the optimal tariff parameters for the company, we follow the approach of (Schlereth, 

Stepanchuk, & Skiera, 2010). In their article, a model was created to analyze and optimize the 

profitability of tariff structures using two-part tariffs. The model incorporates consumers’ choice to 

subscribe to the service, as well as the corresponding profit for the company. The model of 

(Schlereth et al., 2010) was extended to incorporate the three-part tariff. 

The game players in the model are the firm and the customers. The firm offers a contract (𝑠, 𝑣) that 

determines the customer’s payment. A customer responds by either accepting or rejecting this 

contract. 

The following parameters determine contract type (𝑠, 𝑣): 

𝑠: Container size (Table 1) 

𝑣: Frequency factor, expressed in number of collections/month (Table 6) 

The following parameters determine the payment for contract type (𝑠, 𝑣): 
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𝐹(𝑠, 𝑣): Fixed price per month, for contract (𝑠, 𝑣) 

𝑡̅(𝑠, 𝑣): Maximum container load (in kg), for contract (𝑠, 𝑣) 

𝑝(𝑠, 𝑣): Overage price per kg waste, in exceedance of 𝑡̅(𝑠, 𝑣) 

Calculating the optimal tariff strategy involves two optimization problems. The first optimization 

problem involves the optimal consumer strategy. A customer is modeled as a rational decision 

maker, that chooses a contract that minimizes his cost of disposal. The second optimization problem 

concerns the firm, where the objective of the firm is profit maximization.  

Frequency Collections per month (𝑣) 

2XPW 8.69 

1XPW 4.35 

1XP2W 2.17 

1XP4W 1.09 
Table 6 Frequency Factors 

9.3.1 Customer perspective 
The following assumptions are made: 

1. Each potential customer has to get rid of his waste. 

2. The customer is a rational decision maker that wants to minimize his cost of disposal. The 

customer chooses to subscribe to the service contract that the company offers, or he decides to do 

not use the service at all. Therefore, he will only choose to subscribe to the service if his expected 

cost is lower than, or at most equal to, the fixed fee he currently pays to the company (or one of the 

competitors). 

3. We assume that a customer does not choose between a set of contracts, but only considers his 

current contract type (𝑠, 𝑣). This is different from the model of (Schlereth et al., 2010), where a 

customer chooses between a set of contracts. 

4. The model of (Schlereth et al., 2010) incorporates an interdependency between the tariff choice 

and the usage quantity of the service. For our model however, we assume that as long as a 

customer’s expected cost is at least equal to, or lower than the fixed fee, his usage of the service 

does not change. By this we mean that a customer is not likely to change his behavior with respect 

to the amount of waste he produces as a result of the tariff. This is a reasonable assumption, since in 

literature, the price elasticity of demand for waste collection services is found to be very inelastic. 

Multiple estimates can be found but they cluster around -0.2, which means that a 1% increase in the 

user fee is estimated to lead to a 0.2% decrease in the quantity of waste (Fullerton & Raub, 2004). 

5. We assume that the customer’s weight based price depends on the average amount of waste 

delivered / collection /customer, 𝑞𝑖 (in kg). A customer is only charged extra at the end of the year if 

his average usage exceeds allowance 𝑡̅. This minimizes administrative consequences on the one 

hand, and leaves some room at the customer’s side for seasonal variation in his waste weight. 

We follow the current company standard of monthly billing, so the customer’s payment is equal to 

𝐹𝑠,𝑣 each month, and at the end of the year he has to pay 12 ∗ 𝑣 ∗ (max{0, 𝑞𝑖 − 𝑡(̅𝑠,𝑣)} ∗ 𝑝(𝑠,𝑣)) if 𝑞𝑖 

exceeded 𝑡(̅𝑠,𝑣). 
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The decision for customer 𝑖 to subscribe to the service contract (𝑠, 𝑣), is dependent on his consumer 

surplus 𝐶𝑆𝑖,(𝑠,𝑣). We define the consumer surplus as the difference between his expected monthly 

cost of disposal under the three-part contract, 𝑈𝑖,(𝑠,𝑣), and his willingness-to-pay, 𝑊𝑇𝑃𝑖,(𝑠,𝑣), for the 

fixed tariff contract. We use monthly billing rates, since this is the standard billing frequency for the 

company, and therefore values are easiest to interpret.    

𝐶𝑆𝑖,(𝑠,𝑣)(𝑞𝑖) = 𝑊𝑇𝑃𝑖,(𝑠,𝑣) − 𝑈𝑖,(𝑠,𝑣)(𝑞𝑖) (12) 

Where: 

𝑈𝑖,(𝑠,𝑣)(𝑞𝑖) =  𝐹(𝑠,𝑣) + 𝑣 ∗ (max{0, 𝑞𝑖 − 𝑡(̅𝑠,𝑣)} ∗ 𝑝(𝑠,𝑣)) (13) 

 

The consumer subscribes to the service if his individual rationality constraint is fulfilled, which means 

that his consumer surplus should be non-negative: 

𝐶𝑆𝑖,(𝑠,𝑣) ≥ 0 (14) 

 

Since not every customer has the same willingness-to-pay, it is important to understand the 

variation of willingness-to-pay among customers. Various estimation methods have been proposed 

in literature, the reader is referred to (Breidert, 2006) for a complete overview. Estimation of WTP 

can be based either on market data (historical sales), stated preference data (customer surveys) or 

purchase experiments (auctions). Since surveys or purchase experiments were not possible to 

conduct in the time frame of this research, historical sales data were analyzed to estimate the 

distribution of WTP.  

(Breidert, 2006) remarks that there are some drawbacks with respect to using historical sales data 

for the estimation of the WTP. Historical sales data are often only available at the aggregate level 

and that most datasets do not contain the necessary price variations. However, this is not the case 

for the company. Sales data is available at the individual customer level, and due to the fact that 

negotiation is possible, the data contains more than enough price variation. (Phillips, 2005) describes 

a method to estimate the willingness to pay function using win/loss data. Although win/loss data is 

available in our historic sales data, we do not know if sales were lost because of the price. Therefore, 

we will estimate the WTP from win data only. By doing this we must take in mind that when using 

this market data, we can only observe whether an individual had a willingness to pay above the 

product price, because he actually purchased the product. The true willingness to pay of the 

customer may therefore be higher than the purchase price. Based on the historical sales data, we 

calculated for each price point (in €) the percentage of customers that were willing to buy the 
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contract, denoted by 𝛿. This can be seen in Figure 13. 

 

Figure 13 Willingness To Pay 

9.3.2 Firm perspective 
The tariff optimization problem for the company, is to maximize the expected yearly net profit (𝑁𝑃). 

The expected net profit for contract (𝑠, 𝑣) and tariff parameters {𝐹, 𝑡̅, 𝑝} is given by: 

𝑁𝑃({𝐹, 𝑡̅, 𝑝}) = ∫ 𝑁(𝑞) ∗ 𝛿(𝑞; {𝐹, 𝑡̅, 𝑝}) ∗ 𝑁𝑃(𝑞; {𝐹, 𝑡̅, 𝑝})
∞

𝑞=0

𝑑𝑞 
(15) 

 

Where: 

𝑞 = Average container load of a customer  
  
𝑁(𝑞) = Expected number of customers that supply 𝑞  
  
𝛿(𝑞; {𝐹, 𝑡̅, 𝑝}) = Fraction of customers supplying 𝑞 and buying contract {𝐹, 𝑡̅, 𝑝}  
  
𝑁𝑃(𝑞; {𝐹, 𝑡̅, 𝑝}) = The company’s net profit per year, realized for a customer supplying 𝑞 and 
buying contract {𝐹, 𝑡̅, 𝑝}, given by: 

 

12 ∗ (𝐹 − 𝐶𝑟𝑒𝑛𝑡 − 𝑣 ∗ (𝐶𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 + 𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 ∗ 𝑞 − 𝑝 ∗ max(𝑞 − 𝑡̅, 0))) (16) 

 

Objective: 

max 𝑁𝑃({𝐹, 𝑡̅, 𝑝}) (17) 
 

The objective of the function (16) is to maximize net profit. Decision variables for the company are 

the tariff parameters: 𝐹, 𝑡̅, 𝑝.  
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9.3.3 Cost function 
The cost function consists of three components: 𝐶𝑟𝑒𝑛𝑡, 𝐶𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 and 𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔.  

The fixed cost for container rent per month is denoted 𝐶𝑟𝑒𝑛𝑡, which is dependent on the container 

size 𝑠. 

The transportation cost per collection is given by: 

𝐶𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 =
𝑇𝑇 + 𝑆𝑇

60
∗ (𝐿𝑉 + 𝑉𝑆 ∗ 𝐿𝐹) 

(18) 

 

The transportation costs exist of the travel time (𝑇𝑇) to the customer and service time (𝑆𝑇) at the 

customer multiplied by the hourly cost price of the logistic vehicle (𝐿𝑉) plus the hourly wage of the 

vehicle staff (𝑉𝑆) multiplied by the loadfactor (𝐿𝐹) that indicates the number of truck drivers on a 

collection vehicle for ROL-containers. These costs are not dependent on the container type, and 

assumed to be equal for all containers and customers. This is a reasonable assumption, since all 

these containers are serviced in the same truck route, and the values used for 𝑇𝑇 and 𝑆𝑇 are 

averages over all customers and truck routes. 

The variable costs for customer 𝑖 are dependent on the waste quantity 𝑞 (in kg) and are given by: 

𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔(𝑞) = (𝑊𝑃 + 𝑂𝑂 + 𝐴𝑇) ∗ 𝑞 (19) 

 

Consisting of the waste processing cost (𝑊𝑃), the cost for temporary storage at the dump site (𝑂𝑂) 

and the cost for transport to the waste processor (𝐴𝑇), these costs are all expressed in €/𝑘𝑔.  

9.4 Model analysis 
For each contract (𝑠, 𝑣), the optimal parameter values for {𝐹, 𝑡̅, 𝑝} can be determined by means of 

complete enumeration. As a first step, using the waste weight data, we can calculate the distribution 

of 𝑞𝑖, the average container load per collection per customer. Note that this distribution differs 

from, but looks quite similar to, the one described in chapter 7 (which was used to determine the 

average container load per collection). Compare also Figure 19 and Figure 20 in Appendix D. The 

same distribution type (3P lognormal) was fitted to the average customer weights. The values for 

(mu, sigma, gamma) are however different. Based on this distribution, we can calculate 𝑁(𝑞), the 

expected number of customers that supply 𝑞.  

For each value of 𝑞, and parameter values {𝐹, 𝑡̅, 𝑝} we can calculate a customer’s monthly cost of 

disposal using (13). Based on this outcome, we can determine a consumer’s surplus using (12) and 

(14). Using historic sales data, we can calculate 𝛿, the fraction of customers supplying 𝑞 and buying 

contract {𝐹, 𝑡̅, 𝑝}. Next, we can calculate the company’s expected net profit using (15) and (16).  

When the values of 𝐹, 𝑡̅ and 𝑝 are allowed to take values of zero, the model not only includes the 

three-part tariff as a possible solution, but also allows for a two-part tariff (when 𝑡̅ = 0), linear 

pricing (when 𝐹𝑗 = 0) and a Fixed fee (when 𝑡̅ = 𝑝 = 0). 

When searching for the optimal solution, we used the logic that a customer is not willing to pay a 

higher fixed fee under a three-part tariff than the fixed fee he has to pay under a fixed tariff 

structure. Also, a customer is not willing to pay a higher fixed fee under a two-part tariff than the 

fixed fee he has to pay under a three-part tariff, because the three-part tariff offers him more units 

“free of charge” compared to the two part tariff. Using this logic, the optimal fixed fee for the three-
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part tariff must be higher than the optimal fixed fee for the two-part tariff, but lower than the 

optimal fixed fee for the fixed tariff. 

The following optimization heuristic was constructed. We first calculate the optimal fixed tariff, 

which will be denoted by 𝐹1. Using 𝐹1 as an upper limit for the fixed fee of a two part tariff, we 

calculate the optimal two-part tariff, denoted by (𝐹2, 𝑝2). Using 𝐹2 as an under limit and 𝐹1 as an 

upper limit for 𝐹3, the fixed fee of the three-part tariff, we then calculate the optimal three-part 

tariff (𝐹3, 𝑡3̅, 𝑝3).  

By means of complete enumeration, i.e. taking all the possible combinations of parameter values 

into account, the optimal contract parameter values were determined. This was done by using the 

VBA code as described in Appendix H. Part 1 of the code determines the optimal value for 𝐹1. As a 

next step, the optimal two part tariff parameter values, 𝐹2 and 𝑝2, are determined using Part 2 of 

the VBA script. As a last step, the optimal three part tariff parameter values, 𝐹3, 𝑝3 and 𝑡3, are 

determined using the third part of the script. 

Since optimizing three continuous parameters results in an enormous amount of calculations, we 

limited the calculation options by discretizing the decision variables. Also, the search space of the 

problem was reduced by setting a number of boundaries for these variables. 

For the fixed fee 𝐹, there is an upper limit which is determined by the maximum value of the 

customer’s WTP. For ease of calculation, the parameter value of the fixed fee 𝐹 is only allowed to 

take steps of 1€.  

The allowance limit 𝑡̅ (in kg) is on the upper side limited by 1000 kg/m3, which was a limit defined in 

chapter 7.3, values exceeding this limit are unrealistic. Since it does not make sense to use a very 

specific value for 𝑡̅, the allowance limit is only allowed to take steps of 10 kg.  

For 𝑝, the overage price per kg, there is a lower bound and an upper bound. The lower bound is 

given by the marginal cost price per kg, 𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔. Using the same logic as for the upper limit of 𝐹, 

the upper bound of 𝑝 is determined by the customer’s maximum WTP. In the extreme case that 

𝐹 = 0, (representing a full linear pay-per-use tariff) the full revenue must be extracted by 𝑣 ∗ 𝑝 ∗ 𝑄, 

the latter term representing the average container load of the complete set. The upper limit of 𝑝 is 

given by 
𝑊𝑇𝑃𝑀𝐴𝑋

𝑣∗𝑄
. The parameter value of 𝑝 is only allowed to take steps of 0.01€.  

9.4.1 Example 
In this subchapter, an example of the contract optimization procedure is given for the contract type 

type E-1XPW. First, using the weight data, the average container load per customer, 𝑞, was 

determined and a 3P-Lognormal distribution was fitted, with: 𝜇 = 4.417, 𝜎 = 0.566 and 𝛾 = −2.47. 

Using this distribution, we can calculate 𝑃(𝑞), the probability that a customer’s average supply 

equals 𝑞, for every value of 𝑞, (𝑞 = 1, … ,1000). In order to calculate 𝑁(𝑞), the expected number of 

customers that supply 𝑞, we need to multiply 𝑃(𝑞) with the total number of (potential) customers. 

For ease of interpretation, we use 1,000 theoretical customers.  

E.g. for 𝑞 = 105kg, 𝑃(𝑞) = 0.006. For the theoretical set of 1,000 customers, the expected number 

of customers that on average supply 105 kg, 𝑁(105kg) = 1,000 ∗ 0.006 = 6. 

For each value of 𝑞, and parameter values {𝐹, 𝑡̅, 𝑝} we can calculate a customer’s monthly cost of 

disposal using (13).  
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For example, for 𝑞 = 105kg, and parameter values: {€95, 100kg, €0.10}, the customer’s cost of 

disposal becomes:  

𝑈𝑖,(type E; 1XPW)(105kg) = €95 + 4.35 ∗ (max{0, 105 − 100} ∗ €0.10) = €97.18 

Based on historical sales data, we find that a fraction of 35% of the customers is willing to pay ≥ €97 

for contract (type E;  1XPW). So, 𝛿(105kg; {€95,100kg, €0.10}) = 0.35.  

Using (14) and (15), we can now calculate the company’s expected net profit. 

Where: 

 𝑁𝑃(𝑞; {𝐹, 𝑡̅, 𝑝} = 12 ∗ (𝐹 − 𝐶𝑟𝑒𝑛𝑡 − 𝑣 ∗ (𝐶𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 + 𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 ∗ 𝑞 − 𝑝 ∗ max(𝑞 − 𝑡̅, 0))) 

Given: 

𝑣 = The monthly number of collections = 4.35 

𝐶𝑟𝑒𝑛𝑡(type E) = The monthly cost of renting a container = €4.85  

𝐶𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 = The transportation cost per collection = €7.04 

𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 = The cost of processing 1 kg of waste = €0.097 

𝑁𝑃(105kg; {€95,100kg, €0.10} =  

12 ∗ (€95 − €4.85 − 4.35 ∗ (€7.04 + €0.097 ∗ 105kg − €0.10 ∗ max(105 − 100, 0))) 

= €208.76 

Using that 𝑁(105kg) = 6 and 𝛿(105kg; {€95,100kg, €0.10}) = 0.35, the expected yearly net profit 

for the company, given 𝑞 = 105kg and parameter values: {€95,100kg, €0.10}, is calculated as: 

6 ∗ 0.35 ∗ €208.76 = €438.40. 

These calculations are made for every 𝑞, (𝑞 = 1, … ,1000) and possible parameter values for 

{𝐹, 𝑡̅, 𝑝} in order to find the optimal parameter values.  

We first calculate the optimal fixed fee 𝐹1
∗, assuming 𝑝 and 𝑡̅ are 0. For the search space of 𝐹1, the 

upper bound is given by the maximum willingness to pay, 𝑊𝑇𝑃𝑀𝐴𝑋. So the search space is given by 

(0, 255), using steps of €1.  

Using the VBA code to calculate the profit maximizing parameter value, we find that the optimal 

fixed fee 𝐹1
∗ = €92. 

To calculate the parameter values for the optimal two-part tariff, we can now reduce the search 

space of 𝐹2 to (0, 92), again using steps of €1. For the search space of 𝑝2, the lower bound is given by 

𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 = €0.097 and the upper bound is given by 
𝑊𝑇𝑃𝑀𝐴𝑋

𝑣∗𝑄𝑐
=

255

4.35∗95
= €0.62. So the search 

space is given by (0.10, 0.62), using steps of €0.01. 

The optimal parameter values found are: 𝐹2
∗ = €62 and 𝑝2

∗ = €0.10/𝑘𝑔. 

To calculate the parameter values for the optimal three-part tariff, we reduce the search space of 𝐹3 

to (62, 92). The search space of 𝑝3 is the same as for 𝑝2, and the search space of 𝑡3̅ is given by (0, 

1000), using steps of 10kg.  

We find that the optimal 𝐹3
∗ = €92, 𝑡3̅

∗
= 110 𝑝3

∗ = €0.20/𝑘𝑔.  
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Based on the optimal three-part tariff, we changed the parameter values for 𝐹, 𝑡̅ and 𝑝 one by one, 

and looked at the influence on expected profit. From these figures, which can be found in Appendix 

I, it can be seen that Total Profit, as a function of the tariff parameters, shows convex behavior in 𝐹, 

𝑡̅ and 𝑝. 

9.4.2 Model Dynamics 
In this paragraph, we will elaborate on the results from the model example, and discuss the 

dynamics of the different tariff structures. Continuing on the previous example, we analyze what the 

consequences are for the number of customers won/lost and their average waste weight.  

Under the optimal fixed tariff 𝐹1
∗ = €92, 631 out of 1,000 theoretical customers subscribe to the 

service. The average weight of these 631 customers is 95 kg, which is similar to the average of all the 

1,000 customers. Total revenue = €697,113, Total cost = €582,842 and Total profit = €114,271. 

Under the optimal two-part tariff 𝐹2
∗ = 62 and 𝑝2

∗ = €0.10, only 448 out of 1,000 theoretical 

customers subscribe to the service. This is a reduction 29% compared to the number of customers 

under the fixed tariff. The average weight of the 448 customers is only 60 kg, which is much lower 

than the average of the complete customer set, a reduction of 37%. Total revenue = €474,119, 

Total cost = €331,467 and Total profit = €142,652. Total revenue is thus lower compared to the 

fixed tariff, however, total profit is higher. 

Under the optimal three-part tariff 𝐹3
∗ = 92, 𝑡3̅

∗
= 110 𝑝3

∗ = €0.20, 487 out of 1,000 theoretical 

customers subscribe to the service. Compared to the fixed tariff, a decrease of 23%. The average 

weight of the 487 customers is 71 kg, which is also lower than the average of the complete customer 

set, a reduction of 25%. Total revenue = €544,963, Total cost = €387,101 and Total profit =

€157,862. Total revenue is thus lower compared to the fixed tariff, however, higher compared to 

the two-part tariff. Also, total profit is higher compared to the fixed and two-part tariff. 

An overview of the results is shown in Table 7. 

Tariff structure 
Total 
Revenue 

Total  
Cost 

Total 
Profit 

Customers 
subscribe 

Average 
Container 
load 

Average 
weight 
reduction N 

Flat rate €697,113 €582,842 €114,271 631 95 kg - 0% 1000 

Two-part tariff €474,119 €331,467 €142,652 448 60 kg - 37% 1000 

Three-part tariff €544,963 €387,101 €157,862 487 71 kg - 25% 1000 
Table 7 Model Results 

This learns us the following about the tariff model dynamics. Compared to the fixed tariff, both the 

two-part and the three-part tariff are able to generate more profit for the company. Introducing a 

weight based tariff structure will cause “heavy” customers to leave. For the two-part tariff we can 

see that this effect is very strong, with a total customer reduction of 29%. For the three-part tariff, 

the effect is less strong, with a decrease of 23% compared to the optimal fixed tariff. When looking 

at the average weight of the customers, we see that both the two-part tariff and the three-part tariff 

are an effective instrument in the reduction of the average weight. For the two-part tariff, this effect 

is much stronger (-37%) than for the three-part tariff (-25%). Thus, the optimal two-part tariff is 

much stricter than the optimal three-part tariff, causing more heavy customers to leave. 

This learns us that the three-part model is a much more efficient instrument to price discriminate 

compared to the two-part tariff, because it is able to generate more profit, result in a better 

customer retention, and is less strict compared to the optimal two-part model.  
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9.5 Model remarks 
The results from the example shown in the previous paragraph are derived for 1000 theoretical 

customers, and based on certain assumptions. When comparing the modeled situation with the 

actual situation, there are some differences. In the actual situation, there is negotiation involved 

with each customer over the service contract price. Therefore, there is no uniform flat rate which 

can be compared to a uniform three-part tariff. Also, in the modeled situation, the customer’s WTP 

is modeled using historical sales data. In real life, this might not represent the true WTP, but rather 

shows the performance of the company’s salesforce. Estimating the true willingness to pay and price 

response of a customer is however not within the focus of this study and can be a complete study on 

its own.  

9.6 Conclusion 
In this chapter, the profitability of different pricing models was studied. The three-part pricing model 

appeared to be the most interesting model based on the qualitative as well as on the quantitative 

analysis. Based on the qualitative analysis, the three-part model seems the most suitable to address 

the issue of the company, where the three-part tariff offers the benefits of the fixed-fee contract 

(certainty for the customer), while on the other hand it enables the company to price differentiate 

based on usage. In the quantitative analysis a model was constructed to come up with the optimal 

tariff parameters. When comparing the optimal three-part tariff with the optimal fixed tariff and 

two-part tariff, it can be seen that the three-part tariff is well able to outperform the other tariff 

structures. When looking at the profit for the company, the optimal three-part tariff was able to 

extract the most profit from the theoretical customer set. The constructed model does not cover all 

the dynamics from the company’s actual situation. Therefore, the company should be careful by 

interpreting the results. However, the model gives a fair representation of the benefits that a three-

part tariff structure can bring. 
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10. Results 
In this chapter, the results of the tariff optimization are discussed. We first discuss the influence on 

profit and profit margin. Next the parameter values obtained by the optimization model are 

discussed. We also discuss how the model can be further extended in order to capture more of the 

company dynamics. 

10.1 Profit 
The company’s expected monthly net profit for a customer under the fixed tariff is given by: 

𝐸(𝑁𝑃(𝐹)) = 𝐹 − 𝐶𝑟𝑒𝑛𝑡 − 𝑣 ∗ (𝐶𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑜𝑛 + ∫ 𝑞 𝑓(𝑞) 𝑑𝑞
∞

0

∗ 𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔) 
(20) 

 

Where 𝑓(𝑞) is the probability distribution function of 𝑞, the average container load of a customer, 

and ∫ 𝑞 𝑓(𝑞) 𝑑𝑞
∞

0
 is the formula of the expected value of this function.  

If we analyze this for the type E 1XPW, we see that under the optimal fixed tariff, 𝐹1 = €92, the 

company’s expected net profit is: 

𝐸(𝑁𝑃(𝐹)) = €92 − €4.85 − 4.35 ∗ (€7.04 + 95𝑘𝑔 ∗ €0.10) = €15.20 

The according profit margin is given by  

𝑃𝑟𝑜𝑓𝑖𝑡 𝑀𝑎𝑟𝑔𝑖𝑛 = 1 −
€76.80

€92
= 16.5% 

The company’s expected net profit for a customer under the three part tariff is given by: 

𝐸(𝑁𝑃(𝐹, 𝑡̅, 𝑝)) = (21) 

𝐹 + 𝑝 ∗ ∫ (𝑞 − 𝑡̅) 𝑓(𝑞) 𝑑𝑞
∞

𝑡̅
− 𝐶𝑟𝑒𝑛𝑡 − 𝑣 ∗ (𝐶𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑜𝑛 + ∫ 𝑞 𝑓(𝑞) 𝑑𝑞

∞

0

∗ 𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔) 
 

 

We must take into account that for the three part tariff it is essential that we register the container 

weights. Therefore the collection cost, 𝐶𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑜𝑛, will slightly increase due to the extra service time 

involved (see also: Appendix G).  

For the optimal three part tariff for the type E 1XPW: 

𝐸(𝑁𝑃(€92, 110kg, €0.20))

= €92 + €0.20 ∗ ∫ (𝑞 − 110)𝑓(𝑞) 𝑑𝑞
∞

110

− €4.85 − 4.35 ∗ (€7.11 + 70𝑘𝑔 ∗ 0.10) 

= €92 + €1.28 − €66.23 = €27.05 

The according profit margin is given by  

𝑃𝑟𝑜𝑓𝑖𝑡 𝑀𝑎𝑟𝑔𝑖𝑛 = 1 −
€66.23

€93.28
= 28.9% 

We can see that profit margin almost doubles, under the optimal three part tariff. The difference is 

that under the new three-part tariff, the expected revenue will be higher, where the expected 

processing cost will be lower, due to the fact that the average weight decreases. The extra cost 

involved for weighing do not influence the profit margin by much.  
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10.2 Parameter values 
In this paragraph we will shortly discuss the optimal parameter values obtained by the tariff 

optimization model.  

When looking at 𝐹∗, it can be seen that for the container type E, the optimal fixed fee is equal to the 

optimal fixed fee under the flat rate pricing scheme. The implication is that although a lower fixed 

fee is possible due to the lower average weight, the most profitable strategy for the company is to 

charge the same fixed fee as under the optimal flat rate tariff. Using a lower fixed fee might attract 

more customers with a lower willingness to pay, resulting in a larger total revenue, but this doesn’t 

outweigh the loss of charging a lower fixed fee.  

The optimal value for the allowance limit 𝑡̅, is 110 kg for container type E. This value is slightly higher 

than the current average container load of 95 kg, and corresponds to a value of 100 kg/m3. This 

value can also be found in the terms and conditions of competitors. Therefore, it is a value that can 

make sense to both the company and the customers. 

When looking at 𝑝, the overage price per kg, we see that the optimal value exceeds the marginal 

costs 𝑐. However, when we look at the figures in appendix I, we can see that the influence of 𝑝 on 

total profit is not very large.  

(Baek & Brueckner, 2015) discuss the optimality of a three part tariff. Under monopoly conditions, 

low-demand types consume at the allowance level, while high-demand types consume above it, 

generating overage revenue. The overage price exceeds marginal cost, so the marginal WTP for the 

high-demand customer exceeds this cost. The low-demand type customer’s surplus is fully extracted 

by the access fee (The customer pays for more than what he actually uses), where for the high-

demand customer, overage revenue is generated.  

We can see that the optimal three-part tariff parameter values obtained by our model, are in 

agreement with the outcomes of (Baek & Brueckner, 2015). 

10.3 Model extensions 
The model described in the previous chapter can be used to determine the optimal tariff parameters 

for a single tariff. The analysis was based on a customer’s average container load per collection, 𝑞𝑖, 

and his service purchase decision, depending on his consumer surplus 𝐶𝑆𝑖,(𝑠,𝑣). The implications of 

the analysis are that the company can be better off by offering a three-part contract instead of a 

fixed tariff. The model that was developed can be extended to make the analysis more 

comprehensive. 

The model in the previous chapter used the individual rationality constraint, in combination with the 

WTP distribution, to determine 𝛿, the fraction of customer’s that would subscribe for a certain price. 

The strict implication of this method, is that a customer will not subscribe to the service, if his usage 

based price under the three part tariff, exceeds his willingness to pay for the fixed tariff (even if it is 

just by the slightest amount). To relax this assumption, we can also model that a customer will still 

subscribe if his WTP is not exceeded by more than a certain percentage 𝜌. Equation (12) then 

becomes: 

𝐶𝑆𝑖,(𝑠,𝑣)(𝑞𝑖) = (1 + 𝜌) ∗ 𝑊𝑇𝑃𝑖,(𝑠,𝑣) − 𝑈𝑖,(𝑠,𝑣)(𝑞𝑖) (22) 

 

To construct the tariff optimization model, the approach of (Schlereth et al., 2010) was followed, 

where on the one hand their model was extended to incorporate the three-part tariff, but on the 

other hand the analysis was simplified. The analysis of (Schlereth et al., 2010) is more extensive, 
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since it not only optimizes tariff parameters for a single contract but jointly for a complete tariff set. 

Such analysis was however not within the scope of this research, partly because of the lack of data 

availability, with respect to consumer behavior under tariff change, and partly because of the 

computational effort needed to solve such a model.  

Under such analysis, the objective (17) changes to: 

max 𝑁𝑃({𝐹𝐽, 𝑡�̅�, 𝑝𝐽}) (23) 

Where: 

𝑁𝑃({𝐹𝐽, 𝑡�̅�, 𝑝𝐽}) = ∑ 𝑁𝑃({𝐹𝑗, 𝑡�̅�, 𝑝𝑗})

𝑗∈𝐽

 (24) 

 

Here 𝐽 = the complete set of tariffs, 𝑗 representing a single tariff (𝑠, 𝑣). 

When optimizing over the complete tariff set, the dynamic can be captured that it might be 

interesting for a customer to switch from one contract to another, the tariff choice decision. To 

capture this dynamic, the choice of every individual (potential) customer should be evaluated. This 

can be done by introducing a choice variable 𝑧𝑖,𝑗, indicating the tariff choice of customer 𝑖 to 

subscribe to tariff 𝑗.  

𝑧𝑖,𝑗 = {0,1}  (𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽)  (25) 

𝐶𝑆𝑖,𝑗({𝐹𝑗, 𝑡�̅�, 𝑝𝑗}) ∗ 𝑧𝑖,𝑗 ≥ 0  (𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽)  (26) 

∑ 𝑧𝑖,𝑗 ≤ 1, ∀𝑖 ∈ 𝐼𝑗∈𝐽   (27) 

 

The function for 𝑁𝑃 then changes to: 

𝑁𝑃({𝐹𝐽, 𝑡�̅�, 𝑝𝐽}) = ∑

𝑖∈𝐼

∑ 𝑁𝑃({𝐹𝑗, 𝑡�̅�, 𝑝𝑗})
𝑖

∗ 𝑧𝑖,𝑗

𝑗∈𝐽

 (28) 

Where: 

𝑁𝑃({𝐹𝑗, 𝑡�̅�, 𝑝𝑗})
𝑖

= 

12 ∗ (𝐹𝑗 − 𝐶𝑟𝑒𝑛𝑡(𝑠) − 𝑣 ∗ (𝐶𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 + 𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 ∗ 𝑞𝑖 − 𝑝𝑗 ∗ max(𝑞𝑖 − 𝑡�̅�, 0))) 

(29) 

 

The current research focused on weight-based pricing. However, there is a larger context to it. The 

number of tariffs offered also plays a role. This is directly related to the offered portfolio of 

container sizes and collection frequencies. The average container load of a customer, 𝑞𝑖, depends on 

the customer’s choice for a certain container size and collection frequency. Therefore, by choosing a 

certain contract, the customer also makes a usage quantity decision, on the average container load 

𝑞𝑖.  

So, the portfolio of contracts that the company has to offer, can be optimized as well. More tariffs 

will likely result in a better market segmentation, but on the other hand increases the administrative 

burden and need for more marketing effort. 

In order to model this, we need to estimate the willingness to pay function of the individual 

customer. Following (Schlereth et al., 2010), the customer’s individual willingness to pay can be 

captured using a quadratic function, where a consumer’s WTP increases with the usage quantity 𝑞𝑖, 

but the corresponding marginal WTP decreases. This means that a consumer is willing to pay more 

for the possibility of disposing more waste, however, his willingness to pay for disposing an 

additional kg decreases as the number of kg’s increases. The parameters of this function can be 
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estimated using transactional data or survey data that can reveal consumer preferences. Knowledge 

about this function enables the modeling of three decisions:  

(1) The service purchase decision (Subscribe to the company’s contract) 

(2) The tariff choice decision (Which contract to subscribe, i.e. container size, frequency) 

(3) The usage quantity decision (The average container load, 𝑞𝑖) 

The reader is referred to (Schlereth et al., 2010) for the complete analysis. 

As a last extension, the model of (Schlereth et al., 2010) accounts for static competition. This analysis 

involves not only the set of contracts offered by the company, 𝐽, but also involves the set of tariffs of 

all competitors 𝐽𝑐. A customer only chooses one the contracts offered by the firm, if it yields him a 

higher surplus compared to the set of contracts offered by all competitors. This involvement of 

competition, although static (assuming competition does not react to change in prices), is essential 

to conduct a complete analysis. Since a customer has to get rid of his waste, he will not directly 

resign if his WTP is exceeded, but only if he can get a better contract at one of the competitors. 

The individual rationality constraint then becomes: 

𝐶𝑆𝑖,𝑗(𝐹𝑗, 𝑡�̅�, 𝑝𝑗) − 𝐶𝑆𝑖,𝑗𝑐(𝐹𝑗𝑐 , 𝑡�̅�𝑐 , 𝑝𝑗𝑐) ∗ 𝑧𝑖,𝑗 ≥ 0 (𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑗𝑐 ∈ 𝐽𝑐) (30) 

 

So, there are various ways that the constructed model can be extended to make the analysis more 

complete. Before such analysis can be conducted, it is important that the company will have the 

data available with regards to the customers individual WTP distribution, as well as the information 

about competitor’s tariffs. It is important to realize that this is a very complex problem to solve, and 

this complexity increases with the number of customers and tariffs.  

(Schlereth et al., 2010) succeeded in determining the global optimum for up to 15 customers and 2 

optional two part tariffs, and search heuristics were used to solve larger problems. The search 

heuristics performed well for up to 4 tariffs and 100 customers. The complexity increases when 

solving for 3 parameters (in case of the three-part tariff) instead of 2. Increasing the number of 

customers does not increase the computational time exponentially, but increasing the number of 

tariffs does.  

10.4 Practical Implementation Issues 
It has been demonstrated that the company can increase profitability by implementing a weight-

based tariff structure like the three-part tariff. The implementation of such a tariff structure, will 

bring some practical issues that the company has to consider. We considered costs, risks and 

organizational consequences. 

10.4.1 Costs 
Implementation of the three-part tariff structure will require some financial investment from the 

company. In order to introduce a weight-based tariff structure, it is essential that the company 

always registers the weight data, and that this process is as reliable as possible. Because the 

customer may demand information about his container weights the company cannot suffice with 

sampled values only (compare with the customer experience with e.g. phone and electricity bills). 

Since there is some extra service time involved, this will be the largest cost component. This cost is 

however, as shown in paragraph 10.1, outweighed by the extra profit that the tariff structure will 

bring. 



60 
 

Furthermore, it will require time and capacity of the ICT organization to implement such a tariff 

structure, and ensure automated billing. Also, time and capacity is needed to instruct truck drivers 

about the importance of a correct weighing process, as well as some additional steps needed to 

make the weighing process more verified.  

10.4.2 Risks 
The largest risk for the company is that customers are lost. As long as these are customers that were 

unprofitable for the company, this might be an acceptable risk. However, the new tariff structure 

can also withhold new customers, due to the flat rate bias. In that case, a customer chooses avoiding 

a loss (extra payment due to exceeding the allowance limit) over the chance of earning a profit 

(lower fixed fee).  

10.4.3 Organizational consequences 
From an organizational perspective, the three-part tariff needs to be embedded in the customer’s 

contract or terms and conditions. Also, the sales organization needs to be informed, and agree on 

these terms. Also the customer needs to be informed about the possible extra payments at the 

moment of contracting. This is very important, since the customer is currently not aware of the 

weighing process and the consequences involved. It all depends on the customer willing to accept 

these conditions.  

10.5 Conclusion 
Based on the results presented in the previous and the current chapter, it can be concluded that it 

can be beneficial for the company to implement a three-part tariff structure. The benefits of such a 

model, outweigh the additional costs of collecting the weight data. When looking at the optimal 

parameter values obtained by the model that was constructed in the previous chapter, it can be 

concluded that these values make sense and are in line with the outcomes of previous literature on 

the three-part tariff. However, these values are obtained from the optimization on a single contract, 

and therefore, a more thorough analysis can be conducted, following the model of (Schlereth et al., 

2010). Several suggestions for extending the model are given. Finally, the implementation of a three-

part tariff will have some consequences for the organization as well. It is important for the company 

to consider all the costs, risks and consequences, before deciding on the implementation of such a 

change. 
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11. Conclusion 
In this chapter the conclusions of this research project will be presented. First, the answers to the 

sub questions are given, followed by a general conclusion that will answer the research question. 

Also, recommendations for the company are given, and the academic relevance and further research 

directions are discussed. 

11.1 Sub questions 
Sub question 1: What is the distribution function of the ROL-container weighing data? 

The distribution of the waste weight data cannot be characterized by a symmetrical normal 

distribution, as was done by default by the company. An outlier procedure based on the assumption 

of a normal distribution therefore leads to the removal of valid data. The weight data shows instead 

a positively skewed distribution, which function could best be described by the three parameter 

lognormal distribution. A procedure was established for the selection of the data and the 

identification of outliers, and based on this procedure, new estimates for the mean container load 

were calculated. Compared to the old estimates, the new estimates appeared to be larger for some 

container sizes, but smaller for others. Using these new estimates will lead to a more accurate 

calculation of product profitability. 

Sub question 2: Can differences between groups be identified in the ROL-container weighing data? 

There are group differences in mean waste weight per container based on business sector and 

collection frequency. Although group differences exist, using these group differences as the basis for 

a prediction tool does not result in a very good model, because there is still a lot of variation within 

each group and not much variation between groups. Segmenting customers based on these criteria 

would still result in light and heavy customers spread around each segment. Therefore, using these 

segmentation criteria as a basis for price differentiation will not be very useful. 

Sub question 3: How can price differentiation be applied, in order to take waste weight differences 

into account? 

The three-part pricing model appeared to be the most interesting model based on the qualitative as 

well as on the quantitative analysis. Based on the qualitative analysis, the three-part model seems 

the most suitable to address the issue of the company, because the three-part tariff offers the 

benefits of the fixed-fee contract (certainty for the customer), while on the other hand it enables the 

company to price differentiate based on usage level.  In the quantitative analysis a model was 

constructed to come up with the optimal tariff parameters. When comparing the optimal three-part 

tariff with the optimal fixed tariff and two-part tariff, it can be seen that the three-part tariff is well 

able to outperform the other tariff structures. 

Sub question 4: What is the value of using waste weight data in pricing? 

It can be concluded that it will be beneficial for the company to implement a three-part tariff 

structure. The expected profit (margin) per customer will increase quite largely, and outweigh the 

additional costs of collecting the weight data. However, it is uncertain what the effect is on the 

number of customers that will leave or change their contract, as well as the effect on the number of 

potential new customers. Only a more thorough analysis with respect to customer behavior under 

tariff change, can tell the real consequences of such a change in tariff structure. 
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11.2 General conclusion 
The general conclusion will answer the main research question: 

How can a waste collection company improve profitability by using ROL-container 

weighing data in the pricing of commercial residual waste? 

Waste weight has a large impact on the business of the company. The profitability of a product and 

or customer is largely dependent on the container load. Since weight data is available and can easily 

be collected, the company should use this weight information in pricing. This research determined 

how this could be done.  

In order to improve profitability calculations, it is advised to use the new container load estimates 

obtained in chapter 7. Based on the data selection and outlier removal procedure in this chapter, 

estimates for the mean container load can be calculated. Furthermore, the process of weight data 

collection can be improved, in order to come up with more accurate information about the 

container loads of individual customers.  

Although the waste collection business can sometimes operate in a grey area, it is important that the 

customer agrees to adopt a certain behavior and service levels are not unlimited. Collection of extra 

waste or overloaded containers will cause the company to lose money. Accepting this kind of 

customer behavior causes profit margin to leak away. In order to stop this leakage, the company can 

regain contract profitability by using a weight based tariff structure, which will help to limit the 

amount of waste in a container. Using clear contract terms with respect to the container load and 

adhering customers to these contract agreements can help the company to improve profit margin. 

The three-part tariff was found to be the most useful instrument to reach this goal, both from a 

qualitative as well as a quantitative perspective. Using such a tariff structure will enable the 

company to serve both low- and high-usage customers in a competitive and profitable way.    

The attributes of a new tariff structure may influence customer behavior. Therefore, analysis solely 

based on cost and profit may not completely reflect the real situation. The optimal contract 

parameter values were obtained for a single contract, and may not hold in every situation. 

It is important to take this into account, when drawing conclusions about the value of using waste 

weight data in pricing. Although the analysis conducted does not cover all the possible dynamics of 

the real case, this research showed that the company can improve profitability by using ROL-

container weighing data in the pricing of commercial residual waste. 

11.3 Recommendations for the company 
The use of the new container weight estimates 

The results of the analysis in chapter 7 indicated that the current company estimates of container 

loads are based on the wrong assumptions (i.e. normality). Using the estimates obtained in this 

research will result in more accurate calculations for the company. The use of these estimates is not 

just limited to the customer profitability model, they can also be useful for operational decision 

making such as transportation planning.  

The use of a three-part pricing contract 

As shown in chapter 9 and 10, the company can significantly improve profitability by adopting a new 

pricing strategy for their contracts. Introducing a weight limit in the contracts, will result in “heavy” 

customers that either have to become profitable or will resign their contract. On the other hand, 
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because the average container load will decrease, a lower fixed fee can be charged, which might be 

able to attract more new customers.  

Collection of weight data  

High-cost customers can be identified by monitoring their waste weights. However, this procedure is 

currently not completely error free, and can be improved. Several errors can occur in the weight 

process. The use of small technology such as RFID can be used to make the process easier for the 

truck driver, and make the identification of customers and number of containers more verified. 

Putting up an additional check, by matching the weighing note of the weighing system with the 

weighing note of the truck scale at the dump site, will also result in a more verified process.  

11.3 Academic relevance  
This research was conducted with a focus on commercial waste collection. The model used to 

determine the optimal three-part tariff can also be applied to other service industries where the cost 

to serve a customer largely depends on the usage level of the service. Such industries are for 

example: electricity, telecommunications and car lease, but one can also think of high-tech 

industries where service contracts for high value equipment are offered to customers.  

The model as applied in this research has been found to be useful in determining the optimal two-

part tariff (Schlereth et al., 2010), and was adjusted to determine the optimal three-part tariff for a 

single contract. Where two-part tariffs are widely studied, the literature on three-part tariffs is 

scarce, and therefore this research contributes in the field of (nonlinear) pricing. In contrast to 

previous literature, we did not focus on the estimation of the willingness to pay, but rather focused 

on the use of operational data.  

11.4 Further research 
The pricing model that was created for this research describes some of the dynamics of the real 

world problem but certainly not all, and therefore possibilities to extend the model exist. Some of 

these model extensions are already discussed in more detail in paragraph 10.3. The model in this 

research mainly focused on the customer purchase decision. This could be extended by modeling 

customer behavior such as the tariff choice decision under multiple tariffs and the usage quantity 

decision. The analysis can also be extended by incorporating the set of tariffs offered by competition.  

Another dynamic that could be incorporated in the pricing model is negotiation. In this research the 

model was used to determine one optimal price. However, in the real situation there is the 

possibility that a customer negotiates on his contract price.  

The last extension of the model could have been to account for different levels of information. The 

customer can be uncertain about his usage level of the service, where the company already has 

some idea. After some time, the consumer learns about his usage and might decide to choose 

another contract. 
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Appendix A: Container Types 
   

 

Figure 18 AFZ Container on collection vehicle 

  

Figure 14 ROL 240L Figure 15 ROL 1100L Figure 16 ROL 5000L 

Figure 17 AFZ Container 6m
3
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Appendix B: Branches [Confidential] 
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Appendix C1: Overview of Containers, Revenues and Cost 

[Confidential] 
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Appendix C2: New Cost Calculation [Confidential] 
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Appendix D: Histograms of the Weight Data 

 

 

Figure 19 Histogram of waste weight data of ROL-container type E Residual Waste 

Figure 20 Histogram of average container load per customer, for ROL-containers type 
E, Residual Waste. The average was taken for customers that had three or more 
registered weights. 
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Appendix E: Probability Distribution Function plots of the weight data 

 

Figure 21 Histogram of container type A residual waste weight data with PDF plot of fitted 3P-lognormal distribution

 

Figure 22 Histogram of container type B residual waste weight data with PDF plot of fitted 3P-lognormal distribution 
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Figure 23 Histogram of container type C residual waste weight data with PDF plot of fitted 3P-lognormal distribution

 

Figure 24 Histogram of container type D residual waste weight data with PDF plot of fitted 3P-lognormal distribution 
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Figure 25 Histogram of container type E residual waste weight data with PDF plot of fitted 3P-lognormal distribution

 

Figure 26 Histogram of container type F residual waste weight data with PDF plot of fitted 3P-lognormal distribution 



75 
 

 

Figure 27 Histogram of container type G residual waste weight data with PDF plot of fitted 3P-lognormal distribution 

 

Figure 28 Histogram of container type H residual waste weight data with PDF plot of fitted 3P-lognormal distribution 
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Figure 29 Histogram of container type I residual waste weight data with PDF plot of fitted 3P-lognormal distribution 
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Appendix F: Regression Analysis 
 

A multiple regression analysis was conducted to find out if and by how much the weight of the waste 

inside a container can be predicted by the predictor variables. First the assumptions of regression 

analysis were checked, in order to make sure that the data could be analyzed using a multiple 

regression model, and that the obtained results are representative for the sample. 

The multiple regression analysis requires the variables to take the following form: 

1. Continuous dependent variable 

2. Two or more independent variables, either continuous or categorical. 

The dependent variable, weight, is a continuous variable. The independent variables are categorical, 

and they need to be recoded into metric variables so that they can be incorporated in the regression 

model. Dummy variable coding was applied, which means that a variable was created for each 

category of the predictor variables with a value of 1 if a case belongs to that specific category and a 0 

if not. According to (Hair, Black, Babin, & Anderson, 2010) the analysis of assumptions in a regression 

analysis involves two stages. First, the assumptions for the individual variables should be checked. 

Then, after the model is estimated, the assumptions for the overall relationship should be tested. 

The three assumptions to be met for the individual variables are: Linearity, homoscedasticity and 

normality. 

3. Linearity 

The measured relationship should be a linear one. Since all the predictor variables are dummies that 

can either take values of 0 or 1, the relationship can only be linear. 

4. Homoscedasticity 

Homoscedasticity, also called homogeneity of variance, was already checked in the ANOVA section. 

Based on Levene’s test, it was concluded that this assumption was violated. According to (Hair et al., 

2010) a remedy could be to apply variance stabilizing transformations to the data, such as a log-

transformation. 

5. Normality 

The normality assumption is violated by the dependent variable, as was already widely discussed in 

the chapter on distribution fitting. One remedy could be to apply log transformation, in order to 

approximate normality. Log transformations have been proven to be useful in regression models for 

solid waste analysis, for instance by (Lebersorger & Beigl, 2011).  

Based on the analysis of the assumptions, the regression analysis was carried out using a log 

transformed outcome variable, as a remedy for both heteroscedasticity and non-normality. 

Therefore the weight variable, 𝑞𝑖 was transformed to 𝑞𝑖 = ln (𝑞𝑖), prior to the regression analysis. 

Model estimation 
In the following section, the estimation of the model and the assessment of the overall model fit is 

discussed. For each of the three predictor variables, the dummy variables were entered as a block of 

variables, to test whether as a whole the predictor variable significantly contributed to the overall 

model fit. For every container type, three models were constructed. Model 1 includes only the 

Branche variable, Model 2 includes Branche and Frequency, and Model 3 includes Branche, 

Frequency and Area. 
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Container type Model R (training) R (test) R square Adj. R square 

A 1 ,248
a
   ,061 ,060 

  2 ,265
b
   ,070 ,068 

  3 ,270
c
 ,254 ,073 ,071 

B 1 ,237
a
   ,056 ,055 

  2 ,266
b
   ,071 ,069 

  3 ,269
c
 ,286 ,073 ,071 

D 1 ,276
a
   ,076 ,074 

  2 ,306
b
   ,093 ,091 

  3 ,309
c
 ,269 ,095 ,093 

E 1 ,229
a
   ,052 ,052 

  2 ,281
b
   ,079 ,078 

  3 ,289
c
 ,274 ,083 ,083 

F 1 ,226
a
   ,051 ,045 

  2 ,279
b
   ,078 ,071 

  3 ,295
c
 ,244 ,087 ,079 

G 1 ,285
a
   ,081 ,077 

  2 ,319
b
   ,102 ,097 

  3 ,327
c
 ,323 ,107 ,102 

H 1 ,250
a
   ,063 ,059 

  2 ,321
b
   ,103 ,099 

  3 ,338
c
 ,317 ,114 ,110 

I 1 ,323
a
   ,105 ,094 

  2 ,373
b
   ,139 ,126 

  3 ,376
c
 ,350 ,141 ,127 

Table 8 Regression model fit (statistics are based only on cases from training set, unless in the column R (test).) 

Table 8 shows the overall model fit for all eight container types. The R value is the correlation 

coefficient for the regression model and the dependent variable. The R-square value is the squared 

correlation coefficient, and indicates the percentage of total variation of the dependent variable, 

explained by the regression model. The adjusted R-square can be seen as a modified version of the 

R-square value, which is adjusted for the number of predictors in the model. It can be seen that for 

all the container types the model with all three predictor variables included leads to the best 

prediction, based on the adjusted R-square values. Although it should be mentioned that model 3, 

with the area variable included, does not lead to a large improvement of the adjusted R square, 

compared to model 2.  

The following regression equation was specified: 

ln (𝑞𝑖) = 𝛽0 + 𝛽𝑗 ∗ 𝐵𝑟𝑎𝑛𝑐ℎ𝑒𝑗,𝑖 + 𝛽𝑘 ∗ 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦𝑘,𝑖 + 𝛽𝑙 ∗ 𝐴𝑟𝑒𝑎𝑙,𝑖 + 𝜖𝑖 

Where 𝑞𝑖 is the estimator for the average weight of a customer 𝑖, which is in branche 𝑗, has 

collection frequency 𝑘 and is located in area 𝑙. 

This logarithmic relationship can be transformed back into: 

𝑞�̂� = 𝑒𝛽0+𝛽𝑗∗𝐵𝑟𝑎𝑛𝑐ℎ𝑒𝑗,𝑖+𝛽𝑘∗𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦𝑘,𝑖+𝛽𝑙∗𝐴𝑟𝑒𝑎𝑙,𝑖+𝜖𝑖 
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Which can be rewritten as: 

𝑞�̂� = 𝑒𝛽0 ∗ 𝑒𝛽𝑗∗𝐵𝑟𝑎𝑛𝑐ℎ𝑒𝑗,𝑖 ∗ 𝑒𝛽𝑘∗𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦𝑘,𝑖 ∗ 𝑒𝛽𝑙∗𝐴𝑟𝑒𝑎𝑙,𝑖 ∗ 𝑒𝜖𝑖 

After estimation of the regression coefficients, the estimated model was checked on the remaining 

assumptions of multiple linear regression.  

1. Multicollinearity  

Multicollinearity means that two or more predictors in the regression model are correlated. The 

Variance Inflation Factor (VIF) can be used as an indicator of multicollinearity. It is calculated as the 

inverse of the tolerance factor, which is the amount of variability explained uniquely by the selected 

independent variable. Hair et al. (2010) report a cutoff VIF value of 10, but also advise to closely 

inspect substantial VIF values > 3. Tolerance and VIF values were calculated using SPSS statistics, but 

no VIF values > 3 were found.  

2. Independence of error terms 

The Durbin-Watson statistic was used to check for independence of the error terms. The value of 

this statistic always lies between 0 and 4, where a value close to zero indicates positive serial 

autocorrelation and values close to 4 indicate negative autocorrelation. Values close to two indicate 

that no autocorrelation can be detected in the residuals. The Durbin-Watson statistic reported 

values ranging from 1.975 to 2.018 which implies that there was no indication of autocorrelation in 

the residuals.  

3. Normal distributed error 

The errors of the dependent variable should be approximately normal distributed. The residuals 

were plotted using a histogram and a normal probability plot, and these figures show that the errors 

follow a normal pattern, which can be seen in Figure 30 and Figure 31. 

Model evaluation 
After checking the assumptions of the regression model, the model was evaluated using cross 

validation. The performance on the original sample does not give information on the models ability 

to make predictions on new data. Therefore, cross validation was applied using the holdout method. 

The data was separated into two sets, a training and a testing set. The regression coefficients where 

estimated only using the training set, and the testing set was used to evaluate model performance. 

The dataset was split randomly, where 70% was used for training and 30% for testing. Table 8 also 

displays the R value for the testing set, in order to assess the predictive value of the model. It can be 

seen that the R value for the test set generally coincides with the R value of the training set. 

Therefore, it can be concluded that the explained variance is not just by chance, and that the model 

is also valid for data that was not used to develop the model.  
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Figure 31 Histogram of the standardized residuals (container type E) 

Figure 30 Normal P-P Plot of the standardized residuals (container type E) 
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Appendix G: Analysis of the weighing process 

Introduction 
Currently, 178 out of 225 collection vehicles (79%) are equipped with a weighing system. This 

percentage will reach 100% in the future, because over the course of time, old depreciated trucks 

will be replaced by new ones, where every new truck that is bought, is equipped with a weighing 

device. As indicated by the red marks in the illustration (Figure 32), the weighing system is located 

underneath the superstructure of the truck. The weight measurement is thus based on the complete 

truckload. To register the waste weight, two measurements are taken. One before and one after the 

waste material is loaded. Subtracting the second measurement from the first, results in the total 

amount of waste that was loaded unto the truck at a specific customer. In order to do the weight 

measurement, the truck needs to be stabilized. It can take some time until the truck is fully stable, 

and a correct measurement can be taken. The time this will take can differ from one truck to 

another, and also depends on other conditions such as wind and the road position of the truck (that 

influence the stability of the truck).  

 

Figure 32 Waste collection vehicle 

The process 
The process for the truck driver can be described as follows. When the collection vehicle arrives at 

the customer’s location, the truck driver selects the customer assignment on his onboard computer 

and, if weighing is required, the system automatically starts the first weight measurement. In the 

meanwhile, the truck driver will be able to grab the container, and place the container in the lifting 

device. The container can only be lifted after the first weight measurement has been registered, 

which is indicated by a green light. After the material is loaded unto the truck, the truck driver 

activates the compactor that compresses the waste. After the compaction, the truck driver pushes a 

button to start the second weight measurement. In the meantime, the truck driver can walk back to 

his cabin. If there are multiple containers at the customer’s site, the truck driver can load all the 

containers one by one, and register the total weight afterwards. At the onboard computer, he can 

confirm if the amount of containers is according to the assignment. If the amount in the assignment 

is not correct (the customer has not presented all his containers), the truck driver can manually 

enter the correct amount of emptied containers at the customer’s site. 

Influence on productivity 
The weighing process increases the service time at the customer. This is due to the fact that the 

truck driver has to perform some additional actions, as well as the fact that he cannot perform his 

regular actions optimally, because sometimes, he has to wait for the weighing system to be 

calibrated. In order to estimate the extra service time as a consequence of the weighing process, an 

analysis was carried out to determine the influence on the total productivity. In this analysis, the 
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average productivity during the weighing weeks was compared with the productivity before and 

after the weighing weeks.  

The productivity is defined as follows: 

𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑎𝑠𝑠𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑠

ℎ𝑜𝑢𝑟𝑠
 

Average productivity in regular weeks appeared to be 12,53 assignments per hour. This translates to 

an average of 60 / 12.53 = 4.79 minutes per assignment, which is consistent with the service time 

accounted for in the CPM model. During the weighing weeks, the productivity appeared to be 12.40 

assignments per hour, which translates to an average of 60 / 12.40 = 4.83 minutes per assignment. 

In these weighing weeks, 72% of the customers is weighed. Solving the equation 0.72 ∗ 𝑥 + 0.28 ∗

4.79 = 4.83 gives 𝑥 = 4.85. The time it takes to register the container weight is therefore estimated 

to be (4.85 − 4.79) ∗ 60 = 4 seconds, or an increase of  
4.85−4.79

4.79
= 1.25% in total service time. 
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Appendix H: VBA Code 
 

Sub MaxProfit 

Part I 
1. Set current profit = 0 

2. Set F1 = 0 

3. For F = (0 to 𝑊𝑇𝑃𝑀𝐴𝑋), Step 1 

a. Calculate the expenditure of the customers  (Worksheet function, using (13)) 

b. Determine 𝛿(𝑞; {𝐹, 𝑡̅, 𝑝})    (Worksheet function, using (12)) 

c. Calculate total profit for the company  (Worksheet function, using (14) and (15)) 

d. If total profit > current profit Then 

  set total profit as current profit 

  set F as F1  

  End If 

4. Next F 

 

Part II 
1. Set current profit = 0 

2. Set F2 = 0, Set p2 = 0 

3. For F = (0 to F1), Step 1 

4. For p = (𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 to 
𝑊𝑇𝑃𝑀𝐴𝑋

𝑣∗𝑄𝑐
), Step 0.01 

a. Calculate the expenditure of the customers 

b. Determine the customer’s choice to subscribe 𝑧𝑖,𝑐 

c. Calculate total profit for the company 

d. If total profit > current profit Then 

  set total profit as current profit 

  set F as F2 

  set p as p2 

  End If 

5. Next p 

6. Next F 
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Part III 
1. Set current profit = 0 

2. Set F3 = 0, Set p3 = 0, Set t3 = 0 

3. For F = (F2 to F1), Step 1 

4. For p = (𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 to 
𝑊𝑇𝑃𝑀𝐴𝑋

𝑣∗𝑄𝑐
), Step 0.01 

5. For t = (0 to 1000), Step 10 

a. Calculate the expenditure of the customers 

b. Determine the customer’s choice to subscribe 𝑧𝑖,𝑐 

c. Calculate total profit for the company 

d. If total profit > current profit Then 

  set total profit as current profit 

  set F as F3 

  set p as p3 

  set t as t3 

  End If 

6. Next t 

7. Next p 

8. Next F 

9. End sub 
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Appendix I: Optimal Parameter Values 
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