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Management Summary  
 
Problem context 
FrieslandCampina is a dairy cooperative that works with over 18.000 farmers and 200 
suppliers world-wide. Currently, FrieslandCampina lacks insight in its carbon footprint along 
the entire supply chain. In order to understand its complete carbon footprint, the company 
must gather carbon footprint information from its entire supply chain. 
In 2010, FrieslandCampina included sustainability in its company-wide strategy. Right now, 
FrieslandCampina has the ambition to operate carbon-neutrally by 2050 and has undertaken 
several initiatives to improve its sustainability. 
FrieslandCampina wants to investigate emission reduction possibilities in its procurement 
activities other than dairy products. Before FrieslandCampina is able to meet the previously 
mentioned targets, it is necessary to know its complete carbon footprint at this moment. 
 
FrieslandCampina started retrieving carbon footprint information for its scope 1 and 2. It is 
important to note that because of the cooperative structure with its dairy farmers being 
shareholders, dairy farming activities are included in the company’s scope 1. The company has 
been measuring carbon footprints at dairy farmers, for which reduction targets have been set. 
However, at this moment, emissions included in scope 3 (from procurement of other 
materials) are not always considered, as can be seen in Figure 2. Hence, for scope 3 emissions, 
reduction targets cannot be set by the company. The research presented in this paper is 
therefore focused on scope 3 emissions arising from procurement activities of other (non-
dairy) products, in order to investigate the impact of that part of FrieslandCampina’s scope 3 
emissions. 
 
Research context 
FrieslandCampina does not have insights about its carbon emissions from its procurement 
activities. Therefore, the problem statement can be described as follows: “FrieslandCampina 
is not able to assess its suppliers’ carbon footprint.” 
The research goal of this research project is to obtain insights in FrieslandCampina’s suppliers’ 
carbon footprint by focusing on its upstream scope 3 emissions, and to develop a general 
framework that supports carbon footprint assessment and procurement decision making, 
particularly on the sourcing strategy.  
 
Research questions 
The main research question that derives from the problem context can be stated as follows: 
“How can FrieslandCampina assess its suppliers’ carbon footprint and use this to improve its 
sourcing strategy?” 
To be able to work towards the research goal, the main research question can be divided in 
several research questions (RQs), as follows:  

• RQ1: What is an effective CFP measurement methodology for FrieslandCampina’s 
suppliers?  

o Sub question 1: What data is required from suppliers to measure their carbon 
footprint? 

o Sub question 2: How to compose a questionnaire with which suppliers’ carbon 
footprint can be evaluated? 



• RQ2: What would be a proper model that supports buyers’ sourcing strategy based on 
carbon emissions? 

 
Methodology 
It had been chosen to apply product LCA to estimate the carbon footprint of suppliers’ 
products. Also, it had been used to compute the carbon impact resulting from the procured 
products based on the spend volume data for 2019. By using product LCA, suppliers can be 
evaluated against each other based on their product carbon footprint. Since we are 
interested in the upstream emissions, the LCA will be limited to the moment the product 
unit enters the plant of FrieslandCampina. We refer to this as the “cradle-to-gate” life cycle 
scope. 
 
LCA analyses 
The LCA analyses were done by using software tool SimaPro, in which different footprint 
databases are incorporated to simulate LCA analyses. The LCA analyses had been done for 
products from the three product categories sugars, oils and starches due to their high 
volume impact. The LCA output revealed footprint data on country level, which provided 
good first insights to compute the carbon impact analyses. Also, carbon indicators were 
deducted that can be applied in case no direct emission date is available. 
 
Decision Model  
A mixed integer programming model has been proposed, that aims to determine the best 
action strategy while maximizes emission reduction over the whole set of suppliers. The 
model has been developed from the perspective of the buyer from FrieslandCampina. The 
model has to satisfy given constraints set for cost budget, lead time, and improvement 
targets. These constraints can be applied on category level, supplier level, and also on 
overall level. Hence, given a set of improvement actions, with their related costs, lead times, 
and improvement potentials, the model seeks for the optimal solution. 
 
Sensitivity analyses 
Different set ups with the earlier mentioned constraints have been tested in order to 
understand the impact of the parameter constraints, and to understand the decision 
model’s behavior. However, circumstances had been quite easy for the tested parameters, 
which made that impact of parameters had not properly been tested. Hence, future research 
should be done.  
 
Conclusion & discussion 
With product LCA, it had been tried to evaluate supplier footprints. However, due to lack of 
data, this did not succeed properly. From the LCA results, we did deducted that land use 
change and crop yield are reliable carbon indicators for some products. Also for 
manufacturing emissions it was found that energy usage generally contributes most. 
However, more research is necessary to be able to evaluate supplier’s carbon footprints. 
Also, accurate data is necessary for improvement actions and its related characteristics, in 
order to let the model come up with accurate solutions.  
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Chapter 1 Introduction 
 

1.1 Problem context 
The Dutch government has agreed to comply with the latest VN-climate policy (the so-called 
“Parijsakkoord”), which aims to limiting a maximum increase in global warmth of 2 degrees Celsius. 
For the whole Dutch industry, this means to be actively working towards a CO2 emission reduction of 
49% by 2030, starting from 2020 the latest. Nation-wide reduction is aimed to be 95% by 2050 
(Rijksoverheid, 2019). Organizations that are not able to meet reduction targets will have to 
compensate by financial penalties. FrieslandCampina is trying to work towards these targets. 
FrieslandCampina is a dairy cooperative that works with over 18.000 farmers and 200 suppliers world-
wide. Currently, FrieslandCampina lacks insight in its carbon footprint along the entire supply chain. In 
order to understand its complete carbon footprint, the company must gather carbon footprint 
information from its entire supply chain. 

1.2 Company problem statement & research goal 
In 2010, FrieslandCampina included sustainability in its company-wide strategy. Right now, 
FrieslandCampina has the ambition to operate carbon-neutrally by 2050 and has undertaken several 
initiatives to improve its sustainability. On example is that Dairy farmers of the company have been 
supported to implement solar panels at their own facilities. FrieslandCampina aims to use 100% 
electricity that is generated by its dairy farmers. Currently, all production plants in Europe use 100% 
green electricity, from which in 2018 28% had been purchased by its dairy farmers, generating solar 
energy at their own facilities. (Koninklijke FrieslandCampina B.V., 2019) 

In addition to this, FrieslandCampina wants to investigate emission reduction possibilities in its 
procurement activities other than dairy products. Before FrieslandCampina is able to meet the 
previously mentioned targets, it is necessary to know its complete carbon footprint at this moment. A 
company’s carbon footprint reveals the emissions related to direct and indirect processes of the 
company. These different types of emissions are allocated to so-called emission scopes, as determined 
by the Greenhouse Gas or GHG Protocol of the WRI & WBCSD (2011). A visual representation of this 
model is shown in Figure 1. 

 
Figure 1.1: Overview of scope 1, 2 and 3 emissions. (WRI & WBCSD, 2011) 

According to the definitions of the WRI & WBCSD (2011), scope 1 emissions are the direct emissions 
related to processes that are controlled or owned by the reporting company: in this case 
FrieslandCampina. Scope 2 emissions are defined as the emissions resulting from the generation 
(production) of purchased energy that is used for the processes that are controlled or owned by the 
reporting company. Scope 3 emissions are related to all other indirect emissions related from 
upstream and downstream activities in the reporting company’s supply chain. Hence, the total 
emissions of all three scopes represent an organization’s carbon footprint. 
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1.2.1 Current scope for carbon footprinting 
FrieslandCampina started retrieving carbon footprint information for its scope 1 and 2. It is important 
to note that because of the cooperative structure with its dairy farmers being shareholders, dairy 
farming activities are included in the company’s scope 1. The company has been measuring carbon 
footprints at dairy farmers, for which reduction targets have been set. However, at this moment, 
emissions included in scope 3 (from procurement of other materials) are not always considered, as can 
be seen in Figure 2. Hence, for scope 3 emissions, reduction targets cannot be set by the company. 
The research presented in this paper is therefore focused on scope 3 emissions arising from 
procurement activities of other (non-dairy) products, in order to investigate the impact of that part of 
FrieslandCampina’s scope 3 emissions. 

 
Figure 1.2: Overview of processes that are in scope for carbon footprinting. (FrieslandCampina, 2019) 

Currently, carbon footprint data of suppliers is occasionally requested without predetermined criteria, 
which results in suppliers not providing (accurate) emission data. Also, it has turned out that many 
suppliers find it hard to measure emissions accurately since they do not have the capabilities to do so. 

Summarizing the problem, FrieslandCampina does not have insights about its carbon emissions from 
its procurement activities. Having insufficient carbon footprint information makes it hard to 
understand the current impact, and thus to achieve measurable CO2 reduction.  

Therefore, the problem statement can be described as follows:  

FrieslandCampina is not able to assess its suppliers’ carbon footprint. 

The research goal of this research project is to obtain insights in FrieslandCampina’s suppliers’ carbon 
footprint by focusing on its upstream scope 3 emissions, and to develop a general framework that 
supports carbon footprint assessment and procurement decision making, particularly on the sourcing 
strategy. This framework will be applied in a case study for FrieslandCampina.  

1.3 Research field 
In this section, the focus and context of the research study is explained. 

Previous studies of R&D revealed that 15% of FrieslandCampina’s total carbon footprint is estimated 
to be contributed by procurement of non-dairy raw materials, as shown in Figure 2. From this partition, 
78% of carbon emissions had been estimated to be contributed by the sourcing process** of sugars, 
starches, and oils & fats. The research will therefore focus on these high impact products 
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Figure 1.3: Estimated full scope carbon footprint of Royal FrieslandCampina. (FrieslandCampina, 2019) 

Sustainability performance will be measured by focusing solely on greenhouse gas emissions, as 
requested by FrieslandCampina; other sustainability aspects such as water waste, land usage, but also 
ethics, and human labour are left out of scope for this research. More details about the research 
context are explained in Chapter 3. 

1.4 Research questions 
The main research question that derives from the problem context can be stated as follows:  

How can FrieslandCampina assess its suppliers’ carbon footprint 

and use this to improve its sourcing strategy?  

To be able to work towards the research goal, the main research question can be divided in several 
research questions (RQs), as follows:  

RQ1: What is an effective CFP measurement methodology for FrieslandCampina’s suppliers?  

Sub question: What data is required from suppliers to measure their carbon footprint? 

Sub question: How to compose a questionnaire with which suppliers’ carbon footprint can 
be evaluated? 

RQ2: What would be a proper model that supports buyers’ sourcing strategy based on carbon 
emissions? 

1.5 Outline of the report 
The report is structured as follows. In Chapter 2 the theoretical background regarding carbon 
footprinting are discussed. Chapter 3 explains the applied methodology, used for the carbon 
footprint analysis for the products in scope. In Chapter 4 the findings of this study are summed up. In 
Chapter 5, a proposed decision model is presented that supports to seek for the best solution, 
selecting the best improvement actions, in order to maximize total emission reduction. Chapter 6 
discloses the results of a sensitivity analysis of the decision model. Chapter 7 provides the 
conclusions and recommendations of this thesis study. Chapter 8 remarks discussion points and 
future research directions. 

 

 

 

** the sourcing process refers to all procurement activities, i.e. all processes from cultivation to the point that purchased materials enter 
FrieslandCampina’s production plants, where they will be furtherly processed.   
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Chapter 2 Theoretical background 
In this chapter, findings from the literature study will be presented to explain what is already known 
about supplier assessment for carbon footprinting. 

In the introduction, the definitions of scope 1, 2 and 3 provided by the GHG protocol (WRI & WBCSD, 
2011) have been introduced. Applying these different scopes reflect the approach for organizational 
footprinting. For organizations, it is useful to classify total carbon emissions based on their related 
direct and indirect activities.  

A number of research studies have shown that scope 3 emissions vary widely for different industry 
sectors, since scope 3 emissions cover a broad range of emission sources. According to , scope 3 
emissions can generally be subdivided among fifteen scope 3 categories, explained in Table 1. 

Upstream scope 3 emissions Downstream scope 3 emissions 

1. Purchased goods and services 9. Downstream transportation 

and distribution 

2. Capital goods 10. Processing of sold products 

3. Fuel- and energy-related 

activities (not included in scope 1 

or 2) 

11. Use of sold products 

4. Upstream transportation and 

distribution 

12. End-of-life treatment of sold 

products 

5. Waste generated in operations 13. Downstream leased assets 

6. Business travel 14. Franchises 

7. Employee commuting 15. Investments 

8. Upstream leased assets  

Table 2.1: List of scope 3 categories. (WRI & WBCSD, 2011) 

Note that for this research study, we focus on upstream scope 3 emissions related to procurement 
activities.  

2.1 Carbon footprint methodology choice 
A study of (Matthews et al., 2008) shows that scope 3 emissions count for 74% of organizations’ total 
footprint, hence underlining the importance of scope 3 emissions. Hence, it is expected that scope 3 
emissions also represent a big contribution to the total carbon footprint of FrieslandCampina. 
However, there are still many organizations incapable of computing their complete carbon footprint, 
while often excluding scope 3 emissions. (Gao et al., 2014), (WRI & WBCSD, 2011), and (British 
Standards Institution, n.d.) showed that there is still need for a comprehensive, complete carbon 
footprint methodology for organizations. The GHG Corporate Standard, extended by the Value Chain 
(Scope 3) Standard, and also the PAS2050 are worldwide applied standards for organizations to 
capture their carbon footprint. However, these methods lack in comparison and completeness, since 
organizations are still allowed to exclude carbon emissions. Also, the GHG Corporate Standard is 
designed for organizational footprinting, which makes comparison of organizations hard due to each 
organization having its unique size and portfolio. Hence, applying these methodologies are not 
desirable for capturing suppliers’ carbon footprints. 
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However, product LCA could be a better approach since it covers carbon emissions throughout the 
whole life cycle by focusing on the products (or services) manufactured by suppliers. Due to its 
objectivity and completeness, and due to the possibility of conducting product LCA by the company, 
it had been chosen to apply product LCA to estimate the carbon footprint of suppliers’ products. By 
doing this, suppliers can be evaluated against each other based on their product carbon footprint.   

2.2 The Life Cycle Stages 
In general, product LCA studies are executed to understand the environmental impact throughout all 
life cycle stages, which can be referred to as “cradle-to-grave” (Pandey et al., 2011). Hence, LCA 
investigates all input and output flows and its environmental impact throughout the complete life 
cycle. Pandey (2011) warns that covering all steps leads to a highly complex analysis and that it is 
important to make the right choice what to include in the scope. According to (Martínez-Blanco et 
al., 2015), it is common for organizations computing their carbon footprint, they can choose to limit 
the life cycle scope to only “cradle-to-gate”, since life cycle phases such as end-of-life or customer 
use can be hardly influenced. Thus, since we are interested in upstream emissions, the LCA will be 
limited to the moment the product unit enters the plant of FrieslandCampina.  

We refer to this as the “cradle-to-gate” life cycle scope. This will be explained in more detail in 
Chapter 3. 
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Chapter 3 Carbon footprinting methodology  
This chapter deals with the first research question: what is a proper methodology to measure the 
carbon footprint of suppliers? In the previous chapter, it has been explained that product LCA had 
been chosen to identify the carbon impact of FrieslandCampina’s procurement activities. LCA seems 
to be suitable due to its objectivity and completeness. In this chapter, the applied LCA methodology 
is explained step-by-step. Eventually, the computational method is presented that is used to 
estimate the carbon impact of procurement activities for FrieslandCampina. 
 
In parallel to the start of the LCA study, a supplier questionnaire had been developed, see Appendix 
C. The questionnaire was designed, based on IO analysis to request supplier emission and activity 
data, to estimate their supplier footprints. The initial plan was to obtain footprint data from both 
approaches, unfortunately minimal response had been received by suppliers. Hence, we continued 
with the product LCA approach. 
 

3.1 LCA as a method for carbon footprinting  
LCA is a methodology that measures the environmental impact of a product or material throughout 
all its life stages, covering the complete life cycle. In other words, LCA covers all life cycle stages from 
the moment the necessary raw input material(s) are cultivated until disposal of the product. 
(Chauhan et al., 2011)  
LCA for a product unit requires an intensive study that consists of a complete process analysis of 
inputs and outputs related to the life stages, which are scope-dependent. Data collection of different 
processes and different sources is required when choosing to conduct a complete LCA study. The 
dependency of several data sources often comes along with making assumptions for the unit 
process, and also with data uncertainty.  

Moreover, LCA investigates the full scope related to environmental impact. This complete picture of 
environmental impact investigates the input and outputs regarding different parameters: e.g. water 
usage, acidification and land disruption that are necessary for developing the investigated product. 
However, LCA can be applied for accounting of greenhouse gas emissions (Pandey et al., 2011), also 
known as the carbon impact expressed in CO2 equivalent (CO2-eq.). The main focus of this research 
study will be on identifying carbon emissions.   
 
The methodology presented in this chapter relies on the practical guidelines provided by ISO 14040. 
According to this ISO-standard, the 4-phase approach for conducting LCA has been applied. This 
method is used to cover all relevant aspects contributing to carbon emissions. This will be explained 
in more detail in the next section.  
 
3.2 Generic overview of methodology to estimate carbon impact 
The methodology covers different steps that must be taken to compute the carbon impact of 
purchased goods. Since the main research focus is identifying carbon impact, we consider climate 
change (as the impact factor) in the LCA output, expressed in kg CO2-eq. This will be explained 
further in the next paragraph. 
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Figure 4: Generic carbon footprint methodology for procurement activities. 

Figure 3 shows the generic methodology that has been applied to compute the carbon impact of 
FrieslandCampina’s procurement activities. 
 
Firstly, the specific carbon footprint of a product unit has to be determined. By the carbon footprint, 
we always refer to the amount of carbon emissions (in g of kg CO2) resulting from 1 kg of the 
relevant product unit. The four phases of LCA are thus applied to determine the relevant product 
carbon footprint.  
 
After having determined the product footprint, the relevant spend volume of sourced goods is 
necessary to understand the amount that has been purchased. Spend of goods is expressed in weight 
(kg), given for a specific time unit, often in years. If we have determined the spend volume for 
specific product, for example for 2018, this number is then multiplied by the related product 
footprint. Eventually, the carbon impact for 2018 is determined, resulting from procurement of the 
specific goods. In the next section, we will explain the LCA methodology in more detail. 
 
3.3 The Product footprint methodology using Life Cycle Assessment 
Conducting an LCA study generally takes place in four different phases: (I) goal and scope definition; 
(II) inventory analysis; (III) life cycle impact assessment; (IV) life cycle interpretation (Guinée & 
Heijungs, 2017), as shown in Figure 2. 

Note that these phases can interact in an iterative way throughout the LCA study. Each of the phases 
will be outlined in the remainder of this chapter. Phase 1 is 
already discussed in this chapter. Phases 2-4 are explained in 
this chapter as well, but the application of phase 2-4 is 
explained in the following chapters. 

 

 

 

 

 
 

3.3.1 Phase I – Defining the Goal and Scope 
According to the work of(Guinée & Heijungs, 2017), firstly the research aim and context need to 
become clear. This is done by defining the goal and scope of the LCA study.  

3.3.1.1 Goal definition 
The goal of the LCA study is similar for all different ingredients in the portfolio scope: to understand 
the carbon impact resulting from FrieslandCampina’s procurement activities and to understand the 
most important carbon contributors. After the carbon impact of the products within the scope had 

Figure 5: General framework for LCA. Source: 
ISO 



 13 

been identified, it is evaluated whether impact measurements should move next actions necessary 
to achieve emission reduction. Furthermore, the target audience for this LCA study consists of the 
buyers and decision makers responsible for procurement of the products within the scope. 
 
The eventual goals of this research, can be described a little wider: 

1) To obtain first insight of the carbon footprint of the products part of the portfolio (internal 
company goal) 

2) To understand hot spots, i.e. the important carbon contributors 
3) To identify improvement opportunities for FrieslandCampina’s sourcing strategy, that 

eventually contribute to carbon emission reduction. 
 
3.3.1.2 Scope definition 
The scope definition of the LCA studies are similar for all different product units in the product scope. 
The scope of the LCA study is described by different aspects, explained below. 
 
3.3.1.2.1 Impact Category 
During the first phase, the relevant impact categories are determined that will be investigated. 
Guinée & Heijungs (2017) In this research study, it is chosen to investigate only on impact category 
“climate change”. Although one can choose to focus on just one impact category with LCA, it is 
possible to incorporate several impact categories as well. Think of incorporating land use impact, 
human toxicity or water use, for example.  

3.3.1.2.2 Product Unit of Analysis 
Based on the findings of previous studies within FrieslandCampina, as explained in Chapter 1, it has 
been chosen to investigate the carbon impact of the following ingredient categories 

• Sugar portfolio, consisting of: 
o Sugar from beet, sourced in EU  
o Sugar from cane, sourced in South East Asia 

• Starch portfolio, consisting of native starch products and starch derivatives. For simplicity, it 
has been chosen to consider all portfolio products as native starch products. The portfolio 
consists of: 

o Native starch from wheat, mostly sourced in EU 
o Native starch from maize, mostly sourced in EU and China 
o Native starch from potato, sourced in EU 
o Native starch from tapioca, sourced in Indonesia and Thailand 

• Oils portfolio, consisting of: 
o Tropical refined oils, mostly sourced in Asia. Subdivided in: 

§ Refined palm oil 
§ Refined palm kernel oil 
§ Refined coconut oil 

o Refined liquid oils, mostly sourced in EU. Subdivided in: 
§ Refined rapeseed oil 
§ Refined sunflower oil 
§ Refined soy bean oil 

 
3.3.1.2.3 – Life Cycle Scope 
Aligning with the research goal, it had been chosen to investigate the product’s cradle-to-gate 
emissions. These cradle-to-gate emissions result from activities from cultivation up to arrival at 
FrieslandCampina’s plants.  
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Therefore, LCA studies have been conducted to investigate the carbon impact resulting from the 
following processes: 

- cultivation of raw materials; 
- production of raw materials and capital goods necessary for cultivation; 
- transportation from farms to (regional) warehouses; 
- transportation from warehouses to manufacturing plants; 
- all manufacturing processes of the finished good that is sourced by FrieslandCampina 
- transportation from the production plant (supplier) to FrieslandCampina’s production plant. 

 
3.3.1.2.4 Data Sources 
The LCA studies have been simulated in the software tool SimaPro 9.0.0.45. With SimaPro, life cycle 
assessments can be simulated for a specific product or process, for which related influencing 
parameters can be adapted for the whole scope. The tool has several database systems incorporated 
that provide product LCA information up to country-level. All LCA studies have been conducted by 
the “Agri-footprint library” system. 
 
However, the carbon footprints computed by SimaPro cover the cradle-to-gate scope up to the 
manufacturing plant. Therefore, to incorporate transport emissions for the distance from suppliers’ 
plants to FrieslandCampina’s plants, another transportation emission tool called “Transport Emission 
Calculator” had been consulted, that has been internally developed by R&D of FrieslandCampina. 
This tool provides different emission factors based on transport mode and transport temperatures. It 
had been assumed for all transport footprints, ambient storage had been applied with road 
transport. Assumed transport distances had been 250, 300 and 800km for starch, oils and sugar 
products, respectively. These circumstances had been assumed based on the relevant buyers’ 
insights. 
 
To compute the carbon impact of the products within the scope, the company’s spend volume data 
for 2018 and 2019 had been collected. These data relate to the total aggregated spend of the 
products in scope as described, for the given years, for all production plants worldwide. 
 
3.3.2 Phase II – Data Inventory Analysis  
This phase is related to analyzing all inputs and output materials and processes that are associated 
with exactly 1 kg of the relevant LCA product within the provided research scope. Note that for the 
LCA studies in SimaPro, the economic allocation rule had been applied. From business perspective, 
economic allocation is the most convenient approach compared to the alternatives: mass and energy 
content allocation. The economic allocation allocates emissions on products based on their market 
price.  

Due to the big amount of data resulting from the LCA studies and the complexity of export this from 
the software tool, it has been chosen to not disclose the results in this report, since the following 
phase deals with the interpretation of results and therefore is more comprehensive to understand. 

3.3.3 Phase III – Life Cycle Impact Assessment 
In this phase, the results of the previous phase are evaluated and made comprehensible for further 
interpretation (phase IV). The results of the LCA studies of this research can be found in Appendix A, 
while the findings are shown in next chapter. 

After execution of the inventory analysis, the phase of life cycle impact assessment (LCIA) will show 
what the inventory results actually imply. Since many different aspects can be measured with LCA, it 
is important to convert and aggregate results as much as possible for the impact categories. The 
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reason for this is to support the results of the inventory analysis providing clear and understandable 
information for the target audience.  

3.3.3.1 Characterization: from data to information 
The next step is to convert the chosen metric results, into meaningful information for the chosen 
impact category. Guinée and Heijungs (2017) refer to this step by “characterization”. The different 
GHGs contributing to global warming can be aggregated by expressing emissions in CO2 equivalent, 
or CO2-eq. To aggregate CO2-eq data of all of these GHGs, for each a determined conversion factor 
exists that rely on the value of their global warming potential (GWP). This GWP thus reveals the 
amount of kg CO2 equivalent for that type GHG. (Bernstein et al., 2007)This way, the total carbon 
footprint of a product or activity can be computed. 

The previous stated can be visualized by a general expression: 

!"#$%&	(%%)*#+&)	(%#	,-,! =/,01! ∗ 3!

"

!#$
 

Where  

• + = one of the GHGs applicable 

• 3! 	= the amount of GHG in kg, to be converted into CO2-equivalent 

• ,01! 	= the conversion factor for GHG + 

The results from this phase provides the score or indicator results for the impact category “climate 
change”. In the work of Guinée and Heijungs (2017), an optional last step for LCIA is normalization. 
The goal of normalization is to understand the relatively big impact of an impact indicator. This step 
involves a weight factor that can help understand in what partition the impact category has actual 
impact, compared to other categories that contribute to the total impact size for the determined 
scope of the LCA. However, this is not relevant for this research since we only focus on one impact 
factor. 

Eventually, this phase is concluded with the computed CO2 emissions results for the relevant LCA 
product. 

3.3.4 phase IV – Interpretation 
This last phase of LCA provides the conclusion of the conducted LCA study and an evaluation of the 
study. Therefore, the computation of the carbon impact based on sourced products and the related 
spend volumes is included. This method is illustrated in Figure 1. 

The interpretation phase includes the important information and assumptions made, for end users to 
understand the value, reliability and accuracy of the conducted LCA. Therefore, this phase is also 
important for understanding the limitations of the study. End users of the target audience can 
determine whether and how the LCA can provide support for decision making. 
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Chapter 4 Carbon footprint impact assessment  
 
The results of the LCA analyses are discussed according to the 4-phase framework explained in the 
previous chapter. The findings based on the results from phase III and the results from phase IV for 
the different LCA studies are explained in this chapter. In appendix A, the results from phase III can 
be found. Note that for each product category, a specific section is dedicated to the different product 
LCA studies that have been conducted. Based on these results, the carbon impact resulting from the 
procurement of the relevant portfolio products have been computed. These findings are presented 
in this chapter.  
 
4.1 Outline of LCA study findings 
To compute the carbon impact of procured products, the best and worst carbon footprints resulting 
from LCA studies have been selected. LCA data are provided on country-level. Hence, these selected 
countries are either 1) those where FrieslandCampina’s suppliers are located or 2) those similar to 
these countries based on their location (e.g. a neighboring country) or climate characteristics (e.g. a 
country that shares the presence of rainforests). The reason for this is to compute a more 
representative carbon impact for the product categories within the scope of this study. 
 
Note that for each LCA study, the best and worst carbon footprint results were chosen to be further 
investigated. The reason for that is to find the right estimation, thus to define the upper and lower 
boundaries that are expected to be relevant for FrieslandCampina. Furthermore, given the best and 
worst footprints, a first estimate of an improvement potential can be deducted. 
 
Although the LCA approach had been primarily applied to compute CO2 emissions, data for many 
other variables have been provided as well (since LCA investigates all input and output flows of the 
product unit). Hence, it has been investigated whether there are interesting variables (found from 
hot spots processes) that could act as a carbon indicator.  
 
Following, from these results, we aim to understand what processes in the life cycle stages seem to 
be the biggest contributors that is of our interest, to eventually identify improvement potentials for 
emission reduction.  

For each product LCA, the following results have been explained in appendix A: 
• Cradle-to-gate carbon footprints for all countries provided in the database 
• Process contribution of lowest and highest carbon footprint 
• Footprints of hot spots (e.g. cultivation process) 
• Relations between interesting variables and carbon emissions 
• Possible carbon indicators 

The interpretation of results are described in this chapter per product category, together with the 
carbon impact for each product category’s portfolio.  

4.2 Phase IV – Interpretation of results 
This section provides a summary of findings based on the results of the LCA analyses. For more 
detailed information, see appendix A. 

4.2.1 Carbon indicators 
For many LCA studies, extra analyses have been done to investigate whether other variables (from 
which data had been provided by LCA analyses) affect the carbon footprint. Results can be found in 
appendix A. Hence, the interpretation of these results are explained in this section. 

For both beet and cane sugar, it was found that a higher crop yield implied a lower carbon footprint. 
With fitting models’ R2 of 0.53 and 0.47 for the footprints of beet and cane respectively, crop yield 
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could be considered a moderate indicator for the carbon footprint (related to cultivation). Moreover, 
it had been found that land use change (LUC) from cane cultivation is another reliable carbon 
indicator, with R2 = 0.62. The carbon effect of LUC can be explained by deforestation, mostly related 
to tropical forests. For beet sugar, no LUC data was provided. This is presumably because sugar cane 
mostly is cultivated in tropical countries, whereas sugar beet is not.  

Looking at LCAs done for the oils portfolio, unfortunately, data had been hardly provided about crop 
yield (for no oil product, LUC data was provided). However, the LCA results for tropical oils (palm, 
palm kernel and coconut oil) revealed a high carbon footprint contribution from the cultivation 
process. Hence, it could be assumed that materials cultivated in tropical countries could be related 
to deforestation. However, not all tropical products are immediately related to deforestation.  

Only rapeseed oils showed interesting results for crop yield as carbon indicator: with R2 = 0.64, crop 
yield of raw materials was found to be a moderately strong carbon indicator. For the remaining liquid 
oils (sunflower and soy oil), no relation was found between crop yield and carbon footprint.  

For the LCA results of starch products, three products revealed interesting results. For wheat, potato 
and maize counted that crop yield was a moderately strong carbon indicator. R2 was found to be 
0.65, 0.54, and 0.51 respectively, revealing the carbon footprint variance explained by the variance of 
crop yields. LUC data was provided only for wheat, but no effective relation had been found (R2 = 
0.01). 

Another finding based on the LCA results had been that energy consumption at plant-level 
contributed enormously to carbon emissions from the manufacturing process. However, this had not 
been further investigated, due to the fact that many footprints applied the similar assumption for 
energy consumption within the LCA studies.   

4.2.3 Carbon impact of portfolio sugar - results 
To compute the carbon impact for 2019, relevant spend volumes were used which are shown in 
Figure 4.1.  
 

           

Figure 4.1: Spend product volume in tons in 2019 
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In figure 4.3, the carbon emissions for sugar 
products are shown, based on the spend 
volumes and selected footprints. Hence, in 
2019 the carbon impact from sourced sugar 
products was estimated to have been between 
0,26 and 0,47 megatons CO2.  

4.2.3.1 Interpretation of carbon impact 
Whereas beet sugar had a proportion of 24% 
in total sugar spend in 2019, it only counted 
for less than 17% of CO2 emissions.  

Also, when looking at the production yield, 
results show that on average, 1 tonne cane 
results in 132 kg sugar, whereas 1 tonne beet results in 128 kg beet sugar. These yields are 
approximately similar. Based on Figure 11, it is clear production of beet sugar results in less CO2 
emissions than the production of cane sugar. For further explanation, please see appendix A. 

4.2.4 carbon impact of vegetable oils 
portfolio 
The footprints applied for vegetable 
oils are shown in Figure 4.4. Figure 4.5 
shows the volume spend ratios based 
on specific sub categories for oils. 
Total spend volume in 2019 had been 
195936 tons of oils products. 
Each sub category of oil is 
characterized by its relevant type of 
vegetable oil, to compute the carbon 
impact. Followingly, the carbon impact 
for 2019 had been computed, shown in Figure 43.  
 
The results imply that total carbon impact in 2019 from the oils portfolio was estimated to have been 
between 1,25 and 2,46 Megaton CO2-eq. 
 
4.2.3.1 Interpretation of results 
More than 60% of spend volume was 
dedicated to palm oil. Also, 67% of the 
carbon impact is caused by palm oil 
(Figure 4.6). Based on the LCA findings 
for palm oil, it is found that palm oil 
from Malaysia saves over 50% 
emissions compared to palm oil from 
Indonesia due to the enormous 
footprint difference (See Appendix A). 
Currently, FrieslandCampina sources 
palm oil from both countries. Hence, it 
would be worth to consider to source 
palm oil from Malaysia only in the 
future, which leads to reduction of 0.5 
megaton CO2 per year (based on similar spend volume). 
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The second biggest contributor to the total carbon impact had been coconut oil. Based on LCA 
findings for coconut oil, it was found that sourcing coconut oil from Philippines would save over 30% 
of carbon emissions compared to sourcing from Indonesia. FrieslandCampina sources its coconut oil 
mostly from these two countries. Therefore, it again is worthy to consider to source more coconut oil 
from the Philippines in the future. 
 

 
 
 
 
 

 

 

 

 

 

 

 

 

4.2.4 carbon impact of starch portfolio 
To compute the carbon impact of the starch 
portfolio of 2019, the relevant spend volumes 
are shown in Figure 4.7. The applied footprints 
relevant for the starch portfolio are shown in 
Figure 4.8. 

Followingly, Figure 4.9 shows the carbon impact 
resulting from the procurement of starch 
products in 2019. By computing the best and 
worst scenarios, the carbon impact from 
sourced starch in 2019 is estimated to have 
been between 0,15 and 0,2 megatons CO2.  

4.2.4.1 Interpretation of carbon impact for starch 
Maize and wheat starch are the most prominent 
products in the starch portfolio. Therefore, it 
makes sense that carbon impact is mainly 
caused by these materials is, seen from Figure 
31. Based on the footprints shown in Figure 28, 
it can be concluded that maize starch is 
estimated to have a lower footprint than wheat. 
Potato starch is related with a relatively high 
footprint, compared to the other footprints. 
Therefore, sourcing more starch produced from 
maize could be an interesting strategy to 
implement. 
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Figure 4.9: Carbon impact of sourced starch products in 2019. 
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Chapter 5 Decision Model: choosing best improvement actions to 
maximize emission reduction 
 

5.1 Introduction, goal of the model 
In this chapter, the proposed decision model is explained, including its goal, problem context, and 
the choices that have been made. The model had been developed with the aim to determine the 
best action strategy that maximizes emission reduction over the whole set of suppliers, while 
satisfying given constraints set for cost budget, lead time, and improvement targets.  

The outline of this chapter is as follows: firstly, a short introduction to linear programming is 
explained to apply for our decision model. Next, the notation of the mathematical model is provided. 
Followingly, the development of relevant model aspects have been explained, as well as what 
decisions and assumptions had been made.  

5.2 Concept of the model  
First of all, remark that the decision model is developed from the buyer’s (user) perspective of 
FrieslandCampina. Since the desire of the buyer is to source products while reducing carbon 
emissions, the model had been designed such that the user can set constraints regarding cost 
budget, improvement targets and lead times on 1) overall level, 2) category level, and 3) supplier 
level. Hence, the user can choose on what level parameters should be tuned. 

For the decision model, Mixed Integer Programming (MIP) had been applied. Linear programming 
(LP) involves minimizing or maximizing a linear function subject to linear constraints. MIP is similar to 
LP, but with the addition of including integrality constraints for some or all variables. Since the 
proposed decision model includes binary constraints for its decision variables, MIP was found to be 
expected the best approach. The problem context can be explained by the following aspects: 

• There exists a set of improvement actions I, of which actions can be allocated to suppliers 
from set J in order to realize reduction improvement; 

• There exists a set of constraints (regarding the cost budget, improvement target and lead 
time) that need to be satisfied by the model when determining the best solution. 

The resulting model solution defines the action strategy that supports FrieslandCampina and define 
the maximum improvement solution, given the set constraints. Hence, the solution defines the set of 
actions selected for each supplier. The Simplex method had been used to solve the MIP problem. 

In the following section, the mathematical MIP model notation is shown for its model objective, 
input parameters, decision variables, and constraints.  

5.3 Notation of the mathematical model 
Input parameters 
4 set of actions, +=1,…,M 
5  set of suppliers, 6 =1,…,N 
7 product category subset, 7 = {9, ;, <} 
9 subset of sugar suppliers, 9 ∈ 5\{<, ;} 
; subset of oils suppliers, ; ∈ 5\{9, <} 
< subset of starch suppliers, < ∈ 5\{	9, ;} 
 
@A1%  current footprint of supplier 6 (in kg CO2 per kg product supplied)  
B!%  emission reduction (improvement) potential of action + for supplier 6 (in kg CO2) 
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!!%  costs for implementing action + for supplier 6 (in K EUR) 
C!%  additional lead time for implementing action + for supplier 6 (in weeks) 
@A1%

&'( = @A1% − ∑ 3!%B!%
)
!#$ . Improved footprint of supplier 6 after implementation of solution 

actions (in kg CO2 per kg product) 
 

"!%  	F
1	+(	action	+	has	relevant	potential	improvement	for	supplier	6

0	+(	action	+	has	zero	potential	improvement	for	supplier	6
 

Z  total cost budget constraint (in K EUR) 
Z" cost budget constraint for sugar category (in K EUR) 
Z* cost budget constraint for oils category (in K EUR) 
Z+  cost budget constraint for starch category (in K EUR) 
Z%  cost budget constraint for supplier 6 (in K EUR) 
[  minimum aggregated reduction improvement (in total kg CO2) 
[" minimum reduction improvement sugar category (in total kg CO2) 
[* minimum reduction improvement oils category (in total kg CO2) 
[+  minimum reduction improvement starch category (in total kg CO2) 
[%  minimum reduction improvement for supplier 6 (in total kg CO2) 
\ maximum lead time overall (in weeks) 
\" maximum lead time for sugar category (in weeks) 
\* maximum lead time for oils category (in weeks) 
\+  maximum lead time for starch category (in weeks) 
\%  maximum lead time for supplier 6 (in weeks) 
 
 
Decision variables 
3!%   decision variable implying whether and in what proportion action + is selected for supplier 6. 

3!%  can be either binary [0,1], depending on characteristic of improvement action, or 
continuous [0,1]. 

 
Then, the model can be defined as follows: 
Objective function: 

max $%$&'	)*+,-$.%/	.01)%2*0*/$334!"*!"
#

"$%

&

!$%
 (1) 

Subject to 

334!"-!" ≤ 6
&

!$%

#

"$%
 (2) 

334!"-!" ≤ 6'
&

!$%

#

"∈'
 (3) 

334!"-!" ≤ 6)
&

!$%

#

"∈)
 (4) 

334!"-!" ≤ 6*
&

!$%

#

"∈*
 (5) 

34!"-!" ≤ 6"
&

!$%
 (6) 

334!"*!" ≥ 8
&

!$%

#

"$%
 (7) 
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334!"*!" ≥ 8'
&

!$%

#

"∈'
 (8) 

334!"*!" ≥ 8)
&

!$%

#

"∈)
 (9) 

334!"*!" ≥ 8*
&

!$%

#

"∈*
 (10) 

34!"*!" ≥ 8"
&

!$%
 (11) 

34!"'!" ≤ 9"
&

!$%
 (12) 

4!" , 6, 6', 6), 6* , 6" , 8, 8', 8), 8* , 8" , 9" ≥ 0 for all . ∈ =, > ∈ ?. (13) 

Equation (2) to (6) cover the cost budget constraints. Hence, equation (2) imply that overall costs 
realized by implementing all selected actions + ∈ 4 for all suppliers 6 ∈ 5 must not exceed constraint 
B; equation (3) to (5) imply that total costs realized for each product category 7 must not exceed Z,; 
equation (6) implies total costs realized for supplier 6 must not exceed Z%. 

Equation (7) to (11) cover the minimum improvement constraints. Hence, equation (7) implies that 
total improvement realized by implementing all selected actions + ∈ 4 for all suppliers 6 ∈ 5 must be 
greater than or equal to constraint [; equation (8) to (10) imply that total improvement realized for 
each product category 7 must be greater than or equal to [,; equation (11) implies that total 
improvement realized for supplier 6 must be greater than or equal to [%. 

Equation (12) covers the lead time constraints. Hence, equation (12) implies that total lead time 
realized for supplier 6 must not exceed constraint \%. It has been chosen to not include lead time 
constraints on overall or category level, due to the fact that MIP sums up the lead times of selected 
actions, instead of choosing the maximum lead time. This presents a big flaw of the model. For 
example, if multiple actions are chosen to be implemented for supplier  +, both lead times will be 
involved simultaneously, since two actions can be implemented independently from each other. 
Hence, the linearity function of MIP does not support the lead time constraint well in this situation. 
For simplicity, we have chosen to set \% = \	for all 6 ∈ 5, having the same value for all suppliers 
during the experiments.  

5.4 Input parameters and datasets 
The input parameters that are required to let the model work, represent different model aspects. 
Each model aspect is explained in this section. Note that for the input parameters, data had been 
made up to illustrate the model capacities. Hence, the output results in chapter 6 do not reflect 
realistic solutions for FrieslandCampina at this moment. 
 

5.4.1 Set of suppliers !, "#$3 
We first start with determining dataset 5 for suppliers. For this, we have made some assumptions. 
Since the perspective of the decision model is from FrieslandCampina’s buyer(s), we consider to 
optimize carbon emissions related to procurement activities (hence, a set of suppliers) for one 
production plant of FrieslandCampina, located in The Netherlands. To illustrate the model, we 
started with a set of 7 suppliers and their related current carbon footprints,	@A1%

-, see Table 5.1.  
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SUPPLIER 
J 

CATEGORY SUBSET  
Q 

 CFP_J  

1 sugar S  5  

2 sugar S  6  

3 oils O  6  

4 oils O  5  

5 oils O  7  

6 starch T  5  

7 starch T  4  

Table 5.1: supplier set ? 

Note that the provided supplier carbon footprints, @A1%
-, have been made up to clearly illustrate the 

model. Assumed that the decision maker seeks reduction improvements for the supplier set as a 
whole, the individual values of supplier footprints will not be considered separately, but the sum of 
suppliers footprints. Therefore, the sum of footprints must be decreased as much as possible. 
Eventually, it has been chosen to have 3 suppliers for the oils category, whereas the other categories 
consisted of 2 suppliers, in order to find out if that would have an effect on the model output.  

5.4.2 Set of actions %, &43 and		(43 
Six improvement actions have been incorporated in the model. In Table 5.2, the description of 
actions are presented. 

I DESCRIPTION OF I 

ACTION 1 Supplier sources raw materials from alternative feedstock 
(beet, from NL) 

ACTION 2 Supplier sources from (or switch to) alternative supplier in NL 

ACTION 3 Supplier implements combined heat/power plant to produce 
own energy 

ACTION 4 Supplier sources raw materials from alternative feedstock 
(rapeseed, from DE) 

ACTION 5 Supplier sources raw materials from alternative feedstock 
(wheat, from DE) 

ACTION 6 Supplier procures green energy (from wind turbines) 

Table 5.2: Action set = 

The improvement actions have been made up, partly based on the LCA results shown in appendix A. 
Based on the actions’ characteristics, the eligibility – that reflects the presence of positive 
improvement potential B!%  – of actions "!%  is determined for all combinations (+, 6) in matrix	_ (Table 
5.3). "!%  is 1 if action + is eligible for supplier 6; 0 otherwise. Only if "!%  is 1, 3!%  is part of the set 
decision variables. Whether 3!%  can be a natural number or an integer, highly depends on 
characteristics of the given action +: if action +	requires a full investment, e.g. the implementation of 
a new machine, a binary constraint is attached to the relevant 3!%. If an action could also be partly 
implemented (e.g. purchasing electricity for 40% from green energy), the model could search for the 
best continuous value between 0 and 1. The model assumes a maximum value of 1 for  3!%. Hence, 
within 1 model solution, each eligible action +	for supplier 6 can be chosen at most once.  
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1 (S) 2 (S) 3 (O) 4 (O) 5 (O) 6 (T) 7 (T) 

ACTION 1 1 1 
     

ACTION 2 1 1 1 1 1 1 
 

ACTION 3 1 1 1 1 1 1 1 

ACTION 4   1 1 1   

ACTION 5      1 1 

ACTION 6 1 1 1 1 1 1 1 

Table 5.3: Matrix @, presenting eligibility of action . for supplier > 

Hence, matrix _ can be interpreted like this: Action 1 (supplier sources raw materials from beet), is 
only eligible for sugar suppliers (S). Action 2 is eligible to several product categories. Action 3 
represents the implementation of a combined heat and power plant, which requires a full 
investment. Based on this characteristic, the model a binary constraint is attached to 3!%  for +=3. 
Action 4 and 5, respectively representing suppliers sourcing  alternative raw materials for oils (O) and 
starch (T). Action 6, the least one, is the action of purchasing green energy (specifically from wind) 
which can be implemented partially. Except for action 3, all other actions can be chosen with  3!% 	a 
continuous variable between 0 and 1. 

5.4.3 Data generation of )43 , +43 , ,43 
Firstly, we consider the improvement potential B!%. B!%  defines the absolute emission reduction 
potential in kg CO2 per kg product.  

To determine the values of B!%  , “guessed estimates” have been used, which are explained below. 
LCA findings would have preferably been used here to determine the values B!%. From these findings 
we can deduct for many products, what improvement potential could be in case of switching to 
sourcing products from different countries. However, to accurately deduct B!%  from actions based on 
the LCA findings, more aspects should be taken into account. Think of added transportation 
emissions and costs resulting from switching from another country. This depends on where a 
supplier is located, what transport mode is used, and of course the accurate carbon footprint of a 
supplier is relevant. Since we do not have all this data, the goal of this model is not to come up with 
accurate results. Hence, for simplicity, data had been made up for B!% , !!%  and C!%  to give an 
illustration of the model. 

With the provided data for B!%, application of the model can be illustrated by what improvements 
could be realized from the model solutions. 

It has been chosen not to randomly make up data for for B!%. A method is applied to determine the 
value of B!%  = $! + a ∗ @A1%. Hence, B!%  depends on @A1%  with an adjustable weight factor a 
(currently set to 0,1), which can be seen as the relative importance of the supplier’s footprint for B!%. 
The motivation for this is, when supplier A has a higher footprint than supplier B, than supplier A 
would have more reduction potential. The carbon footprint of a supplier could therefore be seen as 
sort of affecting maturity level. Furthermore, B!%  is also affected by the made up improvement 
potential constant $!  (see Table 5.6). With the set parameters, we find matrix b in Table 5.4. 
 
 

0,7 0,8 
     

0,7 0,8 0,8 0,7 0,9 0,7 
 



 26 

0,9 1,0 1,0 0,9 1,1 0,9 0,8 
  

0,8 0,7 0,9 
  

     
0,7 0,6 

1,1 1,2 1,2 1,1 1,3 1,1 1,0 

Table 5.4: Matrix	A, listing the improvement potentials (in kg CO2 reduction per kg product) resulting from implementing 
action 	. for supplier > 

These assumptions indirectly affect the values for !!%  due to its dependence on B!%. Also for !!%  , data 
had been made up by !!%  = c! + d ∗ B!%. c!  reflects the made up cost constant (see Table 5.6) related 
for each action +, d the adjustable relative importance weight of B!%. This assumption is based on that 
if B!%  increases, it requires more (cost) effort to realize. In reality, there could also exist improvement 
options that provide high improvement potentials against low-cost, but for now this is not assumed. 
c!  and d (=0,2) are again set parameters. The values for !!%  can be found in Table 5.5. 

2,1 2,2 
     

15,1 15,2 15,2 15,1 15,2 15,1 
 

28,2 28,2 28,2 28,2 28,2 28,2 28,2 
  

2,2 2,1 2,2 
  

     
2,1 2,1 

38,2 38,2 38,2 38,2 38,3 38,2 38,2 

Table 5.5: Matrix B!", listing the costs (in K EUR) for implementing action . for supplier > 

C D+ E+ 

1 0,15 2 

2 0,2 15 

3 0,4 28 

4 0,2 2 

5 0,2 2 

6 0,6 38 

Table 5.6: List of improvement constants F!	and cost constants +! 

The made up constants for $! 	and c!  were developed such that both !!%and B!%  were generated not 
totally randomly. Looking at c!, reflects costs assumed for a specific action +. For example, it had 
been assumed that sourcing alternative raw materials would cost less compared to the actions 
switching to a complete new supplier (that could require new contracting costs) or implementing a 
new machine. $!  acts as the intercept for B!%, hence it reflects a fixed ‘starting’ footprint. Because it 
was not meant to have much impact, $!  has been held very small. 

The set of additional lead times dedicated to each action + for supplier 6, have been chosen between 
1 and 5. It had been assumed that lead times would be logically affected in case of processes being 
more complex, requiring more effort from suppliers. However, in case of action 6, that involves the 
procurement of energy, it had been assumed that this action would not require additional lead time. 
The same counted for action 3, reflecting the implementation of new technology. On the other hand 
in case of sourcing different products than suppliers normally do, this would presumably result in an 
additional lead time. For the lead times that had been applied, see Table 5.7. 
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1 2 

     

2 2 3 2 3 1 
 

0 0 0 0 0 0 0   
3 2 2 

  
     

2 3 
0 0 0 0 0 0 0 

Table 5.7: matrix L, lead times resulting from implementing action . for supplier > 

 
5.4.4 LCA output to improvement action (proposal)  
Improvement actions would preferably be based on LCA findings. In this section, a proposal has been 
illustrated that wants to concretely link LCA and improvement actions. Unfortunately it has not been 
tested. An example is given below: 

The current production plant sources its products from suppliers of set 5. The current footprint of 
supplier 1 had been 5 kg CO2 per kg product. Let us assume supplier 1 supplies beet sugar from 
Ukraine.  

 Feedstock Country Footprint (kg CO2/kg) 

Supplier 1 beet UA 5 

Action 1 beet NL 4,3 

Action 2 beet NL 4,3 

From the LCA output, we can deduct that lower footprints exist for beet sugar. Hence, from the LCA 
results, improvement actions can be deducted in the form of e.g. sourcing products from another 
country, or requesting suppliers to source from a different country. Note that due to simplicity, 
footprint data have been made up to illustrate the model capacities. Hence, from these data we can 
define B!%  as the improvement of choosing action 1 or 2 over the current action applied. In this case, 
B$$=B.$=0,7 kg CO2/kg product.  

To be able to apply this method to determine B!%, it is thus important that supplier specific footprints 
are known, before improvement actions are selected.  

5.5 Conclusion 
To conclude, it is clear that reliable data is necessary in order to come up with accurate results 
reflecting real improvement strategies for FrieslandCampina. Hence, all input parameters and their 
data generation have been explained.  

In the next chapter, different analyses will be explained that have been conducted with the decision 
model.  
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Chapter 6: Experimental results  
In this chapter, experimental results are shown that explain the model behavior, given a determined 
set of input parameters. Sensitivity analyses have been conducted for which the results and 
interpretations are described in this chapter. In line of the model objective, namely, to maximize 
emission reduction improvement related to the procurement of the scoped products, we want to 
understand how the decision model could support this optimal achievement. It is essential to 
understand what are the most important parameters and what are the best feasible options in order 
to maximize emission reduction improvement. The sensitivity analyses aim to provide thorough 
insights regarding the decision model. Output results for are represented by the realized costs 
“costs_Q”, realized improvements “improvement_Q”, and the tradeoffs “tradeoff_Q” expressed in K 
EUR per reduction improvement, and also the total overall realized improvement (in %).  

6.1 Focus on overall and category level 
As described in previous chapter, the decision model can be applied with parameters on overall level, 
category level and supplier level. Also, it can be chosen to apply multiple level, if preferred. In the 
sensitivity analysis, it has been chosen not to focus on supplier level, since the initial aim is to find 
improvement over the whole set of suppliers. For FrieslandCampina, it is more comprehensive to 
watch it from category perspective. Moreover, it does not depend on one supplier. Also, the aim is to 
get a first understanding of the model’s behavior. Therefore, we also focus on the category specific 
constraints to understand their impact. Hence, the impact of supplier-specific constraints could be 
tested in future research. 

6.2 Sensitivity analysis 
This section will explain the experiments done for sensitivity analysis of the model. The aim of the 
sensitivity analysis is to test the impact of different parameters on the model output. This is essential 
to understand the contribution and direction that parameters provide to the model. Moreover, since 
actual data is missing, it could be extra interesting to understand how the model works. For each 
experiment, one parameter (or its set up) at a time is tested by changing the parameter’s relevant 
value compared to the benchmark.  
In the remainder of this chapter the results of the experiments are described, together with their 
interpretations. It was chosen to test the parameters [, [,, Z, Z, and \, since these are in fact all 
parameters reflecting the existing constraints given on category level and overall. The aim is to 
understand the impact of these parameters on the model output. 
 
Experimental set ups  
The following experiments have been set up: 

• 1a: test budget constraint Z, with Z, =
$
/Z 

• 1b: test budget constraint Z, with Z,~ fixed, inequal allocation ratio  
• 1c: test budget constraint Z, Z, = Z. 

• 2a: test impact of [, by changing [ (and	[,	 =
$
/[) 

• 2b: test impact of [, [,	= 0 
• 2c: test impact of [,, by changing V with [, ~ fixed, inequal [, ratio  
• 2d: test impact of varying Z, allocation ratio, by changing Z,, with fixed Z   
• 2e: test impact of varying [, allocation ratio, by changing [, , with fixed V  
• 2f: test impact of lead time \, by changing \ 
• 2g: test impact of inequal, fixed allocation ratio for Z,, by changing [, with fixed Z. 
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PARAMETER VALUE 
5 3 

6 9 

6! 1
31 

6" 1
31 

6# 1
31 

9 150 

9! / 

9" / 

9# / 

Table 6.8: Benchmark set up for experiments 

The benchmark set up is shown in Table 6.8. For each experiment, the benchmark set up has been 
adapted by tuning 1 parameter value, to understand the impact caused by that specific parameter. 
The experimental set up provides output results for this model as shown in Table 6.9. 

Total 
improvement 

tradeoff_S tradeoff_O tradeoff_T tradeoff_total 

27,59% 15,77 10,98 17,02 14,31 

 
Improve 

ment_S 
Improve 

ment_O 
Improve 

ment_T 
costs_S costs_O costs_T 

3,50 3,98 3,00 55,2 43,7 51,1 

Table 6.9: Output data from benchmark settings, sensitivity analysis. 

 

Experimental results sensitivity analyses 
In this section, the results of the previously described experiments are presented with the first 
findings. 
 

6.2.1 Experiment 1a: changing budget Z, while Z,= 1/3B 
Table 6.1 shows the parametric set up for experiment 1a. The 
experiment’s results are shown in Figure 6.1 and 6.2. Starting from Z 
=155, the model was able to find feasible solutions. 

For Z = 155, realized reduction improvement had been 28,03%. This 
implies that for our total set of suppliers, a solution was proposed with 
which 28,03% of carbon footprints could be decreased. Figure 6.1 shows 
that by increasing Z, reduction improvement increases linearly. This 
effect is not surprising: if more budget becomes available, it is possible to 
spend more on extra improvement actions.  

 

PARAMETER VALUE 
5 3 

6 9 

6! 3 

6" 3 

6# 3 

9 150 

9! 1
3/ 

9" 1
3/ 

9# 1
3/ 

Table 6.2: Parametric set up 
for experiment 1a 
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Figure 6.2 shows the tradeoff results specified for each product category. They seem to behave quite 
similar (with a similar slope) when changing Z, as well as the tradeoff of the aggregated category 
groups. However, for each product category, 
tradeoffs have different intersects. The tradeoffs 
for oils improvement turn out much lower 
(better) than for the other categories.  

From Table 6.2, two main findings are found. 
First of all, the model realizes exact same costs, 
$
/Z, for each product category by the given set 
of budget constraints. Thus, the model spends 
all the budget in order to fulfill the model 
objective and comes up with the best solution 
possible given the set constraints. Second, it is 
clear that these exact same cost amounts lead to 
different improvement results for each product 
category. For all B, improvement_O shows 
better results compared to the other categories, 
while realizing the same costs, thus implying 
better tradeoffs for oils. 

Findings 

Based on the results, we find that actions 
selected for oils category are more cost 
effective. By increasing B, tradeoffs increase 
and solutions become less cost efficient. 

 

 

 

 

 

  

B IMPROVE 
MENT_S 

IMPROVE 
MENT_O 

IMPROVE 
MENT_T 

COSTS_S COSTS_O COSTS_T 

155 3,34 4,30 3,02 51,7 51,7 51,7 

160 3,41 4,35 3,07 53,3 53,3 53,3 

165 3,49 4,41 3,11 55,0 55,0 55,0 

170 3,55 4,47 3,16 56,7 56,7 56,7 

175 3,60 4,52 3,21 58,3 58,3 58,3 

180 3,65 4,58 3,26 60,0 60,0 60,0 

Table 6.3: Output results for improvements and costs per product 
category, experiment 1a. 
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6.2.2 Experiment 1b: changing budget Z, with fixed, inequal ratio for Z,  
Table 6.3 presents the initial set up for experiment 1b. For Z, ,	the 
allocation ratio is set such that it is approximately based on spend 
volume ratio of 2019.[1] This has been chosen due to the reasoning 
that categories with a greater volume size could eventually lead to a 
greater reduction impact. Note that the sum of category budget 
constraints Z, is greater than Z itself. This is done to provide the 
possibility that the remainder of a category budget could be used to 
support improvements for the other categories, in case [, has been 
satisfied for a specific product category without having spent its full 
budget. Hence, the expectation is that total budget could be spent 
more cost effectively. 

Again, we see a linear relation between 
budget constraint Z and total realized 
improvement (figure 6.3). The realized 
improvement results are slightly higher 
as compared to experiment 1a.  

Figure 6.4 shows how tradeoffs are 
affected by increasing B. Tradeoff_T 
seems to be unaffected by B, while 
being the highest of all categories (up 
to B=175). Tradeoff_O showed the best 
results overall. 

From table 6.4, we find improvement_T 
did not increase after B=150, explaining 
why tradeoff_T remains constant. 
Improvement_S slightly increased 
starting from B=165, whereas for the 
oils category most improvements and 
costs had been realized.  

Compared to table 6.2 (the output 
results of experiment 1a), costs have 
been spent differently with the given 
allocation ratio for Z, , 7{9, ;, <}. The 
model in experiment 1B did not 
realize improvements for starch 
anymore (once it had satisfied 
[+). Given the results for 
tradeoff_O being the highest 
overall, it is budget-wise to not 
spend more on starch 
improvements.  

 

[1] 2019 spend volume numbers for 
categories sugar, oils and starch have been 314, 196 and 178 KTons, respectively. 

PARAMETER VALUE 
5 3 

6 9 

6! 3 

6" 3 

6# 3 

9 150 

9! 0,6/ 

9" 0,35/ 

9# 0,35/ 

Table 6.3: Parametric set up 
for experiment 1b. 

B  IMPROVE 
MENT_S 

IMPROVE 
MENT_O 

IMPROVE 
MENT_T 

COSTS_S COSTS_O COSTS_T 

150 3,50 3,98 3,00 55,2 43,7 51,1 

155 3,50 4,20 3,00 55,2 48,7 51,1 

160 3,50 4,37 3,00 55,2 53,7 51,1 

165 3,53 4,50 3,00 56,2 57,8 51,1 

170 3,63 4,56 3,00 59,4 59,5 51,1 

175 3,74 4,62 3,00 62,7 61,3 51,1 

180 3,84 4,68 3,00 65,9 63,0 51,1 

Table 6.4: Model output for improvements and costs realized per product category 

Figure 6.3: Effect of B with fixed, inequal B_Q values on total 
improvement. 
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Findings 
Once the model has satisfied its improvement constraints, it will keep searching for the best actions 
to select, between the cheapest options available. 
 
Although Z" was greater than Z*, the model realized more improvements for the oils category than 
for sugar category, because of the better tradeoffs for oils improvement. The inequal allocation ratio 
of this experiment, that implied relaxation of budget constraints (compared to 1a), had positive 
impact. The model was able to spend more money to other categories, while realizing higher total 
improvement, compared to 1A.  
 

6.2.3 Experiment 1c: changing budget B, without specific category budget 
constraints  
Table 6.5 shows the experimental set up for experiment 1c. In this 
experiment, category budgets are not specified, so Z, can be set equally to 
Z.  

Table 6.6 shows the results. Partly the same results are given compared to 
experiment 1b. Improvement_T does not increase anymore after the model 
has satisfied [+  for B=150. Since [, for all categories does not increase, the 
constraint has been satisfied from the beginning. However, this time, the 
improvement_S has not increased after B=150. This implies that for both 
sugar and starch category, no new improvement actions have been selected, 
when increasing B. 

B IMPROVE 
MENT_S 

IMPROVE 
MENT_O 

IMPROVE 
MENT_T 

COSTS_ 
S 

COSTS_
O 

COSTS_
T 

150 3,50 3,98 3,00 55,2 43,7 51,1 

155 3,50 4,20 3,00 55,2 48,7 51,1 

160 3,50 4,37 3,00 55,2 53,7 51,1 

165 3,50 4,54 3,00 55,2 58,7 51,1 

170 3,50 4,71 3,00 55,2 63,7 51,1 

175 3,50 4,88 3,00 55,2 68,7 51,1 

180 3,50 5,05 3,00 55,2 73,7 51,1 

Table 6.6: Model output for improvements and costs realized per product category, experiment 1c. 

B REALIZED IM-
PROVEMENT 

TRADEOFF 

_S 
TRADEOFF 

_O 
TRADEOFF 

_T 
TRADEOFF 

_TOTAL 

150 27,59% 15,77 10,98 17,02 14,31 

155 28,15% 15,77 11,61 17,02 14,49 

160 28,60% 15,77 12,30 17,02 14,72 

165 29,05% 15,77 12,95 17,02 14,95 

170 29,49% 15,77 13,54 17,02 15,17 

175 29,94% 15,77 14,09 17,02 15,38 

180 30,39% 15,77 14,61 17,02 15,59 

Table 6.7: Model output for total improvement and tradeoffs per product category, experiment 1c. 

Findings 

From Table 6.7, we learn that the total realized improvement does increase with B, due to the 
increase of improvement_O. Again, we find that solutions become less cost-efficient with B due to 
increasing tradeoffs. Based on the tradeoff values in Table 6.7, we can conclude that the selected 
actions for oils category were cheaper than the other options.  

PARAMETER VALUE 
5 3 

6 9 

6! 3 

6" 3 

6# 3 

9 150 

9! / 

9" / 

9# / 

Table 6.5: Parametric set 
up for experiment 1c. 
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If no category budget constraints are specified, the model prefers to select new actions for oils 
category, (after having satisfied all improvement constraints) since improvement actions for oils 
have the best tradeoffs. 

6.2.4 Experiment 2a: test impact of -, minimum improvement constraint 
Table 6.10 shows the set up for experiment 2a. In this experiment, the aim 
is to understand the impact of minimum improvement constraint [.  

Figure 6.5 shows the resulting tradeoffs as the effect of [. In Table 6.11 we 
find the output results, reflecting realized improvement and costs, each 
specified per product category. Table 6.12 shows the resulted tradeoffs 
per category. 

Note that increasing [ implies the constraint becoming more strict (Z is 
fixed). From Table 6.11 we see that by increasing [, improvement_O 
decreases. That is remarkable, since from earlier experiments we saw that 
improvement actions for oils category showed better tradeoffs. 

From Table 6.11 we learn that, for [=7,5, both improvement_S and 
improvement_T had been minimally satisfying constraints ["	and [+. 
Improvement_O turned out higher (5,51). For [	=7,5, after having satisfied 
all constraints for [,, the model spent 
the remainder of the budget on extra 
improvement actions for oils. However, 
by increasing [, improvement_O 
decreased, whereas improvement_S and 
improvement_T increased. However, 
from Table 6.12 we find that tradeoff_S 
and tradeoff_T do not improve or even 
become worse by increasing [.  

Based on the results in Table 6.11 and 
6.12, we find that the model had to 
choose actions that are less cost-
efficient, to be able to satisfy each 
category improvement constraint. Hence, with the increase of e (and thus e1) it becomes more 
challenging for the model to find good tradeoffs: options with bad tradeoffs from one category can 
be chosen over options with good tradeoffs from another category.  

 

PARAMETER VALUE 
5 3 

6 7,5 

6! 1
31 

6" 1
31 

6# 1
31 

9 150 

9! /=150 

9" /=150 

9# /=150 

Table 6.10: Parametric set up 
for experiment 2a. 

V V_X improve 

ment_S 
improve 

ment_O 
improve 

ment_T 
costs_S costs_O costs_T 

7,5 2,50 2,50 5,51 2,50 27,0 86,2 36,8 

8,0 2,67 3,50 4,32 2,67 55,2 52,2 42,6 

8,5 2,83 3,50 4,14 2,90 55,2 47,2 47,6 

9,0 3,00 3,50 3,98 3,00 55,2 43,7 51,1 

9,5 3,17 3,42 3,80 3,17 53,4 39,8 56,8 

10,0 3,33 3,50 3,49 3,33 55,2 32,2 62,6 

Table 6.11: Output results improvement and costs per product category. 
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In Table 6.12, we see that by 
increasing [ from 8,5, total realized 
improvement decreased.  

When looking at Table 6.12, and 
comparing the experiment of V=8,5 
and V=9, we find that when 
increasing [, the model had to 
exchange options (for 
improvement_O) for options with 
worse tradeoffs, to increase improvement_T up to [+	 = 3. Therefore, to satisfy increasing e	and e1	, 
the model is forced to choose actions with worse tradeoffs. Since the budget is fixed, this comes at 
the price with which the total realized improvement will be decreased. 

Findings  
Based on the results, we have found that the increase of [ (and thus, increase of [,) leads to 
decrease of total improvement. Moreover, the model becomes limited in its options with good 
tradeoffs that it can choose.  
 
From this experiment we cannot conclude the impact of V only, without including the impact of [,	. 
The category-specified constraints affected the results seriously. Thus, with experiment 2b the 
impact of [	  without the presence of [,	had been tested. 
 

6.2.5 Experiment 2b: test impact of  -, -=	= 0 
For this experiment, [,	had been set to 0 for each subset Q, to investigate 
the impact of [, while no category specific constraints were set (table 6.13). 

From Table 6.14, we find that with this setup, the model provided the same 
solution from the beginning. Compared to the benchmark solution, total 
improvement was 0,31% higher. 

 

V REALIZED 
IMPRO 

VEMENT 

IMPROVE 

MENT_S 

IMPROVE 

MENT_O 
IMPROVE 

MENT_T 
TRADEOFF_ 

TOTAL 

7,50 27,90% 3,50 5,10 2,00 14,15 

8,00 27,90% 3,50 5,10 2,00 14,15 

8,50 27,90% 3,50 5,10 2,00 14,15 

9,00 27,90% 3,50 5,10 2,00 14,15 

9,50 27,90% 3,50 5,10 2,00 14,15 

10,00 27,90% 3,50 5,10 2,00 14,15 

Table 6.14: Output results for experiment 2b. 

It is found that changing [ does not affect the model’s solution as long as [, is not specified and as 
long [ is a feasible constraint. With [,=0 (and the fixed budget) the model provides its optimal 
solution already at [=7,5. Remark that total realized improvement is the sum of improvement for S, 
O and T (=10,6 for each [). Moreover, the total improvement resulting from this experiment had 
been higher than any improvement realized during experiment 2a, when [, =

$
/[. 

 

V REDUCTION 
IMPROVEMENT 

TRADE 

OFF_S 
TRADE 

OFF_O 
TRADE 

OFF_T 
TRADE 

OFF_TOTAL 
7,5 27,67% 10,80 15,64 14,71 14,27 

8 27,59% 15,77 12,10 15,96 14,31 

8,5 27,75% 15,77 11,39 16,41 14,22 

9 27,59% 15,77 10,98 17,02 14,31 

9,5 27,32% 15,63 10,46 17,95 14,45 

10 27,18% 15,77 9,21 18,79 14,53 

Table 6.12: Output results total improvement and tradeoffs. 

PARAMETER VALUE 
5 3 

6 7,5 

6! 0 

6" 0 

6# 0 

9 150 

9! / 

9" / 

9# / 

Table 6.14: Parametric set 
up for experiment 2b. 
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Findings 

With [,	set to 0, the model has more freedom to select improvement actions, as long as it satisfies 
the overall improvement constraint V. Based on the results of experiment 2a and 2b, we can 
conclude that the presence of constraints [, has a limiting impact on the model.  

6.2.6 Experiment 2c: impact of fixed, inequal allocation ratio for [,, by changing 
[ 
In this experiment, we investigate the impact of V, with a fixed, inequal allocation ratio for [,	. In 
Table 6.15, the parametric set up is shown.  

The fixed allocation ratio is chosen such that it reflects approximately the 2019 spend volume ratio 
for the product categories. For simplicity reasons, it had been chosen to let the sum of these ratios 
be exactly 1. Therefore, the importance of the product-specific constraints is emphasized. 

 

For [	=10,5, the model did not find a feasible solution. Looking at Figure 
6.6, while total tradeoff seemed to be constant, the category-specific 
tradeoffs behaved quite differently. 

Figure 6.7 shows that increasing [ leads to a decrease in total 
improvement, which was also the case for experiment 2a. [" presents the 
highest improvement constraint throughout this experiment since [" =
	0,45[, whereas [* = 0,30[ and [+ = 0,25[. To satisfy the increasing 
["	, the model must realize more emission reduction for sugar and has to 
exchange that for improvement_O, which decreases over V, as can be 
seen in Table 6.16.  

Hence, tradeoff_S increases with [". 
Solutions show that from all eligible 
actions for sugar, all cheaper options 
have been selected already when 
increasing [. Only the most expensive 
actions (+=3, 6) remain as options. 

Findings 

The choice of options for the category 
with highest [, becomes limited with 
increasing V. Therefore, at some point 
the model has to choose more 
expensive options since cheaper 
options become limited if 
improvement constraints 
increase. 

 

 

PARAMETER VALUE 
5 3 

6 7,5 

6! 0,451 

6" 0,31 

6# 0,251 

9 150 

9! 150 

9" 150 

9# 150 

Table 6.15: Parametric set up 
for experiment 2c. 

V IMPROVE 
MENT_S 

IMPROVE 
MENT_O 

IMPROVE 
MENT_T 

COSTS_S COSTS_O COSTS_T 

7,5 3,50 5,10 2,00 55,2 75,4 19,4 
8 3,60 5,00 2,00 58,4 72,2 19,4 

8,5 3,83 4,60 2,13 65,6 60,7 23,7 
9 4,05 4,21 2,25 72,7 49,2 28,1 

9,5 4,40 3,05 2,90 83,4 19,0 47,6 
10 4,50 3,31 2,50 86,6 26,7 36,8 

Table 6.16: Output results for improvement and costs per category. 
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Similar to experiment 2a, budget remains 
the same, but the model has to satisfy 
different improvement constraints. The 
model is forced to select less cost-efficient 
options for sugar due to [" being much 
higher than [* and [+, which results in 
worse tradeoffs realized for sugar. Hence, at 
some point we have to exchange cheaper 
options for more expensive ones to be able 
to satisfy [" . 

6.2.7 Experiment 2d: impact of 
.=	ratio, by changing .= 
 
With this experiment, we want to 
understand the impact of a varying allocation ratio for the values for Z,. 
Parametric set up is shown in Table 6.17. In Table 6.18, one can find the 
tested ratios used for the experiment. Because we do not increase one unit 
with this experiment, but change and adapt, results are shown in a table 
instead of a graph. 
Based on the results from Table 6.18, adapting the values for Z, does not 
impact the model output – at least not with the given parametric setting.  

If we reflect the situation, we know: improvement constraint [ is not 
changing, neither is overall budget constraint Z. The model is already able 
to satisfy its fixed constraints [(9), and [,(3). See Table 6.18.  

The model might therefore not be very challenged its initial solution seems 
to be the best throughout the experiment. 

However, question arises 
whether different ratio setting 
for Z would impact the results, if 
overall Z becomes stricter 
(decreases), while [ stays the 
same. Unfortunately, this had 
not been tested anymore. 

 

 

Table 6.19: Model output for 
improvement and costs per product 
category, experiment 2d. 

 

PARAMETER VALUE 
5 3 

6 9 

6! 1
31 

6" 1
31 

6# 1
31 

9 150 

9! @ 

9" A 

9# B 

B_Q REALIZED IM-
PROVEMENT 

TRADE 

OFF_S 
TRADE 

OFF_O 
TRADE 

OFF_T 
TRADE 

OFF_TOTAL 
60/75/60 27,59% 15,77 10,98 17,02 14,31 

60/60/75 27,59% 15,77 10,98 17,02 14,31 

75/60/60 27,59% 15,77 10,98 17,02 14,31 

55/55/55 27,59% 15,76 11,00 17,02 14,31 

60/60/60 27,59% 15,77 10,98 17,02 14,31 

B_Q NOT 
SPEC. 

27,59% 15,77 10,98 17,02 14,31 

Table 6.17: Parametric set 
up for experiment 2d. 

Table 6.18: Model outputs for total improvement and tradeoffs per category 

B_Q IMPROVE 
MENT_S 

IMPROVE 
MENT_O 

IMPROVE 
MENT_T 

COSTS 
_S 

COSTS 
_O 

COSTS 
_T 

60/75/60 3,50 3,98 3,00 55,2 43,7 51,1 

60/60/75 3,50 3,98 3,00 55,2 43,7 51,1 

75/60/60 3,50 3,98 3,00 55,2 43,7 51,1 

55/55/55 3,49 3,99 3,00 55,0 43,9 51,1 

60/60/60 3,50 3,98 3,00 55,2 43,9 51,1 

B_Q NOT 
SPEC. 

3,50 3,98 3,00 55,2 43,9 51,1 
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6.2.8 Experiment 2e: impact of varying [,, by changing allocation ratio for -=  
With this experiment, we investigate the impact of varying ratio used to allocate the values for [,. 
The initial set up can be found in Table 6.20. 

PARAMETER VALUE 
5 3 

6 9 

6! C1 

6" D1 

6# E1 

9 150 

9! / 

9" / 

9# / 

Table 6.20: Parametric set up for experiment 2e. 

RATIO V_Q 
(S,O,T) 

REALIZED IM-
PROVEMENT 

TRADE 

OFF_S 
TRADE 

OFF_O 
TRADE 

OFF_T 
TRADE 

OFF_TOTAL 
30%/30%/40% 27,18% 12,36 11,10 19,97 14,52 

40%/30%/30% 27,55% 16,22 11,49 16,19 14,33 

30%/45%/25% 27,61% 15,67 14,16 12,48 14,30 

50%/30%/20% 27,63% 19,24 11,02 9,70 14,29 

45%/30%/25% 27,67% 17,96 11,67 12,48 14,27 

40%/35%/25% 27,76% 16,22 13,52 12,48 14,22 

Table 6.21: Model output for improvement and tradeoffs specified per product category, experiment 2e. 

Output results for each different ratio set up are shown in Table 6.21. The order from top to bottom 
rows is from worst to best realized improvement and total tradeoff. We find that different ratio set 
ups for e1 do affect the model output. Having stricter (higher) category-specific constraints resulted 
in worse tradeoffs. For example, in Table 6.21 it can be seen how tradeoff_T jumps from 12,48 to 
16,19, and then to 19,97 when increasing [+ 	from 25% to 30% and 40%, respectively. Also, the total 
realized improvement is negatively affected with a stricter [+. However, this is not the case when we 
consider the different improvement constraints for sugar in Table 6.21. What is the difference 
between these product categories? 
 
Total improvement potential 
When considering the set of actions	4, we find the total potential improvement (per product 
category, per supplier) that could be realized if there would be no constraints set. If all provided 
actions for starch suppliers would be selected, this would lead to a total reduction improvement of 
5,8kg CO2 on the total starch footprint, at a total cost of 152,2K EUR. If all given actions would be 
selected for sugar, this would improve 6,3 kg CO2 on the total sugar footprint, at a total cost of 
152,3K EUR. For oils, total reduction potential would be 11,4kg CO2 on the total oils footprint, at a 
total cost of 252K EUR. These numbers imply the potential amount of improvement for each product 
category, related to the given set of actions in 4.  
 
Having a higher maximum improvement potential, at relatively lower total costs (comparing the 
actions for sugar and starch), shows the ability of choosing more cost-effective options for oils. 
 
Findings 
It can be concluded that with the given set of actions I, the set of eligible improvement actions for 
starch improvements is limited both cost-wise and potential, compared to the other product 
categories. Furthermore, from Table 6.21 it can be seen that [, does have an impact on the model 
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output. If product category has limited, less cost-effective options, it becomes more depending on 
what is available when its V increases (or B decreases). Therefore the model can come up with very 
ugly solutions with bad tradeoffs.  
 
6.2.9 Experiment 2f: impact of \ 
Another parameter has been tested, which represents the lead time constraint. The experimental set 
up is shown in Table 6.22. Note that for each supplier 6 ∈ 5, \% = \.  
 

PARAMETER VALUE 
5 1 

6 9 

6! 1
31 

6" 1
31 

6# 1
31 

9 150 

9! / 

9" / 

9# / 

Table 6.22: Parametrical set up for experiment 2f. 

For this experiment, lead time constraint L will be changed from 1 to 6 weeks. Note that when a 
solution comes up with multiple actions for one suppliers, that lead times of these actions are 
summed up. This is a limitation of the MIP model, as explained in previous chapter. In Figure 6.8, one 
can see the tradeoff affected by changing the lead time constraint L. For L=1, no feasible solution was 
found. L=6 is the maximum additional lead time of all actions. Except for oils category, all tradeoffs 
seem to improve with increasing L.  

 

Figure 6.8: Effect of lead time constraint on tradeoff, experiment 2f. 

Findings  

Increased lead time constraints lead to a positive impact on the total realized improvement. This can 
be seen in Figure 6.9. Relaxation of the lead time constraint, thus increasing L, allows more options 
to be accessible to choose from. This would support to find options with better tradeoffs, and 
therefore more cost-effective options could become eligible. Considering the actions characterized 
by longer lead times, relaxing the lead time constraint completely, supports the model to make all 
options eligible feasible (assumed other constraints are not blocking). Thus, if more options are 
eligible, increasing L would lead to an increase in total improvement.  
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Figure 6.9: Effect of lead time constraint on total improvement, experiment 3a. 

 

6.3 Overall findings of the sensitivity analysis 
Impact of j 
By increasing B, more improvement is realized. However, solutions become less cost efficient since 
tradeoffs increase. This is not directly because of B: The model from itself always searches for the 
best tradeoff. So, if B increases, and all other parameters are fixed, at some point the cheapest 
options have already been selected and the model has to select from remaining, more expensive 
available options.  
 
Presence of j1	 
Compared to the equal allocation ratio from experiment 1a, the inequal allocation ratio for Z, in 
experiment 1b led to an increased total improvement due to the relaxation of budget constraints. 
(Note, overall budget constraints were similar for both experiments.) Hence, the model was able to 
choose from a greater selection of actions with good tradeoffs. Some product categories provide 
more actions that lead to better tradeoffs), so better options could be selected.  
 
If no category budget constraints are specified, the model will, after having satisfied all improvement 
constraints, continues selecting new actions for the category with the lowest tradeoffs. (Remark that 
actions must be available, if not, the model chooses from other available options until its budget is 
spent.) 
 
Impact e	and e1	 
Increasing the overall improvement constraint [, in case [,=1/3[, affected the total realized 
improvement negatively. Since [,also becomes stricter with V, the model becomes less flexible 
regarding what options it can select. Hence, increasing V eventually affects the model on how budget 
can be spent on the improvement actions: the model leaves us with less cost efficient solutions, - we 
have to spend more to achieve the same improvement than before - and hence, the result is a 
decrease in total improvement. 
In case [, was not specified, then changing V had no impact. Without [,, the model has more 
freedom to select actions from set 4 in order to improve overall improvement. However, with 
changing [, while all other parameters are fixed, the model will not come up with a better solution, 
since it always seeks for the best solution (maximized reduction). Note that eventually, if V becomes 
too high, the model cannot find feasible solutions anymore. 
Based on previously findings, applying [,	can have a limiting impact on the decision model. It can 
undermine the best cost-effective options since, besides overall improvement, it also had to satisfy 
categorial improvement.  
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In case [,	was set by an inequal allocation ratio, the category with highest [,	became limited in its 
options when V increases. Hence, the model might have to choose worse tradeoff options for the 
category with highest [,	, over the better tradeoff-options from other categories. Eventually, 
increasing [,	would lead to a decrease of total improvement.  
 
Impact of k 
Increasing lead time constraint implies relaxation of the constraint. Then, more actions would 
become eligible to be selected, and the model could achieve better tradeoffs. The other way around, 
if lead time constraint is set lower, set of eligible options becomes limited and the model becomes 
more depending on those set of actions. Hence, a lower lead time could force the model to choose 
options with worse tradeoffs, that lead to lower total improvement.  
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Chapter 7 Conclusion and recommendations 
In this chapter, the key conclusions and recommendations are given for the research. First, generic 
key conclusions were given, followed by the key conclusions from the LCA analyses. Next, key 
conclusions of the model experiments were given. The chapter is concluded by the 
recommendations regarding implementation of the decision model. 

7.1 Generic key conclusions 
This research study showed how product LCA can be applied in order to determine improvement 
actions. With the conducted LCA analyses, it is known what carbon hot spots are, and the first, rough 
insights in improvement potentials can be deducted. Moreover, it is known what the most important 
aspects are that should be asked from suppliers to evaluate their carbon footprint, even if they do 
not have direct emission data. 

Furthermore, it is clear that there is critical need for supplier data, since it would lead to more 
accurate solutions from the model. Hence, with this research study, it is known what could be 
achieved when accurate emission data would be available from suppliers. Moreover, data regarding 
improvement actions and related costs and improvement potential, is also necessary to be able to 
come up with the right solutions. 

7.2 Conclusions from LCA analyses 
7.2.1 Carbon indicators 
The cultivation process of raw materials had been shown to be a big contributor to the overall 
carbon footprint of most products. One of the key LCA findings is that for a selected amount of 
products, land use change and crop yield (of raw materials) act as reliable carbon indicators, directly 
affect cultivation footprints. Furthermore, on site energy consumption at manufacturing processes 
was found to contribute most to carbon emissions of manufacturing processes. These carbon 
indicators can reveal useful information when evaluating suppliers’ footprints. To evaluate carbon 
indicators the supplier questionnaire (Appendix C) can be applied.   

7.2.2 Carbon impact for portfolio 
The LCA data provided footprints on country level. For some products, footprints among different 
countries had great variety. Hence, in the carbon impact study for each category portfolio, the 
footprints highly depended on what country was selected. For some products, it is worthy to 
(re)consider sourcing from specific countries, since that could lead to big savings in carbon emissions. 
For example, based on the LCA findings, purchasing palm oil from Malaysia would save more than 
50% of carbon emissions (for the palm oil portfolio), compared to procurement from Indonesia. 
Based on its high volumes, this would lead to estimated savings of 0.5 Megaton CO2 annually. Also, it 
had been found that products from different feedstocks (e.g. wheat from maize) could lead to 
improved carbon footprints for that category.  

7.3 Conclusions of proposed decision model  
7.3.1 Impacting parameters 
Based on the results of chapter 6, it was found that some parameters are largely affecting the model 
output. Note that the findings are based on experiments in which each only one parameter is tested, 
while other parameters were fixed.  

Increasing budget constraint Z, logically leads to a higher total improvement. However, it eventually 
also leads to worse tradeoffs for the model, since with increasing Z, and seeking for extra 
implementation options, best cost efficient options were already “used”. This is explained by the fact 
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that the model always seeks for the best tradeoff: with the increase of Z, the model searches other 
feasible solutions from the initial solution. The set of actions being unchanged, and the model that 
will spend all its budget, it will eventually have to select remaining options that might be less cost 
efficient, leading to worse tradeoffs for the model solution.  

Another key conclusion is that increasing overall improvement constraint [, while all other 
parameters are fixed, leads to a decrease in total realized improvement. This is due to the fact that 
with increasing [, the model becomes limited in which actions it can select while satisfying the 
model constraints. (Note that this is only the case when [, increases as a function of [. In case [, is 
not specified, changing [ does not affect the model solution.)  

Furthermore, application of category improvement constraints [,	, 7{9, ;, <} can have a limiting 
impact on the model output, leading to lower tradeoffs. Also, the category that had the highest 
[,	became limited in its options with the increase of [,, since it had to realize more improvements 
than the other categories. Increase of [, result in solutions with worse tradeoffs, especially if actions 
are limited for categories. In that case, the model can undermine the best cost-effective options to 
be able to satisfy improvement constraints.  

7.3.2 Key findings of decision model 
The model always seeks for the best tradeoff options. This aligns with the model’s objective to 
maximize reduction improvement. In case improvement constraints have been satisfied, and budget 
is still left, the remaining budget will be spent to the last cents: either the model can flexibly choose 
for the “best bang for its bucks” options (if good options are still available), or it is forced to choose 
options with bad tradeoffs if these are the only available options. In both cases, the model depends 
on the availability of improvement actions.  

The provided set of actions affects the model a lot: when only limited options are available, the 
model is limited in finding good tradeoffs. This also counts at category level. Experiment 2e showed 
that a higher improvement potential on category level due to higher availability of improvement 
actions, helped to find better tradeoffs for that category. Thus, increasing the amount of 
improvement actions gives the model more flexibility to eventually find better tradeoffs. With 
limited options, the model becomes depending on what is available and might come up with ugly 
solutions (due to bad tradeoffs). The model also becomes more depending on its actions, in case V 
increases or B decreases.  

The oils category, included three suppliers whereas sugar and starch categories only have two. 
Moreover, improvement options increased as well with the third oils supplier, resulting in a higher 
improvement potential for the whole oils category. Thus, it had been easier for the model to come 
up with good tradeoffs when realizing reduction improvement for the oils category. Due to its 
availability of improvement actions, the model was flexible to choose the options giving the best 
“bang for its bucks”. 

7.4 Implementation of decision model: recommendations 
7.4.1 Data availability  
The model depends fully on its input data to come up with solution strategies. Hence, it is important 
that data applied is accurate to more or less reflect the problem context and the possible 
improvement actions. If supplier-specific data is known and realistic improvement actions are 
provided with their related characteristics (implementation costs, improvement potential and lead 
time), then the decision model can provide value in determining the best solution strategy.  
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To be able to understand what are realistic improvement actions and their costs, business cases 
should be conducted to identify realistic improvement potentials specific to each product category, 
or even to a specific supplier. 

7.4.2 Parameter settings 
Based on key conclusions in 7.2.2, the improvement potential for a category due to eligible options it 
has, should be aligned with the category’s improvement constraint and budget constraint, [, and 
Z,. Hence, if [, are set, make sure sufficient options are available to prevent the model comes up 
with ugly tradeoffs and solutions. Assuming improvement costs are similar for different categories, 
budget_x would be recommended to be aligned with priority of categories based on their spend size. 
Since: big spend size are big bucks, can lead to big impact! 

Also, conclusions showed that with the presence of [,, solution tradeoffs could get worse. This is the 
case if the budget constraint stays fixed and / or the choice of available actions do not increase. 
Therefore, it is important that with the presence of [, constraints, sufficient eligible improvement 
actions should be provided for each category. However, as long as the total footprint should be 
reduced without setting the presence of category or supplier specific improvement constraints, then 
it is recommended to not specify [,(=0). The model will come up with an optimal solution which is 
also useful to understand the “low hanging fruits”. Eventually, it is recommended to focus on big 
bucks: if products or categories have (relatively) high volume spend data, or if significant emission 
reduction improvement potentials are known, this would lead to highest absolute improvements. 

7.4.3 Output results 
For buyers and decision makers, the aim is not only to find the optimal solution, but also important is 
to know the best actions and tradeoffs. Moreover, with the output results, it can be identified what 
the absolute emission improvement potential can be, based on earlier spend volume data.  

Furthermore, users can decide to apply the model by using supplier-specific, category-specific or 
overall constraints. By testing these different settings, users can understand what settings would 
work best for their problem context. These insights could also help decision makers to set realistic 
emission targets for FrieslandCampina. 

With any solution of the model, there will be costs for FrieslandCampina. Currently, only 
implementation costs have been modeled. Besides that, it will require man hours to get solutions 
implemented as well. Moreover, some improvement actions could affect relations with suppliers as 
well. In next chapter, more about this will be discussed.  
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Chapter 8 Discussion 
Generic limitations of the study 
A big limitation of this thesis was that very limited data had been available. From the beginning, no 
supplier data had been available, since mostly all suppliers were not capable or willing to provide 
their (emission) data. After having sent the supplier questionnaire (appendix C), still minimum 
response was shown. Hence, we came up with made up data to reflect on the problem context and 
illustrate the model. 

Limitations on LCA studies 
For the LCA studies, often assumptions had been made for selected products, that left many 
footprints being based on the same assumptions for manufacturing emissions. Deep diving in 
manufacturing processes of the scoped products would therefore be necessary to understand what 
exactly makes the differences in carbon emissions on site, and what aspects require the most energy 
consumption. This would lead to useful information for supplier evaluation.  

Another drawback of the LCA analyses had been that not for all countries data had been provided. 
Hence, for some products, no carbon footprint data was provided from countries that 
FrieslandCampina sources from, which thus resulted in less accurate insights. Furthermore, there 
was no time left anymore, but it would be interesting to further investigate how LCA results could 
concretely be applied into the decision model. A proposal to do this has been presented in section 
5.4. 

Interpretation of carbon impact analyses 
From the LCA results in this thesis, footprint data on country level was provided. However, this is still 
not very accurate to estimate supplier footprints with. It highly depends on what country is chosen, 
to determine the product’s carbon impact. However, it is important to have reliable footprint 
information for our products on supplier-level, to improve sustainable procurement decisions. For 
example, based on the LCA study of palm oil, it had been found that palm oil from Indonesia 
presented a footprint twice as high as from Malaysia, due to a high score on direct land use change 
from Indonesia. Direct land use change reflects deforestation. Before immediately turning in palm oil 
suppliers in Indonesia, it should be considered whether these suppliers are really performing bad. 
Also, it can be considered to invest in existing supplier relations and thus support this supplier to 
improve its process. Furthermore, for this research only carbon emissions had been investigated. 
Other sustainability indicators, such as water consumption, acidification or indirect land 
transformation had not been included. If a product has a low carbon footprint, but requires a lot of 
water to be produced, can we consider it to be sustainable? A total sustainability index for such a 
product would be more reliable instead of only considering one impact category.  

Limitation on the decision model 
Besides from suppliers’ footprints, also data from improvement actions were a limiting factor. It had 
been chosen to make up data regarding costs, reduction potential and additional lead times resulting 
from a specific improvement action. In chapter 5, the data generation of the input parameters had 
been discussed.  

Drawbacks of the assumptions made to determine B!%  and !!%  is that both variables are affected only 
by suppliers’ carbon footprint and the improvement potential found, respectively. As one can see 
from Table 5.5, for action +, costs are more or less the same for all different suppliers. In reality, this 
would not be easily the case. Hence, a future study should be set up to investigate relevant 
improvement actions for the scope of this study.  
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Another drawback of the assumptions made for determining B!% 	and !!%  is that among different 
suppliers, only their carbon footprint is taken into account. It would be more realistic if the model 
would also include other characteristics, such as quality constraints and product cost price. 
Moreover, suppliers from different product categories are more likely to have different improvement 
actions, or even different criteria to include.  

Eligibility and availability of improvement actions 

From the sensitivity analysis, it had been found that starch category realized very bad tradeoffs for its 
improvements. The opportunity to easily improve starch seemed to be much smaller than for the 
other categories due to the fact that not many options were available for the starch category (see 
section 6.3.8). Hence, sufficient improvement actions should be provided in the model, so that the 
model does not become limited in the options it can choose from.  

Future research 
Improvement actions 

The improvement potential from actions is likely to depend on many aspects: the type of the action 
itself, but for example also a production technology used by a supplier could affect the potential, or 
additional emissions due to extra transportation. Hence, improvement actions can be modeled with 
different circumstances. It would therefore be recommended that business cases are conducted to 
reflect the different situations relevant for a supplier, or a product category. This way, better 
improvement actions can be found with realistic data, in order to make realistic decisions. 

Actual supplier footprints 

To understand the actual supplier footprints, willingness of suppliers to share their information is 
necessary. Another study could be conducted to estimate suppliers’ footprints. Now that it is known 
what are carbon indicators, first footprint estimates can be made based on these indicators, and 
activity data (e.g. energy usage). With the supplier questionnaire, it can be chosen what parts of the 
life cycle process should be focused on. Note that this approach is still limited but could give first 
insights on the supplier performance.    

Added costs aspects 

In the proposed decision model, only costs for implementing had been included, whereas in practice, 
also operational costs could be included, or variable costs per unit. Due to the different types of costs 
for a company, it is essential that the related costs should be computed to a universal measuring 
unit, such as (expected) annual costs. This is important to be able to evaluate different improvement 
actions. 

Testing Model Parameters 

The impact of [, and Z, (on category level) should be further investigated. With the sensitivity 
analysis, these parameters had been tested while all other parameters were fixed but providing too 
easily circumstances. Hence, with the increase of Z,, testing its impact is more meaningful if [ 
and/or  [, become stricter. Otherwise, the model will just spend the money while it already satisfied 
the improvement constraints.  

Also for both [, and Z,, different allocation ratios should be tested to better understand the impact 
of different allocation ratios. If there is also exists a setting with which [, is positively affecting the 
model, then [, could be helpful. The impact of Z should also be investigated for stricter 
improvement criteria, since that has not been tested and would reflect more realistic situations. 
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Also, [%and Z%  should be tested to understand what the impact would be if the user applies the 
model with supplier-specific constraints. 

Furthermore, the lead time constraint does not fulfill its real function. The proportionality 
assumptions for MIP caused that the model is not able to apply the given lead time as given by C!%, if 
an option is implemented only partly. The model computes the realized lead time by 
∑ ∑ 3!% ∗ C!%

)
!#$

2
%#$ , instead of rounding 3!%  up to 1 if > 0. This is actually not representing how to deal 

with lead times in reality, and is therefore another big flaw of the decision model. Hence, there 
should be thought of another way to include lead time constraint properly in this MIP problem. See 
Chapter 5 for the explanation of applying an overall constraint.  
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Appendix A: LCA analyses results (Phase III - Impact assessment) 
 

A.1 Sugar portfolio 
 
A.1.1 LCA of beet sugar  
After the different carbon footprints have been 
computed (Figure A.1), the process contribution 
for the highest and lowest footprints have been 
investigated (Figure A.2). Therefore, footprints 
were considered for “NL” (The Netherlands) and 
“DE” (Germany), which are 667 grams CO2-eq and 
897 grams CO2-eq (each per kg beet sugar), 
respectively.  
 
A.1.1.1 Process contribution 
By analyzing the different processes from the LCA output, we aim to identify what processes are 
most contributing to the carbon emissions of a product. 
 
Based on the results given in Figure A.2, carbon 
emissions seem to be mostly caused by the 
cultivation process of beet and the manufacturing 
process (processing). Transportation emissions 
counts for only 10% of the total footprint for both 
countries.  
 
Followingly, the LCA output for the most relevant 
sub processes (cultivation and manufacturing) is 
chosen to be investigated more in detail. Since 
transport emissions only represent 10% of the 
total footprint based on the data, we do not 
consider transport processes for further analysis. 
 
A.1.1.2 Cultivation of sugar beet 
Figure A.3 shows the carbon footprints related to cultivation of beet for all countries given in the 
dataset (mean 57,5 gram, standard deviation of 13,12 gram).  
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Figure A.1: Total carbon footprints for beet sugar 

Figure A.2: Process contribution of carbon emissions for beet 
sugar (NL; DE) 

 



The input data of the LCA study comes from practical data from the field, worldwide, which could 

explain the variety in footprint data. Furthermore, worldwide a wide variety of cultivation 

approaches can be applied. 

 

A.1.1.3 Results for possible indicators for 
cultivation data 
The LCA results also provided data related to the 

crop yield of beet. We investigate the relation 

between crop yield and carbon footprint related 

to raw beet cultivation.  
 

Figure A.4 shows the relation between crop yield 

and the carbon footprint related to cultivation of 

beet based on the LCA analysis. A fitting equation 

y has been found that models the relation 

between these two variables. This equation 

provides R2 = 0,5305 for crop yield; furthermore, 

a correlation of -0,63 has been found between 

the two variables. Increasing yield could 

contribute to a lower carbon footprint for 

cultivation. However, the optimum (around 

72000kg/ha) implies that at some point 

increasing the yield will not help anymore and 
could even lead to increased carbon footprints. This could be explained by an overuse of fertilizer 

products for example. 

 

A.1.1.4 Processing from beet into sugar 
Based on the results, carbon emissions related to manufacturing process are 274 and 522 g CO2 for 

NL and DE, respectively.  
The relative contribution based on these results 

implies that 41% to 58% of total carbon footprint is 
caused by the processing of beet into beet sugar. If 

we zoom in at the LCA analyses for both NL and DE, 

most carbon emissions caused within the 

manufacturing process can be deducted to process 

steam (heat) and electricity, together responsible for 

respectively 88-90% of total manufacturing 

emissions, and therefore nearly half of total carbon 

emissions. This process in general takes place at our 

direct supplier, which can be interesting from 

procurement perspective. 

 

Furthermore, by diving in detailed LCA data for DE 

we find that total energy consumption for 

processing 1 ton of beet requires 195 kWh, whereas from NL data it can be deducted this only 

require 180 kWh. Also, for NL a higher production yield has been shown: 1 ton raw beet results in 

170 kg sugar, whereas DE production yield is only 128 kg sugar/ton beet. Based on the LCA data, 

these differences in energy usage and production yield would affect the different footprints for NL 

and DE. Therefore, energy consumption at plant-level would act as an important carbon indicator to 

identify CO2 emissions from manufacturing.  
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A.1.2 LCA of cane sugar 
 
A.1.2.1 Cradle-to-gate footprint 
 
For the full-scope carbon footprint of cane sugar, 
the results from the LCA analysis are shown in Figure 
A.5. The carbon footprints representing the best and 
worst country, are those of AU (Australia) and PK 
(Pakistan), respectively representing 891 and 1669 
gram CO2 per kg cane sugar. One can see that the 
carbon footprints given in Figure A.5 vary strongly 
among the different countries.  
 
A.1.2.2 Process contribution  
Again, we investigate what processes have the 
biggest carbon impact. The cultivation footprint for 
AU is only 1/3 of the PK footprint, which is therefore 
interesting to investigate what are underlying factors. 
Unfortunately, the LCA study for cane sugar applied assumptions for the manufacturing process that 
leaves us with identical processing data (345 g CO2/kg sugar) for the different countries, which is 
unlikely the case in practice. However, it can still be investigated on what this 345 g CO2 is based. 
 
Figure A.6 shows that total transport emissions are as well similar for both countries, varying from 
10-20%  on the total footprint. Again, we do not further investigate transportation emissions, since 
we focus on the bigger contributors: cultivation and manufacturing (processing). 
 
 

 
A.1.2.3 Cultivation process 
In Figure A.7, the different footprints for cultivation are shown. This dataset is characterized by mean 
94,5 g and standard deviation 52,63 g. Figure A.7 shows that AU and PK cultivation footprints are 53g 
and 161 g CO2/kg cane respectively. From the LCA output, this difference might be explained due to 
the crop yield and land use change (LUC) for both countries. For PK, LUC was found to be 
78,74m2/ha; whereas for AU this was 0. Crop yield for AU (79960 kg/ha) was far higher than the yield 
for PK (55360 kg/ha). Hence, the relations between these variables and the footprint have been 
investigated to identify whether there are relations. 
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A.1.2.4 Possible carbon indicators in cultivation 
Figure A.8 shows the relation between the crop yield and the carbon emissions resulting from 
cultivation. A fitting mathematical model y2 has been determined that has a power trendline. Similar 
to the LCA study of beet sugar, we find that a higher yield would imply a lower carbon footprint. 
 

 
Figure A.8: Relation between crop yield and carbon footprint 
for cane sugar. 

Based on the datasets for crop yield and carbon 
footprint for cultivation of cane, the model equation y2 has an R2 = 0,4725.  
Figure A.9 shows the relation between LUC and carbon footprints. A fitting linear model y3 has been 
determined that shows an R2 of 0.6181. The correlation between the datasets for LUC and carbon 
emissions is found to be 0,786. 
 
A.1.2.5 Manufacturing process 
Regarding the manufacturing process, we can deduct from the LCA analysis that the identical 
assumption has been used that energy consumption from bagasse is taken into account in the LCA 
analysis. Bagasse is a by-product from processing sugar cane. Therefore, the energy usage (for each 
country) has been counted zero, fully compensated by the production of bagasse.  
 
However, what is the remaining 345 g CO2/kg sugar based on, if it’s not from energy usage? When 
investigating the LCA study in more detail, we find that this is caused by different materials and fuels: 
landfill of waste (141 g CO2), waste water (76 g CO2), and the use of sulfur and sulfur dioxide (134g 
CO2).  
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A.2 Oils portfolio 
 
 

A.2.1 LCA of palm oil 
 
A.2.1.1 Cradle-to-gate footprint 
In Figure A.10, carbon footprints for refined palm oil are shown. All footprints are based on refinery 
data from the Netherlands. However, each footprint has its oil palm fruit sourced from either 
Malaysia, Indonesia or both. Therefore, it can be seen in Figure A.10, how much of raw oil palm fruit 
had been sourced from which country. Differences between among the carbon footprints are 
enormous. Refined palm oil sourced from Indonesia has a carbon footprint that is more than two 
times higher compared to Malaysia. What is the cause explaining this difference? 
 
A.2.1.2 Process contribution 
Looking at Figure A.11, we find the process 
contribution for each of the provided carbon 
footprint for palm oil. Unfortunately, all LCA 
analyses applied the same assumption for all 
processes, except for cultivation process. Based 
on this data, it would be worthy to verify from 
which country oil palm fruit is sourced. The 
cultivation contribution differs a lot among the 
different countries of origin. 
 
A.2.1.3 Cultivation footprint 

In Figure A.12, a probable cause of the obvious 
difference between the carbon footprints of palm 
oil is found. Cultivation of oil palm fruit results in a 
carbon footprint for Indonesian cultivated palm 
fruit, being three times higher than Malaysian 
cultivation. This difference is due to the application of pete soil in Indonesia, which is an important 
carbon driver. Pete soil has the ability to store carbon in the ground. However, if land use 
transformation occurs, these carbon emissions are released. Moreover, the occurrence of 
deforestation in Indonesia, cutting rainforests for planting more palm oil trees, is also a big driver. 
FrieslandCampina currently participates in a sustainability program purchasing only “RSPO”-certified 
palm oil, which means palm oil that is proven to not be the result of deforestation. It could save a lot 
carbon if we could guarantee that purchased palm oil is not from deforestation or processing of pete 
soil. 

2340

788

0 500 1000 1500 2000 2500

ID

MY

grams CO2-eq kg-1 oil fruit bunch

Carbon footprint cultivation palm fruit

3479
6222

103362634

2634

2634

332
332

332

155
155

155

42
42

42

0

5000

10000

15000

NL (100% MY) NL (40% ID, 60%
MY)

NL (100% ID)

g 
CO

2-e
q 

kg
-1

pa
lm

 o
il

Process contribution to carbon 
emissions

Cultivation (oil fruit bunch) Crushing

Transport to refinery Refining

Transport to FC

Figure A.11: Process contribution to carbon emissions of 
palm oil 

Figure A.12: Carbon footprint of the cultivation of palm 
fruit 

 
 
 

6600
9343

13457

0 5000 10000 15000

NL (100% MY)
NL (40% ID, 60% MY)

NL (100% ID)

g CO2-eq kg-1 refined palm oil

Carbon footprint refined palm oil

Figure 1: Carbon footprints for refined palm oil 



A.2.2 LCA of coconut oil 
 
A2.2.1 Cradle-to-gate 
In Figure A.12, the carbon footprints from coconut 
are shown. 
The lowest carbon footprint is for India (IN). 
However, since FrieslandCampina sources its 
coconut oils mostly from Indonesia (ID) and 
Philippines (PH), these two countries are 
investigated further. 
 
A2.2.2 Process contribution 
In Figure A.13, we find the process contribution to 
the carbon footprint for both PH and ID. Carbon emissions from manufacturing seems to be quite 
similar. Transportation emissions are neglected due to its small contribution. However, cultivation 
has a big contribution for both countries, and differ significantly. Hence, we investigate the 
cultivation further. 
 
A2.2.3 Cultivation of coconuts 
In Figure A.14, cultivation footprints for coconuts 
are shown. Based on these results, cultivation of 
coconuts in ID results in a way higher footprint 
(718 g CO2) compared to PH (420 g CO2). For ID, 
LUC had been 110 m2 ha-1, whereas for PH this 
was just 3 m2 ha-1. LUC leads to deforestation, 
which does contribute to carbon emissions. 
Unfortunately, no further output data was 
provided to test this. 
 
A2.2.4 Processing 
From the LCA output, it was found that electricity 
usage at refinery counted for 436g CO2 and 615g 
CO2 for ID and PH, respectively. Furthermore, 
diesel and process steam heat were together responsible for 440g and 582g CO2 for ID and PH 
respectively. For both, 175g CO2 was the result of waste water at refinery plant. The remainder of 
processing emissions for ID had not been specified further. 
 
 
A.2.3 LCA of palm kernel oils 
 
In Figure A.15, one can find the carbon footprints 
for refined palm kernel oil. Similar to the findings 
for refined palm oil, ID comes up with a footprint 
more than two times higher than MY. Looking at 
the process contribution, this again is explained 
by the high contribution by cultivation in ID. For 
the cultivation of oil palm fruit, please refer to the LCA of refined palm oil. 
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Figure A.13: Process contribution to carbon emissions for 
refined coconut oil (PH; ID) 
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A.2.4 LCA of rapeseed oil 
 
A.2.4.1 Cradle-to-gate 
For the carbon footprint of rapeseed oil, only two 
carbon footprints had been provided. Luckily, Belgium 
(BE) and Germany (DE) are both relevant countries for 
FrieslandCampina. Figure A.17 shows that the difference 
between the two footprints is quite high. If we look at 
the process contribution, this is mainly caused by the 
transportation process between farm and refinery plant. 
Based on the results in Figure A.18, processing has a 
small contribution (3%), whereas cultivation presents 
41-70% of the footprint.  
 
A.2.4.2 Transportation 
If we look further into the LCA data, it indeed shows that 
the footprint for BE has sourced its rapeseed from a set 
of 8 countries. According to the database, BE does not 
supply raw rapeseed itself. DE sources its raw materials 
mostly domestically. Hence, the transportation 
emissions BE are almost five times higher than those of 
DE. 
 
A.2.4.3 Cultivation 
The dataset not only provided carbon footprints of 
cultivation of rapeseed (mean 1280g, standard deviation 
351g), but also data regarding land use change and crop 
yield, see figure A.19. Hence, again relation between 
each of the variables and carbon footprint had been 
investigated. From Figure A.20 the relation between 
crop yield and carbon footprint is shown. A fitting model 
equation y8 shows a polynomial relation among the 
given datapoints. The model is characterized by R2=0,64, which implies crop yield being a quite good 
carbon indicator. From Figure A.21, it can be seen that no effective relation had been found between 
LUC and carbon emissions. 
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A.2.5 LCA of sunflower oil 
 
A.2.5.1 Cradle-to-gate 
Carbon footprints for sunflower oil is shown for 
three countries (Figure A.22). Footprints for 
Argentina (AR) and Ukraine (UA) have been 
further investigated. From Figure A.23, we find 
that the biggest carbon contribution is from 
cultivation, followed by a relatively small 
contribution from the manufacturing process. 
Hence, we further investigate carbon footprint 
of cultivation of sunflower seed. 
 
A.2.5.2 Cultivation 
Figure A.24 shows the carbon footprints results for the cultivation of sunflower seed. UA shows 
nearly twice as high carbon footprint for cultivation. Moreover, there is quite some variety in the 
results. Hence, based on these results it would 
be worthy to investigate what country of origin 
raw materials are sourced from, that are 
processed in procured sunflower oil. Other LCA 
data provided has been the crop yield values. 
Unfortunately, from Figure A.25 we could not 
find a useful relation between the yield and 
carbon footprint (R2=0,01). Hence, the crop yield 
is no useful carbon indicator for sunflower seed. 
 
A.2.5.3 Processing 
For both footprints, the same contribution to 
processing, reflecting crushing and refining, had 
been shown in Figure A.23. If we look in more 
detail to these results, processing emissions are 
mostly caused by purchased electricity and 
process steam (from natural gas).  
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Figure A.23: Process contributions to carbon emissions for 
sunflower oil 

Figure A.24: Carbon footprint of cultivation of sunflower 
seed 
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A.2.6 LCA of soy bean oil 
 

A.2.6.1 Cradle-to-gate 
In Figure A.26, the only two carbon footprints for 
soy bean oil had been provided, related to Brazil 
(BR) and Argentina (AR). Compared to earlier LCA 
studies, the carbon footprints for soy bean oil is 
significantly higher.  
Looking at the process contribution (figure A.27), 
it is clear that cultivation is ultimately the greatest 
contributor for both footprints.  
 

A.2.6.2 Cultivation 
The carbon footprints for cultivation of soybean 
are widely varied (Figure A.28). Remark that 
footprints for BR and AR are clearly the worst 
from all footprints provided. Based on the results 
of Figure A.26 and A.28, it can be expected that 
the country of origin for cultivating soy bean 
affects the total carbon footprint enormously. 
Hence, it can be expected that BR and AR could 
present the highest carbon footprints for refined 
soy bean oil. Unfortunately, not more country-
specific footprint data were provided to 
investigate further.  
 
Hence, for buyers and decision makers it is 
recommended that when looking for reduction alternatives, cultivation is an interesting aspect. More 
specifically, it is worthwhile to investigate what the cultivation footprint is for the country of origin 
for the raw materials processed in our procured soy bean oil, since in Figure A.28 much lower carbon 
footprints are shown as well. We have not found a useful relation between the yield and carbon 
footprint (R2=0,01). Hence, the crop yield is not a 
useful carbon indicator for soy bean oil. 
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Figure A.27: Process contribution to carbon emissions for 
refined soy bean oil 
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A.3 Starch portfolio 
 
A.3.1 LCA for maize starch 
 
A.3.1.1 Cradle-to-gate footprint 
 
In figure A.30, the different carbon footprints for 
starch products from maize are shown. The best and 
worst footprint are respectively 735 g CO2/kg for FR 
(France) and 1005 g CO2/kg maize starch for NL 
(Netherlands). 
 
A.3.1.2 Process contribution 
Figure A.31 shows the process contribution for each 
of the selected carbon footprints. Cultivation of maize (59%) and processing and starch drying (31-
33%) are the most important contributors to carbon 
emissions, based on the results. 
It was chosen to consider the “starch drying” 
process separated from the remaining 
manufacturing process, due to its big contribution. 
Transportation contributes to 8-10% of total carbon 
emissions, and is therefore not further analyzed.  
 
A.3.1.3. Cultivation of maize 

In Figure A.32, one can find the carbon footprints 
related to the maize cultivation. Compared to 
previous LCA studies, this dataset contains more 
country-specific information. The carbon 
footprints dataset in Figure A.32 is characterized 
by a mean of 921 g CO2 and standard deviation 
of 488 g CO2.  
Since we found that maize cultivation is a 
relevant contributor to the total carbon 
footprint, we again investigated the relation of 
crop yield to carbon emissions. For LUC, only for 
some countries data were provided. A model had 
been tried but provided R2 = 0,015.  
 
In Figure A.33, a fitting model equation y4 was 
plotted along the datapoints. This power 
equation seems to fit nicely, providing R2 = 0,65. 
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Figure A.30: Carbon footprints for the production of maize 
starch 
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With 27 data points, this model becomes more 
interesting to predict carbon emissions based 
on maize crop yield. 
 
A.3.1.4 Processing, interpretation of results 
When looking at the emissions resulting from 
processing, the causing activities are mainly 
input materials (from processed starch), and 
electricity usage. Diving deeper in the emission 
resulting from starch drying, the energy 
consumption contributed to 166 g CO2 for both 
countries. For all of the countries in the 
dataset, the identical energy usage had been 
assumed. Additionally, electricity consumption 
counted for an extra 9g CO2 for FR; whereas for NL this contributed to another 43g CO2.  
 
A.3.1.5 Possible indicators for carbon footprint  
When looking at cultivation emissions, the relation with the maize crop yield seems to be promising. 
According to the R2 of y4, 0.65, it can be concluded that the yield can act as an effective carbon 
indicator on cultivation emissions. The R2 for the relation between LUC and carbon emissions (0.015) 
implies that it is not useful to consider LUC as a carbon indicator for maize cultivation. 
 
Regarding processing and starch drying emissions, it can be concluded that the biggest contributor 
was the plant-level energy usage. Remaining other indicators resulting from the detailed LCA results, 
were electricity usage and water usage. However, these contributed in smaller proportions 
compared to energy usage. 
 

A.3.2 LCA for wheat starch 
 
A.3.2.1 Cradle-to-gate footprint 
Figure A.34 shows the carbon footprint 
results for the LCA analysis for starch made 
from wheat. The carbon footprints for the 
different countries mostly are 1100-1200 g 
CO2/kg starch product, except for the carbon 
footprint for FR (France), 982 g CO2/kg 
starch. Therefore, the best carbon footprint 
given is for FR, whereas the worst footprint if 
from ES (Spain).  
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A.3.2.2 Process contribution 
The footprints of the best and worst countries 
are compared in Figure A.35. The results show 
the different processes contribute to the 
overall carbon footprint. Again, cultivation 
and processing (manufacturing) seem to be 
the biggest carbon contributors for the overall 
footprint. In both cases, processing emissions 
present more than 50% of total carbon 
footprint. Furthermore, cultivation of wheat 
differ with a factor of 1.5 compared to the 
two given footprints. Transportation 
emissions are again excluded for further 
analysis due to its low contribution. 
 
A3.2.3 Cultivation footprint 
In Figure A36, the different carbon footprints 
resulting from wheat cultivation are shown. 
The dataset presented by Figure 21 is 
characterized by a mean of 568,5g CO2 and 
standard deviation of 258,5 gram CO2. 
Fortunately, datasets were available for the 
crop yield of wheat and land use change. 
Again, we investigate whether these variables 
can be a predictor for the carbon footprint of 
cultivation. 
 
A.3.2.4 Possible indicators for cultivation 
In Figure A37, we find the relation between 
wheat crop yield and the carbon footprint for 
wheat cultivation. A fitting model y5 is shown, 
plotted along the 32 datapoints such that R2 = 
0.54.  
In Figure A.38, the relation between LUC and 
carbon emissions from wheat cultivation is 
shown. A linear model y6 had tried to fit, but 
with R2 = 0.01 there is no interesting relation 
between LUC and carbon footprint. 
 
Figure A.37 shows the relation between wheat 
crop yield and emissions from cultivation. The 
fitting model Y5 can be interpreted such that 
variance of carbon footprints would be 
explained by the variance of crop yield for 
54%. Therefore, crop yield can be used as a 
carbon indicator. However, it should not be 
used to predict carbon footprint completely 
based on just crop yield. Furthermore, the 
relation between LUC and carbon emissions is 
not very promising. Figure 21 shows that 
increasing LUC barely affects the carbon 

Figure A.37: Relation between wheat crop yield and carbon 
emissions 
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emissions. Moreover, with an R2 of 0.01, LUC is not a 
promising indicator for the cultivation footprint of 
wheat.  
 
A.3.2.5 Processing footprint 
The carbon emissions caused by processing of wheat 
into wheat starch differ considerably: 511 versus 
719 gram CO2 per kg wheat starch are the footprints 
for the given best and worst countries, respectively. 
When diving deeper in the LCA study, the 511 g CO2 
processing emissions from FR can be deducted to 
their sources: 152 g CO2 results from waste water, 
303g CO2 is from process steam (heat) from natural 
gas, and 56 g CO2 from energy usage from diesel. For 
ES, the 719 gram consists of emissions resulting from 
process steam (324 gram CO2), electricity consumption (242 gram CO2) and waste water (152 gram). 
Therefore, process steam consumption and electricity usage again act as the biggest contributor for 
manufacturing carbon emissions.  
 
A.3.3 LCA of tapioca starch 
 
A.3.3.1 Cradle-to-gate footprint 
For tapioca starch, only from one country carbon footprint data 
were provided. The carbon footprint for starch from tapioca from 
Thailand: 893 gram CO2/kg tapioca starch. Since the LCA study has 
not provided other results, we investigate the process 
contribution of this single carbon footprint.  
In Figure A.39, the process contribution to carbon emissions is 
shown, related to the production of tapioca starch. The biggest 
chunks are again, cultivation (of tapioca) and manufacturing 
process.  
 
A.3.3.2 Cultivation footprint 
In the dataset, only cultivation footprint data is available for 
Thailand: growing 1 kg of cassava results in 123 g CO2. Since we only have one data point in this set, 
we have not been able to analyze any possible relations between other variables and cultivation 
footprint for tapioca. 
 

A.3.4 LCA of potato starch 
 
A.3.4.1 Cradle-to-gate footprint  
In the LCA study for potato starch, footprints have 
been computed for two countries from which data 
was available: DE and NL, see Figure A.40. These are 
both further investigated as the best and worst 
case. 
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A.3.4.1 Process contribution 
In Figure A.41, the different process contributions 
for carbon emissions from the production of potato 
starch are shown. These results show that 
manufacturing activities contribute to the carbon 
footprint of potato starch, with a proportion of 57-
65%. Cultivation has, compared to previous LCA 
studies, a relatively lower proportion (22-30%). 
However, it is still the second biggest carbon 
contributor. Again, we exclude transport emissions 
from further investigation due to its small 
contribution. 
 
A.3.4.2 Cultivation 
In Figure A.42, the carbon footprints of potato cultivation is shown. This dataset fortunately contains 

footprint data of 25 countries. The footprint mean is 
109 g CO2, and standard deviation is 38 g CO2. Data 
were available related to the crop yield for all these 
countries; however, this was not the case for LUC. In 
Figure A.43, the relation between crop yield and 
carbon emissions is shown. A fitting model equation y7 

shows a polynomial relation among the given 
datapoints. The model is characterized by R2=0,513. 

 
  

The model equation shows an optimum around 
35000 kg/ha. Up to that yield value, it seems that 
carbon footprint would decrease. A crop yield 
higher than 35000 kg/ha would not be effective anymore to keep the cultivation footprint low. 
Furthermore, the R2 reveals that based on the model y7, carbon footprint variance could be explained 
by the potato crop yield variance for 51%. Therefore, potato crop yield would act as a moderate 
carbon indicator. However, other aspects also affect the cultivation footprint which we have not 
considered. 
 
A.3.4.3 Processing 
Given the relatively high amount of carbon emissions resulting from manufacturing (processing), it is 
interesting to analyze the LCA results in more depth. We find that the 713 g CO2 from processing 
activities (DE) is caused by waste water (501g CO2), and process steam (heat) from natural gas (212g 
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Figure A.42: Carbon footprint for potato cultivation 
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CO2). Therefore, heat consumption, but mostly the amount of waste water act as meaningful carbon 
indicators for the production of potato starch.  
 
 
 



Appendix B - Generic instruction of the decision model 
 

We start with the initial setting: 

1. Gather or determine set of suppliers and actions, J and I, and matrix !!".  
2. Gather or determine data for "!", #!" , %!", for given set I and J. 
3. Determine the “sum_totalfootprint_0” = ∑ '()"#$

"%&  . After the model comes up with a solution, the solution can 
be reflected by “sum_totalfootprint_new”, which is ∑ *'()"#+$

"%& −	∑ ∑ .!" ∗ "!"'
!%&

$
"%& .  

4. Tune the parameter constraints to their desired value.  
5. If everything is set, click “Solve” to let the model seek for the optimal solution by defining the set .!". 
6. The Solver shows whether it has found a feasible solution, satisfying all set constraints. (Note: If it is not feasible, 

try to check the set parameter values and adapt these.) 
7. The output results of a feasible solution are then provided to analyze: 

 
• Total absolute improvement realized “Improvement_totalfootprint” = ∑ ∑ .!" ∗ "!"'

!%&
$
"%&  

• Total reduction improvement as a percentage “relative reduction” = 
∑ ∑ )!"∗+!"#

!$%
&
"$%
∑ ,-."'&
"$% 	   

• Total costs realized “total_costs” = ∑ ∑ .!" ∗ #!"'
!%&

$
"%&   

(which mostly equals to constraint B). 
 

• Total tradeoff for the found solution “tradeoff_total” = 
∑ ∑ )!"∗0!"#

!$%
&
"$%

∑ ∑ )!"∗+!"#
!$%

&
"$%

 

 
• Realized costs for each subset q{S, O, T} “costs_Q” = ∑ ∑ .!" ∗ #!"'

!%&"∈2  
 

• Reduction improvement realized for each subset Q{S, O, T} “improvement_q” for each = ∑ ∑ .!" ∗ "!"'
!%&"∈2  

 

• Tradeoff for the solution specified to subset q{S, O, T} “Tradeoff_q” = 
∑ ∑ )!"∗0!"#

!$%"∈)
∑ ∑ )!"∗+!"#

!$%"∈)
 

 
8. If preferred, the decision maker can decide to determine other output KPIs based on the data and the LP model 

capacities. 
 
 



0. Introduction

Instruction
For each worksheet: example:

(type here)

Name (type here)
E-mail address (type here)
Work phone (type here)
Function description (type here)

Company Name (type here)
Address of HQ (type here)

Worksheet Topics
0. Introduction Explanation & instruction
1. Plant info Annual numbers regarding volumes, production
2. Different product types Different product types & related numbers
3. Production analysis Input-Output analysis
4. Allocation Emission and energy allocation
5. Transportation (downstream) Transportation of goods between reporting company and FrieslandCampina
6. Transportation (upstream) Transportation of sourced goods, from supplying parties to reporting company
7. Cultivation Analysis of ingredient cultivation, procurement
8. Other Strategy of sustainability

End

Contact person info

Figure 1: Overview of scope 1, 2 and 3 emissions. (Source: WRI & WBCSD, 2011)

Please select one of the options given in case cell is colored:

Go to next worksheet

Please enter information in case cell is colored:

Explanation of terms

Content

Introduction
With this questionnaire, quantitative and qualitative questions are asked related to your 
production processes, as well as other upstream processes. Upstream processes are generally 
related to input materials and processes that are required for production. Therefore, some times 
you might not be able to provide information. We understand that. In case of not available 
information, please give an estimation, for example based on recently past time periods. 

In case of not having access or not able to retrieve information, please tell this.
In case of not being allowed to share information, please tell this as well and if possible, keep your 
answers general/simply formulated, so that we can still have useful insight.

In the remainder of the questionnaire, different scope definitions are used to explain (the root of) 
greenhouse gas (GHG) emissions, contributing to global warming.
A company’s "carbon footprint" reveals the GHG emissions related to direct and indirect processes 
of the company. These different type of emissions are allocated to so-called emission scopes, as 
determined by the Greenhouse Gas or GHG Protocol of the WRI & WBCSD (2011). A visual 
representation of this model is shown in Figure 1. (See below)

According to the WRI & WBCSD (2011): 
Scope 1 emissions = direct emissions related to processes that are controlled or owned by the 
reporting company: in this case, your company is equivalent to "this reporting company". Your scope 
1 emissions relate to the output of your controlled processes (for example your manufacturing 
process). 
Scope 2 emissions = the emissions resulting from the generation (production) of purchased energy 
that is used for the processes that are controlled or owned by the reporting company. 
Scope 3 emissions = the emissions related to all indirect emissions related from upstream and 
downstream activities in the reporting company’s supply chain; but not including emissions from 
purchased energy production.



Questions Answers

1a Please describe each of your plant locations that supply goods to FrieslandCampina. Plant description (name)
Plant 1: (type here 

Q1a)
Plant 2: (type here 

Q1a)
Plant 3: (type 

here Q1a)
…

1b Please add information regarding plant location address (city + country)
Plant location (city + 

country)

(type here answer of 
Q1b) … …

2a Please provide your company's total volume of production in 2018
Total volume production 

(kg)

(type here answer of 
Q2a) … …

2b Provide total energy consumption for 2018
Total energy consumption 

(kWh)

(type here answer of 
Q2b) … …

2c Provide GHG emissions divided to each scope 1, 2 and 3
 

GHG emissions scope 1 

(CO2 e)

(type here answer of 
Q2c) … …

GHG emissions scope 2 

(CO2 e)

(type here answer of 
Q2c) … …

GHG emissions scope 3 

(CO2 e)

(type here answer of 
Q2c) … …

Total GHG emissions (CO2 
e) 0 0 0 0

3a Please provide your company's total volume of production in 2019
Total volume production 

(kg)

(type here answer of 
Q3a) … …

3b Provide total energy consumption for 2019
Total energy consumption 

(kWh)

(type here answer of 
Q3b) … …

3c Provide GHG emissions divided to each scope 1, 2 and 3
GHG emissions scope 1 

(CO2 e)

(type here answer of 
Q3c) … …

GHG emissions scope 2 

(CO2 e)

(type here answer of 
Q3c)

… …

GHG emissions scope 3 

(CO2 e)

(type here answer of 
Q3c) … …

Total GHG emissions (CO2 
e) 0 0 0 0

Go to next worksheet

2018

2019

For the following questions, please give your answer in the table shown



2. Different product types

Questions

1

Do(es) your plant(s) as described in previous 

worksheet manufacture other product 

types than sugarcane, even if not supplying 

to FrieslandCampina?

please note the dropdown menu when 

clicking at a data entry field

Plant 1: … Product type 1 Product type 2
Product type 

3
…

2a

Provide all different product types 

manufactured per plant and its related 

production volume (kg) partition.

product 

description (name)

(type here 
answer of 

Q2a)
… …

2b

Provide production volumes (kg) for each 

different product type. Do this for both 

2018 and 2019.

volume partition - 

2018 (%)

(type here 
answer of 

Q2a)
… …

volume partition - 

2019 (%)

(type here 
answer of 

Q2a)
… …

production 

volume - 2018 (kg)

(type here 
answer of 

Q2b)
… …

production 

volume - 2019 (kg)

(type here 
answer of 

Q2b)
… …

If more plants are applicable, please fill in

Plant 2: … Product type 1 Product type 2
Product type 

3
…

product 

description (name)

(type here 
answer of 

Q2a)
… …

volume partition - 

2018 (%)

(type here 
answer of 

Q2a)
… …

volume partition - 

2019 (%)

(type here 
answer of 

Q2a)
… …

production 

volume - 2018 (kg)

(type here 
answer of 

Q2b)
… …

production 

volume - 2019 (kg)

(type here 
answer of 

Q2b)
… …

If more plants are applicable, please fill in

Plant 3: … Product type 1 Product type 2
Product type 

3
…

product 

description (name)

(type here 
answer of 

Q2a)
… …

volume partition - 

2018 (%)

(type here 
answer of 

Q2a)
… …

volume partition - 

2019 (%)

(type here 
answer of 

Q2a)
… …

production 

volume - 2018 (kg)

(type here 
answer of 

Q2b)
… …

production 

volume - 2019 (kg)

(type here 
answer of 

Q2b)
… …

Go to next worksheet

For the following questions, please give your 
answer in the table shown please note that if you want to extend or add a 

table for your data input, please copy the 

relevant column or table

If your answer is no, please continue to next worksheet

If more plants are applicable, please copy the given template



3. Production analysis

Content
1. Process overview
2. Input - Output analysis
3. Energy consumption

Questions Answers

1a

1b

Material type 1 Material type 2 Material type 3 Material type 4 Material type 5 Material type 6 …

2a Description (Type here your 
answer for Q2a) … … …

Amount (kg) 
required

(Type here your 
answer for Q2a) … … …

2b

% optional explanation

Energy consumption on site
% optional explanation

4 (type here 
answer of Q4)

5 (type here 
answer of Q5)

6

The following questions consider all 
necessary aspects required for the 
production of 1 tonne canesugar, as ready-to-
ship product (final product)

energy source

Does sugar production at your production 
plant(s) from cane require other input (raw) 
materials? If so, please provide for each input 
material: 1) material type, and 2) amount 
required to produce 1 tonne sugar.

please note the dropdown menu when 
clicking at a data entry field

please note the dropdown menu when 
clicking at a data entry field

Energy consumption can be shown by 
breaking down its sources. Please fill in the 
table: For total production of sugar at your 
company, energy is sourced for (...)% from 
(...); etc.

3

2c Please fill in the table: processing 1 tonne of 
sugarcane will result in:

The following questions consider the energy 
consumption required for sugar production

please note the dropdown menu when 
clicking at a data entry field

Go to next worksheet

(Type here answer for Q6)

Input-Output analysis 

Process overview

Please fill in: From all energy used during the 
production process of sugar,  (...)% is 
purchased energy

Please fill in: Processing 1 tonne of sugarcane 
requires (...) kWh

For storage of materials/goods, do you use 
climate-controlled technologies? If so, please 
provide information related to its GHG 
emissions or energy consumption.

name of output material

Please fill in: Production of 1 tonne sugar, as 
final ready-to-ship product,  requires (...) kg 
of sugarcane.

(Type here your answer for Q2b)

Please describe clearly your company's 
internal production process overview. 
Include technologies applied per sub-
process. Remark: only include those 
processes contributing to GHG emissions.

Does your company apply advanced 
technology systems in production processes? 
Please give a short explanation (related to 
GHG emissions/energy consumption)

(Type here)

(Type here)



4. Allocation

Questions Answers

1

If your answer is no, please continue to next worksheet
If you're able to allocate emissions or energy consumption to products, please continue to question 2 below
If you're able to allocate emissions or energy consumption to internal processes, please continue to question 3 below

Plant 1: … Product type 1 Product type 2 Product type 3 …

product description (Typ here) … … …

GHG emissions 
allocation (%) (Typ here) … … …

energy consumption 
allocation (%) (Typ here) … … …

If more plants are applicable, please fill in
Plant 2: … Product type 1 Product type 2 Product type 3 …

product description 
(name) (Typ here) … … …

GHG emissions 
allocation (%) (Typ here) … … …

energy consumption 
allocation (%) (Typ here) … … …

If more plants are applicable, please fill in
Plant 3: … Product type 1 Product type 2 Product type 3 …

product description 
(name) (Typ here) … … …

GHG emissions 
allocation (%) (Typ here) … … …

energy consumption 
allocation (%) (Typ here) … … …

Plant 1: … Process type 1 Process type 2 Process type 3 Process type 4 …

process description 
(name) (Typ here) … … … …

GHG emissions 
allocation (%) (Typ here) … … … …

energy consumption 
allocation (%) (Typ here) … … … …

If more plants are applicable, please fill in
Plant 2: … Process type 1 Process type 2 Process type 3 Process type 4 …

process description 
(name) (Typ here) … … … …

GHG emissions 
allocation (%) (Typ here) … … … …

energy consumption 
allocation (%) (Typ here) … … … …

If more plants are applicable, please fill in
Plant 3: … Process type 1 Process type 2 Process type 3 Process type 4 …

process description 
(name) (Typ here) … … … …

GHG emissions 
allocation (%) (Typ here) … … … …

energy consumption 
allocation (%) (Typ here) … … … …

3

For each relevant plant: please provide, 
depending on your answer at 1, the allocation 
(in %) of either the estimated GHG emission or 
energy consumption to the correct sub 
processes related, in the table(s). Remark: only 
consider your company's internal production 
process, as you have explained previously.

Go to next worksheet

2

For each relevant plant: please provide in the 
table(s), depending on your answer at 1, the 
allocation (in %) of either the estimated GHG 
emission or energy consumption to each 
different product type your company 
manufactures. 

please note that if you want to extend or add a table for your data input, 
please copy a relevant column or table

If more plants are applicable, please copy the given template

If more plants are applicable, please copy the given template

Are you able to allocate GHG emissions or 
energy consumption?

please note the dropdown menu when 
clicking at a data entry field



5. Downstream transportation

Questions Answers

1

Allocated route name Route 1 (i,j) Route 2 (i,j) Route 3 (i,j) Route 4 (i,j) Route 5 (i,j) …

Origin plant i (city location, 
country) (Type here answer for Q2) … … …

Destination j (city location, 
country) (Type here answer for Q2) … … …

Distance to be shipped (km) (Type here answer for Q2) … … …

Route name Route 1 (i,j) Route 2 (i,j) Route 3 (i,j) Route 4 (i,j) Route 5 (i,j) …

% of total distance shipped by 
transport mode x (Type here answer for Q3) … … …

transport mode x used
% of total distance shipped by (Type here answer for Q3) … … …

transport mode x used
% of total distance shipped by 

transport mode x (Type here answer for Q3) … … …

transport mode x used
% of total distance shipped by 

transport mode x (Type here answer for Q3) … … …

transport mode x used

Route name Route 1 (i,j) Route 2 (i,j) Route 3 (i,j) Route 4 (i,j) Route 5 (i,j) …

total weight of shipments 2018 
(kg) (Type here answer for Q4) … … …

total weight of shipments 2019 
(kg) (Type here answer for Q4) … … …

Go to next worksheet

In this sheet, we only consider transportation between 
your plants and FrieslandCampina-plants

please note the dropdown menu when clicking at a data 
entry field

2

For each shipping route explained in your previous 
answer, please provide the related transport modes used 
for supplying goods. (If you don't have this information, 

3

Do you outsource transportation of goods that you 
supply to FrieslandCampina?

What are your company's relevant plant locations, and to 
which FC-locations do you make shipments? Please 
provide the existing combination(s) only, of origin and 
destination for goods shipped for FC. Note that we 
allocate route names for each combination, for further 
use in the remainder

please note the dropdown menu when clicking at a data 
entry field

Please provide for each shipping route, the total weight 
(in kg's) of shipment of goods that were supplied in 2018 

and 2019
4



6. Upstream transportation

Questions Answers

Allocated route name Route 1 (i,j) Route 2 (i,j) Route 3 (i,j) Route 4 (i,j) Route 5 (i,j) …

Origin plant i (city location, 

country)
(Type here for answer Q1) … … …

Destination j (city location, 

country)
(Type here for answer Q1) … … …

Distance to be shipped (km) (Type here for answer Q1) … … …

Route name Route 1 (i,j) Route 2 (i,j) Route 3 (i,j) Route 4 (i,j) Route 5 (i,j) …

% of total distance shipped by 

transport mode x
(Type here for answer Q2) … … …

transport mode x used

% of total distance shipped by 

transport mode x
(Type here for answer Q2) … … …

transport mode x used

% of total distance shipped by 

transport mode x
(Type here for answer Q2) … … …

transport mode x used

% of total distance shipped by 

transport mode x
(Type here for answer Q2) … … …

transport mode x used

Route name Route 1 (i,j) Route 2 (i,j) Route 3 (i,j) Route 4 (i,j) Route 5 (i,j) …

total weight of shipments 2018 

(kg)
(Type here for answer Q3) … … …

total weight of shipments 2019 

(kg)
(Type here for answer Q3) … … …

Go to next worksheet

In this sheet, we only consider transportation between 
your suppliers' plants and your own production plants

Please provide for each shipping route, the total weight 

(in kg's) of shipment of goods that were shipped in 2018 

and 2019

3

What are your suppliers' relevant plant locations, and to 

which of your plants are goods shipped? Please provide 

the existing combination(s) of origin and destination in 

the table, and their related distance for goods shipped to 

your plants. Note that we allocate route names for each 

combination

1

please note the dropdown menu when clicking at a data 

entry field

2

For each shipping route explained in your previous 

answer, please provide the related transport modes used 

for supplying goods in the table. (If you don't have this 

information, please make an estimation)



7. Cultivation analysis

Content
1. Process overview
2. Input - Output analysis & energy consumption
3. Emissions/energy consumption

Questions Answers

General

Plant 1: …
Origin country 1 Origin country 2 Origin country 3 Origin country 4 Origin country 5 Origin country 6 …

Country name
(Type here 

answer of Q2)
(Type here 

answer of Q2)
…

% of volume 
sourced

(Type here 
answer of Q2)

(Type here 
answer of Q2)

…

If more plants are applicable, please fill in
Plant 2: … Origin country 1 Origin country 2 Origin country 3 Origin country 4 Origin country 5 Origin country 6 …

Country name
(Type here 

answer of Q2)
(Type here 

answer of Q2)
…

% of volume 
sourced

(Type here 
answer of Q2)

(Type here 
answer of Q2)

…

If more plants are applicable, please fill in
Plant 3: … Origin country 1 Origin country 2 Origin country 3 Origin country 4 Origin country 5 Origin country 6 …

Country name
(Type here 

answer of Q2)
(Type here 

answer of Q2)
…

% of volume 
sourced

(Type here 
answer of Q2)

(Type here 
answer of Q2)

…

4

5

6

Material type 1 Material type 2 Material type 3 Material type 4 Material type 5 Material type 6 …

Name/description
(Type here 
answer for Q7)

(Type here 
answer for Q7)

… …

Amount (kg) 

required

(Type here 
answer for Q7)

(Type here 
answer for Q7)

… …

8
(Type here answer 

for Q8)

9
(Type here answer 

for Q9)

10
(Type here answer 

for Q10)

11
(Type here answer 

for Q10)

12

13

1

2

For each relevant plant, please list in the table, 1) all 

countries that your company sources sugar cane from, 

with 2) the related % representing volumes sourced from 

that country

Go to next worksheet

If there are any other process steps between the 

cultivation and your company's production process, 

please give a clear explanation about these steps as well.

(Type here answer for Q12)

please note the dropdown menu when clicking at a data 

entry field

(Type here answer of Q1)

(Type here answer of Q3)
Is there a difference in characteristics of your suppliers 

that could affect the amount of CO2 emissions? Please 

explain.

Please provide information relevant to your upstream 

(regarding your suppliers) emissions. Think of for example 

cultivation and transportation. What would be 

improvement potentials that could lead to emission 

reduction?

(Type here your explanation for Q11)

(Type here answer of Q6)

(Type here answer of Q5)

(Type here answer of Q4)

If more plants are applicable, please copy the given template

Please fill in: Cultivation of sugarcane approximately 

requires (...) m2/ha direct land use transformation

What input materials are requierd for the cultivation of 
sugarcane? Think for example of fertilizers, pesticides, 

water use, etc. Please provide in the table for each input 

material, 1) its material type and 2) amount in kg's that is 

required for the cultivation of 1 tonne of sugarcane

7

Are there any remarkable differences among the sugarcane 

cultivation process of your company's different suppliers?

If known: please give a clear and brief description about 

the sugarcane cultivation process overview applied for 

your sourced materials. Please include technologies 

applied per sub-process. Remark: only include those 

processes contributing to GHG emissions.

Do your suppliers apply advanced technology systems (for 

their cultivation process)? Please give a short explanation, 

including relevant information relating GHG emissions. 

The following questions consider the cultivation 
process of sugarcane

Process overview

Input-Output analysis of cultivation

The following questions consider input and output 
materials and processes, required for the cultivation 
of 1 tonne of sugarcane

Emissions, energy consumption & allocation

Are you able to allocate GHG emissions or energy 

consumption to the cultivation process? If so, please 

provide your insights in the text box below

Please fill in: Production of 1 tonne sugar,  as final ready-

to-ship product, requires (...) kg of sugarcane

Please fill in: Cultivating 1 tonne of sugarcane, requires 

(...) ha of land

Please fill in: Cultivating 1 tonne of sugarcane 

approximately requires (...) kWh (count for on-farm 

operations only)

3



8. Other

Questions Answers

End of questionnaire, thank you for your cooperation!

(Type here answer for Q1)
Do you have a strategy program with regard to 
environmental sustainability? If yes, please 
provide a brief and clear explanation

1

What are your targets with regard to 
environmental sustainability?

2

(Type here answer for Q2)

Does your company report GHG emissions to 
CDP? If so, please provide the results for 2018 
and 2019

3
(Type here answer for Q3)

(Type here answer for Q4)

Have you (had) any relevant sustainability 
certifications? If yes, please provide a detailed 
explanation.

4

please note the dropdown menu when 
clicking at a data entry field


