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ABSTRACT
This report has been written for FrieslandCampina, one of the market leaders in the dairy
industry in the Netherlands. The research focusses on twelve cheese factories who supply
cheese whey to eight Single Ingredient (SI) factories. These SI factories produces multiple
syrups and powders from cheese whey. The dairy company faces challenges in the allocation
volumes of their raw material between their cheese whey suppliers and their SI manufacturing
plants, due to uncertainties in supply and production capacity. Between the cheese factories
and the SI factories accept-all contract have been agreed. This means that the SI factories have
to purchase all supplied goods from the cheese factories, even if this is too much to process. In
case there is a shortage of raw material missed demand sales occur for the SI factories. In case
there is a surplus of the raw material it is sold via contract or spot to third parties. At the moment,
processing cheese whey at the SI factories is more valuable than selling the cheese whey to
third parties. Selling cheese whey via contract is at the moment more valuable compared to
selling cheese whey via spot. The level of contract sales is agreed upon once a year with third
parties. The volume is set for 52 weeks and shortages or surpluses are not allowed in any of
the weeks.
Currently, the company is using an Excel model to determine the right amount of contract sales.
The current model is missing a couple aspects, therefore, they see room for improvement.
Designing a decision support model which optimizes the level of contract sales could be the
next step to further improve the organization on financial level. The missing aspects of the
current model include different cheese whey sorts, the historical performance of each cheese
and SI factory, allocation and production restrictions.
The modelling language that has been used is Python in a Spyder interface with optimization
solver Gurobi. The output of the model is the level of demand driven sales, missed demand
sales, spot sales and contract sales over a certain time horizon. The input data is inserted from
Excel and the output data of the model is expelled to Excel as well. The model is validated and
verified and an advise is given how to use the decision support model. It is expected that the
organization could realize a benefit of €330,000.- a year when using the designed decision
support model.
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MANAGEMENT SUMMARY
FrieslandCampina is one of the market leaders in the dairy industry in the Netherlands. The
organization faces challenges in the raw material allocation between their cheese factories and
their Single Ingredient (SI) factories. The research focusses on twelve cheese factories who
supply cheese whey to eight SI factories. These eight SI factories produce multiple syrups and
powders from cheese whey for multiple customers and are responsible for the spot and contract
sales with third parties.
The SI factories have to accept for all supplied whey from the cheese factories. It is likely that
in a particular week the supplied cheese whey from the cheese factories deviates from the
demanded cheese whey by the SI factories. In case less cheese whey has been supplied by the
cheese factories than can be processed by the SI factories, missed demand sales occurs.
Satisfying demand driven sales by SI is the core business and generates the highest valorisation
value for the organization. Within the organization, valorisation value is defined as the revenue
per kg of dry matter cheese whey, without considering the fixed production costs.
In case more cheese whey is supplied by the cheese factories than can be processed by the SI
factories, the remaining cheese whey will be sold to third parties via contract or spot. Currently,
selling cheese whey via contract has a higher valorisation value than selling cheese whey via
spot. The volume for selling cheese whey via contract is agreed once a year and secured for 52
weeks. The agreed volume has to be delivered each week in this period of 52 weeks and
shortages or surpluses are not allowed.
The challenge the organization faces is setting the right level of contract sales for the shortages
and surpluses of cheese whey over a period of 52 weeks. A balance needs to be found between
the level of demand driven sales, missed demand sales, contract sales and spot sales in relation
to their valorisation values.
Currently, the organization uses an Excel model to determine the level of contract sales for 52
weeks. For the year 2019, an assessment has been made and it was found that the output of the
Excel model deviated from the optimal contract level. Based on these observations, the
organization initiated a project to optimize this situation and a research question has been
formulated.
The research question which needs to be answered during this research is:
How can FrieslandCampina Single Ingredients increase their total valorisation value of the
raw material cheese whey by optimizing the level of contract sales for residual cheese whey,
when taking into account uncertainties in supply and processing?
The goal of the research is to design a decision support model which generates an optimal level
of contract sales for their residual raw material cheese whey that maximizes the total
valorisation value over a period of 52 weeks. The specifications of the decision support model
are gathered by executing research on the problem in combination with literature research.
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At initiation, a deterministic model has been designed which is the base model, mentioned as
Deterministic Model 1. This model has been extended with additional specifications to
Deterministic Model 2. Finally, a simulation model has been developed which includes
Deterministic Model 2 in order to deal with the supply and production uncertainties, referred
to as Simulation Model 2.
The models take into account the cheese whey supply per cheese factory, the cheese whey
demand per SI factory, the allocation restrictions, the cheese whey sort, the capacity levels of
the SI factories and the possibility to include the historical performance of each cheese and SI
factories. Probability distribution functions (PDF) have been used in the simulation model to
incorporate the historical performance for each factory. The Anderson-Darling test is used as
goodness of fit test which is executed to determine the theoretical distribution for each dataset.
The Simulation Model 2 has been verified as a Mixed Integer Programming (MIP) model. The
aim of the model is to find the optimal value for contract sales which maximizes the objective
function within the constraints defined. The MIP problem is programmed in the interface of
Spyder with programming language Python. The Gurobi Optimization version 9.0.0 is used for
solving the MIP problem. The mathematical model has been implemented such that the user
inputs the data in Excel and the model is executed. The Python output is visualized in Excel.
This Simulation Model 2 has been verified to assess whether the conceptual model is correctly
translated into the computer program and whether the optimization model runs as intended.
It was found that all constraints are obeyed, the distributions generate the right random values
and the model behaves as expected on extreme changes of the input variables. Furthermore, it
was found that the variability is small enough when 100 replications are used and a reliable
conclusion can be made on the model output.
The validation test revealed that 2018 and 2019 historical data of 72 weeks used in the Model
are not representative for the validation set of 18 weeks in 2020. This may be caused by the
limited available validation data of 18 weeks, limited training data of 2018 and 2019 or the
variety in supply due to Covid-19 in 2020. Therefore, it has been decided to compare and
validate the models by using the 2019 data as a basis. It is recommended to validate the model
with actual 2020 data when available , to conclude whether the selected model performs better.
To conclude which model generates the best forecasted output, the models have been compared
to each other by using the 2019 actual and planned volumes of cheese whey. Based on these
results it is concluded that Simulation Model 2 generates the best forecasted output which
becomes closest to the probably best contract level in the year 2019. If the organization had
used Simulation Model 2 instead of the Excel model of FC a benefit of €330,000.- had been
realized for the year 2019.
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The aim of this research was to design a decision support model which ensures that the supply
and production uncertainties are taken into account by using the historical performance. From
our research, it can be concluded that the designed Simulation Model 2 meets these
requirements, shows a better performance and a higher valorisation value than the current
model. Taking into consideration that a newly designed model by definition include
uncertainties, we have formulated a number of recommendations which might be considered
by the organization for a better performance in 2020 and further.
The question whether the simulation model will be sustainable for the future relies on the
historical data and whether these data will be sufficient to forecast the performance of the
factories in the future. Therefore, it is recommended to gather more data on the 2020 actual
supply and demand volumes to determine the performance of the factories and repeat the
defined tests for re-validation.
Furthermore, it is recommended to extend Simulation Model 2 by replacing the valorisation
value per SI factory by a valorisation value for each demand driven product at SI factory to
make it a more detailed decision making model.
Another recommendation is to replace for certain SI factories the penalty cost in the objective
function of Simulation Model 2 by the price for purchasing cheese whey for third parties, in
order to deal with the required percentage dry matter. By doing this, decisions based on the
model are closer to the real decisions made by the organization.
Another recommendation to the organization is to assess whether a shorter planning horizon
for cheese whey sales via contract can be agreed with third parties. It can be expected that
unexpected problems such as fires, viruses, strokes may have less impact and the volume for
contract sales can be adjusted. Lastly, it is recommended to assess whether it is favorable to
make adjustments to Model 2 by having the ability to produce more than the demand level in
case spot or contract sales occur. In the current Simulation Model 2 only demand sales are
produced even whenever there is more capacity.
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LIST OF CONCEPTS
In this section the basic concepts used in this research proposal are briefly explained.
Cheese whey

White liquid which is a residual product from the cheese
production. It is the raw material for the single ingredients
factories.
Contract sales
Selling cheese whey via contract which are arranged
several months in advance for a set price. The price is set
for a medium valorisation value compared to spot- and
demand driven sales.
Demand driven
A customer activates the supply chain and orders flow
backward up the chain (hull, 2005).
Demand driven sales
Selling (semi-) finished goods which are produced at the
SI production factories with the raw material cheese whey,
for a high valorisation value compared to contract- and
spot sales.
Dry Matter (DM) Cheese Cheese whey expressed in volumes of dry matter instead
Whey
of liquid volumes. The level of liquid cheese whey is
multiplied with the percentage of dry matter.
Spot sales
Selling cheese whey for immediate delivery and payment
on the spot date, for a low valorisation value compared to
contract- and demand driven sales.
Supply driven
Production driven by long-term demand and is mostly
stored after production.
Valorisation value
Denotes the revenue per kg of dry matter cheese whey,
divided over the products which are produced with this
1kg. Does not take into account the fixed production costs.
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LIST OF ABBREVIATIONS
DM

Dry Matter

FC

FrieslandCampina

IFT

Infant milk formula

kTon

Kilo Ton

mTon

Metric Ton

MMC

Mathematical Modelling Cycle

OEE

Overall Equipment Effectiveness

PDF

Probability Density Function

P&D

Plan & Deliver

RM

Raw Material

RQ

Research Question

SI

Single Ingredients

SNP

Supply Network Planner

S&OP

Supply and Operations Planning
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LIST OF VARIABLES
𝐴𝑘𝑗

Binary value:

{1} Allocation possible of cheese whey sort k to SI factory j
{0} Allocation not possible of cheese whey sort k to SI factory j

𝐵𝑡

Binary value:

{1} Minimum required %DM at SI factory SI_2 is not satisfied,
{0} if minimum required %DM at SI factory SI_2 is satisfied.

𝐶𝑗𝑡

Maximal capacity level at SI factory j in week t.

𝐶𝑜𝑟𝑖𝑡 Historical correction factors for cheese factory i in week t.
𝐶𝑜𝑟𝑗𝑡 Historical correction factors for SI factory j in week t.
𝑑𝑗𝑡

Forecasted demanded amount of mTon cheese whey at SI factory j in week t.

𝐸𝑗𝑡

Amount of mTon cheese whey missing for demand driven sales in week t at factory j.

𝐹𝑡

Binary value:

{1} Maximum required %DM at SI factory SI_0 is not satisfied,
{0} if maximum required %DM at SI factory SI_0 is satisfied

𝐺𝑡

Binary value:

{1} Minimum required %DM at SI factory SI_0 is not satisfied,
{0} if minimum required %DM at SI factory SI_0 is satisfied

𝑀𝑐𝑏

Maximum processing capacity of cheese whey at factory SI_0 and SI_1 together.

𝑚𝑖𝑛_𝐷𝑀𝑣𝑒𝑔

Minimum required %DM cheese whey to produce at SI factory SI_2 (j=2).

𝑚𝑖𝑛_𝐷𝑀𝑏𝑜𝑟1 Minimum required %DM cheese whey to produce at SI factory SI_0 (j=0).
𝑚𝑎𝑥_𝐷𝑀𝑏𝑜𝑟1 Maximum required %DM cheese whey to produce at SI factory SI_0 (j=0).
𝑃𝑏𝑜𝑟1 Penalty costs for not satisfying the %DM constraints at SI factory SI_0 (<0).
𝑃𝑖𝑘

Percentage that causes the division of cheese whey from cheese factory i to cheese whey
sort k.

𝑃𝑣𝑒𝑔

Penalty costs for not satisfying the %DM constraints at SI factory SI_2 (<0).

𝑃𝑤

Maximum percentage of cheese whey that cheese factory CH_8 may supply to SI
factory SI_5.

Q

Weekly contract amount of mTon cheese whey

𝑅_𝐶𝐻𝑖𝑡 Expected correction factor for supply amount of mTon cheese whey at cheese factory i
in week t.
𝑅_𝑆𝐼𝑗𝑡 Expected correction factor for processing amount of mTon cheese whey at SI factory j
in week t.
𝑆𝑡

Amount of mTon cheese whey sold via spot in week t.

𝑠𝑖𝑡

Amount of mTon cheese whey supplied from cheese factory i in week t.

𝑠_𝑐𝑠𝑘𝑡 Amount of mTon cheese whey sort k supplied in week t.
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𝑈𝑘

Percentage of DM cheese whey included in each cheese whey sort k.

𝑉𝑗𝑡

Valorisation value per mTon cheese whey produced at SI factory j, to satisfy demand
driven sales in week t.

𝑉𝑐𝑡

Valorisation value per mTon cheese whey sold via contract in week t.

𝑉𝑠𝑡

Valorisation value per mTon cheese whey sold via spot in week t.

𝑡
𝑋𝑘𝑗

Amount of mTon cheese whey sort k that is allocated to the SI factory j in week t
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1 INTRODUCTION
This report presents a master thesis project for the study ‘Operations Management & Logistics’
at Eindhoven University of Technology. The research has been conducted at FrieslandCampina
Ingredients, one of the four business groups of FrieslandCampina (FC). Within this business
group, the research has been executed at the department FrieslandCampina Ingredients Plan &
Deliver (P&D). FC Ingredients P&D can be divided into three HUBS, named; Single
Ingredients (SI), Encaps and Infant Milk Formula (IFT). This research will focus on the Hub
Single Ingredients.

1.1 THESIS COMPOSITION
In the first Chapter the reader is introduced to the company as well with the problem. The aim
of the research is explained and the main research question is given. The second Chapter
denotes the methodology and deliverables the research is built on. The third Chapter specifies
the problem in more detail as well as the reasons for research. Hereafter, in the fourth Chapter
the literature on mathematical models which has overlap with the subject of this research is
given. It is decided that a Hybrid model is designed which is a combination of a deterministic
and stochastic model. In the fifth Chapter the conceptual model is presented which consist of
specifications the mathematical models should own and the functioning of the simulation
model. Chapter six consists of two designed deterministic mathematical models. The second
model is a more detailed version of the first model. Data analysis on historical data is executed
in Chapter seven. This historical data is fitted to the theoretical distribution by executing the
goodness of fit test in Chapter eight. In Chapter nine the implementation in software is given.
The designed simulation model is verified and validated in Chapter ten. The insights for the
company are given in Chapter eleven which compares the results obtained with the designed
model and the old model. In addition, the potential benefit of using the designed model is given
for the organization. In Chapter twelve the conclusions and recommendations are stated.

1.2 COMPANY DESCRIPTION
FrieslandCampina is a market leader in the dairy industry with an annual revenue of 11.6 billion
euro and 23,800 employees (2018). Their dairy products are exported worldwide to 34
countries in Europe, Asia, US and Africa. In 2018, 12,104 member dairy farms supplied
approximately 10.4 billion kilos of milk. Furthermore, 1.4 billion kilos of milk were purchased
from third parties (Koninklijke FrieslandCampina N.V., 2018). FrieslandCampina produces
consumer products (business to consumer market) such as dairy-based beverages, infant
nutrition, cheese and desserts. FrieslandCampina is also operating in the business to business
market where they supply ingredients and semi-finished products to manufacturers of infant
nutrition, food and feed, and the pharmaceutical sector around the world (Koninklijke
FrieslandCampina N.V., 2018).
The HUB FrieslandCampina Single Ingredients P&D, hereafter denoted by HUB SI, consist
of ten factories in the Netherlands: SI_0, SI_1, SI_2, SI-3, SI_4, SI_5, SI-6, SI_7, SI_8, SI-9,
and SI-10. Furthermore, there are three additional factories in the world. These 13 factories
produce multiple syrups and powders from cheese whey. The powders are split into lactose,
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minerals and proteins, during the SI process. These powders are among others used in:
medicines, infant nutrition, animal nutrition, protein athletic drinks.

1.3 PROBLEM DESCRIPTION
Dutch farmers supply FC with milk. This milk is partially used for the production of cheese.
The residual product from cheese production is cheese whey, which is the raw material (RM)
for the SI process at FC and the main topic of this research. In this research there are twelve
cheese factories which supply cheese whey to eight SI factories. The SI factories process the
cheese whey to an end product and sells it, hereafter referred to demand driven sales. Cheese
whey is a white liquid that consists of multiple specifications, these specifications are explained
in Section 3.3.2. In this report, cheese whey is expressed in volumes of dry matter (DM). The
HUB SI deals with accept-all contracts for their cheese whey. An accept-all contract requires
the buyer to accept and pay for all supplied units from the supplier (Li, 2012).
Because of the accept-all contracts, there is a possibility that in a particular week the supplied
cheese whey from the cheese factories deviates from the demanded cheese whey by the SI
factories for processing demand driven sales. When taking into account the strategical aspect,
the HUB SI wants to satisfy demand driven sales as much as possible. Figure 1.1 shows the
strategical level decisions of the allocation process for the raw material cheese whey.

Supply of cheese whey
from cheese factories

Supply RM ≥ Demand
driven sales?
No

Yes

Satisfy all Demand
driven sales

No

Remaining cheese
whey > 0?
Yes

Satisfy as much as possible
demand driven sales

Sell remaining RM cheese whey
on contract or on spot

Determine level of missed
demand sales

End

Figure 1.1 Strategical level decisions of allocation process for raw material (RM) cheese whey.

In case the supplied level of cheese whey is higher than the demand, not all cheese whey can
be processed by the SI factories. The remaining DM cheese whey is sold to third parties via
contract or via spot.
• Contract sales are sales of the raw material DM cheese whey that are arranged several
months in advance for a set price and quantity; shortages or surpluses are not allowed.
• Spot sales are sales of raw material DM cheese whey on the day they originate. This
only occurs whenever the supplied cheese whey from the cheese factory exceeds the
volume of contract sales and demand driven sales at the SI factory.
For the HUB SI the level of contract sales is agreed once a year for a horizon of 52 weeks. The
set contract level needs to be fulfilled each week in this period of 52 weeks. Due to the
importance of meeting the contract level, strategic level decision making (Figure 1.1) changes
to operational level decision making. See Figure 1.2 for the Operational level decision making.
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Figure 1.2. Operational level decisions of allocation process for raw material (RM) of cheese whey.

At first it can be concluded that missed contract sales RM are not allowed. This means that the
level of contract sales cannot be set higher than the total supplied amount of chees whey in any
week over the horizon of 52 weeks, not even when this higher value for contract sales gives a
better result for the HUB SI at the end of the 52 weeks. It is important to note that this constraint
of satisfying the contract level for each week has an impact on the optimality of the output.
Due to this constraint, for each week contract sales quantities with third parties have to be
fulfilled first. After these contract sales have been fulfilled, the remaining DM cheese whey is
sent to the SI factories to produce demand driven sales.
In case the supplied cheese whey from the cheese factories is more than the set contract level
RM and the demand driven sales combined, all demand driven sales are fulfilled. Hereafter, it
is determined whether there is still a remaining amount of cheese whey. If so, all the remaining
cheese whey is sold on the spot market which is always possible.
It can be noted that whenever the supplied cheese whey from the cheese factories is less than
the set contract level RM and the demand driven sales, as much as possible demand driven
sales are fulfilled. Hereafter, the level of missed demand sales due to a shortage of cheese whey
is determined. Missed demand sales is something FC wants to minimize because no revenue is
made and it increases the risk of losing customers.
The challenge the HUB SI faces is setting the right level of contract sales RM for the shortages
and surpluses of cheese whey over a period of 52 weeks. If the contract quantities are not
defined optimally, the possibility arises that demand driven sales are missed unnecessarily or
cheese whey is sold via spot instead of sold via contract. Figure 1.3 shows the balance between
spot sales, contract sales and missed demand sales. For this figure the strategical level of
decision making is taken into account, so demand driven sales are fulfilled first as much as
possible.
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Figure 1.3 The relation between contract sales, spot sales and missed demand sales.

The blue line shows the residual level of cheese whey after extracting the demand driven sales
from the total supply volumes of the cheese factories. When taking into account the operations
level of decision making it is important to balance the optimal number of contract sales, the
green line, between the number of spot sales and number of missed demand sales. The optimal
value for contract sales is based on the valorisation value for demand driven sales, contract
sales and spot sales. In the valorisation value the fixed costs for processing and the raw material
costs of supplying cheese whey are not taken into account, because these costs have no
influence on the decision making process.
For a SI factory denoted by j the valorisation value (𝑉𝑗 ) for 1kg cheese whey has been
calculated, based on the demand driven sales for that specific factory. Only the variable costs
are subtracted from the consumer sales price to come up with the valorisation value. The fixed
costs are not taken into account because these do not influence the decision making, these costs
are assumed to be incurred anyway by the organization. The valorisation values for contracts
sales (𝑉𝐶 ) and spot sales (𝑉𝑠 ) of the raw material cheese whey is calculated on the same manner
with one exception. Because the raw material is not processed at the SI factories there are no
variable costs. Therefore, the valorisation value for contract and spot sales is equal to the
consumer sales price of cheese whey.
The goal of the research is to design a decision support model which generates the optimal
level of contract sales RM value over a period of 52 weeks.
Additionally, the HUB SI deals with uncertainty in the supply volume of cheese whey and
uncertainty in their processing volume of cheese whey which makes it hard to specify the
optimal level of contract sales RM. The past has shown that the uncertainty in supply and
production results into a deviation between planned and actual volumes of cheese whey. Figure
1.4 shows an overview of the differences between the actual and planned volumes over a period
of 60 weeks at the SI factories.
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Figure 1.4. Actuals versus planned production of cheese whey at SI factories

The volumes of cheese whey DM are not visible on the y-axis due to privacy reasons of FC.
The deviation between the planned and actual volumes of cheese whey can be caused by
unexpected downtime, quality issues and rework, employee shortage, variation in raw material,
viruses or strikes. The reason for deviation is out of scope during the research. This deviation
result in a loss of valorisation value because more cheese whey is sold via spot or more missed
demand sales occur as was planned one year before. If this was known in advance, a better
level of contract sales RM could be set.

1.4 MAIN RESEARCH QUESTION
How can FrieslandCampina Single Ingredients increase their total valorisation value of the
raw material cheese whey by optimizing the level of contract sales for residual cheese whey,
when taking into account uncertainties in supply and processing?

1.5 SCOPE
This research will focus on the residual flows from the FC cheese production factories CH_0,
CH_1, CH_2, CH_3, CH_4, CH_5, CH_6, CH_7, CH_8 and the external resources of cheese
whey which are the cheese factories CH_9, CH_10 and CH_11. The factories CH_10 and
CH_11 deliver cheese whey contract based till 2022. In September 2020 FC SI needs to decide
if they continue the contracts agreed with those two factories. CH_9 stopped delivering cheese
whey since 1st January 2020.
Furthermore, the research is based on the SI factories which use cheese whey as input material,
which includes the SI factories SI_0, SI_1, SI_2, SI-3, SI_4, SI_5, SI-6, SI_7. The SI factory
SI_0&1 consist of two production factories with two valorisation values and is taken separately
as SI_0 and SI_1 in this research. The SI production factories SI_8, SI-9, SI_10 and the
factories outside the Netherlands are out of scope, because they do not use cheese whey for
production. The feed planning network, in SI_2 and SI_0&1, is out of scope because the direct
input for the process is not cheese whey from the cheese factories. An overview of the cheese
factories and ingredient factories is given in Figure 1.5.
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Figure 1.5 Overview allocation streams and IFT/Non-IFT production from cheese factory to SI factory.

The lines between the nodes denote the allocation possibilities and the sort of cheese whey. As
shown there is a difference between IFT graded and Non-IFT graded cheese whey. In addition,
all cheese factories have differences in the thickness of cheese whey, mentioned as percentage
of Dry Matter (DM). The transport costs between the factories are out of scope for the research
because it is expected that this has very limited impact on the output of the decision model.
Adding the transport costs could be a recommendation to improve the designed model in the
future. Furthermore, it was mentioned before that the deviation between the planned and actual
volumes of cheese whey is caused due to multiple aspects. The reason for deviation is outside
the scope of this research.
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2 METHODOLOGY & DELIVERABLES
The selected methodology during the research is the
‘Mathematical Modeling Cycle” (MMC). An
overview of this methodology is given in Figure 2.1.
The modeling process is a cycle that starts and ends
with a problem situation in real life and the translation
of the problem is in mathematical terms, which
generates a mathematical solution (Perrenet &
Zwaneveld, 2012). Aarts (2010) stated the second step
‘Set up a metaphor’, which is changed in ‘Set up a
conceptual model’. The actions for each step in the
model are explained below in more detail (Aarts,
2010). The Deliverables (D) are shown for each phase Figure 2.1. Overview Mathematical Modeling
in the MMC.
Cycle.

2.1 SPECIFY THE PROBLEM
•
•
•

D1:
D2:
D3:

•
•

D4:
D5:

Determine the background, history and causes of the problem
Determine the constraints and decision variables to solve the problem
Determine the current planning method over a horizon of 12 months at the
HUB SI
Determine the sources of data and their reliability
Determine the purpose and impact of solving the problem

2.2 SET UP A CONCEPTUAL MODEL
•

D6:

Determine the main features to be included and their relations

2.3 FORMULATE MATHEMATICAL MODEL
•

D7:

Formulate the mathematical model

2.4 SOLVE MATHEMATICAL MODEL
•
•

D8:
D9:

Determine the values for the input variables of the mathematical model
Create overview of the planned allocation volumes of cheese whey for a
period of 12 months, generated by the programmed mathematical model
which maximizes profit.

2.5 INTERPRET SOLUTION
2.6 COMPARE WITH REALITY
•

D10: Validate model output with reality

2.7 USE MODEL TO EXPLAIN, PREDICT, DECIDE AND DESIGN
•
•
•
•

D11:
D12:
D13:
D14:

Explain the model output.
Predict the output over a horizon of 12 months by making use of the model.
Analyse the output of the model.
Recommend how the HUB SI can improve their profit in the future.
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3 SPECIFICATION OF THE PROBLEM
Currently, the company is using an Excel model to determine the right amount of contract sales.
The current model is missing a couple aspects, therefore, the organization considers a need for
improvement by designing a more detailed decision making model. This decision model needs
to take into account the deviation between the actual volumes of cheese whey and the planned
volumes of cheese whey on supply and processing level. The aim of the decision support model
is to increase the total valorisation value over a time horizon of 52 weeks.

3.1

BACKGROUND, HISTORY AND CAUSES PROBLEM

Since 2019 the level of contract sales has been estimated by using an Excel model. The input
variables are the valorisation value for contract sales, whey powder, spot sales and missed
demand sales. The level of over- or under supply for each week is estimated based on the
deviation between the total planned supply volume of the cheese factories and the total planned
processing volume of cheese whey at the SI factories. Thereafter, a solver is used to set the
optimal level of contract sales, which results in the highest total valorisation value. At the end
of the year 2019, an assessment has been made and it was found that the output of the Excel
model deviated from the optimal contract level. It was found that a different level of contract
sales could have been agreed with third parties which resulted in a higher total profit. This is
explained in the next section in more detail. The current Excel model is similar to a
deterministic model which incorporates known parameters. Parameters deal with day-to-day
problems which are unknow at the time of decision making. It is expected that the organization
deals with supply and production uncertainties which could be the reason for the deviation.
stochastic programming is an approach for modeling optimization problems that involves
uncertainty (Shapiro & Phillpot, 2007).
3.1.1 Potential benefit
To assess the impact of setting a different level of contract sales compared to the optimal level
of contract sales the potential benefit has been calculated over the year 2019. The valorisation
value for 1 mTon DM cheese whey sold as contract sales (VC ), whey powder sales (VSI_7 ) and
spot sales (VS ) is a value based on real values (not presented due to privacy reasons). The
actual volumes of contract sales (Q) , whey powder sales (XSI_7 ) , and spot sales (S) are
gathered from the historical dataset 2019. The profit on liquid sales is calculated by the formula
(3.1):
Profit liquid sales = Q ∗ VC + XSI_7 ∗ VSI_7 + S ∗ VS

(3.1)

In Figure 3.1 below a schematic overview is shown of the contract sales RM, spot sales RM
and cheese whey powder sales in relation to the valorisation value. The data ‘actual liquid sales’
denotes the level of residual cheese whey sales which could be processed at the SI factories in
2019. The data ‘Max. potential liquid sales’ denotes the level of liquid sales which occurred
when the cheese whey volumes were known before the year 2019, meaning that the demand
and supply forecast is 100% reliable. In reality, this percentage of 100% reliability is not
realistic.
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Figure 3.1 Actual liquid sales 2019 VS max. potential liquid sales 2019.

For Figure 3.1 the y-axis has been adjusted due to privacy reasons as requested by the
organization. From the figure it can be derived that when the expected level of residual cheese
whey for 100% match with the actuals, a valorisation on liquid sales of €12.65 million would
have been generated. This match was not the case, which resulted in a lower valorisation value
on liquid sales of €11.77 million in 2019. It is assumed that a potential benefit of €880,000.could have been generated over the year 2019 when using a more reliable forecasting model.

3.2 CURRENT PLANNING METHOD AT HUB SI P&D
The current planning method is denoted as the Supply and Operations Planning (S&OP) cyclus,
which is on operational level (week 1-13) and tactical level (week 3-78). This cyclus is a
process of four weeks, denoted by week A, B, C & D. The horizon for the S&OP cyclus is the
current month plus 18 months.
In week A, a demand plan of SI end products is created which is the base for the S&OP cyclus.
In this case the forecast is unconstrained. Unconstrained forecast means that it is assumed that
all demand will be satisfied and there are no capacity issues. In week B the best possible supply
plan of SI factories to the customers is created and constraining on SI factories demand is done
based on the priority rule book. The priority rule book gives priority to the products with the
highest valorisation value and strategic importance of the customer to the company. The supply
plan is created by the Supply Network Planners (SNP) and includes planned downtime (week
1-78) and Overall Equipment Effectiveness (OEE) variable (week 8-78). In week C the pre
S&OP meeting is executed in which the alignment between demand and supply of the SI
factories is discussed and the possible scenarios are compared. In week D a new aligned S&OP
plan is created for the upcoming 18 months, and decisions are made on (potential) issues.
For the cheese whey allocation planning, a raw material planning is created in week B. The
input and output factors from the planning process, which are executed by the “Whey
Valorisation & Allocation planner” are shown in Figure 3.2. The items which are selected as
the input variables should also be the input variables of the decision support model.
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Figure 3.2 Input and output of raw material planning process.

One of the input variables is the priority rule book, which denotes the allocation priorities per
factory based on the average valorisation value of the SI factories. Currently, in 2019, the order
in the priority rule book is: SI_0, SI_5, SI_6, SI_4, SI_1, SI_2, SI_7, spot sales RM. The
valorisation value for contract sales RM is between SI_2 and SI_7 in the priority rule book.
Due to the fact that the level of contract RM sales is a fixed number, it is not included in the
priority rule book. Another important input factor is the SNP plans which are the expected
planned production volumes per week, for each SI factory. Relating back to cheese whey, it
can be considered as the demand of cheese whey from each SI factory. The whey supply
volumes is an input factor, which can be denoted as the expected supply volume per week, for
each cheese factory. Checking the maintenance tasks is done by the cheese whey valorisation
personally. It is not an input factor for the mathematical model. The availability and capacity
of SI_2 and SI_7 can be seen as a modelling constraint. Additionally, the difference in
IFT/Non-IFT and thick/thin cheese whey is seen as modelling constraints as well. Both of these
constraints are explained in the next section.

3.3 CONSTRAINTS AND DECISION VARIABLES OF DECISION SUPPORT MODEL
In this section the decision variables and constraints are explained, which are related to the
model.
3.3.1 Decision variables
Decision variables describe the quantities that the decision makers would like to calculate.
These are the unknown variables of the model. Their optimum can be calculated by making
use of an optimization method. For this research there are two kind of decision variables, which
are expressed in weekly level of cheese whey per mTon DM.
• The allocation volumes of cheese whey from each cheese factory to each SI factory
• The set level of cheese whey sold via contracts
3.3.2 Constraints (C)
C1:
Observe supply limit at cheese factories
The HUB SI deals with accept-all type of contract of their raw material cheese whey. An
accept-all type of contract requires the buyer to accept and pay for all yielded units from the
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supplier (Li, 2012). A flow constraint should take care that all supply volume of the cheese
factories is transported to the SI factories or sold via spot/contract in each week. Another
constraint should capture the fact that for each cheese factory the allocated volume cannot
exceed the supply limit.
C2:
Observe demand limit at SI factories
This constraint must ensure that the demand of cheese whey for each SI factory, is not exceeded.
Additionally, it is allowed to deliver less cheese whey to all SI factories whenever this is
advised based on the historical data or valorisation value.
C3:
Allocation constraint of cheese whey from cheese factory to SI factory
Due to differences in the production processes and cheese recipes of the cheese factories, a
difference in quality of cheese whey occurs. First there is a variation in Infant (IFT) and NonInfant (Non-IFT) cheese whey. IFT cheese whey has more quality requirements than Non-IFT
cheese whey. For example, no annatto (dyes) can be added to the cheese, fewer shelf life
substances have been added and it contains a lower level of contaminants. It is possible to
substitute to IFT- cheese whey for a SI factory which produces normally with Non-IFT cheese
whey, but not the other way around. It is possible to supply both sorts of cheese whey in the
same week to one SI factory for the factories SI_0&1, SI_2 and SI_3.
Secondly, there is a variation in the percentage of dry matter content of cheese whey due to
different production machines at the cheese factory. It depends on the capabilities of the SI
factories whether they are able to process it, for example, by processing the thin cheese whey
(5%) to normal cheese whey (26%) by making use of an evaporator.
Furthermore, there is a priority rule based on highest valorisation value for each product group.
The allocation of cheese whey to each SI factory is based on valorisation value. The higher the
valorisation value at the SI location, the higher the priority in cheese whey allocation.
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4 LITERATURE MATHEMATICAL MODEL TYPE
FrieslandCampina faces challenges in the allocation volumes of their raw material between
multiple suppliers and multiple manufacturing plants, due to supply uncertainties and
production capacity uncertainties. The core of this chapter is to mention how supply and
production uncertainty, contract sales and spot sales are currently integrated in mathematical
modelling at capacity planning level of dairy industries. All information in this chapter is based
on the literature review which has been executed for the master thesis project (Spijker, 2020).

4.1 MAIN RESEARCH TERMS
Supply uncertainty of raw material occurs due to the agronomic and climatic factors. Yields
are uncertain as it is difficult to known the available material quantities and the timing of
delivery (Mundi, Alemany, Poler & Fuertes-Miquel, 2018). It is mentioned by Van Donk (2000)
that food processing industries process natural materials which vary in quality and composition.
Therefore, processes might be uncertain in terms of their yield or quality of output. This
assumption corresponds with the statement of Mundi et al. (2018). Ciarallo, Akella & Morton
(1994) stated that the randomness in production capacity may arise as a result of uncertainty
about the availability of the resources within a process. There are two types of variation in
production facilities: controlled and uncontrolled. Controlled variation is usually associated
with common causes and is consistent over time. Uncontrolled variation is usually associated
with special causes and changes over time, which results in uncertainty (Kostina, 2012).

4.2 MODELING UNCERTAINTY
Stochastic programming is an approach for modeling optimization problems that involve
uncertainty. Whereas deterministic optimization problems are formulated with known
parameters, real world problems almost invariably include parameters which are unknown at
the time a decision should be made (Shapiro & Phillpot, 2007). The modeling of uncertainty is
widely recognized as an integral component in most real world decision problems (Watson,
Woodruff & Hart, 2010).
Mundi et al. (2018) executed a literature review about mathematical programming models for
production planning in an uncertain environment which includes some lack of Homogeneity in
product characteristics. He researched multiple sectors: Petroleum, Agri-food sector,
Remanufacturing, Wood, Mining, ceramic and others. For the Agri-food sector 20 papers were
reviewed. It is concluded that there are three sort of approaches to deal with supply uncertainty.
The Scenario-based Approach is used 75% of the time (15 of 20 papers), the Distribution-based
Approach is used in 15% of the papers (3 of 20 papers), the two remaining papers (10%) used
the Fuzzy-based approach (Mundi et al, 2018). The scenario-based stochastic model is one of
the methods which allows to incorporate uncertainty in optimization models and has
successfully been used in various fields. In this method, a scenario is a hypothesis about the
future that expresses the interaction between different factors under certain conditions
(MirHassani & Hooshmand, 2019).

P a g e | 12

4.2.1 Optimization models under uncertainty
Stochastic programming model approaches to confront uncertainty in optimizations problems
are: two-stage problem models, multi-stage problem models, chance constraint models and
robust optimization models (MirHassani & Hooshmand, 2019). Maqsood, Huang & Yeomans
(2005) stated that in two-stage problems an initial decision is made based on uncertain future
events. When these future uncertainties are later resolved, a recourse of corrective actions is
taken. In recourse models, the random constraints are modeled as “soft” constraints. Possible
violation is accepted, but the cost of violations will influence the choice of decision x.
Beforehand, the distribution of uncertainty factors is known (Linderoth, 2003). Multi-level
programming are techniques proposed to model and solve decentralized decision-making
problems. This is the opposite of single- or two-stage modelling, where there is only one
decision maker (MirHassani & Hooshmand, 2019). The chance constraint ensures that the
regular constraint is met with a certain probability level (MirHassani & Hooshmand, 2019).
Birge & Louveaux (2015) stated that in these models constraints need to hold surely, therefore,
a probability or reliability level is included. Instead of finding optimal designs for a given future
scenario, designers often search for network configurations that are "good" for a variety of
likely future scenarios. This approach is referred to as the "robustness" approach to system
design (Gutierrez, Kouvelis & Kurawarwala, 1996).
In the case of analytic models, we are referring to models which are an abstraction of a
real system in terms of quantitative relationships described by mathematical expressions.
In this respect, either mathematical programming techniques or differential calculus giving
optimal results or the heuristic approach based on simple mathematics have been used to solve
the problem (Byrne & Bakir, 1999).
4.2.2 Simulation models under uncertainty
In contrast to analytic models, the simulation model approach describes only the behavior of a
system, and the results are descriptive. It normally does not require explicit mathematical
formulations and analytic solution algorithms. Banks stated that simulation is the imitation of
the operation of a real-world process or system over time (1998). Simulation involves the
generation of an artificial history of the system and the observation of that artificial history to
draw inferences concerning the operating characteristics of the real system that is represented
(Banks, 1998). In contrast to optimization models, simulation generates an output close to the
optimal value instead of the true optimal value. Mula (2006) researched multiple simulation
modelling approaches: Monte Carlo techniques, Probability distributions, Heuristic methods,
Freezing parameters, Network modelling, Queuing theorie, System Dynamics. The Monte
Carlo algorithm is the most common form of stochastic simulation. Scenario-based simulation
models are performed by using probability functions. A Monte Carlo Simulation can account
for the uncertainty (probabilistic nature) in the parameters of a Deterministic model yielding a
probability distribution of possible results.
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4.2.3 Hybrid models under uncertainty
Hybrid models make conclusions based on a combination of mathematical programming and
simulation models. Byrne and Bakir (1999) used this hybrid approach to determine optimal
production levels with an analytical model, where they tested this result with a simulation
model. It is mentioned that the modelling and solution of production planning problems by
either analytic or simulation modelling alone offers specific advantages and disadvantages.
However, a combination of both approaches might offer some of the advantages of both while
avoiding their disadvantages (Byrne & Bakir, 1999).

4.3

CONCLUSION ON LITERATURE

The researches which overlap with the problem of this master thesis project uses mostly the
Two-stage stochastic modelling or multi-stage stochastic modelling. Related to the research
project it can be stated that in the first stage the level of contract sales is determined. Thereafter,
uncertainty occurs which results in multiple variables. From there on, in the second stage,
allocation between the nodes i and j are subjected, and the level of spot sales or missed demand
sales occur. Lastly, a recursive decision is taken to offset the likely adverse effect of the firststage decisions. This model will generate the optimal solution of the problem.
Although, the formulation of realistic characteristics of the system, such as queuing and
stochasticity, has not been easy. To overcome the modelling difficulty, and to model in detail
allocation constrained problems a hybrid procedure is a solution (Byrne and Bakir, 1999).
Due to time constraining of the master thesis project, it is decided to use a hybrid model which
includes an analytical deterministic model, which is tested for stochasticity by making use of
simulation model. This will result to a close-to-optimal solution instead of the optimal solution.

P a g e | 14

5 CONCEPTUAL MODEL
The core of this chapter is to define a conceptual model which models a supply chain network
under uncertainty with a medium-term horizon. A conceptual model is a non-software specific
description of the mathematical model that will be developed, describing the objectives, inputs,
outputs, assumptions and simplifications of the model (Robinson, 2008). The first model is an
analytical deterministic model (model 1). Model 1 is most similar to FC’s current way of
determining the level of contract sales RM, and therefore analyzed as well. The second model
consist of a more extended analytical deterministic model which should create an output more
closely to the real value (model 2). Lastly a hybrid model is designed which consist of a
stochastic simulation model which takes into account deterministic Model 2, referred to as
Simulation Model 2.

5.1 FEATURES OF THE DETERMINISTIC MODEL (MODEL 1)
The first model, denoted as Model 1, consist of a deterministic model meaning that all variables
are known without uncertainty. Model 1 is most similar to FC’s current way of determining the
level of contract.
The planning horizon is modelled in weeks t for a medium-term plan which consist of W weeks
in total. The set of weeks in the planning horizon is denoted by T = {0, 1, ..., |T|=W}. The
cheese factories are modelled per factory i and denoted by set I = {0, 1, …, |I|=N}. Lastly, the
set which consists of the SI factories j is denoted by set J = {0, 1, …, |J|=M}. As previously
mentioned, we do not consider further nodes downstream in the supply chain such as customer.
This is due to the fact that the plan volumes of the SI factories are based on customer demand.
In Figure 5.1 a schematic overview of the conceptual model is shown.
i=0 Cheese location
i=1 Cheese location

(supply volume = si )

Xij
X01

j=0 SI location
(Demand = dj * Aij)

Number of demand driven
sales= sum (Xij)

j=1 SI location

i=2 Cheese location
Rest volume

i=3 Cheese location
j=...
j=m
i=...
i=n

Process of cheese whey sales
Number of spot
sales (St)
Optimal number of
contract sales (Q)
Number of
distress trading (Ejt)
Level of cheese
whey

Figure 5.1 Schematic overview deterministic model
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The binary parameter (𝐴𝑖𝑗 ) is associated with the possible allocation between the nodes i and
j, where 𝐴𝑖𝑗 = 1 if allocation between i and j possible when taking into account the product
specifications, and 0 otherwise. The different volumes which are explained below are
expressed in mTon of cheese whey. For every cheese factory a certain supply volume (𝑠𝑖𝑡 ) is
used, t represents the week and i the supplying factory. For every SI factory a certain demand
volume (𝑑𝑗𝑡 ) is used, t represents the week and j the demanding factory. One important
constraint of the model is the allocation of volumes between the nodes i and j. This cannot
exceed the supply and demand volumes of these particular nodes. The main reason for this
constraint is the shelf life of 24 hours and the low storage availability.
The objective of the mathematical model is to determine the optimal number of contract sales
(Q). This contract volume has to be constant over time and cannot be changed over the planning
horizon T. An important feature of the contract volume is that without any exception, the
contract volumes must be met for each week t. Another important feature is that it does not
matter from which cheese factory the RM cheese whey is sold via contract or spot and this can
be different every week in period T. When there is a surplus in cheese whey after the demand
driven sales are fulfilled, two events can occur during week t.
• The total liquid sales volume is lower than the contract volume which results in missed
sales of a demand driven item at SI factory j in week t (𝐸𝑗𝑡 ).
•

The total liquid sales volume is higher than the contract volume, which results in spot
sales in week t (𝑆𝑡 ).

5.2 FEATURES OF THE EXTENDED DETERMINISTIC MODEL (MODEL 2)
Model 2 is a deterministic model with additional features, compared to model 1. Therefore, the
variables explained in model 1 holds for model 2 as well. The main difference is the extra
variable ‘cheese whey sort’ which makes the model more detailed. The extra variable makes a
distinction between IFT/Non-IFT and the percentage of DM cheese whey. This %DM is
important for the factories SI_0 and SI_2. It is important to note that every factory produces its
own unique cheese whey sort, which results in having 16 cheese whey sorts k generated by 12
cheese factories i. Table 5.1 shows the different k sorts of cheese whey.
Table 5.1 different cheese whey sort k related to cheese factory i
CH_0_Non CH_1_Non CH_2_Non CH_3_Non CH_4_Non CH_5_IFT CH_5_Non CH_6_IFT
IFT 22%
IFT 27%
IFT 25%
IFT 27%
IFT 11%
5%
IFT 5%
27%
i=0, k=0
i=1, k=1
i=2, k=2
i=3, k=3
i=4, k=4
i=5,k=5
i=5, k=6
i=6,k=7

CH_6_IFT CH_7_IFT CH_8_IFT CH_8_IFT CH_9_Non CH_9_Non CH_10_IFT CH_11_IFT
5%
5%
25%
5%
IFT 28%
IFT 60%
26%
17%
i=6, k=8
i=7, k=9 i=8, k=10 i=8, k=11 i=9, k=12 i=9, k=13 i=10, k=14 i=11, k=15

From Table 5.1 it can be derived that cheese factories CH_5, CH_6, CH_8 AND CH_9
produces two different sorts of cheese whey. In this model the set of weeks in the planning
horizon is denoted by T = {0, 1, ..., |T|=W}. The cheese factories are modelled per factory i
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and denoted by set I = {0, 1, …, |I|=N}. The sort of cheese whey k per factory is denoted by set
K = {0, 1, …, |K|=Z}. Lastly, the set which consist of the SI factories j is denoted by set J =
{0, 1, …, |J|=M}. The parameter (𝑋𝑘𝑗 ) denotes the allocation volume of cheese whey sort k to
SI factory j. The division of the cheese whey volume from cheese factory i to cheese whey
sorts k is done based on a percentage provided by the company. In Figure 5.2. a schematic
overview is given of the conceptual model.
Cheese factories
i=0

k=0

CH_0 (IFT & 22%)

SI factories
Xkj
X01

i=6

k=7

CH_6 (IFT & 27%)

k=8

CH_6 (IFT & 5%)

Number of demand driven
sales= sum (Xkj)

j=0 SI location
(Demand = dj * Akj)
j=1 SI location

Rest volume

j=...
j=m
i=n

k=...

Process of cheese whey sales

k=s
Number of spot
sales (St)
Optimal number of
contract sales (Q)
Number of
distress trading (Ejt)
Level of cheese
whey

Figure 5.2. Schematic overview extended deterministic mathematical model.

The five additions to Deterministic Model 2 are mentioned below.
• When combining the allocated cheese whey volumes of SI_0 and SI_1, the maximum
volume of cheese whey they can process is 1575 mTon at SI_0&1.
• Cheese factory CH_8 is not allowed to supply more than 50% of the cheese whey
demand at SI factory SI_5.
• Extra allocation constraints are added to model 2 taking into account the cheese whey
sort.
• The SI factories SI_2 and SI_0 have extra restrictions on the allocation of cheese whey
because they require a certain level of %DM cheese whey for processing.
• It has been shown in Section 1.3 that the planned supply- and demand volumes deviate
significantly compared to the actual supply- and demand volumes for each cheese and
SI location. This will be explained and further proved in Chapter 7 in more detail. To
reduce the gap between the model output and the true value, a correction factor (Rvalue) is added to the model. The R-value is based on the deviation between the planned
and actual supply- and demand volumes of historical data (𝐶𝑜𝑟𝑖𝑡 ) and (𝐶𝑜𝑟𝑗𝑡 ) (5.1).
𝐶𝑜𝑟𝑖𝑡 =

𝑎𝑐𝑡𝑢𝑎𝑙 𝑠𝑢𝑝𝑝𝑙𝑦 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡
,
𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑠𝑢𝑝𝑝𝑙𝑦 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡

𝐶𝑜𝑟𝑗𝑡 =

𝑎𝑐𝑡𝑢𝑎𝑙 𝑑𝑒𝑚𝑎𝑛𝑑 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡
𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡

(5.1)
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5.3 FEATURES OF THE STOCHASTIC SIMULATION MODEL
Due to the fact that FrieslandCampina deals with uncertainty in their supply- and production
volumes of cheese whey, there is a need for a stochastic model to be closer to the real world.
A hybrid model is selected for decision making which is a combination of mathematical
programming and simulation models (Byrne & Bakir, 1999). The simulation model is shown
below in Figure 5.3 which includes the deterministic model 2.
FC will use the simulation model over a horizon of 52 weeks to determine the optimal level of
contract sales which generate the highest valorisation value over this period. In the simulation
there are twenty factories dealing with uncertainties every week t.
𝑅_𝐶𝐻𝑖𝑡
Performance level of cheese factory i in week t.
(12 factories)
𝑡
𝑅_𝑆𝐼𝑗
Performance level of SI factory j in week t.
(8 factories)
Stop simulation
Yes
Start
simulation

N (#Iterations) = N + 1

N= limit?

No

Generate random
performance variables for
each cheese and SI factory,
over horizon of 52 weeks

Execute
deterministic
model 2

Save optimal
contract level and
objective value

Figure 5.3 Schematic overview stochastic simulation model.

The figure above shows that the limit for the number of iterations (N) is determined before
executing the simulation model and when this limit is reached the simulation is stopped. In
each simulation run there are random variables generated. In each of the 52 weeks there are
random variables generated for 12 cheese factories and 8 SI factories. In each simulation un,
these 1040 random variables denotes the uncertain performance level of each factory over
horizon T. This performance level is based on the historical data and generated by the
theoretical probability distribution. The random performance of each cheese factory i (𝑅𝑖𝑡 ) is
multiplied by the planned supply volume of each cheese factory i (𝑠𝑖𝑡 ) in Simulation Model 2.
The random performance of each SI factory j (𝑅𝑗𝑡 ) is multiplied by the planned demand
volumes of each SI factory j (𝑑𝑗𝑡 ) in Simulation Model 2.
5.3.1 Generation of random numbers
The random performance levels of each cheese factory i and each SI factory j over a period of
52 weeks are generated by making use of a theoretical probability distribution, the mean and
the standard deviation. It is important to note that the theoretical probability distribution is
based on historical data, see Figure 5.4.
Observe historical
data

Fit data to theoretical
distribution

Generate data from theoretical
distribution to drive simulation

Figure 5.4 Role of theoretical probability distributions in simulation
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Data analysis needs to be executed to make sure that the historical data is the right predictor
for the future. This data analysis increases the output reliability and is executed in Chapter 7.
The theoretical fit to the probability distribution is executed in Chapter 8.
5.3.2 Output of the simulation model
In the simulation model multiple horizons of 52 weeks have been executed, each horizon of 52
weeks computes an optimal level of contract sales (Q) and the objective value. For example in
case of N = 100 there are 100 different scenario’s checked which results in 100 Q-values and
1000 objective values. In addition, a plan for the allocation of cheese whey between the cheese
factories and SI factories is presented 100 times as well.

5.4 ASSUMPTIONS OF THE MODEL
Before defining the model, assumptions have to be made.
A1:

The transportation costs between the nodes i and j are out of scope and not added to the
model. This is because the allocations between i and j will occur for sure and have no
influence on the decision making process.

A2:

Uncertain parameters follow a probability distribution function which is based on
historical data.

A3:

Production lead times, rework and transportation times are negligible, because the
period t of one week is big enough to make sure demand will be satisfied in time.

A4:

The capacity of each SI factory is a fixed value.

A5:

The cheese whey volumes are rounded to integer values.
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6 MATHEMATICAL MODEL
First, we present a deterministic model (model 1), which contains the basics without uncertainty.
This model is a mixed integer programming (MIP) model. Thereafter, an extra set ‘cheese whey
sort’ and additional constraints are added which extend model 1 to a more detailed model
(model 2).

6.1 MATHEMATICAL MODEL NOTATION MODEL 1
In this section we define the notation used in the mathematical model 1.
Sets:
I
Set of cheese factories
J
Set of SI factories
T
Set of periods

{0, 1, …, |I|=N}
{0, 1, …, |J|=M}
{0, 1, …, |T|=W}

Parameters
𝐴𝑖𝑗
Binary value:
{1} Allocation possible between i and j, {0} if not.
𝑡
𝑑𝑗
Demanded amount of mTon cheese whey at SI factory j in week t.
𝐸𝑗𝑡

Amount of mTon cheese whey missing for demand driven sales in week t at factory j.

𝑆𝑡
𝑠𝑖𝑡
𝑉𝑗𝑡

Amount of mTon cheese whey sold via spot in week t.
Amount of mTon cheese whey supplied from cheese factory i in week t.
Valorisation value per mTon cheese whey produced at SI factory j, to satisfy demand
driven sales in week t.
Valorisation value per mTon cheese whey sold via contract in week t.
Valorisation value per mTon cheese whey sold via spot in week t.

𝑉𝑐𝑡
𝑉𝑠𝑡

Decision variables
𝑡
𝑋𝑖𝑗
Amount of mTon cheese whey that is allocated from the cheese factory i to the SI
Q

factory j in week t
Weekly contract amount of mTon cheese whey

6.2 DETERMINISTIC MODEL (MODEL 1)
The objective of this model is to maximize the total valorisation value over a horizon of W
weeks, assuming the production capacity for each SI factory and the supply volumes from the
cheese factories are known in advance.
Objective:
𝑊

𝑚𝑎𝑥.

𝑁

𝑀

𝑡
∑[ ∑ ∑( 𝑋𝑖𝑗
∗ 𝑉𝑗𝑡 ) + 𝑄 ∗ 𝑉𝑐𝑡 + 𝑆 𝑡 ∗ 𝑉𝑠𝑡 ]
𝑡=0

(6.1)

𝑖=0 𝑗=0

Objective function (6.1) consist of maximizing the total valorisation value. The first term is
associated to the income via demand driven sales between i and j, for each week t. The second
term denotes the income via contract sales. The third term denotes the income via spot sales.
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The total valorisation value is based on the amount of mTon cheese whey times the
valorisations value of demand driven sales, contract sales or spot sales.
s.t.
𝑡
𝑋𝑖𝑗
≤ 𝑑𝑗𝑡 ∗ 𝐴𝑖𝑗

∀i ∈ I,

∀j ∈ J,

∀t ∈ T,

(6.2)

∀i ∈ I ,

∀t ∈ T,

(6.3)

∀j ∈ J ,

∀t ∈ T

(6.4)

𝑀
𝑡
∑ 𝑋𝑖𝑗
≤ 𝑠𝑖𝑡
𝑗=0
𝑁
𝑡
∑ 𝑋𝑖𝑗
≤ 𝑑𝑗𝑡
𝑖=0

Constraints (6.2) denote the amount of cheese whey allocated between i and j whenever this
allocation is possible. Constraints (6.3) make sure that the total allocated volume from factory
i never exceeds the supply capacity of factory i. Constraints (6.4) make sure that the allocated
volume to factory j never exceeds the demand of factory j.
𝑁
𝑡

𝑆 =

𝑁

∑ 𝑠𝑖𝑡
𝑖=0

𝑀

𝑡
− ∑ ∑ 𝑋𝑖𝑗
−𝑄

∀t ∈ T

(6.5)

∀t ∈ T

(6.6)

𝑖=0 𝑗=0

𝑁

𝑄 ≤ ∑ 𝑠𝑖𝑡
𝑖=0

Constraints (6.5) denote the level of spot sales per week t. The variable becomes zero in week
t whenever the supply of cheese whey from the cheese factories in that week is equal to the
sum of the allocation volumes from i to j and the level of contract sales. Constraints (6.6)
satisfies that the level of contract sales cannot exceed the total level of supplied cheese whey
for any week t. It holds that the decision variable Q is smaller than the minimum weekly supply
volume in planning horizon T.
𝑁

𝑁

∑ 𝑠𝑖𝑡
𝑖=0

𝑀

≥ ∑ ∑(𝑋𝑖𝑗𝑡 ) + 𝑄

∀t ∈ T

(6.7)

∀j ∈ J,

∀t ∈ T

(6.8)

∀j ∈ J,

∀t ∈ T,

(6.9)

𝑖=0 𝑗=0
𝑁

𝐸𝑗𝑡

=

𝑑𝑗𝑡

𝑡
− ∑ 𝑋𝑖𝑗
𝑖=0

𝑡
𝑋𝑖𝑗
, 𝐸𝑗𝑡 , 𝑄, 𝑆 𝑡 ≥ 0

∀i ∈ I,
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Constraints (6.7) makes sure that the same amount of cheese whey flows through the model
𝑡
from supply to demand. The decision variables 𝑋𝑖𝑗
and 𝑄 cannot exceed the total supplied
cheese whey volumes in mTon from the cheese factories. Constraints (6.8) shows the missed
demand sales at each SI factory j. This value has no influence on the objective value.
Constraints (6.9) force non-negativity of flow variables through the network.

6.3 MATHEMATICAL MODEL NOTATION MODEL 2.
Sets:
I
J
K
T

Set of cheese factories
Set of SI factories
Set of cheese whey sorts
Set of periods

{0, 1, …, |I|=N}
{0, 1, …, |J|=M}
{0, 1, …, |K|=Z}
{0, 1, …, |T|=W}

Parameters
𝐴𝑘𝑗
Binary value: {1} Allocation possible of cheese whey sort k to SI factory j, {0} if not.
𝑡
𝐶𝑗
Maximal capacity level at SI factory j in week t.
𝑑𝑗𝑡

Forecasted demanded amount of mTon cheese whey at SI factory j in week t.

𝐸𝑗𝑡

Amount of mTon cheese whey missing for demand driven sales in week t at factory j.

𝑀𝑐𝑏 Maximum processing capacity of cheese whey at factory SI_0 and SI_1 together.
𝑚𝑖𝑛_𝐷𝑀𝑣𝑒𝑔 Minimum required %DM cheese whey to produce at SI factory SI_2 (j=2).
𝑚𝑖𝑛_𝐷𝑀𝑏𝑜𝑟1 Minimum required %DM cheese whey to produce at SI factory SI_0 (j=0).
𝑚𝑎𝑥_𝐷𝑀𝑏𝑜𝑟1 Maximum required %DM cheese whey to produce at SI factory SI_0 (j=0).
𝑃𝑏𝑜𝑟1 Penalty costs for not satisfying the %DM constraints at SI factory SI_0 (<0).
𝑃𝑖𝑘
Percentage that causes the division of cheese whey from cheese factory i to cheese whey
sort k.
𝑃𝑣𝑒𝑔 Penalty costs for not satisfying the %DM constraints at SI factory SI_2 (<0).
𝑃𝑤
Maximum percentage of cheese whey that cheese factory CH_8 may supply from the
demand of SI factory SI_5.
𝑡
𝑅_𝐶𝐻𝑖 Expected correction factor for supply amount of mTon cheese whey at cheese factory i
in week t.
𝑡
𝑅_𝑆𝐼𝑗 Expected correction factor for processing amount of mTon cheese whey at SI factory j
in week t.
𝑡
𝑆
Amount of mTon cheese whey sold via spot in week t.
𝑡
𝑠𝑖
Amount of mTon cheese whey supplied from cheese factory i in week t.
𝑡
𝑠_𝑐𝑠𝑘 Amount of mTon cheese whey sort k supplied in week t.
𝑈𝑘
Percentage of DM cheese whey included in each cheese whey sort k.
𝑡
𝑉𝑗
Valorisation value per mTon cheese whey produced at SI factory j, to satisfy demand
driven sales in week t.
𝑡
𝑉𝑐
Valorisation value per mTon cheese whey sold via contract in week t.
𝑡
𝑉𝑠
Valorisation value per mTon cheese whey sold via spot in week t.
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Decision variables
𝑡
𝑋𝑘𝑗
Amount of mTon cheese whey sort k that is allocated to the SI factory j in week t
Q
Weekly contract amount of mTon cheese whey
𝑡
𝐵
Binary value:
{1} Minimum required %DM at SI factory SI_2 is not satisfied,
{0} if minimum required %DM at SI factory SI_2 is satisfied.
𝑡
𝐺
Binary value:
{1} Minimum required %DM at SI factory SI_0 is not satisfied,
{0} if minimum required %DM at SI factory SI_0 is satisfied
𝑡
𝐹
Binary value:
{1} Maximum required %DM at SI factory SI_0 is not satisfied,
{0} if maximum required %DM at SI factory SI_0 is satisfied

6.4 EXTENDED DETERMINISTIC MODEL (MODEL 2).
Model 2 is an extended mathematical model based on deterministic model 1. It takes into
account the cheese whey sort k delivered by each cheese factory i. Furthermore, it consist of
extra allocation constraints such as a required %DM at SI factory SI_2 and SI_0.
Objective:
𝑊

𝑍

𝑀

𝑡
𝑚𝑎𝑥. ∑[ ∑ ∑( 𝑋𝑘𝑗
∗ 𝑉𝑗𝑡 ) + 𝑄 ∗ 𝑉𝑐𝑡 + 𝑆 𝑡 ∗ 𝑉𝑠𝑡 + 𝐵𝑡 ∗ 𝑃𝑣𝑒𝑔 + 𝐺 𝑡 ∗ 𝑃𝑏𝑜𝑟 + 𝐹 𝑡 ∗ 𝑃𝑏𝑜𝑟 ] (6.10)
𝑡=0

𝑘=0 𝑗=0

Objective function (6.10) consist of maximizing the total net profit. The first term is associated
with the total valorisation value for demand driven sales of cheese whey sort k allocated to all
SI factories j for week t. The second term denotes the valorisation value via contract sales for
week t. The third term denotes the valorisation value via spot sales for week t. The fourth term
denotes the penalty cost for not satisfying the minimum required %DM in week t at factory
SI_2. The fifth term denotes the penalty cost for not satisfying the minimum required %DM in
week t at factory SI_0. The last term denotes the penalty cost for not satisfying the maximum
required %DM in week t at factory SI_0.
𝑃𝑣𝑒𝑔 and 𝑃𝑏𝑜𝑟 have negative values which are in proportion to the valorisation values and can
be seen as a warning for the organization. This warning is important because when in a specific
week the required %DM is not satisfied, the SI factory has to cope with downtime. The
organization needs to make decisions, for example purchasing cheese whey from third parties,
to make sure that the SI factory can fulfill their demand. Due the risk of downtime for the entire
factory, the level of missed demand sales which occurs because the required %DM at SI factory
j needs to be satisfied is not allocated to any penalty cost in the objective function. At the end
of the report a recommendation is made for adding the price for supplying cheese whey from
third parties instead of the penalty cost to improve the model.
s.t.
𝑡
𝑋𝑘𝑗
≤ (𝑑𝑗𝑡 ∗ 𝑅_𝑆𝐼𝑗𝑡 ) ∗ 𝐴𝑘𝑗

∀k ∈ K,

∀j ∈ J,

∀t ∈ T,

(6.11)
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𝑁

𝑠_𝑐𝑠𝑘𝑡 = ∑(𝑠𝑖𝑡 ∗ 𝑅_𝐶𝐻𝑖𝑡 ) ∗ 𝑃𝑖𝑘

∀k ∈ K,

(6.12)

∀t ∈ T

𝑖=0
𝑀
𝑡
∑ 𝑋𝑘𝑗
≤ 𝑠_𝑐𝑠𝑘𝑡

∀k ∈ K ,

∀t ∈ T

(6.13)

∀j ∈ J ,

∀t ∈ T

(6.14)

∀t ∈ T

(6.15)

∀t ∈ T

(6.16)

∀t ∈ T

(6.17)

𝑗=0
𝐾
𝑡
∑ 𝑋𝑘𝑗
≤ 𝑑𝑗𝑡 ∗ 𝑅_𝑆𝐼𝑗𝑡
𝑘=0
𝑍
𝑡

𝑆 =

𝑍

𝑀

𝑡
− ∑ ∑ 𝑋𝑘𝑗
−𝑄

∑ 𝑠_𝑐𝑠𝑘𝑡
𝑘=0

𝑘=0 𝑗=0
𝑍

𝐸𝑗𝑡

=

𝑑𝑗𝑡

∗

𝑅_𝑆𝐼𝑗𝑡

𝑡
− ∑ 𝑋𝑘𝑗

∀j ∈ J,

𝑘=0
𝑍

∑ 𝑠_𝑐𝑠𝑘𝑡
𝑘=0

𝑍

𝑀

𝑡
≥ ∑ ∑(𝑋𝑘𝑗
)+ Q
𝑘=0 𝑗=0

Constraints (6.11) denote the amount of cheese whey sort k allocated to SI factory j, whenever
this allocation is possible. The demand at node j is multiplied with the R-value of that specific
node j, so adjusted based on historical data. Constraints (6.12) take care of the division of total
cheese whey at factory i over sort of cheese whey k. Constraints (6.13) make sure that the total
allocated volume of cheese whey sort k to factory j never exceeds the supply capacity cheese
whey sort k. Constraints (6.14) make sure that the allocated volume to factory j never exceeds
the demand of factory j. The demand is changed related to the historical performance.
Constraints (6.15) denote the level of spot sales per week t. Constraints (6.16) shows the missed
demand sales at each SI factory j. Constraints (6.17) makes sure that the same amount of cheese
whey flows through the model from supply to demand.
𝑍
𝑡
𝐵𝑖𝑔𝑀 ∗ 𝐺 𝑡 ≥ (𝑑𝑗𝑡 ∗ 𝑅_𝑆𝐼𝑡𝑗 ) ∗ 𝑚𝑖𝑛_𝐷𝑀𝑏𝑜𝑟1 − ∑(𝑋𝑘𝑗
∗ 𝑈𝑘 )

𝑗 = 0,

∀t ∈ T

(6.18)

𝑘=0
𝑍
𝑡
𝐵𝑖𝑔𝑀 ∗ 𝐹 ≥ ∑(𝑋𝑘𝑗
∗ 𝑈𝑘 ) − (𝑑𝑗𝑡 ∗ 𝑅_𝑆𝐼𝑡𝑗 ) ∗ 𝑚𝑎𝑥_𝐷𝑀𝑏𝑜𝑟1
𝑡

𝑗 = 0,

∀t ∈ T

(6.19)

𝑗 = 2,

∀t ∈ T

(6.20)

𝑘=0
𝑍
𝑡

𝐵𝑖𝑔𝑀 ∗ 𝐵 ≥

(𝑑𝑗𝑡

∗

𝑅_𝑆𝐼𝑡𝑗 )

𝑡
∗ 𝑚𝑖𝑛_𝐷𝑀𝑣𝑒𝑔 − ∑(𝑋𝑘𝑗
∗ 𝑈𝑘 )
𝑘=0

The constraints above take into account the %DM of each cheese whey sort k. Constraints (6.18)
satisfies that the %DM for the total level of cheese whey allocated to the SI factory SI_0 (j=0)
P a g e | 24

is equal or higher than the requested minimum %DM cheese whey. Constraints (6.19) satisfies
that the %DM of the total level of cheese whey allocated to the SI factory SI_0 is equal or
lower than the maximum %DM cheese whey restriction. Constraint (6.20) satisfies that
the %DM for the total level of cheese whey allocated to the SI factory SI_2 (j=2) is equal or
higher than the requested minimum %DM cheese whey. For SI factory SI_2 there is no
maximum %DM cheese whey restriction. The variables 𝐺 𝑡 , 𝐹 𝑡 and 𝐵 𝑡 are binary decision
variables which are inserted in the constraints (6.18), (6.19) and (6.20). The BigM value
denotes some very large number which forces the binary variable to become one or zero if
needed. The Binary decision variables are inserted in the objective function and multiplied with
a penalty costs. Due to the penalty costs the model makes sure that the %DM is between the
required %DM bounds every week t when possible, if not, the model adds a penalty costs to
prevent infeasibility.
𝐾
𝑡
∑ 𝑋𝑘𝑗
≤ 𝐶𝑗𝑡

∀j ∈ J ,

j ≠ 0,

j ≠ 1,

∀t ∈ T

(6.21)

∀t ∈ T

(6.22)

𝑘=0
𝑍

1

𝑡
∑ ∑ 𝑋𝑘𝑗
≤ 𝑀𝑐𝑏
𝑘=0 𝑗=0
11
𝑡
∑ 𝑋𝑘𝑗
≤ (𝑑𝑗𝑡 ∗ 𝑅_𝑆𝐼𝑡𝑗 ) ∗ 𝑃𝑤

𝑗 = 5,

∀t ∈ T

(6.23)

∀j ∈ J,

∀t ∈ T

(6.24)

𝑘=10

𝑡
𝑋𝑘𝑗
, 𝐸𝑗𝑡 , 𝑄, 𝑆 𝑡 ≥ 0

∀k ∈ K,

Constraints (6.21) implies that the total amount of cheese whey sort k allocated to the SI
factories in week t is smaller than the maximum capacity level in week t. This constraint is
needed to make sure that the demand in combination with the R-value won’t violate the
capacity of the SI factory. For the SI factories SI_0 (j=0) and SI_1 (j=1) another capacity
constraint hold because they have a combined capacity constraint. Constraints (6.22) implies
that the total amount of cheese whey sort k allocated to SI_0 and SI_1 must be smaller or equal
to the maximum capacity of cheese whey at the factory SI_0&1. Constraints (6.23) define the
fact that the cheese factory CH_8 (k=10 & 11) is not allowed to supply more than 50% of the
cheese whey demand of SI factory SI_5 (j=5). Constraints (6.24) force non-negativity of flow
variables through the network.
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7 RELIABILITY AND DATA ANALYSIS
In this chapter it has been assessed which part of the historical data will be used in Simulation
Model 2 to forecast the performance of each cheese and SI factory. This should result in a
reliable estimate of demand driven sales, missed demand sales, contract sales and spot sales.

7.1 ADDED VALUE RELIABILITY AND DATA ANALYSIS TO RESEARCH
Simulation Model 2 takes into account the past performance of each cheese and SI factory. A
significant difference between 2018 and 2019 data could disturb the distribution of the
correction factors, and as such the R-value for calculating the expected supply and demand
volumes. Possible causes which could generate a difference are new planning methods or
systems, new supply chain network planners, improvements in the production or others. Figure
7.1 shows multiple possible causes and their impact on cheese whey volumes for 2018 and
2019.

#CW

#CW

2019
2018
Deterioration planning
#CW

2018
2019
Deterioration production
#CW

2018

2019

Improvement planning

#CW

2018
2019
Positive trend
#CW

2018
2019
Improvement production

2018
2019
Negative trend

Planned volumes
Actual volumes

Figure 7.1 Possible differences between years 2018 and 2019.

The gap between the planned and actual volumes in Figure 7.1 should be considered in the
forecast of Simulation Model 2 by using the R-value. If only actual volumes are considered for
a significant difference between the years and a deterioration or improvement in the planning
occurs, it will result in an incorrect assumption that the datasets can be merged. This will be
also applicable in case of planned volumes and a deterioration or improvement in the
production capacity. In addition, it could be an incorrect assumption that the datasets cannot
be merged, in case a positive or negative trend occurs between the actual and planned volumes
over the years 2018 and 2019. The deviation between the actual and planned volume remains
the same which implies a constant performance level of the cheese or SI factory.
Therefore, it has been decided to test whether a significant difference exists between the
correction factors for each cheese and SI factory over the years 2018 and 2019.
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7.2 USED METHOD
Multiple steps have been executed to come to a dataset which generates a reliable output for
Simulation Model 2. The order and relation between these steps are given in Figure 7.2.
Gather the data
(planned & actual
volumes of cheese whey)

Replace missing
values

Detect normal &
extreme outliers

Replace extreme
outliers

Calculate correction
factor

Detect significance difference in the correction factor between the different years of data for each cheese and SI factory

Check normality of the
data: Shapiro-Wilk test

Normally
distributed?

No

Yes

Conduct paired
sample t-test

Conduct MannWhitney test

Significance
difference years?

No

Merge years of data as one
dataset and use in
Simulation Model 2

Yes

Detect significance difference in
plan and actual volumes for each
factory
Discuss with planners possible
causes for difference in
correction factor

Decide which data to use in
Simulation Model 2

Figure 7.2. Flow diagram of steps to come up with reliable dataset for Simulation Model 2

It is important to emphasize that the statistical tests executed to detect a significant difference
between the correction factors of different years are fulfilled for each cheese and SI factory,
because each factory has their own data pattern. The steps in Figure 7.2 are briefly explained
in this chapter.

7.3 DATA GATHERING
Eight datasets were gathered from the years 2018 and 2019. Four datasets consisted of the
planned and actual cheese whey volumes supplied by the cheese factories and four datasets
consisted of the planned and actual cheese whey demands from the SI factories. Different
assumptions were made to have all eight datasets useable for research. These assumptions are
further explained in Appendix 1 in which the useable weeks and imputation of missing data
points are discussed. As a result of this data gathering, it can be concluded that a historical
dataset of 72 weeks is useable fur further research. This dataset can be split into 22 weeks of
data in 2018 and 50 weeks of data in 2019.

7.4 DETECTING OUTLIERS
It is possible to have outliers in the dataset of 72 weeks which originated due to an error, when
calculating or recording the measurement value or due to the experimental error (Grubbs, 1969).
A boxplot is a graphical display in which a distinction can be made between normal and
extreme outliers, this method is executed in SPSS. Due to the small datasets, it has been decided
to perform only data imputation on the extreme outliers. The normal outliers can be seen as
true values and there is no need to delete these in this research. An overview of the tables which
include the normal and extreme outliers are given in Appendix 2. There are eight different
datasets examined, for each dataset the extreme outliers are treated as missing values, meaning
that data imputation by the median of nearby points is executed for these values.
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7.5 CORRECTION FACTORS
After the data have been gathered and cleaned for outliers, the dataset of 72 weeks can be used
for further analysis. Normally, the planned volumes of cheese whey are adjusted by the R-value
to become closer to the actual volumes of cheese whey, which presents a more reliable output
on the level of contract. It has been decided not to use the historical actual volumes to forecast
the expected actuals because improvements or deteriorations in production capacity can cause
deviations in the real actuals of any cheese or SI factory. Instead, it has been decided to use the
correction factors of the historical data to forecast the expected performance of each cheese
and SI factory.
The correction factor denotes a value which is calculated for each week of the historical data
set and denotes the deviation of the actual volumes with respect to the planned volumes of
cheese whey. The correction factor is estimated for each cheese factory (𝐶𝑜𝑟𝑖𝑡 ) and each SI
factory (𝐶𝑜𝑟𝑗𝑡 ) per week t. (7.1).
𝐶𝑜𝑟𝑖𝑡

𝑎𝑐𝑡𝑢𝑎𝑙 𝑠𝑢𝑝𝑝𝑙𝑦 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡
=
,
𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑠𝑢𝑝𝑝𝑙𝑦 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡

𝐶𝑜𝑟𝑗𝑡

𝑎𝑐𝑡𝑢𝑎𝑙 𝑑𝑒𝑚𝑎𝑛𝑑 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡
=
𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡

(7.1)

The correction factor is based on the historical performance of the cheese and SI factories. By
using the formula above, 72 correction factors were found for each cheese and SI factory which
can be used as input factors for the Probability Distribution Functions (PDF’s). An example of
the calculation in combination with the PDF is given in Appendix 3. The PDF is used in
Simulation Model 2 to generate a random value, which denotes the expected performance level
of each cheese and SI factory. This expected performance level is based on the historical
performance and later in this research referred to as the R-value (𝑅_𝐶𝐻𝑖𝑡 & 𝑅_𝑆𝐼𝑗𝑡 ).
It is important to highlight the difference between the correction factors and the R-value for
the cheese and SI factories. The correction factors are based on the historical performance
and are used as input factors for the PDF, whereas the R-value denotes the expected
performance which is a random pick from the PDF.

7.6 RELIABILITY ANALYSIS
For each cheese and SI factory dataset of 72 weeks the Shapiro-Wilk test is executed to check
whether the data consist of a normal distribution. If so, it is decided to use the Paired Sample
t-test for detecting a significant difference between the years. The paired sample t-test fits best
for comparing means from the same group at different times (Neideen & Brasel, 2007), but
requires the data to be normally distributed. In contrast, if the data did not consist of a normal
distribution the Mann-Whitney test has been executed to measure the significant difference
between the years. The model assumptions, tested hypothesis, substantiation of the choice for
a specific test and the results of the test are given in Appendix 4.
For the cheese factories CH_0, CH_1, CH_5, CH_7 and CH_8 a significant difference is found
between the correction factors of 2018 and 2019. For these factories it has been decided to test
whether there is a significant difference between the 2018 and 2019 actual volumes, and a
significant difference between the 2018 and 2019 planned volumes. Based on these results it
has been decided which part of the data is used in Simulation Model 2.
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The results of the tests are given in Appendix 5 and have been used to generate multiple
assumptions for data usage in Simulation Model 2. The following significant differences were
observed in actual and/or planned volumes of cheese whey over the last 22 weeks of 2018 and
2019.
• Cheese factory CH_0 shows a difference in planned volumes, cheese factory CH_5
shows a difference in actual volumes and cheese factory CH_7 shows a difference in
both planned and actual volumes. For all three cheese factories the dataset of 2019 is
chosen as historical dataset in Simulation Model 2 because it is more recent and reliable.
•

Cheese factory CH_8 shows a small deviation between the actual and planned volumes
but no significant difference is detected. In contrast, the total dataset of the year 2019
consists of some outliers which has been caused by a revision on the tower during this
period. The planned and actuals volumes were highly uncertain during this revision. It
is observed that after the revision in week 41 2019 the planned and actual volumes show
small deviations only and no unusual outliers were detected. As a result, the last 11
weeks of year 2019 have been used as historical data set for Simulation Model 2, which
generates a risk due to the small size. It is advised to test in the end of the year 2020,
if this assumption is still valid or whether the range of the historical data set needs to
be changed.

•

The cheese factory CH_1 observes a significant difference in the actual volumes and
the planned volumes of cheese whey over the last 22 weeks of years 2018 and 2019.
Whether the actuals are higher or lower than the planned volumes is highly variated.
When using the historical data of cheese factory CH_1 in Simulation Model 2, a risk
arises that the planned volumes do not match with the actuals. Therefore, no historical
data has been taken into account which results in a value of 1.0 for this factory in each
replication of Simulation Model 2.
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7.7 CONCLUSION DATA RELIABILITY
Table 7.1 shows an overview of a significant difference in the correction factor over the years
2018 and 2019 for each cheese and SI factory.
Table 7.1 Overview which cheese or SI factory have a significant difference between the year 2018 and
2019 and which data is has been used for the correction factor PDF.

LOCATION
CH 0
CH 1
CH
CH
CH
CH
CH
CH
CH
CH
CH
CH
SI
SI
SI
SI
SI
SI

2
3
4
5
6
7
8
9
10
11
0&1
2
4
5
6
7

SIGNIFICANT DIFFERENCE
CORRECTION FACTOR 18/19
Yes
Yes
No
No
No
Yes
No
Yes
Yes
No
No
No
No
No
No
No
No
No

WHICH DATA TO USE
IN PDF
Data 2019
No data, R-value is set on
1.0 for all weeks.
Merge data 2018 and 2019
Merge data 2018 and 2019
Merge data 2018 and 2019
Data 2019
Merge data 2018 and 2019
Data 2019
Wk 41-52 2019
Merge data 2018 and 2019
Merge data 2018 and 2019
Merge data 2018 and 2019
Merge data 2018 and 2019
Merge data 2018 and 2019
Merge data 2018 and 2019
Merge data 2018 and 2019
Merge data 2018 and 2019

From the table it can be concluded that none of the SI factories shows a significant difference
between the years 2018 and 2019. Therefore, the years 2018 and 2019 have been merged as
one dataset for each SI factory, which will be used as input data for the PDF’s in Simulation
Model 2.
The statement above holds as well for seven of the twelve cheese factories with no significant
difference in the correction factor over the years 2018 and 2019. As mentioned in the scope,
the cheese factory CH_9 stopped delivering cheese whey since January 1st 2020. Therefore,
no historical data for this factory has been used in Simulation Model 2.
The other five cheese factories with a significant difference in the correction factor are
extensively researched. In this case the significant difference between the planned and actual
volumes are also taken into account. For the cheese factories CH_0, CH_5 and CH_7 it is
decided to use 2019 data as historical data in Simulation Model 2. For the cheese factory CH_1
no historical data has been taken into account which results in a value of 1.0 for this factory in
each replication of Simulation Model 2. For the cheese factory CH_8 only the last 11 weeks of
2019 are used as historical data in Simulation Model 2.
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8 DISTRIBUTION FITTING OF CORRECTION FACTORS
The historical data of the correction factors obtained in Chapter 7 have been used to forecast
the performance of each cheese and SI factory. The mean, standard deviation and theoretical
distribution of this historical data is needed as input data for the PDF which is used in
Simulation Model 2. The expected performance level can be obtained through this PDF for
each cheese and SI factory over the horizon of 52 weeks, the so called R-value. In each
replication of Simulation Model 2 new expected performance levels have been retrieved from
the PDF for each cheese and SI factory over 52 weeks. Note that each week over this planning
horizon has a different R-value. In this chapter the theoretical distribution has been determined
for each cheese and SI factory dataset which has been selected in Chapter 7.

8.1 USED METHOD
To retrieve the right theoretical distribution, it is first checked whether a relation exist between
the planned volumes and the correction factors of each cheese and SI factory. The possibility
arises that the level of planned volume has an influence on the magnitude of the correction
factor. In case this assumption holds a random pick for the R-value from the entire distribution
set would present a distorted picture of reality. For example, high plan volumes are combined
with high R-values which is never the case in reality. The steps to retrieve the right theoretical
distribution are given in Figure 8.1.

Detect correlation between planned volumes &
correction factors for each cheese and SI factory
(Pearson correlation test)

Correlation?
| r | ≥ 0.5

Yes

Classification in groups of correction factor for
that particular factory

No
Conduct Goodness of fit test to
retrieve theoretical distribution

Figure 8.1. Flow diagram for retrieving theoretical distributions for Simulation Model 2.

If a correlation was found between the level of planned volumes and correction factors,
classification in groups has been executed. This ensures that the relation between the planned
volumes and the correction factor remains the same in Simulation Model 2. Hereafter, the
goodness of fit test was executed to retrieve the theoretical distributions for each factory.

8.2 CORRELATION BETWEEN THE PLANNED VOLUMES AND CORRECTION FACTORS
The Pearson correlation test has been performed to test whether there is a positive, negative or
no relation between the planned volumes and correction factors for each cheese and SI factory.
The Pearson correlation test has been executed in SPSS. Appendix 6 incorporates the model
assumptions, substantiation of the choice for this particular test and the results of the statistical
test.
The strength of the correlation is based on a well-known level of scale (Cohen, 1988). In this
research it is assumed for each cheese and SI factory that in case the correlation is large (| r | ≥
0.5), classification of groups for the correction factors will have a positive influence on the
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output of Simulation Model 2. In case of a small or medium correlation, the level of planned
volume will have minimal influence on the magnitude of the correction factor and a theoretical
distribution can be obtained from the entire dataset without classification of groups.
Based on the statistical results, it has been proved that eleven cheese and SI factories possess
no correlation, a small negative correlation or a medium correlation. For these factories it has
been decided that classification in groups will not be used in this research.
In addition, it has been proved that four cheese factories (CH_0, CH_3, CH_8 and CH_10) and
five SI factories (SI_0&1, SI_2, SI_4, SI_5 and SI_6) show a large negative correlation
between the planned volumes and the correction factors.
An exception is made for SI factory SI_0&1 on the usage of classification of groups. In
practical terms; SI_0&1 is a SI factory which consist of two factories, SI_0 and SI_1. Both
factories have a different output which generates a different valorisation value. In Simulation
Model 2 the two factories are treated as individual factories, with their own supply and demand
volume. In threshold, the historical correction factors have been calculated for SI factory
SI_0&1 as a whole. Therefore, an important assumption has been made which influences the
model output and has been further disclosed in Appendix 7. For the research it has been
assumed that the historical data of the SI factory SI0&1 denotes the correction factors of SI_1
only, without classification of groups. The classification in groups is not possible because the
planned volumes of the historical data denote the planned volumes of SI_0 and SI_1, which
results in a higher range of the groups. Furthermore, It has been assumed that SI_0 takes into
account a correction factor of 1.0.
For the remaining eight factories the correction factor have been classified in groups which
satisfies that large planned volumes are combined with lower correction factors, as well as that
small planned volumes are combined with higher correction factors. The classification in
groups will be further explained in the next section.

8.3 CLASSIFICATION OF GROUPS FOR CORRECTION FACTORS
In this section the classification of groups for the correction factors in relation to the planned
volumes will be explained more detailed. This method is only used for the nine factories,
determined in the prior section, for which a large negative correlation between the plan volumes
and the correction factors exists. Figure 8.2 shows an example of the classification of groups
in relation to the PDF.

P a g e | 32

Group 1

Group 2

Group 3

257 - 343

344-372

373-393

≤ 343

344-372

≥ 373

Figure 8.2 Schematic overview of the classification of plan volumes in groups, with their corresponding
correction factors.

The figure above shows the ranges of plan volumes: (257-343), (344-372) and (373-393).
These have been transformed to three groups: (≤ 343), (344-372) and (≥ 373). The correction
factors obtained from the historical data correspond to the particular range. These correction
factors are shown in the PDF. Due to classification of groups there are three PDF’s considered
for a particular cheese or SI factory instead of one PDF, which results in three theoretical
distributions. How the classification of these groups come about is given in Appendix 8.

8.4 THE THEORETICAL DISTRIBUTION SELECTION FOR THE CORRECTION FACTORS
To use historical data in a simulation model, it needs to be fit to a theoretical probability
distribution. The theoretical probability distribution will then be used to generate values to
drive the simulation model. Sometimes, a theoretical distribution that does make sense will be
almost as good as a perfect fit. Chung (2004) states that in this case the researcher needs to
decide whether it makes more sense to use the best mathematical fit or a very close fit that
makes sense. Therefore, all possible theoretical distributions have been studied by making use
of the literature in the next section.
8.4.1 Literature theoretical distributions
In the literature multiple distributions are considered, these are listed below.
• The Bernoulli distribution is used to model a random event with two possible outcomes,
this is not the case in this research.
• The Uniform distribution is used whenever each individual value is equally likely to be
observed, this is not the case in this research.
• The Exponential distribution is mostly used in conjunction with interarrival processes,
which has been proven to be random.
• The Triangular distribution can be used as good first approximation whether the data
consist of a normal distribution, when less data is available. The triangular distribution
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•

•

has only three parameters: the minimum possible value, the most common value, and
the maximum possible value.
The Normal distribution is symmetric and consist of two parameters: the mean and the
standard deviation. Chung (2004) warns his readers on the use of the normal
distribution when the mean is small. In this situation, the variance of the data may cause
values less than the mean to become negative. Due to the fact that some variables cannot
be less than zero, the reader must ensure that the output generated during the simulation
do not go negative (Chung, 2004). This statement holds for this research, cheese whey
volumes cannot be negative.
The Weibull distribution is often used to represent distributions that cannot have values
less than zero. Another distribution which cannot generate a negative output is the
Gamma distribution. Both methods possesses two parameters, an α shape parameter
and a β scale parameter. Depending on the values of these two parameters, the Weibull
distribution can take on shapes ranging Exponential distribution to Normal distribution.
When the α shape parameter exceeds a value of 2, the Gamma distribution can take on
shapes similar to the Weibull distribution (Chung, 2004). Under certain circumstances,
the Gamma distribution can degenerate to the same mathematical representation as the
Exponential distribution.

When taking into account the literature aspects, the possible distributions for the correction
factors could be the Triangular distribution, Exponential distribution, Normal distribution,
Weibull distribution and Gamma distribution. The normal distribution could be a risk when the
mean is low and the simulation model generates negative values. Without actually performing
some sort of goodness of fit test, it would be questionable to automatically assume that a
process consist of a particular distribution. Therefore, the goodness of fit test will be executed
in the next section.
8.4.2 Goodness of fit test
The process of determining the underlying theoretical distribution for a set of data is known as
the goodness of fit test (Hildebrand & Ott, 1991). The goodness of fit test is executed in SPSS
by making use of the simulation builder. The simulation builder can be used to determine the
distributions that most closely fit the historical data. Due to the fact that our data are continuous,
the Anderson Darling (AD) test has been used as goodness of fit test which measures how well
the data fits a specified distribution. The tested hypothesis and the results of the test are
presented in Appendix 9. The output of the test can be summarized as follows:
• Some of the cheese and SI factories have the best fit with the Normal or Lognormal
distribution. Due to the fact that the normal distribution consist of a negativity risk,
which is not possible in this research, a Gamma distribution has been selected as closest
fit distribution for these factories. The Lognormal distribution has been replaced by the
closest fit distribution because this distribution function was not available in python.
• SI factory SI_7 was fitted to the best distribution, which is the exponential distribution.
The exponential distribution is not an appropriate distribution to use in an allocation
model because of the high risk of exceeding the capacity. The Whey Valorisation &
Allocation planner of FC stated that in the past SI factory SI_7 was always planned to
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•

his full capacity because it is an overflow location, which causes the high variety
between planned and actual volumes. Due to the unreliability of the performance data
for SI factory SI_7, it has been decided to set the R-value for SI factory SI_7 each week
on 1.0.
Based on the results of the goodness of fit test, 17 distributions are fitted for the cheese
factories of which there are 5 Gamma distributions, 3 Weibull distributions, 6
Triangular distributions and 3 Uniform distributions found. In addition, 13 distributions
are fitted for the SI factories of which there are 3 Gamma distributions, 3 Weibull
distributions, 5 Triangular distributions and 3 Uniform distributions found.

P a g e | 35

9 MODEL IMPLEMENTATION IN SOFTWARE
The purpose of this chapter is to describe the software and tools which are needed to implement
the mathematical models which are designed to solve the problem of the organization.
The problem the organization deals with has been modelled as a Mixed Integer Programming
(MIP) model. The aim of the model is to find the optimal value for contract sales which
maximizes the objective function within the constraints defined. To solve this optimization
problem a mathematical programming tool is required which is capable of solving MIP models.
The company FC is only licensed for MathWorks MatLab 2017 (9.2), which is an old version.
In a time span of three years there are six new version released. During consultations with the
company it has been decided to make use of a more up to date open source which is free of use.
Upon this decision, it has been decided to use Python as this is an quite common mathematical
programming language. Anaconda is a free and open-source distribution of the Python
programming languages which is known as the easiest way to perform science and machine
learning and therefore used in the research. Spyder, the Scientific Python Development
Environment, is a free integrated development environment (IDE) that is included with
Anaconda. It includes editing, interactive testing, debugging, and introspection features. The
MIP problem has been programmed in the interface of Spyder with programming language
Python. The Gurobi Optimization version 9.0.0 has been used for solving the MIP problem.
The company FC uses Excel spreadsheets for planning and decision making purposes related
to the allocation of cheese whey. The mathematical model has been implemented such that the
user inputs the data in Excel and the MIP can be executed in Spyder. Hereafter, the output is
visualized in Excel.
For now it was possible to solve the model by Gurobi due to an academic license obtained from
the TU/e, normally this is not an open-source. When the company decides to use the model in
the future another solver needs to be purchased. In this case, Pyomo or Pulp is advised. The
disadvantage of these two solvers compared to the Gurobi solver is the longer computation
time to solve the model.

P a g e | 36

10 MODEL VALIDATION AND VERIFICATION
The designed Simulation Model 2 has been validated and verified to make sure that the results
show a good representation of the reality. At first it has been verified whether the mathematical
model is translated well into the computer program and how the model reacts on extreme values.
Hereafter, the model output has been compared against the historical data for its behavior.
Lastly, a sensitivity analysis has been performed to get insights on the most sensitive
parameters.

10.1 COMPUTERIZED MODEL VERIFICIATION
Verification has been performed to see whether the conceptual model is correctly translated
into the computer program and whether the optimization model runs as intended (Sargent,
2011). The constraints and distributions based on the historical data are verified. Lastly, the
model is tested whether it behaves as expected on extreme changes in the input variables.
10.1.1 Constraints
At first it has been checked whether all the constraints of model 2 are obeyed in each simulation
run. An overview of these checks are shown in Appendix 10. First the model output without
using the R-value has been checked, hereafter, the model output with using the R-value has
been checked. For both checks a random week in the 52 tested weeks has been checked. For
both test runs all constraints are satisfied in the model output.
10.1.2 Theoretical distribution functions in software
The selected distributions in Chapter 8 have been researched to assure that the SPSS goodness
of fit test results, in combination with build-in functions of Python, generated the right random
values in Simulation Model 2. This has been done by comparing the mean and standard
deviation of the historical data against the random generated data in Simulation Model 2, which
originates from the historical planned volumes of the selected data in Chapter 7. Appendix 11
shows the comparison values of the mean and standard deviation between the historical data
and the random generated data.
For four of the twelve cheese factories and two of the eight SI factories a deviation was found
between the mean and standard deviation. In section 7.6 an assumption has been made that the
cheese factory CH_1 uses 1.0 as standard R-value which causes the deviation for this factory.
In section 8.4.2 an assumption has been made that the SI factory SI_7 uses 1.0 as standard Rvalue which causes the deviation for this factory. For cheese factories CH_3, CH_4, CH_10
and SI factory SI_2 it was found that all four rely on the Weibull distribution. It is concluded
that the Weibull distribution generator in Python causes the deviation for the factories.
Therefore, the theoretical distribution of the Weibull distributions have been replaced by the
closest fit distribution and a new comparison is made between the mean and standard deviation.
By using the results of the second test it can be concluded that the Simulation Builder of SPSS
in combination with the random value generator in Python is a valid method to generate random
variables in Simulation Model 2.
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10.1.3 Extreme Condition Tests
The model behavior should be plausible for any extreme and unlikely combination of factors
in the system (Sargent, 2011). It has been checked for multiple extreme values whether the
model behaves as expected.
10.1.3.1 Extreme cheese whey supply volumes from the cheese factories.

The simulation model has been validated on two different extreme values related to the cheese
whey supply for each cheese factory (𝑠𝑖𝑡 ). At first, the supply volume over 52 weeks is set on
zero for all 12 cheese factories. No solution is generated by the model because no cheese whey
is allocated anywhere in the process. The model acts as expected.
Secondly, the supply volume over 52 weeks is set five times higher compared to planned supply
volumes of 2020. As expected, the volumes of contract sales and spot sales become very high
because there is a higher surplus of cheese whey. The level of missed demand sales over the
52 weeks is zero, meaning that all demand of the SI factories is satisfied.
10.1.3.2 Extreme cheese whey demand for processing demand sales at SI factories

The simulation model has been validated on two different extreme values related to the cheese
whey demand for processing demand driven sales (𝑑𝑗𝑡 ). At first, the cheese whey demand for
each SI factory is set on zero. In this case all cheese whey delivered by the cheese factories
needs to be sold as contract or spot sales. Secondly, the demand volume for each SI factory
over 52 weeks is set five times higher compared to planned supply volumes of 2020 and 2021.
For this case the level of missed demand sales will increase because a shortage in cheese whey
supply is generated. The SI factories who experience missed demand sales should consist of
the lowest valorisation value because they have the lowest impact on the total net profit. In
addition, no contract sales or spot sales will occur. The model output confirms the expectation
for both extreme values.
10.1.3.3 Extreme valorisation values

The valorisation value has influence on the decision making process of the model. The
objective generates the net profit which is determined by using the valorisation value. The
valorisation value for contract and spot sales are much lower than the valorisation value for
demand driven sales in 2020 and 2021. The valorisation value for spot sales is lower compared
to the valorisation value for contract sales in 2020 and 2021.
At first, the valorisation value for demand driven sales has been set five times higher
compared to the valorisation value which was set for demand driven sales in 2020 and 2021 by
the organization. With this higher valorisation value for demand driven sales the model will
decide whether having missed demand sales in some weeks is more profitable than setting
contract levels which need to be satisfied every week. It is expected that all demand driven
sales are fulfilled as much as possible. The surplus of cheese whey is sold via spot. None of the
cheese whey is sold via contract. The model output confirms the expectation.
To have an impact on the model, the valorisation value for contract sales has been set ten times
higher compared to the valorisation value which was set for contract sales over 2020 and 2021
by the organization. In this case it is expected that most of the cheese whey is sold via contract
sales and in the weeks where there is more supply than the optimal contract volume, the cheese
whey is sold on demand driven sales. No spot sales will occur. Lastly, the valorisation value
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for spot sales has been set thirty times higher compared to the valorisation value for spot sales
over 2020 and 2021. In this case it is expected that most of the cheese whey is sold via spot
and hereafter for demand driven sales. No contract sales will occur. Both expectations are
confirmed by the model output.

10.2 MODEL VALIDATION
In this section it is determined whether the model’s output behaves according to the model’s
intended purpose. At first, the internal validity has been tested because a large amount of
variability (lack of consistency) may cause the model’s results to be questionable (Sargent,
2008). Hereafter, the historical data of the correction factors have been validated.
10.2.1 Internal validity
For testing the internal validity it is advised by Sargent (2008) to run several replications of a
stochastic model to determine the amount of stochastic variability in the model. N is the number
of replications which is needed to perform according a given error bound and confidence
interval (Bukaçi et al., 2016). The relative precision method of Chung is used (2004) for
deciding on the number of replications. It is decided to calculate the level of precision for the
objective value and the optimal level of contract sales because for both variables it is important
to have consistency in the model output. To calculate the relative precision we use the following
formula (10.1):
Confidence level (0,…,1)
𝜶
Number of replications used to calculate relative precision
𝑵
Standard deviation of the replication means
𝒔
𝒕𝟏−𝜶, 𝒏−𝟏
Probability 𝑡 distribution for a double sided confidence interval with
𝟐
confidence interval 𝛼 and 𝑛−1 degrees of freedom
̿
Mean of the replications means
𝑿

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑡1−𝛼,
2

𝑛−1

∗

𝑠
√𝑁

(10.1)

𝑋̿

A desired relative precision value of 0.09 is selected because of a mathematical proof involving
relative precision calculations (Law and Kelton, 2000). This means that we want our standard
error to be maximum 9% for the sample mean. Chung (2004) states that 10 replications is a
reasonable number of replications to start the analysis. It is expected that due to the level of
multiple uncertain variables the number of replications is higher as when a single uncertain
variable was considered. A horizon of 52 weeks is taken into account. Table 10.1 shows the
variables and output used to calculate the relative precision.
Table 10.1 Variables and Output of relative precision formula for 10 runs

Objective value
Optimal Contract Level

N

α

𝑡1−𝛼,𝑛−1

s

𝑋̅

10
10

0.05
0.05

2.262
2.262

1994
64

324,089
293

2

Relative
Precision
0.00440
0.15640
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As shown in Table 10.7, 10 replications will be sufficient to reach below the advised 0.09 level
of precision for the objective value (Chung, 2004). The relative precision level is higher than
0.09 for the optimal contract level. The run time for 10 replications of Simulation Model 2 is
13 seconds. Due to the short run time 100 iterations have been tested to asses if the relative
precision becomes below 0.09 for both values. See Table 10.2 for the variables and result of
100 iterations.
Table 10.2 Variables and Output of relative precision formula for 100 runs

Objective value
Optimal Contract Level

N

α

𝑡1−𝛼,𝑛−1

s

𝑋̅

100
100

0.05
0.05

1,984
1,984

1850
53

324,208
299

2

Relative
Precision
0.00113
0.03495

The table above shows that 100 iterations give a relative precision value below 0.09 for the
objective function and the Optimal contract level, which is good. It can be concluded that the
standard error is smaller than 4% for the sample mean. The run time for 100 replications of
Simulation Model 2 is 110 seconds.
It can be concluded that 10 replications are not sufficient to become below the recommended
level of precision. It is advised to use 100 iterations to generate a reliable and precise conclusion
on the optimal level of contract sales and total net profit.
10.2.2 Historical data validity
To test the model validity, the data can be split in a training- and validation set. The training
set is used to optimize a goodness-of-fit criterion and the performance is recorded on the
validation set (Webb, 2002). Due to the limited data it has been decided to use all historical
data specified earlier in the report as training set. As validation set the data of 01-01-2020 till
18-05-2020 has been used. It consist of 18 weeks which has no overlap with the training set.
Simulation Model 2 aims to forecast the deviation between the planned and actual volumes by
using the R-value, which is retrieved from the PDF of the historical correction factors. To test
the historical data validity there are three different values compared to each other:
• The real average correction factor has been determined between the actual and planned
volumes of the validation data over 18 weeks, for each cheese and SI factory.
• The planned supply and demand volumes over 18 weeks in 2020 have been used as
input data in Simulation Model 2 to generate the random R-values for each cheese and
SI factory with considering classification of groups.
• The planned supply and demand volumes over 18 weeks in 2020 have been used as
input data in Simulation Model 2 to generate the random R-values for each cheese and
SI factory without considering classification of groups. The goodness of fit test and
computerized model verifications for these new distributions have been executed again
and random generator acted as expected.
It has been decided to use 10 replications for the calculation of the average R-value for each
cheese and SI factory, generated by Simulation Model 2.
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In Simulation Model 2 the planned supply volume for each cheese factory has been adjusted
with the R-value to forecast the actual supply volume. In Appendix 12. The comparison of the
means between the training and test set are given.
Three of the twelve cheese factories and five of the eight SI factories have a deviation from the
mean of more than 0.05 when using classification of groups. Four of the twelve cheese factories
and three of the eight SI factories have a deviation from the mean of more than 0.05 when not
using classification of groups. This deviation can result in a higher or lower agreed contract
level as was needed. Whether classification of groups is used for the cheese factories has no
impact on the output. In addition, it was found that when not using the classification of groups
for the SI factories the deviation of the mean increases.
Based on the results of the cheese and SI factories it can be concluded that the historical data
are not representative for the validation dataset of 18 weeks. At the moment, the output of
Simulation Model 2 shows a too high risk of deviation from the real optimal value. In addition,
it can be concluded that the usage of classification of groups cannot be proven with the current
validation dataset of 18 weeks.
A reason for this could be the limited available validation data of 18 weeks. The possibility
arises that the performance of the factories in the first 18 weeks differs from other weeks in the
year due to Covid-19 problems. Another cause could be the limited available historical data of
72 weeks which is used for the PDF’s. For the organization it is interesting to understand how
sensitive the total net profit and optimal contract level are for changes in the input parameters
and to get an insight on which parameters they should focus. Therefore, a sensitivity analysis
has been executed and further explained in the next section.
10.2.3 Sensitivity Analysis
Within a sensitivity analysis, changes in the input data are made which result in different
(optimal) model solutions (Bisschop, 2006). Jørgensen (2011) stated that a sensitivity analysis
makes it possible to distinguish between parameters whose values have minimal to significant
impact on the model solutions. Through the analysis the modeler gets an overview of the
most sensitive components of the model. Stability and sensitivity studies for stochastic
programs have been motivated by the problem of incomplete information about the true
probability measure through which the stochastic program is formulated (Dupačová,1990).
10.2.3.1 Method Sensitivity Analysis

Simulation model 2 generates an output by using seven different input parameters, listed below.
• Supply volume cheese factories
• Demand volume SI factories
• Valorisation value for demand driven sales
• Valorisation value for contract sales
• Valorisation value for spot sales
• Performance of the cheese factories based on historical data
• Performance of the SI factories based on historical data
In this research the deterministic sensitivity analysis has been used, which incorporates the
change of one input parameter whilst keeping the remaining parameters constant. This has been
done for each individual input parameter. Within Simulation Model 2 the base value of the
changed input parameter is variated by ±10%, ±20% and ±30%. The resulting output has been
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used to examine parameter sensitivity. In this research the value which incorporates zero
percent of change is referred to as the base value. For both the performance parameters, the
mean of the PDF has shifted from the base value although the standard deviation has been kept
the same. In addition, different distributions have been tested as the base distributions, which
have been determined in Chapter 8. For each changed parameter, 100 replications have been
executed in Simulation Model 2 to guarantee the precision of the model output. With this
analysis the effect of the input data is shown on total net profit and level of contract sales
generated by Simulation Model 2. Formula (10.2) denotes the used formula to calculate the
percentage of change against the base value.
𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑓 𝑐ℎ𝑎𝑛𝑔𝑒 =

𝑁𝑒𝑤 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡 𝑙𝑒𝑣𝑒𝑙 𝑂𝑅 𝑡𝑜𝑡𝑎𝑙 𝑛𝑒𝑡 𝑝𝑟𝑜𝑓𝑖𝑡
𝐵𝑎𝑠𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡 𝑙𝑒𝑣𝑒𝑙 𝑂𝑅 𝑡𝑜𝑡𝑎𝑙 𝑛𝑒𝑡 𝑝𝑟𝑜𝑓𝑖𝑡

∗ 100%

(10.2)

First the effect of the changed input data related to the objective value is described, followed
by an investigation on the effect of changes in the input parameters on optimal contract level.
Lastly, the effect of different theoretical distributions on optimal contract level and total net
profit has been determined.
10.2.3.2 Effect of input data on total net profit

% change compared to standard value

The effect of input data on total net profit has been measured by comparing the output changes
of the objective function. The effect of input parameters on total net profit depends on the size
of the input parameters and the relationship with the other input parameters. The model
determines the level of demand driven sales, contract sales and spot sales by using the seven
input parameters listed above over a horizon of 52 weeks. These levels are multiplied with the
valorisation value which generates the total net profit. The influence of the penalty cost is
incorporated in the total net profit. Figure 10.1 shows the correlation between the different
input parameters and the corresponding total net profit. Note that the base value on the y-axis
is indicated with 100%.
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Figure 10.1 % Change in total net profit relative to % change of input parameters
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As figure 10.1 indicates, an increase of the input parameters results in an increase of total net
profit. In case the input parameters decrease, total net profit decreases. This illustrates that the
model behaves naturally. Simulation model 2 is most sensitive for changes in valorisation value
of demand driven sales relative to total net profit. The valorisation value for spot sales and
contract sales is less sensitive for changes relative to total net profit. The changes in supply
volume, demand volume or shifts in mean of the R-value distributions consist of the same level
of sensitivity.
10.2.3.3 Effect of input data on contract level

% change compared to standard value

The effect of input data on the contract level has been measured by comparing the optimal
contract level which is determined by the Simulation Model 2. The main trade off for deciding
the level of contract sales is “the supply volume of cheese factories” versus “the demand
volume of the SI factories”. Figure 10.2 shows the correlation between the different input
parameters and the corresponding level of contract sales. Note that the base value on the y-axis
is indicated with 100%.
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Figure 10.2 % Change in contract level relative to % change of input parameters

The figure above indicates two main aspects.
• When the Supply volume of the cheese factories or the mean of the R-value
distributions of the cheese factories increases, the level of contract sales increases.
• When the demand volume of SI factories or the mean of the R-value distributions for
the SI factories increases, the level of contract sales decreases.
There is a possibility that the level of contract sales will drop to zero with a ±10% supply
volume, demand volume, shift mean R-value distributions cheese factories and shift mean Rvalue distributions SI factories. This indicates that the base value level of contract sales is a
small portion compared to the total supply and demand volumes of cheese whey.
In addition, the valorisation value of demand driven sales, contract sales and spot sales have
less impact on the model output. These three input parameters are less sensitive to changes.
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10.2.3.4 Effect of theoretical distribution on contract level and total net profit.

100%

100,50%

98%

100,40%

% Change compared to base value

% Change compared to base value

In Chapter 8. The goodness of fit test has been executed to determine the best theoretical
distributions for each cheese and SI factory. This resulted in 17 distributions for the cheese
factories, of which 7 Triangular distributions, 3 Uniform distributions and 7 Gamma
distributions were fitted, mentioned as the standard distributions. In addition, 13 distributions
were fitted for the SI factories, which consisted of 5 Triangular distributions, 3 Uniform
distributions and 5 Gamma distributions.
To determine the sensitivity of the theoretical distribution on the model it is decided to use
Simulation Model 2 in which all 17 cheese distributions have been fitted to the Gamma
distribution. Another run of the Simulation Model 2 has been executed in which all 17 cheese
distributions have been fitted to the Triangular distribution. The same sensitivity test has been
executed for the 13 SI distributions. Figure 10.3 and Figure 10.4 denote the change in contact
level and total net profit relative to the standard distributions. Note that the base value on the
y-axis is indicated with 100%.
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Figure 10.3 % change of standard contract
level by using different theoretical distributions
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Figure 10.4% change of standard total net profit
by using different theoretical distributions

Based on Figure 10.3 it can be concluded that changing the standard distributions of the cheese
factories to all gamma distributions or all triangular distributions, a deviation of maximum -3%
occur relative to standard contract level. When changing the standard SI distributions, a
deviation of maximum -12% occur relative to standard contract level. This deviation of 12%
can have an impact on the overall result of the model. Therefore, it is important to execute the
goodness of fit test for all SI factories, and preferably for all cheese factories, to make sure that
the output is based on the right distribution functions. In addition, when changing the standard
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distributions of both the cheese and SI factories the total net profit is almost equal to the
standard total net profit, see Figure 10.4.
10.2.4 Conclusion Model validation and verification
At first, all constraints have been proven to be satisfied in Simulation Model 2. The theoretical
distributions based on historical data have been programmed well and generates the right
random values. In addition, the model acts as expected for all extreme conditions which were
tested. For Simulation Model 2 it is advised to use 100 iterations to generate a reliable and
precise conclusion on the optimal level of contract sales and total net profit. From the historical
data validity test it can be concluded that the historical performance data is not representative
for the performance of the cheese and SI factories over a validation set of 18 weeks in 2020.
At the moment, the output of Simulation Model 2 gives a too high risk of deviation from the
real optimal value. In addition, it can be concluded that the usage of classification of groups
cannot be proven with the current validation dataset of 18 weeks. A reason for this could be
the limited available validation data of 18 weeks or the limited available historical data of 72
weeks which has been used for the PDF’s. For the organization it is interesting to understand
how the total net profit and optimal contract level are sensitive for changes in the input
parameters and to get an insight on which parameters they should focus for having a reliable
output from Simulation Model 2 in the future. From the Sensitivity analysis it is found that the
total net profit is most sensitive for changes in the valorisation value for demand driven sales.
In addition, it has been found that the optimal contract level is most sensitive for changes of
the R-value, supply volume of cheese whey or demand volume of cheese whey.
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11 INSIGHTS FOR FRIESLANDCAMPINA HUB SI
In this chapter the results of the different models are discussed and compared against each other.
In addition, the potential benefit for the organization is presented.

11.1 USED METHOD FOR ANALYSIS
The Excel model of FC, Deterministic Model 1 and Simulation Model 2 have been tested
against each other in this chapter. The working of the Excel model of FC is explained in more
detail in Appendix 13. Due to the results of the historical validity check in Chapter 10 it is
decided to use 52 weeks of 2019 as input data for testing the model to assess how each model
behaves. By using 2019 data the trainings set has overlap with the validation set for Simulation
Model 2, which is not desired. Researchers advise to use methods such as Cross-validation or
Holdout-method to deal with this overlap, but this was not possible time related due to the
thirty different distributions which are taken into account in Simulation Model 2. It is advised
to the organization, whenever more data will be available for 2020 to execute the tests in this
chapter again and make a conclusion on the performance of Simulation Model 2. By doing this
the stochastic model is not prejudiced and the conclusion is valid. For now it is still possible to
assume in which manner Simulation Model 2 behaves against the other two methods and what
the expected benefit will be for the organization when using Simulation Model 2.
First, the actual supply and demand volumes of the year 2019 have been used to determine
which contract level would fit best, in case the planned volumes were 100% accurate. This
value is referred to as “probably best optimal contract value”. Hereafter the planned supply and
demand volumes of the year 2019 have been used as input data in The Excel model of FC,
Deterministic Model 1 and Simulation Model 2 to generate the optimal contract level and total
net profit. The contract level and total net profit based on the actual supply and demand
volumes of 2019 have been compared with the contract level and total net profit based on the
planned supply and demand volumes of 2019.
In addition, the level of demand driven sales, spot sales and missed demand sales have been
compared for each determined contract level. Lastly, a potential benefit has been determined
by comparing the total net profit of all three models over the year 2019.

11.2 SELECTION OF COMPARISON VALUE
In this section the generation of the probably best optimal contract level will be substantiated.
It has been decided to use the actual supply and demand volumes of 1st January until 31st
December 2019 that equals 52 weeks of data. The Excel model of FC, Deterministic Model 1
and Simulation Model 2 have been used. For Simulation Model 2 the R-values of all cheese
and SI factories have been set on 1.0. This is done because the R-value denotes the deviation
between the planned and actual volumes and in this case the actual volumes have been tested.
The values of the contract levels when using the actual volumes as input data for the Excel
model of FC, Deterministic Model 1 and Simulation Model 2 are given in Table 11.1.
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Table 11.1 Probably best optimal contract level for 3 models when using the actual volumes
Excel model FC Deterministic Model 1 Simulation Model 2
Best optimal contract level
242
336
349

It is concluded that the probably best optimal level of contract sales, when using the actual
volumes, deviates between 242 mTon and 349 mTon. A possible explanation for this deviation
could be that the current method assumes that all cheese whey can be supplied to all SI factories.
Deterministic Model 1 and Simulation Model 2 takes into account the allocation restrictions
and therefore showed more sales via contract compared to the current method of FC. It has
been decided to use the range of 250-350 mTon as probably best optimal level of contract sales
since this is the best estimate.

11.3 COMPARISON OPTIMAL CONTRACT LEVEL
In this section the probably best optimal level of contract sales has been compared against the
retrieved optimal level of contract sales of the Excel model of FC, Deterministic Model 1 and
Simulation Model 2. To be sure that the optimal contract level is precise, 100 replications in
Simulation Model 2 have been executed and the mean value is used. The input variables which
consist of valorisation values, allocation possibilities, planned supply volumes of cheese whey
for each cheese factory and the planned demand levels for each SI factory are equal for each
model execution, with one exception. For testing the Excel model of FC, the demand for the
overflow SI factory has been set on zero since it will be used whenever it is needed. For Model
1 and Model 2 the demand for the overflow SI factory has been set on 200 mTon which is the
maximum capacity and will be used whenever it is needed. The value for the optimal contract
level is given below in Table 11.2.
Table 11.2 Optimal contract level comparison four methods.

Method
Actual volumes 52 weeks 2019

Optimal contract level
Q = 250-350 mTon

Plan volumes 52 weeks 2019, Excel model of FC
Plan volumes 52 weeks 2019, Deterministic Model 1
Plan volumes 52 weeks 2019, Simulation Model 2

Q = 217 mTon
Q = 203 mTon
Q = 293 mTon

From the table above, it can be concluded that the Excel model of FC and Deterministic Model
1 generate almost the same output. This result was expected because the models are quite
similar and only deviate in level of detail. It can be seen that the output of Simulation Model 2
is higher than the other two models. This result was expected because the planned supply and
demand volumes of cheese whey have been adjusted by the R-value which is inserted in the
model. The contract level of 293 mTon is the average value of 100 replications. The plot of
all 100 replications is shown in Figure 11.1.
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Figure 11.1 Output of contract sales for 100 replications of Simulation Model 2.

The purpose of the research was to design a decision support model which takes into account
the supply and production uncertainties. Simulation Model 2 ensures that the supply and
production uncertainties are taken into account by using the historical performance (R-value).
This model generates an output which becomes closer to the probably best optimal level of
contract sales determined with the actuals. To conclude which model should be advised to the
company, it should be substantiated with a more detailed analysis about the contract level
affecting the model output. This has been done in the next section.

11.4 COMPARISON MODELS
The level of contract sales influences the level of demand driven sales, spot sales and missed
demand sales. It has been decided to use the 2019 actual volumes of 52 weeks as input variables
in Simulation Model 2 with all R-values set on 1.0, but with a set contract level to determine
the level of demand driven sales, spot sales and missed demand sales. There are three contract
levels compared:
• Upper bound of the probably best optimal contract level (Q=350 mTon)
• Optimal contract level retrieved from Simulation Model 2 (Q=293 mTon)
• Optimal contract level retrieved from Excel model FC (Q=217 mTon)
It has been decided to only research the upper bound of the probably best optimal contract level
because the lower bound of 250 mTon falls between the range of Q= 217 and Q=293. The level
of demand driven sales, contract sales, spot sales and missed demand driven sales of 52 weeks
2019 are determined for all three contract values and shown below in Figure 11.2 and Figure
11.3.

Figure 11.2 Deviation between demand driven
sales

Figure 11.3 Deviation between contract sales,
spot sales and missed demand sales

For Figure 11.2 and 11.3 the y-axis has been adjusted due to privacy reasons as requested by
the organization. Based on the figures above multiple conclusions can be made. At first, a
higher contract volume generates less demand driven sales as is visible in the left figure. That
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can be explained by the fact that missed demand sales in some weeks compensate for the higher
sales of residual cheese whey via contract sales, instead of spot sales for other weeks. Therefore,
the level of missed demand sales increases whenever the level of contract sales increase as well.
In addition, a higher contract volume generates less spot sales.
For the organization it is interesting to understand the ratios from which cheese factories the
cheese whey is sold via contract or via spot, due to the different sorts of cheese whey (IFT,
Non IFT and %DM). In addition, it is interested to know which SI factories experience missed
demand sales. These shortages can be caused by the low valorisation value of that factory or
due to the allocation restrictions of the supplied cheese whey. The subdivision of the cheese
whey sorts sold via contract or spot are generated from Simulation Model 2 by using the 2019
planned supply and demand volumes. The subdivision of the cheese whey sorts which are sold
via contract or spot are given in Figure 11.4. The subdivision of the SI factories dealing with
missed sales in 52 weeks of 2019 are shown in Figure 11.5.

Figure 11.4 subdivision of the cheese whey
sorts sold via contract and spot sales

Figure 11.5 subdivision of the SI factories
dealing with missed demand sales

The total volume sold via contract or spot amount to 17,852 mTon of cheese whey in 52 weeks.
Figure 11.3 shows that the cheese whey sorts which are sold the most via contract or spot are
CH_0 (16%), CH_1 (32%), CH_4 (10%), CH_7 (11%) and CH_11 (11%). Figure 11.4 shows
the total volume missing demand sales, which amount to 7122 mTon of cheese whey in 52
weeks. SI_1 has the most missed demand sales (42%) and thereafter SI_7 (26%), SI_2 (10%)
and SI_6 (11%). SI_7 has the lowest valorisation value of all SI factories and therefore more
missed demand sales were expected for this factory. Due to the fact that SI_7 is not planned
for all 52 weeks, SI_1 has more missed demand sales. The model ensures that whenever SI_7
is planned, this cheese whey is sold first and thereafter the cheese whey of any other SI factory.

11.5 POTENTIAL BENEFIT
It has been decided to use Simulation Model 2 with R-values set on 1.0 and the 2019 actual
supply and demand volumes in this section again. The demand driven sales, spot sales and
contract sales have different valorisation values. The demand driven sales consist of eight
factories with eight different valorisation values. These different valorisation values have been
taken into account in the objective function of Simulation Model 2. The penalty costs which
were also included in the objective function have no influence on the difference between the
total valorisation values. This is due to the fact that the same input variables have been used,
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so the penalty cost for not satisfying the required %DM is equal for all three contract values.
Table 11.3 shows the objective values for the three different methods.
Table 11.3 Comparison objective of three different contract values.
PROBABLY BEST CONTRACT LEVEL
SIMULATION
MODEL 2
CONTRACT VALUE
Q= 250-350
Q=293
TOTAL NET PROFIT
€ 288,000 - € 469,000
€ 413,000

EXCEL MODEL
FC
Q=214
€ 82,000

All Total net profit amounts have been adjusted due to privacy reasons as requested by the
organization. The comparison shows that the range of the probably best contract level (Q=250350) generates a difference in total net profit of €188,000.-. A valorisation value of €413,000.would have been generated over a horizon of 52 weeks in case the FC had implemented
Simulation Model 2 (Q=293). A valorisation value of €82,000.- would have been generated
over a horizon of 52 weeks, when the organization used their own Excel model value (Q=214).
Based on these results it can be concluded that if the organization had used the Simulation
Model 2 instead of the Excel model FC a benefit of ca. €330,000.- had been realized for the
year 2019. Figure 11.6 shows an overview of the contract level in relation to the total net profit.

Total net profit

500.000
400.000
300.000
200.000
100.000
0
200

220

240

260

280

300

320

340

360

Level of contract sales

Figure 11.6 slope of the total net profit in relation to the level of contract sales

For figure 11.6 the y-axis has been adjusted due to privacy reasons as requested by the
organization. The figure shows that the total net profit grows whenever the contract level
increases till the contract level of 350 is reached. Hereafter, the slope will increase downwards.
It is uncertain whether this benefit can be realized in 2020 and the years after. At the moment,
it cannot be tested whether the R-value based on the 2019 historical performance can be used
for the year 2020 and further. More 2020 data should be made available to make a valid
conclusion by performing the same tests as described in this chapter with 2020 data. When
Simulation Model 2 proves to be closer to the probably best contract level compared to the
Excel model of FC once more, it can be concluded that this model is a sustainable model for
the organization.
Another benefit for the organization by using the Simulation Model 2 is to assess how the
model reacts on changes in supply or demand volumes. For example, to determine the effect
the model reacts on a capacity increase for one of the SI factories or on a maintenance task of
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10 weeks for a certain factory. In addition, it is possible to assess the expected allocation plan
of cheese whey between the cheese and SI factories over 52 weeks.
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12 CONCLUSIONS AND RECOMMENDATIONS
This chapter presents an overview of the conclusions and recommendations that has been
derived from the research as presented in the previous chapters. The first section elaborate more
on the conclusions of the research and the addition to the academic literature. The second
section presents the recommendations for the organization and academics.

12.1 CONCLUSIONS
FrieslandCampina is one of the market leaders in the dairy industry in the Netherlands. The
organization faces challenges in the raw material allocation between their cheese factories and
their Single Ingredient (SI) factories. The research focusses on twelve cheese factories who
supply cheese whey to eight SI factories.
In this report a model has been presented which uses the information on the expected
shortages and surpluses of the raw material, named cheese whey, to determine the level of
contract sales, spot sales, demand driven sales and missed demand sales of the HUB SI over a
horizon of 52 weeks. The goal of the research was “Design a decision support model which
generates the optimal level of contract sales RM that maximizes the total valorisation value
over a period of 52 weeks”. The level of contract sales affects the level of spot sales, demand
driven sales and missed demand sales.
The decision support model is aimed to improve the organizations current method for
determining the optimal contract level by extending it with more factors, such as the supply
volumes of each cheese factory, the demand volume of each SI factory, the allocation
possibilities between the factories, capacity constraints and the sort of cheese whey. By doing
this the output will be more reliable and accurate for usage in the future.
At initiation, a deterministic model has been designed which is the base model, mentioned as
Deterministic Model 1. This model has been extended with additional specifications to
Deterministic Model 2. Finally, a simulation model has been developed which includes
Deterministic Model 2 in order to deal with the supply and production uncertainties, referred
to as Simulation Model 2. To conclude which model generates the best forecasted output, the
models have been compared to each other by using the 2019 actual and planned volumes of
cheese whey. Based on these results it is concluded that Simulation Model 2 generates the best
forecasted output which becomes closest to the probably best contract level in the year 2019.
If the organization had used the Simulation Model 2 instead of the Excel model of FC a benefit
of €330,000.- had been realized for the year 2019.
Simulation Model 2 takes into account the cheese whey supply per cheese factory, the cheese
whey demand per SI factory, the allocation restrictions, the cheese whey sort, the capacity
levels of the SI factories and the possibility to include the historical performance of each cheese
and SI factories. Probability distribution functions (PDF) have been used in the simulation
model to incorporate the historical performance for each factory. The Anderson-Darling test is
used as goodness of fit test which is executed to determine the theoretical distribution for each
dataset.
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Simulation Model 2 has been modelled as a Mixed Integer Programming (MIP) model. The
MIP problem is programmed in the interface of Spyder with programming language Python.
The Gurobi Optimization version 9.0.0 is used for solving the MIP problem. The mathematical
model has been implemented such that the user inputs the data in Excel and the model is
executed. The Python output is visualized in Excel.
From the validation and verification of Simulation Model 2 it was found that all constraints are
obeyed, the distributions generate the right random values and the model behaves as expected
on extreme changes of the input variables. Furthermore, it was found that the variability is
small enough when 100 replications are used and a reliable conclusion can be made on the
model output. From the sensitivity analysis it was found that Simulation Model 2 is most
sensitive to changes in the supply level, demand level, performance of each cheese and each
SI factory. Therefore, the organization should focus on setting these input parameters right to
make sure that the output is reliable and accurate.
The aim of this research was to design a decision support model which ensures that the supply
and production uncertainties are taken into account by using the historical performance. From
our research, it can be concluded that the designed Simulation Model 2 meets these
requirements, shows a better performance and a higher valorisation value than the current
model. The question is whether the simulation model will be sustainable for the future relies
on the historical data and whether these data will be sufficient to forecast the performance of
the factories in the future.
During the literature research (Spijker, 2020) it has been found that there is a gap in the
literature between supply and capacity uncertainty in combination with a stochastic model
which takes into account contract or spot markets in the dairy industry. This research represents
a mathematical model which takes this supply and capacity uncertainty into account in a hybrid
model. Due to a limited dataset it is not possible to predict whether the model will be indeed a
sustainable solution to fill in this gap. A recommendation has been proposed in the next section.

12.2 RECOMMENDATIONS
This section presents the recommendations derived from the research conducted in this master
thesis project. First, the recommendations for the organizations are given and hereafter the
recommendations for academics are represented.
12.2.1 Recommendations for the organization
The model can be improved and extended when multiple actions will be executed, these are
recommended in this section. At first, it is recommended to gather more data on the actuals of
2020. At the start of 2021 it should be possible to verify whether the correction factor, R-value,
can be used to forecast the performance of each cheese and SI factory by making use of
historical data of the years 2018 and 2019. The same validation check can be executed as in
Section 10.2.2. It is expected that one year is sufficient to check whether Simulation Model 2
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is valid for usage in the future. The possibility arises that the Covid-19 virus could further
impact the performance of the factories in 2020, this needs to be taken into account.
In addition, seasonality is an aspect which could influence the performance of the cheese and
SI factories, so the R-value. Due to the limited dataset of 22 weeks overlap in the years 2018
and 2019, it has been impossible to validate in further detail as a part of this research. It is
recommended to verify in the future whether seasonality affects the R-value and if so to add
the aspect to Simulation Model 2.
Another recommendation is based on extending Model 2. At the moment, for each SI
factory j the valorisation value is calculated which is related to the demand driven sales for that
specific factory. The demand driven sales of this SI factory j denote n sort of products. To have
a more detailed decision making model it is advised to use the valorisation value for each
product produced at a certain SI factory and to determine how much cheese whey will be used
for this product.
Furthermore, at the moment penalty costs are included in Model 2 for not satisfying the
required percentage of dry matter for a specific SI factory. These penalty costs make sure that
the model satisfy the required %DM in case this is possible with the supplied level of cheese
whey. Currently the penalty cost is a warning for the organization to supply cheese whey from
third parties to gain the right %DM and is not based on real values. It is recommended to replace
the part of the binary variable and penalty cost in the objective function by the price for
supplying additional cheese whey for each mTon multiplied with the level of cheese whey
which needs to be supplied in week t. This change makes the objective value more reliable as
well as the benefits of the model.
In addition, it is recommended to discuss with third parties whether it is possible to have a set
contract level of less than 52 weeks, so decrease the planning horizon. For example, if the set
contract level is agreed for 26 weeks instead of 52 weeks the planning can be made more
accurate. The level of contract sales can be adjusted in case of unexpected problems such as
fires, viruses, strokes and others. The effect of these problems will be less noticeable if the
planning horizon is smaller.
The advised Model 2 takes into account the constraint that the volume produced at any SI
factory cannot exceed the demand level of that factory. In some cases the demand level is lower
than the capacity of that factory. It is recommended to check whether it is profitable to make
some adjustments to Model 2 and have the ability to produce more than the demand level in
case there are spot sales or contract sales. It is expected that the level of contract and spot sales
will decrease after making this adjustment to the Model.
Lastly, it is recommended to assess whether the model is applicable in other field of the
organization. For example, the cheese factories are dealing with the same problem as the HUB
SI. In this case there is supply uncertainty from the raw material milk and production
uncertainty at the cheese factories. Probably, by changing some parameters and the input
variables the model could improve FrieslandCampina on more than one level.
12.2.2 Recommendations for academics
This research takes into account supply uncertainty of the cheese factories and capacity
uncertainty of the SI factories. Xu (2010) and Bidhandi & Yusuff (2010) conducted research
taking into account supply uncertainty and demand uncertainty. For further research it is
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recommended to design an extension of Simulation Model 2 which takes into account supply
uncertainty, capacity uncertainty and demand uncertainty.
Another recommendation is to assess whether Simulation Model 2 is applicable to other
Industries such as Petroleum, Remanufacturing, Wood, Mining and others. In the current model
it is assumed that all demand driven sales are produced in one week. For other industries this
could be a longer time span to produce their products which results in a lower demand for raw
materials by the factories.
Lastly a recommendation for further research is to expand the allocation model with a transport
model. This could take into account the transport costs between the factories into account to
generate an output which becomes closer to the reality.
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APPENDIX 1. ASSUMPTIONS ACTUAL AND PLANNED VOLUMES 2018/19
This appendix involves the assumptions on the planned and actual data of the years 2018 and
2019. Multiple datasets have been gathered from the years 2018 and 2019. These have been
investigated and multiple assumptions were made for the missing data points.
A. Actuals cheese whey supply by cheese factory, week 31-52 in 2018.
B. Actuals cheese whey supply by cheese factory, week 1-18 & 21-52 in 2019.
C. Actuals cheese whey used by SI factory, week 31-52 in 2018.
D. Actuals cheese whey used by SI factory, week 1-18 & 21-52 in 2019.
E. Planned cheese whey supply by cheese factory, week 31-52 in 2018.
F. Planned cheese whey supply by cheese factory, week 1-18 & 21-52 in 2019.
G. Planned cheese whey used by SI factory, week 31-52 in 2018.
H. Planned cheese whey used by SI factory, week 1-18 & 21-52 in 2019.
Whenever missing values appear at the start of a time series it is recommended to shorten the
length of a time series. It is noted that the missing values for CH_1 (supply actuals) in week 23
tm 30 are not filled in for the year 2018, these data are not available. For that reason, the dataset
as per week 31 has been used in 2018. For week 19 and 20 in year 2019, multiple plants were
having missing values because they changed the recording system. For that reason week 19
and 20 have been completely deleted from the dataset in 2019.
The degree of severity of the missing value problem depends on whether or not a pattern existt,
to what extent the data have missing values, and why they appear as missing. It is a more
serious problem for the missing values to have a pattern than the amount of the missing values
(SPSS, 2007; Tabachnick & Fidell, 1996). If there are few missing values performing a random
pattern in large data sets, the problem is not so serious and using different methods in removing
missing values will cause similar results. However, having many missing values in small and
medium size data sets causes serious problems (Çokluk & Kayri, 2011).
Aggarwal & Azim (2017) states that there are two options for dealing with missing-data:
removing variables and filling in. The missing value is known as data imputation. According
to Mertler & Vannatta (2005) data imputation can be based on: mean of nearby points, median
of nearby points, linear interpolation or linear trend at point. Cokluk and Kayri (2011)
researched the effects of methods of imputation for missing values on the validity and
reliability of scales. It has been proven that the lowest explained variance rate appeared under
Linear Interpolation (Çokluk & Kayri, 2011). In this case the last valid value before the missing
value and the first valid value after the missing value are used. Whenever, the series has a
missing value, the missing value is replaced. This shows the second lowest variance rate
compared to the methods mean of nearby points, linear interpolation and linear trend at point.
Normally the linear interpolation method was used which has the lowest variance rate, but this
was found too late in the thesis research period and is therefore not used.
As mentioned before, data imputation is executed by the median of nearby points, meaning that
the median is calculated by using complete observation values three weeks prior and three
weeks after the missing data. This value is imputed instead of the missing data.
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The missing values for the SI factory SI_5 in week 42 & 43 in year 2018 have appeared
due to a revision of two weeks. For these missing values data imputation has been
executed..
For the missing values of the Cheese factory CH_4 in week 32, 33, 34 and 35 in year
2018 it has been assumed that there was a revision as well, because there are multiple
weeks in sequence. For these missing values data imputation is executed.
The missing values for SI factory SI_3 were not recognized as missing values because
no cheese whey has been supplied to this factory in 2018 and 2019.
Missing values for SI factory SI_7 could be true values because SI factory SI_7 is an
optional plant. Whenever zero cheese whey is supplied it is possible that it was not
needed or the plant was not available in 2018 and 2019.
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APPENDIX 2. THE NORMAL AND EXTREME OUTLIERS PER DATASET
Outliers occur due to an error, when calculating or recording the measurement value or due to
the experimental error (Grubbs, 1969). A univariate outlier is a data point that consists of an
extreme value on one variable, later mentioned as extreme outlier. A multivariate outlier is a
combination of unusual scores on at least two variables, later mentioned as normal outlier. For
univariate outliers, psychologists consider values to be outliers whenever they are more
extreme than the mean plus or minus the standard deviation multiplied by a constant, where
this constant is usually 3, or 3.29 (Tabachnick & Fidell, 2013). According to Barnett and Lewis
(1978), the detection of univariate outliers should be the first step in the detection of
multivariate outliers. After these are removed the univariate outliers can be obtained. A boxplot
is a graphical display where the outliers appear tagged, this method is executed in SPSS. SPSS
makes a difference in normal outliers and extreme outliers. In this Appendix the outliers of all
eight datasets will be presented. Only the extreme outliers have been removed from the dataset
which are used for this research. See Table A2.1 till A2.8 for the results.
Table A2.1 Outliers Cheese factory wk 31-52 in 2018, actual volumes
Cheese factory #outliers Weeks
#extreme outlier
CH_0
0
0
0
CH_1
2
39, 41
1
CH_2
1
50
0
CH_3
0
0
0
CH_4
0
0
0
CH_5
0
0
0
CH_6
1
37
0
CH_7
0
0
1
CH_8
1
51
0
CH_9
0
0
0
CH_10
0
0
0
CH_11
2
36, 49
1

weeks
0
45
0
0
0
0
0
42
0
0
0
48

Table A2.2. Outliers cheese factory wk 1-18 and wk 21-52 in 2019, actual volumes
Cheese
factory
#outlier Weeks
#extreme outlier
weeks
CH_0
1
48
0
0
CH_1
2
23, 40, 49
1
10
CH_2
2
13, 51
0
0
CH_3
0
0
0
0
CH_4
0
0
2
34, 43
CH_5
0
0
0
0
CH_6
1
37
0
0
CH_7
1
14
1
46
CH_8
3
8, 38, 40
0
0
CH_9
3
12, 36, 42
0
0
CH_10
0
0
0
0
CH_11
4
38, 39, 48
0
0
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Table A2.3 Outliers SI factory wk 31-52 in 2018, actual volumes

SI factory
SI_0&1
SI_2
SI_3
SI_4
SI_5
SI_6
SI_7

#outlier Weeks
1
0
0
0
0
0
0

37
0
0
0
0
0
0

#extreme outlier
0
0
0
0
3
0
0

weeks
0
0
0
0
33, 42,43
0
0

Table A2.4 Outliers SI factory wk 1-18 and wk 21-52 in 2019, actual volumes

SI factory
SI_0&1
SI_2
SI_3
SI_4
SI_5
SI_6
SI_7

#outlier Weeks
4
21, 24, 38, 39
2
42, 36
0
0
1
2
0
0
3
25, 40, 41
0
0

#extreme outlier
0
0
2
1
0
0
0

Table A2.5 Outliers cheese factory wk 31-52 in 2018, planned volumes
Cheese
factory
#outlier Weeks
#extreme outlier
CH_0
0
0
0
CH_1
1
43
2
CH_2
2
35, 45
1
CH_3
0
0
0
CH_4
0
0
4
CH_5
0
0
0
CH_6
0
0
0
CH_7
1
49
1
CH_8
1
41
1
CH_9
0
0
0
CH_10
5
34, 38, 40, 44, 50
4
CH_11
3
32,34,38
2

weeks
0
0
10,21
46
0
0
0

weeks
0
31,45
50
0
32,33,34,35
0
0
42
51
0
31, 49, 51,52
36, 48
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Table A2.6 Outliers cheese factory wk 1-18 and wk 21-52 in 2019, planned volumes
Cheese
factory
#outlier Weeks
#extreme outlier
weeks
CH_0
1
48
0
0
CH_1
2
10, 23
2
40, 49
CH_2
3
7, 13, 51
0
0
CH_3
0
0
0
0
CH_4
4
2, 8, 14, 32
1
34
CH_5
0
0
0
0
CH_6
0
6, 14, 37, 47
0
0
CH_7
0
0
1
46
CH_8
26,27,28,29,40,44,50
1
43
CH_9
0
0
0
0
CH_10
6
26, 41,48,49,50,51
1
52
CH_11
0
0
4
9, 23,35,47

Table A2.7 Outliers SI factory wk 31-52 in 2018, planned volumes

SI factory
SI_0&1
SI_2
SI_3
SI_4
SI_5
SI_6
SI_7

#outlier
2
1
0
0
0
0
0

Weeks
37, 50
41
0
0
0
0
0

#extreme outlier
0
0
1
0

weeks
0
0
42
0

0
0

0
0

Table A2.8 Outliers SI factory wk 1-18 and wk 21-52 in 2019, planned volumes

SI factory
SI_0&1
SI_2
SI_3
SI_4
SI_5
SI_6
SI_7

#outlier
0
0
0
1
2
2
0

Weeks
0
0
0
25
13, 45
5, 10
0

#extreme outlier
1
0
0
0
0
0
1

weeks
5
0
0
0
0
0
30
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APPENDIX 3. EXAMPLE CORRECTION FACTORS IN COMBINATION WITH PDF
In this appendix an example of the correction factor calculation is given. Hereafter the usage
of the correction factor in the PDF is shown and includes the generation of the expected supply
volume and expected demand volume parameters in combination with the R-value. Table A3.1
shows an example of the correction factor (𝐶𝑜𝑟𝑖𝑡 ) calculation over multiple weeks t, the supply
volumes are given in mTon of cheese whey. For the calculation the historical data of cheese
factory 1 has been used.
Table A3.1 Example cheese whey volumes plan, actual and r-factor for factory i.

Supply volumes
Plan
(𝑆1)

𝟏
348

𝟐
371

𝟑
371

𝟒
324

𝐭
393

…
…

𝟕𝟐
393

Actual
(𝑆1)
𝑪𝒐𝒓𝒊 = actual/plan

328
0,94

307
0,83

322
0,87

285
0,88

336
0,85

…
…

358
0,91

𝐶𝑜𝑟𝑡𝑖

=

𝑎𝑐𝑡𝑢𝑎𝑙 𝑠𝑢𝑝𝑝𝑙𝑦 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡
𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑠𝑢𝑝𝑝𝑙𝑦 𝑣𝑜𝑙𝑢𝑚𝑒 𝑡

=

𝐶𝑜𝑟1𝑖 =

328
= 0.94
348

(7.2)

So in week 1 (t=1) cheese factory i realized 94% of the planned supply volume. The correction
factors of cheese factory i over a horizon of 72 weeks are the input variables for the probability
density function (PDF) of cheese factory i. In total for all 12 cheese and 8 SI factories the PDF
has been obtained by the method described above. Figure A3.1 shows the PDF of cheese
factory i which is used as an example before.

Figure A3.1 Example PDF of cheese factory i based on historical data of 72 weeks

Each PDF consists of a theoretical distribution, mean and standard deviation. In Simulation
Model 2 this theoretical distribution will generate a random value which denotes the expected
performance level of the cheese factory i or SI factory j in week t. This expected performance
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level is based on the historical performance (correction factors) and later in this research
mentioned as the R-value (𝑅_𝐶𝐻𝑖𝑡 & 𝑅_𝑆𝐼𝑗𝑡 ).
In Simulation Model 2 for generating the expected supply level for each cheese factory i, the
R-value per cheese factory i in week t (𝑅_𝐶𝐻𝑖𝑡 ) is multiplied with the planned supply volumes
per cheese factory i in week t (𝑠𝑖𝑡 ) (A3.1).
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑠𝑢𝑝𝑝𝑙𝑦 𝑣𝑜𝑙𝑢𝑚𝑒 = 𝑠𝑖𝑡 ∗ 𝑅𝐶𝐻 𝑡𝑖

(A3.1)

For generating the expected demand level for each SI factory j, the R-value per SI factory j in
week t (𝑅_𝑆𝐼𝑗𝑡 ) is multiplied with the planned demand volumes of cheese whey per SI factory
j in each week t (𝑑𝑗𝑡 ) (𝐴3.2).
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑 𝑣𝑜𝑙𝑢𝑚𝑒 = 𝑑𝑗𝑡 ∗ 𝑅_𝑆𝐼𝑗𝑡

(A3.2)

For example, cheese factory i has a planned supply volume of 300 mTon of cheese whey in
week t. The R-value for cheese factory i in week t is a random pick from the distribution and
consist of the value 0.87. The expected supply volume of cheese factory i in week t is calculated
with the formula (7.3) and amount to of 261 mTon.
It is important to note that the optimal contract level has been obtained in Simulation model 2
with the expected supply and demand volumes instead of the planned volumes of cheese whey.
The performance of each factory has been taken into account whilst determining the expected
volume to make sure that the output of the mathematical model gives a better view of reality.
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APPENDIX 4. STATISTICAL TEST TO DETECT SIGNIFICANT DIFFERENCE IN
CORRECTION FACTORS BETWEEN THE YEARS 2018 AND 2019.
In this appendix it has been tested whether a significant difference exists between the correction
factors for each cheese and SI factory over the years 2018 and 2019. For testing the significant
difference in the correction factors, four datasets have been created. The tested weeks have
been set equally for both years to make sure that the same period is tested.
I.
J.
K.
L.

Correction factors for each cheese factory, week 31-52 in 2018.
Correction factors for each cheese factory, week 31-52 in 2019.
Correction factors for each SI factory, week 31-52 in 2018.
Correction factors for each SI factory, week 31-52 in 2019.

Requirements Paired Sample t-test and Mann-Whitney test.
The paired sample t-test fits best for comparing means from the same group at different times
(Neideen & Brasel, 2007). Two assumptions must be fulfilled for executing the paired sample
t-test:
1. Independent and identically distributed values.
2. Data consist of a normal distribution.
A sample of independent observations means that the value of one observation does not affect
the value of other observations (McDonald, 2014). It is expected that the observations are
independent of each other due to the fact that only the unexpected activities have influence on
the correction factors. The expected activities such as revision or shortage of raw material are
already taken into account in the planned volumes of cheese whey.
Whether the data consist of a normal distribution will be tested later in this appendix. Whenever
both assumptions are met, the paired sample t-test has been executed. In contrast, when the
data is not normally distributed the nonparametric Wilcoxon test for independent samples is
used which is called the Mann-Whitney test (van den Berg, 2018). Three assumptions hold for
executing the Mann-Whitney test:
1. The dependent variable should be measured at ordinal or continuous level.
2. The independent variable consist of two categorical, independent groups.
3. Independence of observations.
The first assumptions is satisfied for all four datasets (I, J, K & L) due to the fact that the
dependent value, volumes of cheese whey, consist of continuous variables. The second
assumption holds as well because the independent variable that meets the criteria are the years
2018 and 2019. The last assumption for independence of observations holds also as explained
in the t-test assumptions.
Test for Normality
A test for normality is executed for each dataset consisting of correction factors. To check
whether the data consist of a normal distribution, two methods can be used: KolmogorovSmirnov (KS) & Shapiro-Wilk. The Shapiro-Wilk test is more appropriate for small sample
sizes (< 50 samples) compared to the KS test (Lund & Lund, 2018). Due to the fact that our
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datasets consist of 22 weeks so denotes a small sample size, the Shapiro-Wilk test is used. To
assure that the significant difference between the datasets can be found with the right test a 95%
confidence interval is required to satisfy that a variable is normally distributed. Therefore, when
the p-value (Sig) is lower or equal to 0.05, the null hypothesis is rejected ( 𝐻0 ) and the
alternative hypothesis (𝐻1 ) is approved. There are two hypothesis tested.
𝐻0 = 𝑇ℎ𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 𝑐𝑜𝑛𝑠𝑖𝑠𝑡 𝑜𝑓 𝑎 𝑛𝑜𝑟𝑚𝑎𝑙𝑙𝑦 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝐻1 = 𝑇ℎ𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 𝑑𝑜 𝑛𝑜𝑡 𝑐𝑜𝑛𝑠𝑖𝑠𝑡 𝑜𝑓 𝑎 𝑛𝑜𝑟𝑚𝑎𝑙𝑙𝑦 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
In case both datasets with correction factors of the cheese factories in 2018 and 2019 (I & J)
consist of a normal distribution the paired sample t-test is executed to check whether there is a
significant difference detectable. This same assumption holds for the combination of the SI
factories datasets (K & L). The results of the Shapiro-wilk test are shown for all four tested
correction factors datasets in Table A4.1 till A4.4.
Table A4.1 Normality test results correction factor cheese factories wk 31-52 in 2018.

Tests of Normality

CH0
CH1
CH2
CH3
CH4
CH5
CH6
CH7
CH8
CH9
CH10
CH11

Kolmogorov-Smirnova
Statistic
df
,120
22

Sig.
,200*

Shapiro-Wilk
Statistic
df
,950
22

Sig.
,321

,140

22

,200*

,956

22

,410

,098

22

,200*

,972

22

,758

,147

22

,200*

,953

22

,365

,227

22

,005

,884

22

,015

,094

22

,200*

,976

22

,849

,136

22

,200*

,973

22

,771

,115

22

,200*

,967

22

,652

,154

22

,189

,947

22

,274

,181

22

,059

,923

22

,086

,107

22

,200*

,978

22

,887

22

,200*

,975

22

,817

,114

*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction

•

The correction factors of cheese factory CH_4 does not consist of a normal distribution
in 2018.
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Table A4.2 Normality test results correction factor cheese factories wk 1-18 & wk 21-52 in 2019.

Tests of Normality

CH0
CH1
CH2
CH3
CH4
CH5
CH6
CH7
CH8
CH9
CH10
CH11

Kolmogorov-Smirnova
Statistic
df
,076
50

Sig.
,200*

Shapiro-Wilk
Statistic
df
,990
50

Sig.
,948

,142

50

,013

,892

50

,000

,133

50

,028

,959

50

,082

,071

50

,200*

,978

50

,476

,139

50

,017

,956

50

,062

,112

50

,159

,964

50

,134

,089

50

,200*

,972

50

,290

,116

50

,093

,982

50

,647

,124

50

,053

,958

50

,076

,170

50

,001

,950

50

,033

,135

50

,024

,955

50

,055

,123

50

,058

,961

50

,096

*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction

•

The cheese factory CH_1 and CH_9 do not consist of a normal distribution in 2019.

Table A4.3 Normality test results correction factor SI factories wk 31-52 in 2018.

Tests of Normality

SI0 & SI1
SI2
SI3
SI4
SI5
SI6
SI7

Kolmogorov-Smirnova
Statistic
df
,111
22

Sig.
,200*

Shapiro-Wilk
Statistic
df
,981
22

Sig.
,926

,146

22

,200*

,938

22

,178

.

22

.

.

22

.

,109

22

,200*

,960

22

,496

,209

22

,013

,743

22

,000

,164

22

,127

,917

22

,067

,190

22

,037

,846

22

,003

*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction

•

The SI factories SI_5, SI_3 and SI_7 do not consist of a normal distribution in 2018.

Table A4.4 Normality test results correction factor SI factories wk 1-18 & wk 21-52 in 2019.

Tests of Normality

SI0 & SI1
SI2
SI3
SI4

Kolmogorov-Smirnova
Statistic
df
,134
50

Sig.
,026

Shapiro-Wilk
Statistic
df
,926
50

Sig.
,004

,091

50

,200*

,971

50

,246

.

50

.

.

50

.

,153

50

,005

,909

50

,001
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SI5
SI6
SI7

,102

50

,200*

,955

50

,057

,139

50

,017

,914

50

,001

,166

50

,001

,828

50

,000

*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction

•

The SI factories SI_0&1, SI_3, SI_4, SI_6 and SI_7 do not consist of a normal
distribution in 2019.

The paired sample t-test
The number of datapoints have to be equal for executing the statistical tests. Therefore, the
2019 dataset have been scrunched to the same weeks as in 2018. For each cheese and SI factory,
the correction factors in 2018 (wk31-52) have been compared to the correction factors in 2019
(wk31-52). Due to the fact that a wrong estimate of the performance for any cheese or SI factory
has a huge impact on the level of contract sales, a 95% confidence interval is selected; So
whenever the p-value (Sig) is lower or equal to 0.05, the null hypothesis (𝐻0 ) is rejected and
the alternative hypothesis (𝐻1 ) is accepted. There are two hypothesis tested.
𝐻0 = 𝑇ℎ𝑒 𝑝𝑎𝑖𝑟𝑒𝑑 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑛𝑠 𝑎𝑟𝑒 𝑒𝑞𝑢𝑎𝑙 (𝑁𝑜 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒)
𝐻1 = 𝑇ℎ𝑒 𝑝𝑎𝑖𝑟𝑒𝑑 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑛𝑠 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑒𝑞𝑢𝑎𝑙 (𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒)
The paired sample t-test on the correction factors of the cheese factories (I & J) has been
executed for the cheese factories CH_0, CH_2, CH_3, CH_5, CH_6, CH_7, CH_8, CH_10 and
CH_11. The paired sample t-test on the correction factors of the SI factories (K & L) has been
executed for SI factory SI_2. The extensive test results generated by SPSS are given in Table
A4.5 and A4.6.
Table A4.5 Paired sample t-test results on correction factor for cheese factories over 22 weeks in 2018
and 2019.

Paired Samples Statistics
Pair 1
Pair 2
Pair 3
Pair 4
Pair 5
Pair 6
Pair 7
Pair 8
Pair 9

CH_0_18
CH_0_19
CH_2_18
CH_2_19
CH_3_18
CH_3_19
CH_5_18
CH_5_19
CH_6_18
CH_6_19
CH_7_18
CH_7_19
CH_8_18
CH_8_19
CH_10_18
CH_10_19
CH_11_18

Mean
,9205
1,0286
,9891
1,0055
1,1286
1,1041
,9591
,8600
1,0309
1,0786
,9850
,9009
,9723
1,0177
1,0418
1,0232
,9495

N
22
22
22
22
22
22
22
22
22
22
22
22
22
22
22
22
22

Std. Deviation
,06160
,06756
,05126
,04262
,17453
,17922
,11509
,11339
,10583
,06650
,08523
,06553
,04471
,08406
,09733
,16505
,07101

Std. Error Mean
,01313
,01440
,01093
,00909
,03721
,03821
,02454
,02417
,02256
,01418
,01817
,01397
,00953
,01792
,02075
,03519
,01514

P a g e | 70

CH_11_19

•

•

,9959

22

,11851

,02527

For the cheese factories CH_2, CH_3, CH_6, CH_10 and CH_11 the p-value is higher
than 0.05, meaning that there is no significant difference between dataset 2018 and
2019.
For the cheese factories CH_0, CH_5, CH_7 and CH_8 the p-value is lower than 0.05,
meaning that there is a significant difference between the dataset 2018 and 2019.

Table A4.6 Paired sample t-test results on correction factor for SI factory SI_2 over 22 weeks in 2018 and
2019.

Paired Samples Statistics
Mean
Pair 1

•

N

Std. Deviation

Std. Error Mean

SI_2_18

1,0077

22

,13808

,02944

SI_2_19

1,0745

22

,16529

,03524

For the SI factory SI_2 the p-value is higher than 0.05, meaning that there is no
significant difference between dataset 2018 and 2019.

For the cheese factories CH_2, CH_3, CH_6, CH_10, CH_11 and SI factory SI_2 the p-value
was above 0.05 so there is no significant difference between the years 2018 and 2019 for these
factories. Therefore, for these factories the years 2018 and 2019 have been merged as one
dataset which will be used to determine the R-value’s in Simulation model 2. For the cheese
factories CH_0, CH_5, CH_7 and CH_8 a significant difference between the datasets 2018 and
2019 has been detected. The actual and planned volumes of cheese whey have been additionally
tested for a significant difference between the years 2018 and 2019, these test results are shown
in Appendix 5.
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The Mann-Whitney test
For this test as well, the number of datapoints have to be equal for executing the statistical tests
so the same weeks of years 2018 and 2019 have been compared. A 95% confidence interval is
selected so whenever the p-value (Sig) is lower or equal to 0.05, the null hypothesis (𝐻0 ) is
rejected and the alternative hypothesis is accepted (𝐻1 ). There are two hypothesis tested.
𝐻0 = 𝑇ℎ𝑒 𝑚𝑒𝑎𝑛 𝑟𝑎𝑡𝑖𝑛𝑔𝑠 𝑜𝑓 2018 𝑎𝑛𝑑 2019 𝑎𝑟𝑒 𝑒𝑞𝑢𝑎𝑙 (𝑁𝑜 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒)
𝐻1 = 𝑇ℎ𝑒 𝑚𝑒𝑎𝑛 𝑟𝑎𝑡𝑖𝑛𝑔𝑠 𝑜𝑓 2018 𝑎𝑛𝑑 2019 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑒𝑞𝑢𝑎𝑙 (𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒)
The Mann-Whitney test has been executed on the correction factors (I & J) for the cheese
factories CH_1, CH_9 and CH_4. Additionally, the test has been executed on the correction
value (K & L) for the SI factories SI_0&1, SI_3, SI_4, SI_5, SI_6 and SI_7. The extensive test
results generated by SPSS are given in Table A4.7 and A4.8.
Table A4.7 Mann-Whitney test results on correction factor for cheese factories over 22 weeks in 2018 and
2019.

Ranks
year
CH_1

CH_4

CH_9

N

Mean Rank

Sum of Ranks

,00

22

31,80

699,50

1,00

22

13,20

290,50

Total

44

,00

22

23,82

524,00

1,00

22

21,18

466,00

Total

44

,00

22

21,55

474,00

1,00

22

23,45

516,00

Total

44

Test Statisticsa
CH_1
Mann-Whitney U
Wilcoxon W
Z
Asymp. Sig. (2-tailed)

CH_4

CH_9

37,500

213,000

221,000

290,500

466,000

474,000

-4,805

-,681

-,493

,000

,496

,622

a. Grouping Variable: year

•
•

For the cheese factories CH_4 and CH_9 the p-value is higher than 0.05, meaning that
there is no significant difference between dataset 2018 and 2019.
For the cheese factory CH_1 the p-value is lower than 0.05, meaning that there is a
significant difference between the dataset 2018 and 2019. It can be seen that there is a
main difference in the mean of ranks, 2019 has a lower value compared to 2018.
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Table A4.8 Mann-Whitney test results on correction factor for SI factories over 22 weeks in 2018 and
2019

Ranks
year
SI_0&1

SI_3

SI_4

SI_5

SI_6

SI_7

N

Mean Rank

Sum of Ranks

,00

22

23,09

508,00

1,00

22

21,91

482,00

Total

44

,00

22

22,50

495,00

1,00

22

22,50

495,00

Total

44

,00

22

23,23

511,00

1,00

22

21,77

479,00

Total

44

,00

22

23,41

515,00

1,00

22

21,59

475,00

Total

44

,00

22

22,48

494,50

1,00

22

22,52

495,50

Total

44

,00

22

22,43

493,50

1,00

22

22,57

496,50

Total

44

Test Statisticsa
SI_0&1

SI_3

SI_4

SI_5

SI_6

SI_7

Mann-Whitney U

229,000

242,000

226,000

222,000

241,500

240,500

Wilcoxon W

482,000

495,000

479,000

475,000

494,500

493,500

-,305

,000

-,376

-,470

-,012

-,036

,760

1,000

,707

,639

,991

,971

Z
Asymp. Sig. (2-tailed)
a. Grouping Variable: year

•

For all tested SI factories by the Mann-Whitney test the p-value is higher than 0.05,
meaning that there is no significant difference between dataset 2018 and 2019.

For the cheese factories CH_9, CH_4 and the SI factories SI_0&1, SI_3, SI_4, SI_5 and SI_6
the p-value was above 0.05 so there is no significant difference between the years 2018 and
2019. For these factories it holds that the years 2018 and 2019 have been merged as one dataset
which has been used to determine the R-value’s in Simulation model 2. For the cheese factory
CH_1 a significant difference between the datasets 2018 and 2019 is detected. The actual and
planned volumes of cheese whey have been additionally tested for a significant difference
between the years 2018 and 2019. These test results are shown in Appendix 5.
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APPENDIX 5. STATISTICAL TEST TO DETECT SIGNIFICANT DIFFERENCE IN
ACTUAL AND PLANNED VOLUMES BETWEEN THE YEARS 2018 AND
2019.
The significant difference tests between the actual volumes in 2018 and 2019, and the
significant difference test between the planned volumes in 2018 and 2019 have been only
executed for the cheese factories CH_0, CH_1, CH_5, CH_7 and CH_8. First the test for
normality has been executed for the planned and actual volumes of cheese whey for all five
factories over the years 2018 and 2019. These results are given in Table A5.1 till A5.4.
Table A5.1 Normality test results cheese factory wk 31-52 in 2018. (actuals).

Kolmogorov-Smirnova
Shapiro-Wilk
Statistic df
Sig.
Statistic df
Sig.
*
CH_0
,135
22
,200
,953
22
,360
CH_1
,173
22
,084
,860
22
,005
*
CH_5
,151
22
,200
,909
22
,045
*
CH_7
,099
22
,200
,962
22
,524
CH_8
,162
22
,137
,925
22
,098
*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction
• It can be seen that the actuals of cheese factories CH_1 and CH_5 do not consist of a
normal distribution in 2018.
Table A5.2 Normality test results cheese factory wk 1-18 & wk 21-52 in 2019. (actuals).

Kolmogorov-Smirnova
Shapiro-Wilk
Statistic df
Sig.
Statistic df
Sig.
CH_0
,059
50
,200*
,982
50
,623
CH_1
,139
50
,017
,855
50
,000
*
CH_5
,081
50
,200
,951
50
,036
*
CH_7
,093
50
,200
,979
50
,513
*
CH_8
,091
50
,200
,975
50
,361
*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction
• It can be seen that the actuals of cheese factories CH_1 and CH_5 do not consist of a
normal distribution in 2019.
Table A5.3. Normality test results cheese factory wk 31-52 in 2018. (planned).

CH_0
CH_1

Kolmogorov-Smirnova
Statistic df
Sig.
,169
22
,100
,130
22
,200*

Shapiro-Wilk
Statistic df
,918
22
,936
22

Sig.
,071
,162
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CH_5
,180
22
,061
,894
22
,023
CH_7
,293
22
,000
,667
22
,000
CH_8
,169
22
,103
,799
22
,000
*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction
• It can be seen that the planned volumes of cheese factories CH_5, CH_7 and CH_8 do
not consist of a normal distribution in 2018.
Table A5.4 Normality test results cheese factory wk 1-18 & wk 21-52 in 2019. (planned).

Kolmogorov-Smirnova
Shapiro-Wilk
Statistic df
Sig.
Statistic df
Sig.
CH_0
,204
50
,000
,892
50
,000
CH_1
,241
50
,000
,773
50
,000
CH_5
,177
50
,000
,894
50
,000
*
CH_7
,108
50
,200
,952
50
,042
CH_8
,242
50
,000
,728
50
,000
*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction
• It can be seen that the planned volumes of all five cheese factories do not consist of a
normal distribution in 2019.
Paired sample t-test on actual volumes
For the actual volumes of cheese factory CH_0, CH_7 and CH_8 the paired sample t-test is
used to determine the significant difference between the years 2018 and 2019. See Table A5.5.
Table A5.5 Paired Samples Statistics results cheese factories.

Pair 1 CH_0-18
CH_0-19
Pair 3 CH_7-18
CH_7-19
Pair 4 CH_8-18
CH_8-19
•
•

Mean
337,8636
350,5455
799,0909
703,2727
1084,5000
1089,2727

N
22
22
22
22
22
22

Std.
Error
Std. Deviation Mean
32,21401
6,86805
31,57867
6,73259
67,14512
14,31539
62,29208
13,28072
63,35369
13,50705
105,65856
22,52648

For the factories CH_0 and CH_8 the p-value is higher than 0.05, meaning that there is
no significant difference between the actuals of dataset 2018 and 2019.
For the factory CH_7 the p-value is below 0.05, meaning that there is a significant
difference between the actuals of dataset 2018 and 2019.
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Mann-Whitney test on actual volumes
For the actual volumes of cheese factory CH_1 and CH_5 the Mann-Whitney test has been
performed. This test is used instead of the Paired Sample t-test because the 2018 and 2019 data
consist of a normal distribution. See A5.6 for the result.
Table A5.6 Results of the Mann-Whitney test for cheese factories CH_1 and CH_5 on actual data

Ranks Cheese factories
CH_1

CH_5

,00
1,00
Total
,00
1,00
Total

22
22
44
22
22
44

year N
18,00
27,00

Mean Rank Sum of Ranks
396,00
594,00

28,77
16,23

633,00
357,00

CH_5

CH_1

•

For the factories CH_1 and CH_5 the p-value is below 0.05, meaning that there is a
significant difference between the dataset 2018 and 2019.

Mann-Whitney test on planned volumes
For the planned volumes of cheese factory CH_0, CH_1, CH_5, CH_7 and CH_8 the MannWhitney test has been performed because of the results of the test for normality. See Table
A5.7 for the results.
Table A5.7 Results of the Mann-Whitney test for cheese factories on actual data.

Ranks cheese factories
weeks
CH_0
,00
1,00
Total
CH_1
,00
1,00
Total
CH_5
,00
1,00
Total

N
22
22
44
22
22
44
22
22
44

Mean Rank Sum of Ranks
28,07
617,50
16,93
372,50
13,41
31,59

295,00
695,00

22,98
22,02

505,50
484,50
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CH_7

CH_8

,00
1,00
Total
,00
1,00
Total

CH_0

•
•

22
22
44
22
22
44

27,16
17,84

597,50
392,50

25,66
19,34

564,50
425,50

CH_1

CH_5

CH_7

CH_8

For the cheese factories CH_5 and CH_8 the p-value is higher than 0.05, meaning that
there is no significant difference between the planned volumes of 2018 and 2019.
For the cheese factories CH_0, CH_1 and CH_7 the p-value is below 0.05, meaning
that there is a significant difference between the planned volumes of 2018 and 2019.

Cheese factory CH_0
The cheese factory CH_0 showed a significant difference in the correction factor and the
supplied planned volumes of cheese whey over the last 22 weeks of years 2018 and 2019. In
Figure A5.1. the supplied planned and actual volumes of cheese whey are shown for the above
weeks.
450
400
350
300
250
31 33 35 37 39 41 43 45 47 49 51 1 3 5 7 9 11 13 15 17 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51
Planborn
CH_0
Plan

actuals
Actualsborn
CH_0

Figure A5.1 The supplied planned and actuals of cheese factory CH_0 over 72 weeks.

The figure shows that the planned volumes in 2018 are mostly higher compared to the actuals.
In contrast, for the year 2019 the planned volumes are mostly lower compared to the actuals.
It is expected that the planner of this cheese factory made his forecasted planned volumes more
reliable based on the results of 2018. In addition, the 2019 data is more recent than the 2018
data. Therefore, only the data of 2019 has been used as historical dataset for the PDF of cheese
factory CH_0.
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Cheese factory CH_5
The cheese factory CH_5 showed a significant difference in the correction factor and the
supplied actual volumes of cheese whey over the last 22 weeks of years 2018 and 2019. In
Figure A5.2 the supplied planned and actual volumes of cheese whey are shown for the above
weeks.
350
300
250
200
150
31 33 35 37 39 41 43 45 47 49 51 1 3 5 7 9 11 13 15 17 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51
Plan
CH_5
Plan
Steenderen

ActualsSteenderen
CH_5
Actuals

Figure A5.2 the supplied planned and actuals of cheese factory CH_5 over 72 weeks.

From Figure A5.2 above, it can be seen that the actuals show a different pattern since week 21
of year 2019. A decrease in actuals is related to the performance of the factory; reasons could
be revision, shortness of workers, failures and others. It is decided to only use the data of 2019
for cheese factory CH_5 because this data is more recent as the 2018 data.
Cheese factory CH_7
The cheese factory CH_7 showed a significant difference in the correction factor, the actual
volumes and the planned volumes of cheese whey over the last 22 weeks of years 2018 and
2019. In Figure A5.3 the supplied planned and actual volumes of cheese whey are shown for
the above weeks.
1000
900
800
700
600
500
31 33 35 37 39 41 43 45 47 49 51 1 3 5 7 9 11 13 15 17 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51
PlanBedum
CH_7
Plan

Actuals
ActualsBedum
CH_7

Figure A5.3 the supplied planned and actuals of cheese factory CH_7 over 72 weeks.

From Figure A5.3 above, it can be seen that the planned volumes in 2018 shows no variation
in contrast with the actuals that do show variation. It is assumed that a mistake has been made
in the plan volumes of the cheese factory CH_7 in 2018. The gap between the actuals and
planned volumes for the year 2019 seems quite steady. Therefore, only the data of 2019 has
been used as historical data set for the PDF of CH_7. In addition, the 2019 data is more recent
as the 2018 data and therefore selected.
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Cheese factory CH_8
The cheese factory CH_8 showed only a significant difference in the correction factor over the
last 22 weeks of years 2018 and 2019. In Figure A5.4 the supplied planned and actual volumes
of cheese whey are shown for the above weeks.
1400
1300
1200
1100
1000
900
800
31 33 35 37 39 41 43 45 47 49 51 1 3 5 7 9 11 13 15 17 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51
PlanWorkum
CH_8
Plan

ActualsWorkum
CH_8
Actuals

Figure A5.4 the supplied planned and actuals of cheese factory CH_8 over 72 weeks.

From the figure it can be seen that the deviation between the actuals and plan volumes is very
small, with some outliers in 2019. The cheese factory CH_8 is the only supplier to the SI factory
SI_6. Normally all cheese whey from the cheese factory CH_8 is supplied to the SI factory
SI_6. From week 36 in 2018 till week 41 in 2019 the SI factory SI_6 dealt with a revision on
their tower. Because of this revision the SI factory needed less cheese whey as normal, most
of the cheese whey has been allocated to other SI factories. The planned and actuals volumes
were highly uncertain during this revision. It has been noticed that after the revision in week
41 in 2019 the planned and actual volumes showed small deviations and no strange outliers
were detected. Therefore, the last 11 weeks of year 2019 have been used as historical data for
determining the R-value in Simulation Model 2. A risk may arises with this conclusion because
a small dataset has been used.
Cheese factory CH_1
The cheese factory CH_1 showed a significant difference in the correction factor, the actual
volumes and the planned volumes of cheese whey over the last 22 weeks of years 2018 and
2019. In Figure A5.5 the supplied planned and actual volumes of cheese whey are shown which
implies the last 22 weeks of year 2018 and 50 weeks of year 2019.
800
700
600
500
400
300
31 33 35 37 39 41 43 45 47 49 51 1 3 5 7 9 11 13 15 17 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51
Plan
Gerkesklooster
Plan
CH_1

ActualsGerkesklooster
CH_1
Actuals

Figure A5.5 the supplied planned and actuals of cheese factory CH_1 over 72 weeks.
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From the figure it is seen that the shifts in plan volumes and actuals volumes is very high over
time. Whether the actuals are higher or lower than the planned volumes is also highly variated.
When setting the R-value for CH_1 based on any historical data part there is a high risk that
the planned volumes do not match with the actuals. Therefore, the R-value for the cheese
factory CH_1 has been set on 1.0 based on the historical data. By doing this the R-value has
no impact on the input data of cheese factory CH_1 in Simulation model 2.
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APPENDIX 6. PEARSON CORRELATION TEST
A Pearson correlation is a number between -1 and 1 that indicates the extent to which two
variables are linear related. This method has been selected because the data consist of
continuous variables (ratio level). For ordinal or nominal variables, other correlation tests needs
to be executed. The data requirements for the Pearson correlation test are listed below.
1. Two or more continuous variables (i.e., interval or ratio level)
2. Linear relationship between the variables
3. Independent cases (i.e., independence of observations)
4. Each pair of variables is bivariate normally distributed (N<20)
5. Random sample of data from the population
6. No outliers
For the plan volumes and the correction factors the variables consist of ratio level which fulfills
the data requirement. The test whether each pair of variables is bivariate normally distributed
is only needed for CH_8 and consist of 12 pairs. For testing whether the cheese factory CH_8
consist of a normal distribution is checked with the Shapiro-Wilk test in SPSS. A confidence
interval of 95% has been selected, which implies that when the p-value (Sig) is lower or equal
to 0.05, the null hypothesis (𝐻0 ) is rejected and the alternative hypothesis is accepted (𝐻1 ).
There are two hypothesis tested. Table A6.1 shows the output of the test.
𝐻0 = 𝑇ℎ𝑒 𝑑𝑎𝑡𝑎 𝑐𝑜𝑛𝑠𝑖𝑠𝑡 𝑜𝑓 𝑎 𝑛𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝐻1 = 𝑇ℎ𝑒 𝑑𝑎𝑡𝑎 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑐𝑜𝑛𝑠𝑖𝑠𝑡 𝑜𝑓 𝑎 𝑛𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
Table A6.1 . Output Shapiro-Wilk test for cheese factory CH_8.
Statistic

df

Sig.

CH_8_plan

,922

12

,300

CH_8_cor

,948

12

,602

*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction

For both the plan and correction factors of cheese factory CH_8, the p-value is above 0.05.
Therefore, the null-hypothesis has not been rejected. It has been concluded that the data consist
of a normal distribution. Lastly, the planned volumes and the correction factors do not consist
of outliers because the outliers were removed in the planned and actual volumes of cheese
whey. The correction factor has been calculated with this actual and plan volume. It can be
concluded that the data meet all listed requirements.
The Pearson correlation test has been executed to specify the relation between the planned
volumes of each cheese factory related to the correction factors of the cheese factory. In
contrast, this has been done for the SI factories as well. A negative correlation implies that
higher planned cheese volumes are associated with lower correction factors. A positive
correlation implies that higher planned cheese volumes are associated with higher correction
factors. No correlation implies that there is no relation between the level of plan volumes and
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the correction factor. The strength of the correlation is based on a well-known level of scale
(Cohen, 1988).
• 0.1 < | r | < 0.3
Small/weak correlation
• 0.3 ≤ | r | < 0.5
Medium/moderate correlation
• 0.5 ≤ | r | < 1.0
Large/strong correlation
In this research, it is assumed for each cheese and SI factory when the correlation is Large
(| r | ≥ 0.5) the classification of groups for the correction factors has a positive influence on the
output. When, the correlation is small or medium the level of planned volume has minimal
influence on the magnitude of the correction factor. Therefore, a random pick can be done from
the entire distribution without classification of groups. The Pearson correlation test has been
executed in SPSS. The results for ten cheese factories, excluding CH_1 and CH_9, are shown
in Table A6.2. The results for the six SI factories, excluding SI_3, are shown in Table A6.3.
The blue filled squares denote which correlation level applies to which factory.
Table A6.2. Pearson correlation values and results from SPSS test for 10 cheese factories.
Pearson correlation value
No correlation
Small negative correlation
Medium negative correlation
Large negative correlation

CH_0 CH_2 CH_3 CH_4
-0.511 -0.027 -0.588 0.062

CH_5 CH_6 CH_7 CH_8 CH_10 CH_11
-0.267 -0.251 -0.182 -0.602 -0.776 -0.315

Table A6.3. Pearson correlation values and results from SPSS test for 6 SI factories.
CH_0&1
CH_2
CH_4
CH_5
CH_6
Pearson correlation value
-0.677
-0.780
-0.541
-0.569
-0.658
No correlation
Small negative correlation
Medium negative correlation
Large negative correlation

CH_7
-0.040

From the tables it has been concluded that the cheese factories CH_0, CH_3, CH_8 and CH_10
possess a large negative correlation between the planned volumes and the correction factors.
The SI factories SI_0&1, SI_2, SI_4, SI_5 and SI_6 possess a large negative correlation
between the planned volumes and the correction factors. For all nine factories the correction
factor needs to be classified in groups. This satisfies that large planned volumes are combined
with lower correction factors, as well as that small planned volumes are combined with higher
correction factors. The other cheese and SI factories which possess no correlation, a small
negative correlation or a medium correlation are not classified in groups.
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APPENDIX 7. ASSUMPTION SI FACTORY SI_0 AND SI_1
Based on the Large negative correlation between the plan volumes and the correction factors
of the historical data, it has been decided to use classification in groups for SI factory SI_0&1.
In practical terms; SI_0&1 is a SI factory which consist of two factories, SI_0 and SI_1. Both
factories have a different output which generates a different valorisation value. In the
mathematical model the two factories have been treated as individual factories, with their own
supply and demand volume. In threshold, the historical correction factor is calculated for the
SI factory SI_0&1 as a whole. Therefore, an important assumption is made which influences
the model output and has been substantiated in this section. The assumption is made that the
historical data of the SI factory SI_0&1 denotes the correction factors of SI_1. It is assumed
that SI_0 consist of a correction factor of 1.0. Furthermore, no classification in groups is
possible which is explained in this appendix as well. Figure A7.1 gives an example of the
cooperation between the two SI factories. The volumes and valorisation values are an example
and do not imply the real values.

Arrival of 1000 mTon
cheese whey (CW)

SI_0

100 mTon CW used for processing product SI_0
Valorisation = 10 euro

500 mTon CW
400 mTon
residual product

500 mTon CW

SI_1

900 mTon CW used for processing product SI_1
Valorisation = 3 euro

Figure A7.1 The normal flow of cheese whey between SI_0 and SI_1.

Therefore, it can be assumed that whenever both SI factories produce as expected, SI_0
produces a residual product which is generated during the demand driven sales production.
This residual product is used in SI_1 for processing the demand driven sales of that factory. In
case SI_0 experience a standstill no cheese whey is rejected for SI_0&1 as a whole, because
SI_1 can be used as backup. See Figure A7.2.

Arrival of 1000 mTon
cheese whey (CW)

SI_0

0 mTon CW used for processing product SI_0
Valorisation = 10 euro

0 mTon CW
100 mTon CW used for processing other product
SI_1. Valorisation = 2 euro

1000 mTon CW

SI_1

900 mTon CW used for processing product SI_1
Valorisation = 3 euro

Figure A7.2. The flow of cheese whey in case of a standstill at SI factory SI_0.

Therefore, it can be assumed that a standstill at SI_0 never generates a rejection of cheese whey.
In consultation with the company the assumptions holds as well for the past. In case SI_1
experience a standstill the cheese whey is rejected as can be seen in Figure A7.3.
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Arrival of 1000 mTon
cheese whey (CW)

SI_0

100 mTon CW used for processing product SI_0
Valorisation = 10 euro

500 mTon CW
400 mTon residual product sold to third parties

0 mTon CW

SI_1

0 mTon CW used for processing product SI_1
Valorisation = 3 euro

Figure A7.3 The flow of cheese whey in case of a standstill at SI factory SI_1.

In this case 500 mTon of cheese whey had been rejected which will be allocated to other SI
factories or in worst case used for contract sales or spot sales. SI_0 is still able to produce their
demand driven sales; the residual product is sold to third parties.
Taking into account the relation between SI_0 and SI_1, it is assumed that SI_0 has no
influence on the rejection of cheese whey. It is assumed that all rejection of cheese whey in the
past is generated by a standstill of SI_1. It is important to mention that there is a deviation
between the planned demand driven sales and the actual demand driven sales of SI_0 when the
factory has a standstill, but this does not affect the allocation of cheese whey in the
mathematical model. Therefore, it has been stated that the historical correction factor of
SI_0&1 indicates the deviation between the plan and actuals demand of cheese whey for SI_1.
For SI_0 there is no deviation between the plan and actual demand volumes of cheese whey,
which results in a correction factor of 1.0.
Due to this assumption on the correction factor it is not possible to use the classification in
groups for the SI factory SI_0&1. The plan volumes of the historical data have been based on
SI_0 and SI_1, which creates too high ranges compared to the plan volumes of SI_1. An
example is given in Table A7.1 of the average, standard deviation and the planned demand
volume ranges of each group when the classification in groups was used.
Table A7.1 Mean and Standard deviation for classification in groups for SI_0&1.

Group1
Group2
Group3

<=1291
1292-1449
>=1450

Mean
Stdev.
1,18
0,14
1,03
0,11
0,96
0,10

The average volume of SI_1 over 2020 is 780 mTon. When taking into account the scales for
grouping from Table 8.8, most of the weeks fall in group 1 and generate higher R-values as in
reality.
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APPENDIX 8. EXAMPLE CLASSIFICATION OF GROUPS
In this appendix an example of the classification of groups is given for one cheese factory. This
method is similar for any SI factory. Figure A8.1 shows the classification of groups and their
ranges of plan volumes.

Group 1

Group 2

Group 3

257 - 343

344-372

373-393

≤ 343

344-372

≥ 373

Figure A8.1 Ranges of plan volumes and PDF’s for each group

The figure above shows the ranges of plan volumes: (257-343), (344-372) and (373-393). The
correction factors obtained from the historical data which correspond to that particular range
are shown in the PDF. Due to classification of groups there are three PDF’s considered for a
particular cheese or SI factory instead of one PDF, which results in three theoretical
distributions.
Cheese factory i proposes a planned volume of 351 mTon of cheese whey supply in week t.
Based on the historical data this plan volume needs to be adjusted. Therefore, the plan volume
is multiplied with a R-value to generate the expected volume of cheese whey supply in week t.
When making use of the classification of groups, the planned volume of 351 mTon falls within
the range of Group 2. Therefore, the random value for the R-value is picked from the PDF
which includes the correction factors group 2 with mean 0.94 and stdev. 0.074.
The specification of the groups is partly based on the boxplot theory. When making use of the
boxplot theory the ranges for each group are based on the median. This ensures that the
distribution is proportional but the scale varies. The boxplot theory splits the data in five parts:
“minimum”, first quartile (Q1), median, third quartile (Q3), and “maximum” which generate
four groups. Due to a limited dataset of 72 weeks it has been decided to use only three groups
for each factory and as such, the used method deviates from the boxplot theory. The steps which
were taken to get to the classification of groups is given below, which has been executed for
each cheese and SI factory. See Table 8.3. for an example of the plan volumes of cheese factory
i in relation to the correction factors over 72 weeks. It is important to note that some cheese
factories consists of less weeks, as discussed in chapter 7.
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Table 8.3 plan volumes cheese factory i and their correction factors over 72 historical weeks.
1
2
3
4
5
68
69
70
71
Cheese factory i
348 371 371 324 393 ……
257 300 361 360
Correction factor
0,94 0,83 0,87 0,88 0,85
1,06 1,00 0,92 0,96

72
358
1,03

The steps taken to get to the classification of groups are given below, which has been executed
2
3
4
5
68
69
70
71
72
for all selected cheese and1 SI factory.
Cheese factory i
Correction factor

Step 1:

257
1,06

300
1,00

302
1,03

303
1,03

304 ……
1,15

384
0,93

391
0,91

392
0,96

393
0,98

393
0,85

Sort the planned volumes from small to large, the correction values for each
planned volume remain linked. See Table 8.4 for an example of step 1 in relation
with the data
8.3.
sorted69
planned
1 of Table
2
3 The4red line
5 shows the68
70 volumes
71 with
72
value.393 ……
Cheese factory the
i corresponding
348 371correction
371 324
257 300 361 360 358

Correction factor
0,94 0,83 0,87 0,88 0,85
1,06 1,00 0,92 0,96 1,03
Table 8.4 The sorted plan volumes cheese factory i and their correction factors over 72 historical weeks.
Cheese factory i
Correction factor

1
257
1,06

2
300
1,00

3
302
1,03

4
303
1,03

5
304 ……
1,15

68
384
0,93

69
391
0,91

70
392
0,96

71
393
0,98

72
393
0,85

Step 2:

Split the ordered data in three groups, each group consist of equal parts. In this
case of 24 plan volumes and 24 correction factors.

Step 3:

For each group select the minimum and maximum plan volume of cheese whey.
These implies the ranges.

Step 4:

For each group specify the distribution of the historical correction factors which
are within this group.

P a g e | 86

APPENDIX 9. GOODNESS OF FIT TEST
For continuous fields, the Anderson-Darling (AD) test is used for determining goodness of fit
test. For ordinal and nominal inputs the chi-square test is used. Due to the fact that our data is
continuous, the AD-test has been selected as goodness of fit test which measures how well the
data fits a specified distribution. The p-values associated with the tests are also shown. The
hypotheses for the AD-test are:
𝐻0 = 𝑇ℎ𝑒 𝑑𝑎𝑡𝑎 𝑐𝑜𝑚𝑒 𝑓𝑟𝑜𝑚 𝑎 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
𝐻1 = 𝑇ℎ𝑒 𝑑𝑎𝑡𝑎 𝑑𝑜 𝑛𝑜𝑡 𝑐𝑜𝑚𝑒 𝑓𝑟𝑜𝑚 𝑎 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛
The distribution with the smallest value of the Anderson-Darling statistic is the one that
provides the closest fit to the data. When examining fit statistics for distributions, larger pvalues indicate higher statistical significant. As a general rule, p-values less than 0.05 indicate
that the distribution may not provide a close fit to the data. When executing the simulation
builder in SPSS, two fitting statuses were found, namely:
• The input is set to the closest fitting distribution
• The closest fitting distribution has been replaced with an alternate distribution from the
Fit details dialog.
Results cheese factories

The AD-test is not executed for cheese factory CH_1. For the other eleven cheese factories the
AD goodness of fit test is executed. For the cheese factories CH_2, CH_4, CH_5, CH_6, CH_8,
CH_9 and CH_11 no classification in groups was needed. The results of the AD-test are given
below in Table A9.1.
Table A9.1 Results cheese factories AD-tests

CH_2
CH_11
CH_8
CH_7

Best fit
Normal
Normal
Lognormal
Normal

Closest best fit distribution
Gamma
Gamma
Gamma
Gamma

scale
shape
AD-test p-value
0.004737
445.25
0.54
0.007752
123.53
0.61
0.004737
109.33
1.53
0.007724
116.87
0.43

a

b

CH_4

Best fit
Weibull
Best fit
Triangular
Triangular
Triangular

max

CH_6
CH_5
CH_9

1.04

AD-test p-value
11.93
0.46
0.25

min
1.24
1.08
1,17

0.16
0.11
0.01
0.25

0.85
0.58
0,18

mode
AD-test p-value
1.07
0.22 Not available
1.04
0,23 Not available
0,94
0,96 Not available

From the table above it is concluded that CH_4, CH_5, CH_6 and CH_9 are fitted to the best
distribution. Cheese factories CH_2, CH_11, CH_7 and CH_8 have the best fit with the Normal
or Lognormal distribution. Due to the fact that the normal distribution consist of a negativity
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risk, which is not possible in this research, a Gamma distribution is selected as closest fit
distribution. The Lognormal distribution is replaced by the closest fit distribution because this
distribution function was not available in python. In general, p-values less than 0.05 indicate
that the distribution may not provide a close fit to the data. All cheese factories, except CH_8,
have a P-value above 0.05 so the selected distribution has a fit of 95% with the data. Cheese
factory CH_8 has a P-value below 0.05 which states that the data of cheese factory does not fit
to the Gamma distribution for 95%. Due to the fact that the gamma distribution has the closest
fit it is decided to use it for the future but it needs some extra attention in the further validation
of the model. For the cheese factories CH_0, CH_3 and CH_10B classification in groups is
executed. The historical correction factors of each group are tested in the Simulation builder of
SPSS. The results of the AD-test are given below in Table A9.2.
Table A9.2 Results AD-tests for the three groups of each cheese factory

CH_10_Gr3

Best fit
Lognormal

Closest best fit distribution
Gamma

scale
shape
0.005258 176.68

max

min

CH_0_Gr1
CH_0_Gr2
CH_10_Gr2

Best fit
Triangular
Triangular
Triangular

a

CH_10_Gr1
CH_3_Gr1

Best fit
Weibull
Weibull

max

CH_0_Gr3
CH_3_Gr2
CH_3_Gr3

Best fit
Uniform
Uniform
Uniform

1.21
1,14
1.17

mode
0,97
1,02
0,77
1,01
0.83
1.07

b
1.16 11.62
1.28 9.87
min
1,08
1.28
1.17

AD-test
0.42
0.45

AD-test
0.4

p-value
0.25

p-value
Not available
Not available
Not available
p-value
0.25
0.25

AD-test p-value
0,84
0,03
1,0
0.84
0.3
1.0
0.84
0.06
1.0

It can be seen from the table above that CH_10_Gr3 is fitted to closest fit distribution instead
of the best fit. The p-value is still above 0.05 so no problems are expected. All other groups are
fitted to their best fit.
13.1.1.1 Results SI factories

For SI factory SI_7 and SI_1 no classification in groups was needed so the AD goodness of fit
test has been executed for the full dataset. The results of the AD-test are given below in Table
A9.3 and A9.4.
Table A9.3 Results AD-test SI factory SI_7

SI_7

Best fit
Exponential

Scale

AD-test p-value
1,7
-16,23 1.0
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Table A9.4 Goodness of fit test results for SI factory SI_1.
Closest fit distribution Shape
Scale
Best fit
AD-test
p-value
Gamma
0,0215
SI_1
Lognormal
49.87
0.48 0.24

From the table above it can be concluded that SI factory SI_7 is fitted to the best distribution,
which is the exponential distribution. The exponential distribution is not an appropriate
distribution to use in an allocation model because of the high risk of exceeding the capacity.
The Whey Valorisation & Allocation planner of FC stated that in the past SI factory SI_7 has
been always planned to their full capacity. This because it is an overflow location, which causes
the high variety between planned and actual volumes. Due to the unreliability of the
performance data of SI factory SI_7, it has been decided to set the R-value for SI_7 each week
on 1.0. For SI factory SI_1 it can be concluded that the best fit is the Lognormal distribution.
For the same reason as explained for cheese factory CH_8 it has been decided to use the
Gamma distribution which has the closest fit.
For the SI factories SI_2, SI_3, SI_4, SI_5 and SI_6 classification in groups has been executed.
The historical correction factors of each group have been tested in the Simulation builder of
SPSS. The results of the AD-test are given below in Table A9.5.
Table A9.5 Results AD-tests for groups of SI factories
Best fit
SI_5_GR1 Normal

Closest fit distribution Scale
Shape AD-test p-value
Gamma
0.09330 10.09
0.61
0.12

Best fit
SI_2_GR1 Normal

Closest fit distribution a
Weibull

SI_4_GR2
SI_2_GR3
SI_5_GR2
SI_8_GR1
SI_8_GR2

Best fit
Max
Triangular
Triangular
Triangular
Triangular
Triangular

Best fit
SI_8_GR3 Uniform
SI_4_GR3 Uniform
SI_5_GR3 Uniform

Max

Best fit
SI_2_GR2 Weibull

a

Best fit
SI_4_GR1 Gamma

Scale

b
1.26

8.25

AD-test p-value
0.27
0.25

1.26
1.11
1.1
1.62
1.15

Min
Mode AD-test p-value
0.59
1.07
0.54 Not available
0.75
1.09
0.27 Not available
0.36
1 -0.13 Not available
0.75
1.02
0.28 Not available
0.57
0.91
0.77 Not available

1.08
1.03
0.98

Min
AD-test p-value
0.60 -0.53 0.0
0.65 -0.13 0.0
0.52
0.02 1.0
b

1.08

11.77

AD-test p-value
0.28
0.25

Shape AD-test p-value
14.14 15.56
0.19
0.25

From the table above it can be seen that SI_5_GR1 and SI_2_GR1 have the closest fit to the
normal distribution. Due to the negativity risk of this distribution, the closest fit distribution
has been used. For the other groups the best fit distribution has been used in the simulation
model.
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APPENDIX 10. CHECK SIMULATION OUTPUT
In this appendix the output of Simulation Model 2 has been validated whether it obeys all the
constraints. At first, the model output without using the R-value has been checked. Secondly,
the model output with using the R-value has been checked. For both checks a random week in
the 52 tested weeks has been selected for this validation step.
The first constraint which has been tested is whether the cheese whey volume of cheese factory
i in week t (𝑆𝑖𝑡 ) has been divided according the right ratio’s (𝑃𝑖𝑘 ). This check results in a
volume of cheese whey of cheese whey sort k (𝑠𝑘𝑡 ). Table A10.1 shows the results.
Table A10.1 Comparison of the input data versus the model output.
CH_0
CH_1
CH_2
CH_3
CH_4
CH_5
CH_6
CH_7
CH_8
CH_9
CH_10
CH_11
Total

𝑆𝑖𝑡
382
713
372
355
282
167
515
862
1141
0
400
420
5608

𝑖
0
1
2
3
4
5
6
7
8
9
10
11

CH_0_Non IFT 22%
CH_1_Non IFT 27%
CH_2_Non IFT 25%
CH_3_Non IFT 27%
CH_4_Non IFT 11%
CH_5_IFT 5%
CH_5_Non IFT 5%
CH_6_IFT 27%
CH_6_IFT 5%
CH_7_IFT 5%
CH_8_IFT 25%
CH_8_IFT 5%
CH_9_Non IFT 28%
CH_9_Non IFT 60%
CH_10_IFT 26%
CH_11_IFT 17%
Total

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

%𝐷𝑀
0.22
0.27
0.25
0.27
0.11
0.05
0.05
0.27
0.05
0.05
0.25
0.05
0.28
0.6
0.26
0.17

𝑃𝑖𝑘
1
1
1
1
1
0.82
0.18
0.94
0.06
1
1
0
0.5
0.5
1
1

𝑠𝑘𝑡
382
713
372
355
282
137
30
484
31
862
1141
0
0
0
400
420
5608

Model Output
s_0_42
382
s_1_42
713
s_2_42
372
s_3_42
355
s_4_42
282
s_5_42
137
s_6_42
30
s_7_42
484
s_8_42
31
s_9_42
862
s_10_42
1141
s_14_42
400
s_15_42
420
Total
5608

In the left table the plan volumes of each cheese factory are given which are the input variables
of week 42. The middle table shows the values which are expected. This expected value is
calculated with the formula 𝑠𝑘𝑡 = 𝑠𝑖𝑡 ∗ 𝑃𝑖𝑘 . The right table denotes the model output. It can be
concluded that the model output corresponds to the expected values in the middle table so the
constraints are obeyed.
Hereafter, it has been checked whether constraints (6.13) and (6.14) were satisfied. These
constraints imply that allocated volumes cannot exceed the input variables for supply and
demand. In addition, it has been checked whether the model denotes the right level of missed
demand sales, spot sales and contract sales. See Table A10.2 for the results.
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Table A10.2 check whether supply and demand volume of each SI factory is not exceeded.
𝐷𝑗𝑡
𝑈𝑠𝑒𝑑 𝑣𝑜𝑙𝑢𝑚𝑒 𝑖𝑛 𝑚𝑜𝑑𝑒𝑙 𝑀𝑖𝑠𝑠𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑 𝑠𝑎𝑙𝑒𝑠
564
564
0
843
843
0
1404
1404
0
0
0
0
1129
1100
29
203
203
0
875
875
0
200
200
0
5219
5189
29

SI_0
SI_1
SI_2
SI_3
SI_4
SI_5
SI_6
SI_7
Total

Model output:
Level of contract sales
Level of spot sales
Level of missed demand sales

CH_0_Non IFT 22%
CH_1_Non IFT 27%
CH_2_Non IFT 25%
CH_3_Non IFT 27%
CH_4_Non IFT 11%
CH_5_IFT 5%
CH_5_Non IFT 5%
CH_6_IFT 27%
CH_6_IFT 5%
CH_7_IFT 5%
CH_8_IFT 25%
CH_8_IFT 5%
CH_9_Non IFT 28%
CH_9_Non IFT 60%
CH_10_IFT 26%
CH_11_IFT 17%
Total

392
28
29

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

𝑠𝑘𝑡 𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑑 𝑣𝑜𝑙𝑢𝑚𝑒 𝑖𝑛 𝑀𝑜𝑑𝑒𝑙 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑐ℎ𝑒𝑒𝑠𝑒 ℎ𝑒𝑦
382
382
0
713
602
111
372
372
0
355
355
0
282
282
0
137
137
0
30
0
30
484
441
43
31
31
0
862
862
0
1141
905
236
0
0
0
0
0
0
0
0
0
400
400
0
420
420
0
5608
5189
419

The table above shows in the upper left table that cheese whey used in the model never exceeds
the input variables (𝐷𝑗𝑡 ). The level of missed demand sales in the model corresponds to the
model output. In the left table it is shown that the cheese whey supplied in the model never
exceeds the input variables (𝑠𝑘𝑡 ). The residual cheese whey can be divided in contract sales and
spot sales which correspond to the model output.
The allocation of the cheese whey sort k between cheese factory j is an important factor in the
model which needs to be validated. The allocations done in the model in week 42 have been
checked versus the allocation restrictions. The result is given in Table A10.3.
Table A10.3 Check whether allocation restrictions are obeyed.
k \ j
0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

0
0
0
0
0
0
1
0
1
1
0
1
1
0
0
1
1

1
0
1
0
1
0
1
1
1
1
0
1
1
0
0
1
1

2
1
1
1
1
1
0
0
1
0
0
1
0
1
1
1
0

3
0
0
0
0
0
0
0
0
0
0
1
0
0
0
0
0

4
0
0
0
0
0
0
0
1
0
1
0
0
0
0
0
1

5
0
0
0
0
0
0
0
1
0
0
1
0
0
0
1
0

6
0
0
0
0
0
0
0
0
0
0
1
0
0
0
0
0

7
0
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Output model
X_0_2_42
X_1_1_42
X_1_7_42
X_1_2_42
X_2_2_42
X_3_2_42
X_4_2_42
X_5_0_42
X_5_1_42
X_7_4_42
X_7_5_42
X_8_0_42
X_9_4_42
X_10_6_42
X_10_0_42
X_14_1_42
X_15_0_42

𝑡
𝑋𝑘𝑗

The table above shows in the left table the possible allocations between k and j. It can be seen
𝑡
that the output of the model consist of the value 𝑋𝑘𝑗
and all possibilities between k and j are
possible when comparing to the left table. It has been concluded that the allocation constraint
is obeyed. Another constraints requires that the model cannot exceed the capacity of factory j
in week t. See Table A10.4 for the results of the validation.
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Table A10.4 Check whether the constraint restriction for each SI factory is obeyed
SI_0&1
SI_2
SI_3
SI_4
SI_5
SI_6
SI_7

𝐶𝑗𝑡
𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝑖𝑛 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙
1575
1407
1750
1404
0
0
1100
1100
616
203
950
875
200
200

From the table it can be seen that allocated volume to each SI factory does not exceed the
capacity of that specific factory in week 42.
For the last constraint, it has been checked whether the %DM is satisfied in the model and if
not whether the penalty cost is subjected to the objective function. In this case, the supplied
level of cheese whey has been multiplied with the %DM for each product k. For SI factory
SI_0 the thickness of the total supplied cheese whey volume needs to range between 11 and 15
percent. In this case, the demand volume of SI_0 has been multiplied with the required
percentages of DM and results in the bounds. See Table A10.5 for the results.
Table A10.5 Results of model whether required %DM is satisfied at factory SI_0.

K
5
8
10
15

DM% #mton Thickness value
0,05
83,1
4,16
0,05
30,9
1,55
0,25
30
7,50
0,17
420
71,40
Total
84,60
Total
84,60

Demand SI_0 required DM
564
0,10
564
0,15

≥
≤

Thickness value
56,45
84,67
Required thickness
56,45
84,67

From the table it can be concluded that the level of required DM for SI factory SI_0 has been
satisfied in week 42. For SI factory SI_2 the thickness of the total supplied cheese whey volume
needs to be bigger than 19.5%. In this case, the demand volume of SI_2 has been multiplied
with the required percentages of DM. See Table A10.6 for the result.
Table A10.6 Results of model whether required %DM is satisfied at factory SI_2.

K
0
2
3
4
1

DM% #mton Thickness value
0,22
382
84,04
0,27
372
100,44
0,25
355
88,75
0,27
282
76,14
0,11
13
1,43
Total
351

Demand SI_2 required DM
1404
0,20

≥

Thickness value
273,73

Required thickness
273,73

From the table it can be concluded that the level of required DM for SI factory SI_2 has been
satisfied in week 42. Based on this appendix it has been concluded that Simulation Model 2 is
working as needed and all constraints are obeyed.
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APPENDIX 11. COMPARISON MEAN AND STANDARD DEVIATION
In this appendix the values of the mean and standard deviation between the historical data and
the random generated data in Simulation Model 2 have been compared to each other.
Results cheese factories

For all 12 cheese factories the historical mean and standard deviation over 72 weeks is
compared to the random values (RV) generated by the theoretical distributions. Table 11.1.
shows the results of the comparison between the historical data (His) and random values.
Table A11.1 Comparison mean and average between random values and historical values of cheese
factories.
His mean
RV mean
His Stdev
RV Stdev

CH_0 CH_1 CH_2 CH_3 CH_4 CH_5 CH_6 CH_7 CH_8 CH_9 CH_10 CH_11
0.98
1.01
1.00
1.10
1.00 0.90 1.05
0.90
1.00
0.76
1.02
0.98
0.98
1.00
1.01
1.02
0.94 0.91 1.06
0.91
0.99
0.74
0.98
0.97
0.09
0.18
0.05
0.15
0.11 0.11 0.08
0.08
0.07
0.24
0.12
0.09
0.09
0.00
0.05
0.15
0.08 0.12 0.10
0.08
0.06
0.23
0.08
0.09

When comparing the mean and standard deviation of the historical data with the random values
it was found that there were some deviations. For CH_1 it was decided to use 1.0 as standard
R-value in Section 7.4.3 which cause the deviation. For CH_3, CH_4 and CH_10 the deviation
stands out, it was found that all three of them rely on the Weibull distribution. It is concluded
that the Weibull distribution gives a deviation in the random values, probably caused by the
generator in Python. Therefore, they are replaced by the closest fit distribution. The new
goodness of fit results are given below in Table A11.2.
Table A11.2 Goodness of fit results 2nd test for CH factories
CH_10_Gr1
CH_3_Gr1
CH_4

Best fit
Weibull
Weibull
Best fit
Weibull

2nd Closest fit distribution
Gamma
Gamma
2nd Closest fit distribution
Triangular

scale
0.012553
0.018483
max
1.17

shape

AD-test p-value
0.45
0.25
0.66
0.09
mode
AD-test
p-value
0.62
1.17
1.45 not available

88.29
66.04
min

From Table 10.2 it can be seen that all four datasets are fitted to their second closest fit
distribution. The closest fit distribution is the normal distribution which is not advised for this
research and therefore not selected. The test results when replacing the Weibull distribution
with the 2nd closest fit are given in Table A11.3.
Table A11.3 Comparison mean and average between new random values and historical values of CH
factories
His mean
RV mean
His Stdev
RV Stdev

CH_0 CH_1
CH_2 CH_3
CH_4 CH_5 CH_6 CH_7
0.98
1.01
1.00
1.10
1.00
0.90
1.05 0.90
0.98
1.00
1.01
1.10
0.99
0.90
1.06 0.90
0.09
0.18
0.05
0.15
0.11
0.11
0.08 0.08
0.09
0.00
0.04
0.13
0.12
0.12
0.08 0.09

CH_8 CH_9 CH_10 CH_11
1.00 0.76 1.02 0.98
1.00 0.76 1.03 0.97
0.07 0.24 0.12 0.09
0.07 0.23 0.13 0.09
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When comparing the values in Table A11.3 it can be concluded that the Simulation Builder of
SPSS in combination with the random value generator in Python is a valid method to generate
random variables based on historical data distributions for the cheese factories.
Results Single Ingredients

For all 8 SI factories the historical mean and standard deviation over 72 weeks is compared to
the random values (RV) generated by the theoretical distributions when the historical data is
used as input variables. Table A11.4. shows the results of the comparison between the historical
data (His) and random values.
Table A11.4 Comparison mean and average between random values and historical values of SI factories.
SI_0
SI_1
SI_2
SI_3
SI_4
SI_5
SI_6
SI_7
His mean 1.06
1.07 0.98
0.87
0.95
0.59
RV mean
1.00
1.04
0.95
1.00
0.96
0.85
0.94
1.00
His Stdev 0.15
0.15 0.21
0.24
0.21
0.62
RV Stdev
0.00
0.14
0.16
0.00
0.22
0.22
0.19
0.00

When comparing the mean and standard deviation of the historical data with the random values
some deviations were found. For SI_7 it was decided to use 1.0 as standard R-value in Section
8.2.2.2. which cause the deviation. SI_2 group 1 and 2 rely on the Weibull distribution and are
replaced for the same reason as explained for the cheese factories. The new goodness of fit
results for SI_2 are given below in Table A11.5.
Table 11.5 Goodness of fit results 2nd test for SI factories.

Best fit
SI_2_GR1 Weibull
SI_2_GR2 Weibull

Closest fit distribution Scale
Shape
AD-test
Gamma
0.02232
53.35 0.28
Gamma
0.01144
90.38 0.35

p-value
0.25
0.25

From Table A11.5 it can be seen that both datasets are fitted to the Gamma distributions with
a p-value higher than 0.05. The new test results when using the Gamma distribution are given
in Table A11.6.
Table A11.6 Comparison mean and average between new random values and historical values of SI
factories.
bor1
bor2
vegh
Dron
bed
beil
work
gerkes
His mean 1.06
1.07 0.98
0.87
0.95
0.59
RV mean
1.00
1.05
1.05
1.00
0.98
0.85
0.94
1.00
His Stdev 0.15
0.15 0.21
0.24
0.21
0.62
RV Stdev
0.00
0.14
0.16
0.00
0.23
0.27
0.19
0.00

From the table it is concluded that the theoretical distributions fit the data sufficient. It is
concluded that the Simulation Builder of SPSS in combination with the random value generator
in Python is a valid method to generate random variables based on historical data distributions
for the SI factories.
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APPENDIX 12. RESULTS MEAN COMPARISON TRAINING & TEST SET
To test the model validity the data can be split in a training- and validation set. The training set
is used to optimize a goodness-of-fit criterion and the performance is recorded on the validation
set (Webb, 2002). Due to the limited data it has been decided to use all historical data specified
earlier in the report as training set. As validation set the data of 01-01-2020 till 18-05-20 has
been used, it consist of 18 weeks which has no overlap with the training set.
At first the average deviation (R-value) is determined between the actual and planned volumes
of the validation data over 18 weeks. Simulation Model 2 aims to forecast this deviation by
making use of the historical data and it needs to be checked whether this is sufficient.
Therefore, the random variables of the R-value are gained from Simulation Model 2 when
using the plan volumes of 18 weeks in 2020 as input variables. Due to uncertainty the average
R-value is selected of 10 runs which implies 10 times 18 weeks of random variables for each
cheese and SI factory. In addition, it is tested how close the model would forecast the deviation
whenever there was no classification in groups used for any cheese or SI factory. Therefore,
model 2 is used again for generating 10 times 18 weeks of random variables but then with a
change in distributions. The computerized model verifications for these new distributions are
executed again and random generator acts as expected. The deviation from the plan versus
actual mean for the cheese factories, with and without classification in groups, are given in
Table A12.1.
Table A12.1 Deviation of mean compared to the plan volume versus actual volume of cheese factories
CH_0 CH_1 CH_2 CH_3 CH_4 CH_5
Rvalue plan b versus actuals
2020

Mean

1.04

10x RV generated plan volumes Deviation of
18wkn
mean
-0.05
10x RV generated plan volumes Deviation of
18wkn_ No grouping
mean
-0.03

1.00

0.96

0.00
0.00

1.00

CH_6 CH_7 CH_8
0.98

0.98

1.03

0.99

0.11 -0.01

0.00 -0.08 -0.09

0.01

-0.01

-0.02

0.06

0.01 -0.06 -0.08

0.03

0.07

-0.02

0.00

0.90 -0.01

CH_9 CH_10 CH_11

The table above denotes in the first line the mean of the deviation between the planned and
actual volumes in 18 weeks. The second and third line denotes the delta between the actual
mean (line 1) and the mean generated by executing Model 2 for 10 times. Based on the results
in the table above, multiple conclusions can be made. The R-value for CH_1 was set on 1.0
and cheese factory CH_9 is no supplier of cheese whey anymore since 2020, as mentioned
earlier in the report.
The planned supply volume for each cheese factory is adjusted with the R-value based on
historical data to forecast the actual supply volume. For some of the cheese factories when
making use of the R-value, it results in a good forecast of the actuals. In contrast, for cheese
factory CH_3, CH_6 and CH_7 the deviation stands out and the model won’t forecast the real
volumes, which results in higher or lower contract levels as needed. Whether grouping is used
for the cheese factories CH_0, CH_3, CH_10 won’t have an impact on the output. CH_3
becomes closer to the real deviation value but CH_10 becomes less closer to the real deviation
value. The deviation from the plan versus actual mean for the SI factories, with and without
classification in groups, are given in Table A12.2.
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Table A12.2 Deviation of mean compared to the plan volume versus actual volume of SI factories
SI_1
Rvalue plan b versus actuals 2020
10x RV generated plan volumes
18wkn_ with grouping
10x RV generated plan volumes
18wkn_NO_grouping

mean
Deviation
of mean
Deviation
of mean

SI_2

SI_3

SI_4

SI_5

SI_6

SI_7

0.97

1.02

1.00

0.97

1.01

1.09

1.00

0.08

0.14

0.00

-0.06

-0.14

-0.19

0.00

0.06

0.05

0.00

0.01

-0.12

-0.16

0.00

The table above denotes in the first line the mean of the deviation between the planned and
actual volumes in 18 weeks. The second and third line denotes the delta between the actual
mean (line 1) and the mean generated by executing Model 2 for 10 times. Based on the results
in the table above, multiple conclusions can be made. It can be seen that all SI factories deviate
from the real value. The R-value for SI_3 and SI_7 was set on 1.0. The deviation results in a
wrong output of model 2 when making use of the R-value. The planned demand volume for
each SI factory is adjusted with the R-value based on historical data to forecast the actual
demand volume. In addition, when not using the classification of groups in the model the
deviation of the mean is smaller for all cheese factories.
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APPENDIX 13. CURRENT METHOD FC
In this appendix the Excel model of FC is substantiated. The current model of FC subtracts the
total demand of cheese whey of all SI factories in each week t from the total volume of cheese
whey supplied by the cheese factories in each week t. The volume which remain is called
oversupply.
Hereafter, an Excel solver is used to determine the optimal contract level for 52 weeks which
is subtracted from the oversupply in every week t. In case there is a residual volume after
subtracting the contract level it is sold via spot. In case there is a shortage in oversupply to
deliver the contract level, missed demand sales occur. Whenever the input values consist of
plan volumes instead of actual volumes an additional function is added to the current method,
which consist of the overflow SI production SI_7 and includes the capacity of 200mTon. This
SI factory is available when needed, but at testing the actuals it is already decided whether the
overflow location was needed for each week t. Therefore, this function is not used for testing
the actuals with the current method.
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