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Abstract
This master thesis focuses on quantifying the value of flexibility in the FMCG customized supply chain.
The customized supply chain considered in this research is referred to as an outsourced supply chain
in which the customization process is outsourced to so-called co-packing companies.
We develop a realistic Aggregate Production Planning (APP) model that schedules production orders
to co-packers with the objective of minimizing the total of all costs involved in the outsourced
customized supply chain. The model is formulated as a discrete-time Mixed Integer Programming
(MIP) model, in which all relevant co-packer characteristics are mathematically included.
Subsequently, the APP model is tested in the context of the Procter & Gamble (P&G) customized
supply chain within a rolling horizon scheme, which enables the model to periodically update input
parameters. At first, the model is tested using the maximum forecast as input. Additionally, the model
is tested in the context of a repeated newsvendor problem since most P&G customized SKUs are lowdemand products. Results show that the model which uses the maximum forecast as input performs
best, even when the maximum forecast or newsvendor fractile of the second model is tuned.
An important implication is that reconsidering the current P&G allocation policy and adjusting the
current co-packing portfolio, including the capacity boundaries, leads to significant improvements in
service and costs. Furthermore, results show that limited flexibility, configured in an appropriate way,
yields many of the costs benefits of total flexibility.
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Executive summary
Introduction
In this master thesis, performed at the customization department for France, Belgium, The
Netherlands and Luxemburg (FBNL) of Procter & Gamble (P&G), a method to quantify the value of
flexibility in the context of an outsourced Fast-Moving Consumer Goods (FMCG) customized supply
chain is researched. The figure below summarizes the structure of the customized supply chain, in
which the outsourced customization process is the focus of this thesis. The purpose of each
customized product can be different, ranging from a one-off promotion to a product which is used for
several promotions to a customized product that is positioned on the shelf.

Figure 0: The structure of the customized supply chain

Currently, P&G has a fixed policy in the allocation of customized products to co-packing sites.
However, the P&G employees are uncertain whether this allocation method is best in terms of total
costs. In addition, the overall P&G customization strategy is roughly based on postponing production
of customized products as long as possible to maximally eliminate uncertainty. This strategy requires
a high level of flexibility from the contracted co-packers. Since flexibility and costs are inversely related
(Boyer & Lewis, 2002; Sethi & Sethi, 1990), it is interesting to research how flexibility can be quantified
in the customized supply chain to enable P&G to search for the right balance in the required level of
flexibility for their customized products portfolio and the resulting total costs. Therefore, the main
question is defined as follows:
How to determine the value of flexibility in the outsourced FMCG customized supply chain?
Analysis
To answer the research question, a detailed analysis is executed to capture the agreements between
P&G and the co-packers, the planning and control policies and the characteristics of P&G customized
products.
P&G and each co-packing company agreed on capacity restrictions, prices for the manipulation of
customization products and a fixed lead time to execute the customization process. Regarding the
capacity restrictions, on a weekly level there is a minimum capacity boundary and a contractual
maximum capacity boundary. Furthermore, there is a possibility to ask for capacity expansion on top
of the agreed maximum capacity. Finally, there are restrictions regarding the maximum periodical
capacity increase and decrease.
P&G planners are responsible for the aggregate and detailed production planning at the co-packing
sites. The planners are supported by the SAP system that proposes production orders based on the
available data. The SAP system applies the concept of forecast consumption, which subtracts the
customer orders from the sales forecast or displays the customer orders in case there is no forecast
in the system. As a result, the forecast in the SAP system is the highest value out of the sales forecast
and customer orders, referred to the maximum forecast in the remainder of this thesis. Experience
and expertise cause planners to deviate from proposed SAP quantities; larger production orders are
iii

sent when there is forecast in multiple weeks of the planning horizon, whereas a waste-averse
planning policy is used for one-off promotions. Overall, planners strive to produce in quantities that
take a full production shift to complete.
P&G deploys a very diverse product portfolio. Main implications are that customized products vary in
terms of their strategic importance, product variability, product reliability and distribution efficiency.
Model description
Based on the detailed analysis, an Aggregate Production Planning (APP) model is designed with the
objective to minimize the expected cost of the model decision, the production quantity of each
customized product at each co-packing site for each period, over all stages. The costs relevant to
include in the general model are as follows: 1) customization costs, 2) hypothetical penalty costs when
exceeding agreed capacity boundaries, 3) lost sales costs, 4) inventory holding costs, 5) inventory risk
surcharge, 6) reallocation costs and 7) hypothetical penalty costs when not producing in agreed
quantities. All components of the objective function are modelled by a cost parameter and a
corresponding variable.
To develop a realistic APP model, all relevant co-packer characteristics are included; parameters are
used to include all capacity boundaries, the productivity of a co-packer and the lead time to fulfill the
total customization process. Furthermore, all formal and informal agreements agreed on between
P&G and the co-packing companies are included on a weekly aggregation level by the model
constraints. Another crucial model component is the maximum forecast for each customized product
and for each period in the planning horizon. In the extended model the maximum forecast parameter
is replaced by the newsvendor quantity parameter, because most P&G customized products are lowdemand SKUs.
Then, two KPIs are introduced to determine the realized performance of the model: 1) service level
and 2) total realized costs.
The rolling horizon concept is used in order to include demand uncertainties and to simulate the model
for a longer period than one planning horizon. Each period, the aggregate planning is determined for
the planning horizon. However, only the planning for one period is implemented. Then, based on new
information that has become available during a period, the corresponding parameters are updated
and a new APP is generated in the next period, of which again only one period is implemented.
Case study
For the case study the mathematical model is tested with P&G data in the context of the rolling horizon
approach for 39 upcoming periods, in which each week is referred to as one period. Out of these 39
periods, realized customer demand is known for the first 27 periods. Since the first two periods are
used as warm-up periods, KPIs are calculated based on the model output of period 3 to 27. Excess
inventory costs are calculated by the inventory level at the end of period 27 and whether there is
maximum forecast for period 28 to 39. All model sets and parameters are initialized based on P&G
data and policies or by the formal and informal agreements between P&G and the co-packers.
However, in the current situation customized products are mostly only produced at one co-packing
site. Therefore, manipulation prices and productivity rates are mostly only known for one product and
co-packer combination. Since the customization price and productivity rate for each customized
product is required in the case study, an extensive customization costs analysis and productivity
comparison is executed among the different co-packers.
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Two model are tested in the case study. The first model uses the maximum forecast as input and the
second model uses newsvendor quantities as input. To fully quantify the model solutions in terms of
costs, the service KPI is converted into missed revenue. Comparing the two models, in the context of
the current allocation policy and the context of relaxing all volume restrictions and allocation policies,
results in the conclusion that the maximum forecast model outperforms the newsvendor quantity
model. Even when the newsvendor fractile is tuned and lower maximum forecast quantities are used
as first moment, the maximum forecast model outperforms the newsvendor quantity model.
Therefore, it is decided to further analyze the maximum forecast model.
When comparing the current allocation policy and the maximum flexibility potential, there is a large
improvement potential. An important insight is that the largest operating co-packing site by the
current allocation policy is the least-preferred co-packing site in terms of capacity allocation in case
that there are no volume restrictions at the co-packing sites. Furthermore, the current capacity
boundaries set at the co-packing site cause a lower service level and therefore missed revenue.
Since providing total flexibility might not be realistic, the potential of including one co-packer and two
co-packers in the portfolio is investigated for several combinations of flexibility levels. It can be
concluded that revising the current co-packer portfolio including the flexibility levels to one co-packer
or two co-packers can already lead to significant costs reductions, even for less flexible scenarios.
From the sensitivity analysis it can be concluded that the effect of co-packer preference is further
increased as co-packers are equal in their productivity. Other intuitive results are that when increasing
the co-packer lead time or the safety time, the total costs significantly increase. A final insight is that
the scenario in which the inventory risk surcharge parameter is set to zero outperforms the other
scenarios for which the parameter has determined values.
Recommendations
The most important recommendation for P&G is to reconsider the current co-packer portfolio and its
capacity agreements. As can be derived from the results, two out of the three co-packers to which
capacity is released by the current policy are less preferred by the model when the fixed allocation
policy and the co-packer capacity boundaries can be relaxed. Results are even more extreme when
testing the scenario of the co-packing sites being equally productive in the sensitivity analysis.
Using the developed APP model in this thesis, P&G, and FMCG companies that operate similarly, can
quantify the value of the flexibility offered by a co-packing site or a portfolio of co-packers. It is advised
to consider this value when tendering (a part of) the customized product portfolio and to estimate
whether reductions in co-packer related costs outweigh the reduced flexibility and vice versa.
Last, it would be interesting for P&G to research the differences in the current planning policies and
the behavior of the APP model. Therefore, for P&G planners it is recommended to compare the model
decisions, which are optimal from a mathematical and data point of view, to the decisions P&G
planners make based on expertise and additional knowledge from business people.
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1. Introduction
This master thesis is conducted to finalize my master Operations Management and Logistics at the
Eindhoven University of Technology. The research is executed at the customization department for
France, Belgium, The Netherlands and Luxemburg (FBNL) of Procter & Gamble (P&G).
This chapter functions as the introduction to this master thesis. Section 1.1 provides the background
information of the company. Section 1.2 describes the context of a customized product in this
research. In section 1.3 the characteristics of the system under study of the research are explained.
Then, in section 1.4, the motivation and background of this research are presented. Subsequently,
section 1.5 provides the research design by discussing the research questions and the research
methodology. Finally, in section 1.6 the structure of the remaining part of this master thesis is
described.

1.1.

Company description

Procter & Gamble, or P&G, is a leading Fast Mover Consumer Goods (FMCG) company, operating all
over the world. In 2018, a net sales of 66.8 billion dollars was realized (The Procter & Gamble
Company, 2018). The P&G products and brands are divided into ten product categories, each
responsible for the overall brand strategy: Baby Care, Fabric Care, Family Care, Feminine Care, Hair
Care, Home Care, Grooming, Personal Care, Oral Care and Skin and Professional Care. Each of these
categories has an overall brand strategy.
P&G is a worldwide company and, therefore, six geographic regions, each responsible for their own
business, are formed. In addition, each geographic region is subdivided into clusters to ensure that
marketing plans can fully capitalize on local understanding. The Netherlands is located in the
geographic region Europe and, together with France, Belgium and Luxemburg, part of the France,
Belgium, The Netherlands and Luxemburg cluster.
The FBNL cluster consists of five departments: Marketing, Sales, Finance, Human Resources and
Supply Network Operations (SNO). The marketing department is responsible for the brand strategies
and supporting promotional activities. The sales department focuses on customer contact to drive
sales. HR and Finance are supportive departments. Finally, SNO is mainly responsible for handling
customer orders, customer logistics, customer service, market planning and customization. The subdepartment customization is responsible for the manipulation of base products to enhance the First
Moment of Truth for a consumer, the first seconds a consumer interacts with a product or brand. This
master thesis will be executed at the sub-department customization.

1.2.

Customized product

In this master thesis, a customized product is referred to as a new finished product that is manipulated
from base stock by a third party. Examples of customized FMCG products are products placed in a
display, bundle packs, shelf ready packages, products with an extra sticker and products that are
placed in a hanger at the corner of a shelf. The purpose of each customized product can be different,
ranging from a one-off promotion to a product which is used for several promotions to a customized
product that is positioned on the shelf. In addition, most customized products are designed for a
channel or specific customer. As a result of all above mentioned aspects, P&G has a wide variety of
customized products in their portfolio.

1.3.

System under study

As mentioned earlier, the customized supply chain is studied in this master thesis. Figure 1 abstractly
visualizes the goods flow of a customized supply chain. The supply chain starts at a supplier, who
1

supplies raw materials (RM) to the plant. In the plant, base products (BP) are produced out of RMs
and after production, these products are transported to the distribution center (DC). In addition, the
DC receives packaging materials (PM) from external suppliers. Then, the base products and packaging
materials are transported to a third party, a co-packer, which executes the customization process by
transforming the BPs and PMs into a new, finished product (FP). The customization process is assumed
to take a fixed lead time, which is defined in the contract between P&G and the co-packer. After the
execution is completed, the new, customized, finished products are transported back to the DC.
Finally, the FPs are shortly stored in the DC and then transported to the final customer. The cumulative
lead time of the total supply chain can vary between a few weeks up to a few months, whereas the
lead time for the customer ranges from one day to a few weeks.
The remaining of this master thesis focuses on the planning and control of the outsourced
customization process, marked by the blue rectangle in Figure 1. As mentioned above, this process is
executed by third parties, co-packing sites. Each contracted co-packing site is fully dedicated to P&G
production and has contractual obligations with P&G. These contractual obligations imply that, within
the limits of the contract, a co-packer will execute the operations after receiving the production orders
from P&G and that P&G will supply the goods needed to the co-packer and will pay for all completed
production orders. The contractual details between P&G and the co-packers are discussed later in this
research.
Since customer orders can arrive each moment, forecasts are made to prepare the supply chain in
terms of inventory management and potential production that will be outsourced to the third parties.
P&G and each contracted co-packer agreed upon sharing advance demand information, so the copacker can anticipate to future capacity fluctuations. However, note that as a result of demand
uncertainty, forecasts are subject to change over time. In general, due to demand uncertainty it is
preferred to postpone the customization process as long as possible to maximally reduce uncertainty.
The overall objective of the system is to satisfy the demand by the end-customer, preferably at low
costs.

Figure 1: The structure of the customized supply chain

1.4.

Motivation of research

This section discusses the practical and theoretical motivations of this master thesis. From a practical
perspective, this master thesis was motivated by the P&G employees at the FBNL customization
department. As described in section 1.1, this department is responsible for the manipulation of base
products and packing materials into new, customized products, which is outsourced to co-packing
companies. Literature mentions several motivations for outsourcing (Harland, Knight, Lamming, &
Walker, 2005). However, the main reason for P&G to outsource the customization process is that the
process is not a part of the core activities of P&G. This results in internal resources that are freed up,
which can be more effectively invested in other core activities. For this reason, P&G wants to continue
to outsource the co-packing process. Currently, P&G has a fixed policy in the allocation of customized
products to co-packing sites, with the exception of overflow. However, the employees of P&G are not
sure whether this allocation method is best in terms of costs and are therefore curious whether a
more cost-efficient allocation method is possible.
2

From a theoretical perspective, this research is mostly inspired by the recent segmentation study of
P&G which states that customized products are different in their product characteristics. In addition,
as described earlier, the purpose of each customized product can be different, ranging from a one-off
promotion to a repeated promotion to a customized product that is positioned on the shelf. According
to Huang, Uppal, & Shi (2002), an optimal performing supply chain should be driven by the
characteristics of a product the company is manufacturing. Additionally, as stated by Lee (2002):
“Supply chain strategies that are based on a one-size-fits-all or a try-everything mentality will fail” (p.
106).
In contrast to the theory, the overall current P&G FBNL customization strategy is roughly based on
postponing production of customized products as long as possible to maximally eliminate uncertainty.
This strategy, in combination with volatile demand patterns as a result of promotional effects, requires
a high level of flexibility from the contracted the co-packers. Flexibility is a well-defined design concept
in the academic literature to hedge against uncertainty. However, flexibility and cost are inversely
related (Boyer & Lewis, 2002; Sethi & Sethi, 1990). Due to the difference in product characteristics, it
might be that the extent to which flexibility is needed as a strategy differs among the customized
products included in the portfolio. As a result, it is interesting to search for the right balance in the
required level of flexibility for the P&G FBNL customized product portfolio and the resulting total costs
including in the FMCG customized supply chain

1.5.

Research design

This section discusses the research design. In section 1.5.1, the research questions are presented and
section 1.5.2 discusses the research methodology used for this master thesis.

1.5.1. Research questions
To guide the project, several questions needed to be defined. Based on the motivation of the research,
the research question for this master thesis is formulated as follows:
How to determine the value of flexibility in the outsourced FMCG customized supply chain?
To answer the main question formulated above, the following sub-question are constructed:
1. What are the relevant flexibility dimensions for this research?
2. How can these dimensions be quantified in the outsourced customized supply chain?
3. Which costs related to the customized supply chain should be included in the generic
model?
4. Which characteristics of customized products should be reflected in the generic model?
5. What are the practical implications that can be deducted from a case study?
Flexibility is an extensively investigated concept in the academic literature (e.g. Duclos, Vokurka, &
Lummus, 2003b; Kumar, Fantazy, Kumar, & Boyle, 2006; Sethi & Sethi, 1990; Vickery, Calantone, &
Dröge, 1999). Therefore, it is analyzed in the first sub-question which flexibly dimensions are most
relevant for this master thesis. However, most of the time, a flexibility dimension itself cannot directly
be quantified. Therefore, if necessary, sub-question two helps to quantify the identified flexibility
dimensions. Then, in sub-question three it is decided which costs should be included in the generic
model. In addition, sub-question four determines which customized product characteristics should be
reflected in the mathematical model. Finally, the model will be tested with P&G data which results in
practical implications.
The research questions mentioned in this section are marginally different from the research questions
of the research proposal. The flexibility described in the research proposal was more product-focused,
3

whereas the topic considered in this thesis focuses on flexibility from a higher strategic level, in which
its value is quantified.

1.5.2. Research methodology
The research is conducted by using the regulative cycle by Van Strien (1997). The regulative cycle is
shown in Figure 2 and consists out of the following five stages: problem choice, diagnosis, design,
implementation and evaluation. However, the research only follows the first three stages of the cycle,
which are highlighted in blue in the cycle. The conclusion of the design phase will be evaluated after
which P&G can decide on implementing the model.
For the design phase, in order to design the quantitative model, the methodology is based on the
quantitative research model by Mitroff, Betz, Pondy, & Sagasti (1974). This model is shown in Figure
2 and consists of four phases: conceptualization, modeling, model solving and implementation. In the
conceptualization phase, the conceptual model is constructed; decisions are made regarding the
scope of the problem, the variables and the model to be addressed. In the modeling phase the
quantitative model is built, by defining causal relationships between the earlier mentioned variables.
Then P&G data is used to solve the model. Finally, the results will be evaluated, and recommendations
are provided.

Figure 2: Regulative cycle (Van Strien, 1997) (left), and Quantitative research model (Mitroff et al., 1974) (right)

1.6.

Outline of thesis

The remaining of this master thesis is structured as follows: Chapter 2 provides a detailed analysis
regarding the customized supply chain and its characteristics. In Chapter 3, a literature review on
supply chain flexibility is executed. Then, the conceptual model is constructed in Chapter 4 and in
Chapter 5 it is explained how the model functions in a simulation, by introducing the rolling horizon
approach. In Chapter 6, the conceptual model is mathematically modelled. The context of the case
study with P&G data is described in Chapter 7, after which the results and sensitivity analysis are
presented in Chapter 8. Finally, Chapter 9 contains the conclusions and recommendations of this
master thesis and in Chapter 10 the research is evaluated.
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2. Detailed analysis and diagnosis
This chapter provides a detailed analysis of the research context considered in this master thesis. In
section 2.1 the structure of the customized supply chain is discussed into more detail. In section 2.2
the formal and informal agreements P&G has agreed on with the contracted co-packers are provided.
Furthermore, in section 2.3 the planning and control policies are described. Then, in section 2.4 the
characteristics of customized products are analyzed. Finally, in section 2.5 the diagnosis is presented.

2.1.

Detailed system under study

In Chapter 1, the structure of the customized supply chain is already briefly discussed. This section
provides a more detailed explanation of the P&G customized supply chain. Figure 3 shows the
extended version of the customized supply chain, in which a stock point is presented by a triangle and
a production unit by a rectangle. To get a complete understanding, the whole supply chain is discussed
below. However, note that in the remainder of this master thesis we focus on the blue market area.

Figure 3: Detailed structure of the customized supply chain

The goods flow starts with the supply of raw materials to a P&G plant. These raw materials can either
be sourced from local suppliers or global suppliers, which has different implications for the lead time
and flexibility. To decide how much materials are needed from each supplier, forecasts are made by
each Selling Market Organization (SMO), who are responsible for generating sales and distributing the
products in the local area, and centrally processed by the Planning Service Center (PSC) of P&G which
is located in Warsaw. Based on the forecast, orders are released to the suppliers. Then, the raw
materials are transformed into base products at a P&G manufacturing plant. Also, forecasts are used
by the PSC to plan production in the manufacturing plants and to plan replenishments of the DCs
located in Europe. There are multiple manufacturing plants in Europe operating for P&G. Some of
them are owned by P&G and others are operated by contractors. Normally, a plant produces one or
multiple products from a specific product category. After production, the base products are
transported to a P&G DC, which is done by a third-party logistics provider.
At each P&G DC, base products from multiple plants are stored. The safety stock level for each base
product is dependent on the production constraints at the production plant, the transportation time
between the production plant and the DC, the segmentation strategy, and the forecast. The
segmentation strategy has set different service targets for the different segments the products are
grouped in, which impacts the safety stock level. When a DC does not only stock base products to
deliver the final customer, but also supplies a co-packing site with base products, the safety stock for
this base product is adjusted based on the expected extra demand needed for the customization
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process. In addition to these base products, a DC can stock packaging materials which are needed as
an input for the customization process. The packaging materials are supplied by external parties, with
a general lead time of four weeks. These packaging materials can either be stored at a DC of P&G or
at the co-packing site, depending on the type of execution and the agreements between P&G and the
contracted co-packer. Also, for packaging materials it holds that replenishment orders are based on
forecasts made by P&G and that the amount of safety stock that is kept depends on the lead time of
the external supplier, the expected demand and the segmentation strategy.
When P&G releases production orders for customized products for a certain day to a contracted copacker, the process of customization can start. As mentioned earlier, the customization process is
outsourced to contracted co-packing companies, of which a co-packing site is fully dedicated to P&G
production. The customization process at a co-packing company starts with the process of arranging,
which includes planning of people and production lines for a certain day. The process of planning takes
a fixed time at each co-packing site. P&G already knows, before the co-packer makes the detailed
planning, what base products and, potentially, packaging materials need to be delivered for
assembling. Therefore, these products are already delivered to the co-packing site to ensure
assembling can timely start. Depending on the location of the co-packer, which can be in the DC of
P&G or at an external location, the goods are transported by a forklift or by a truck from the nearest
P&G DC. After receiving the products, the employees of the co-packing company check whether all
goods needed for assembling all production orders are available and are of the right quality. All
production orders of which all base products and packaging materials are available are produced that
day. At the start of a production day, each production line is prepared for assembling a specific
production order and the base products and packaging materials needed for assembling a certain
production order are transported to this production line by (automated) forklifts. After these
preparations, the assembling of base products and packaging materials into customized products can
start. Sometimes, a production line does not assemble only one production order during an eight-hour
shift. Then, the line might be re-prepared for another production order. At the end of a production
shift, when the production orders assigned to the production line have finished, the production line is
disassembled, and the co-packing site is cleaned. During the end of the shift, when a production order
has (partly) finished, or the next working day, the finished products are transported by a forklift or by
a truck to the nearest P&G DC. In the remainder of this research, the lead time of the customization
process is referred to the total time to complete all four sub-processes, as shown in Figure 3.
The final process is the delivery of end products to the customers. Based on the geographical location
of the final customer, client orders are delivered from a specific DC; the BNL part of the FBNL cluster
is delivered from one DC and the French part of the cluster is delivered from one DC. Since the delivery
distances in France are higher, the delivery lead times to customers are generally longer than BNL
delivery lead times. Note that customer orders can only be satisfied with inventory that is on stock at
the P&G DC. The delivery of finished products from the P&G DC to the final customer is executed by
third party logistics providers.

2.2.

Formal and informal agreements

P&G and each contracted co-packing company agreed on several aspects. In the next sections, the
agreements regarding the exchange of information, the volumes, the prices, the lead times and the
delivery reliability are described. The analysis is based on the co-packing sites that currently produce
customized products which are shipped to FBNL customers.
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2.2.1. Information exchange
Since P&G is responsible for the production planning at each contracted co-packing site, P&G and each
contracted co-packer are frequently in contact to ensure as few problems as possible arise in the
customization process. Figure 4 shows the information flow between P&G and a co-packing company
and includes the data the parties agreed upon communicating.

Figure 4: Information flow between P&G and co-packing company

During each planning cycle, which is equal to one week, P&G provides the co-packing company a
twelve-weeks rolling forecast of the expected required weekly production capacity needed to fulfill
the expected demand for the customized products. Since P&G and the co-packing agreed on several
volume restrictions, which are discussed in the next section, the P&G planners strive to fit the twelveweeks capacity forecast within the contractual limits. As customer demand is uncertain and might
change over time, each planning cycle the P&G planner provides the co-packer with an updated
forecast for the upcoming planning horizon. In addition, each planning cycle the co-packer analyses
the twelve-weeks forecast and provides feedback to P&G regarding the capacity.
At the end of a weekly planning cycle P&G communicates the final needed capacity for the upcoming
week. When the requested capacity exceeds the contractual boundaries, part of the capacity may be
rejected by the co-packing company. Else, the requested capacity would normally be accepted by the
co-packer.
Then, each workday daily production orders are sent to the co-packer, which can be referred to as the
definitive production orders. In case the daily production orders do not exceed the contractual
boundaries of the daily agreements, the production orders are normally accepted by the co-packer.
When the contractual boundaries are exceeded, production orders might partly be rejected. After the
co-packer response, the customization process can start, as presented in Figure 3 of the previous
section.

2.2.2. Capacity agreements
P&G and each contracted co-packer agreed on several capacity restrictions. Depending on the
contract between the two parties, capacity at a co-packing site can either be expressed in the number
of eight-hour production shifts that operate per period, or in the number of employees that operate
per period. To define the required capacity of a production order, each production order is defined as
the amount of time a production line should run to complete the execution. Summing all these
production order specific capacities results in the required capacity for a certain day or week. Note
that the time needed for each execution is decided on by the co-packing site. Therefore, production
times for similar executions may vary among co-packing sites and, as a result productivity levels can
differ for each customization type among co-packing sites.
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Regarding the capacity restrictions, there are several volume restrictions on a weekly level. At first,
P&G and each contracted co-packer agreed on a minimum capacity boundary and a contractual
maximum capacity boundary. It is preferred that the weekly production orders, released by P&G, stay
within those limits. In addition to these capacity boundaries, there is a maximum possible decrease
and increase in capacity from one week to another week which is agreed on with each co-packer.
On a daily level there are capacity agreements to strive to equally spread the workload over a week.
As mentioned in the previous section, at the end of a planning cycle P&G communicates the required
capacity for the upcoming week. The daily flexibility agreed on between the two parties is a percentual
amount to which the daily capacity can be different from the weekly capacity divided by the number
of weekly working days. So, hypothetically if a co-packer operates five days a week and the agreed
daily flexibility is 10%, each day 18 to 22% of the weekly capacity can be used. Note that, in this
example it is allowed to utilize 22% of the earlier communicated weekly capacity each day, which
results in a realized weekly capacity of 110%.
Then, the maximum weekly and daily capacity are constrained by the co-packer’s capacity per
technology; for example, a bundle pack and a display require different production technologies.
Finally, P&G and the co-packers strive to produce in efficient production quantities. The minimum
production quantity that is referred to as efficient is a production order that takes four hours to
complete.
2.2.2.1.
Capacity expansion
The contracted FBNL co-packing sites normally operate five days a week, from Monday to Friday. In
case of bank holidays, these five days a week may be less. There is a possibility to ask for capacity
expansions, in terms of extending production shifts of adding production shifts in the weekend. When
P&G prefers one of these types of capacity expansion at a co-packing site, P&G needs to communicate
this a certain number of weeks in advance to the co-packing company, of which the exact number is
agreed on between the two parties. However, note that for each capacity request made the copacking site has the right to decline.
In addition, capacity for a certain manipulation type can be expanded by creating flexibility on a
production line that normally runs another manipulation type. The extent to which each technology
can be expanded is agreed on between P&G and each co-packer. Also, for technology expansion, it
holds that the co-packing site has the right to decline the expansion requests made by P&G.

2.2.3. Price agreements
P&G and each contracted co-packer agreed on prices for the manipulation of customized products,
which can be calculated with the so-called price matrix. A price matrix contains a certain price for each
sub-step in the manipulation process. The final manipulation price of a customized product can be
calculated by summing the prices assigned to all the required sub-steps to obtain the final customized
product. Since there is a fixed allocation policy, which is only changed in case of overflow, most
manipulation prices are only known for the co-packing site at which the customized product is
manipulated. In general, the prices in a price matrix are based on the labor intensiveness of a specific
sub-step.

2.2.4. Lead time
After P&G releases the daily production orders to a co-packer, it takes a certain lead time until the
production orders are finished, and the customized products can be shipped to the final customer. As
mentioned in section 2.1, the lead time in this master thesis is referred to the total time to complete
all four sub-processes mentioned in Figure 3. This lead-time is deterministic in terms of working days
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and can be different depending on the agreements with each co-packing site; e.g. a co-packer might
need more time to arrange the daily production orders than another co-packer. Note that, as
mentioned in the previous section, a co-packing company usually operates from Monday to Friday.
This implies that, depending on the day of placing the production orders, the lead time in weekdays
can increase with two weekend days.

2.2.5. Delivery reliability
The delivery reliability is referred to as the percentual amount of the daily production orders that is
fulfilled by a co-packer by the end of the production day. The expectation by P&G is that the daily
delivery reliability is at least x%. In most of the cases when this level is not reached the root cause can
be found at P&G instead of the co-packing company; mostly, the packaging materials or base products
are not available to fulfill a production order.

2.3.

Planning and control

In the next sections, the current planning and control methods are described. First, the inventory
control policy is explained in section 2.3.1, followed by the process of scheduling production at the
contracted co-packing sites of P&G in section 2.3.2. Then, the data available for the planning process
is analyzed in section 2.3.3. Finally, the variability of the demand in combination with the limited
resource availability is discussed in section 2.3.4.

2.3.1. Inventory control
The inventory policy of P&G for a customized product is determined by the segment a product is in.
A static safety stock is used for products in the segments ‘Strategic’ and ‘Core’ and the concept of
safety time is used for products in the segments ‘Priority’ and ‘Agile’. Since most customized products
and most volume is in the two segments ‘Priority’ and ‘Agile’, as is discussed later in this research, a
safety time is the most used inventory policy by P&G for customized products. P&G defines the safety
time for a customized product as the number of items of a Stock Keeping Unit (SKU) that needs to be
in stock to cover the forecast for a certain amount of upcoming days. Note that, if there is no expected
demand for the upcoming period, the stock, defined by the safety time, is equal to zero. In case there
is a sudden client order, this amount might be fulfilled from the products that are still on stock from
the previous production run. If there are no products on stock from the previous production run, and
the time until shipment is not enough to customize the products, the customized product cannot be
delivered to the customer.
P&G uses a safety time instead of a safety stock for most products because of the high variability in
the demand pattern. In the academic literature, there are several authors who have investigated the
trade-off in using either a safety time or safety stock (e.g. Buzacott & Shanthikumar, 1994; Van
Kampen, Van Donk, & Van Der Zee, 2010; Whybark & Williams, 1976). Buzacott & Shanthikumar,
(1994) concluded that in case there is a good forecast for future required shipments, a safety time is
preferred over a safety stock and in case forecasts are based on mean demand rates, either a safety
time or safety stock can be used. In addition, according to Whybark & Williams (1976), demand timing
uncertainty can best be covered by a safety time and quantity uncertainty by a safety stock.
2.3.1.1.
Excess inventory
One of the targets of P&G is to keep the average days a product is at stock as low as possible to free
up as much cash as possible. Therefore, a few times a year an assessment is made on all products that
are on stock at the DCs. If there is expected demand for the upcoming period, the products stay on
stock at the DC. However, if there is no expected demand for a product for the upcoming three
months, all stock of this product is removed from the DC in the near future and a specific deal for
these products is attempted to be made.
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2.3.2. Planning of production orders
As mentioned earlier, P&G is responsible for the production planning at each contracted co-packing
site. Depending on the arrange time of the co-packer, P&G releases the production orders for a specific
working day a certain number of working days before the actual manipulation takes place. When the
actual stock of a customized product, referred to as the physical stock and the goods in transit, drops
below the required safety time or safety stock for a certain customized product, the SAP system
generates a potential production order. This generated production order suggests how much to
produce, which is at least the minimum efficient production quantity for the specific customized
product P&G and the co-packer agreed on. Then, the P&G planner decides on confirming this
proposed production order or deviating from the proposal. Several factors influence the decision
made by a planner. At first, if the customized product is meant for a promotion with forecast in
multiple weeks in the planning horizon, a planner usually sends larger production orders to the copacking company than the suggested SAP production order. This ensures that sufficient customized
products are produced to fulfill the demand for the near future, even if the customer suddenly orders
more products, and the remaining products can be used to fulfill the forecast for the upcoming weeks.
In contrast, when a customized product is expected only once in the near future, a planner releases
the number of products that are already ordered by the customer. In case there is only forecast in the
system, but the final customer orders did not arrive yet, a P&G planner decides on preproducing
approximately x% (<100%) of the forecast, because the final customer orders can be lower than
expected. The other part of the forecast is produced, if still possible, when the final customer orders
that arrive are higher than the amount that is already preproduced. Overall, a P&G planner uses
personal experience to deviate from proposed SAP production orders and to decide on which product
and which amount to produce. In general, a planner strives to release production orders to the copacking sites in quantities that take the time of a full production shift to complete.
A P&G planner decides on preproducing when the forecast for the upcoming periods is fluctuating and
when postponing all production orders would result in exceeding the capacity agreements. Based on
personal experience and communicating with involved P&G employees from the customization team,
the planner decides which customized products to use to smooth the production load.

2.3.3. Data availability
The data available for the production planning are the sales forecasts, the customer orders and the
inventory position of each customized product. To avoid duplication of the expected demand, the SAP
system combines the sales forecast and the customer orders into a forecast consumption. The next
sub-sections provide more insight in the sales forecast data, customer order data, the concept of
forecast consumption and the implication of this concept on the data visibility for the P&G planner.
2.3.3.1.
Sales forecast data
Sales forecasts are made by P&G to anticipate sales orders before they arrive to effectively manage
the supply chain and reflect the expected customer demand. The most important persons in the
forecasting process of P&G are an Account Executive (AE) of P&G, a Customer Demand Manager
(CDM) of P&G and a responsible employee at the retail company. An AE is in touch with the person of
the retail company about future promotions, whereas a CDM and an AE do have a monthly meeting
about the demand expectations. In these meeting the demand expectations are discussed, of which
the earliest forecasts are made between 15 to 18 weeks before the customized products need to be
shipped to the customers. When getting closer to the shipment week, each week the sales forecast
can be updated based on new available information. In general, if an AE and the person from the retail
company agree on the expected volume of a promotion, a CDM confirms this amount as the sales
forecast for a certain week. Otherwise, when an AE and responsible person of the retail company
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disagree about the expected sales volume, a CDM decides on the quantity based on the three-last like
promotions; the three most recent historical promotions which are comparable with the upcoming
promotion for which the forecast is made. All sales forecasts are communicated by the CDM to the
PSC, where all forecasts are centrally processed.
2.3.3.2.
Customer order data
Customer orders can arrive each moment in time. Table 1 shows the average percentage of weekly
demanded volume for customized products that is known at several moments in time, based on the
customer order of 2018. As can be derived from the table, nearly 30% is already visible six weeks
before the shipment week and 10% of the volume is still ordered in the week of shipment
Table 1: Order visibility of the final weekly volume over time

% of visible volume1

Start of
t
90%

Start of
t-1
80%

Start of
t-2
70%

Start of
t-3
60%

Start of
t-4
50%

Start of
t-5
40%

Start of
t-6
30%

2.3.3.3.
Forecast consumption
Both the information about the sales forecast and the customer order demand is available in the SAP
system. To avoid duplication of the expected demand, SAP applies forecasted consumption. This
concept can be explained as follows: the sales order quantity is subtracted from the sales forecast
quantity and the SAP systems displays the quantity left from the sales forecast after the subtraction.
If there is no sales forecast, the customer order quantity is referred to as the forecast in the SAP
system.
Figure 5 visualizes an example of the concept of forecast consumption for a customized product that
is demanded in week 1 and week 2. The illustration on the left shows a sales forecast of 800 SU in
week 1 and 0 SU in week 2 and customer orders of 600 SU in week 1 and 200 SU in week 2. In the
illustration on the right, the customer orders consume the sales forecast of each week, which implies
that only 200 SU forecast remains for week 1 and 0 SU for week 2.
Forecast consumption

1000

1000

800

800

Volume (SU)

Volume (SU)

Sales forecast and customer orders

600
400
200

800

600
200

0

600
400
200
0

Week 1
Sales forecast

Week 2
Customer orders

600

200

200

Week 1

Week 2

Remaining sales forecast

Customer orders

Figure 5: The concept of forecast consumption

2.3.3.4.
Maximum forecast
As a result of forecast consumption, the forecast for a customized product for a certain period
considered by the SAP system is the highest value out of the sales forecast, which is send to the PSC
1

The percentages are adapted for confidentiality reasons
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by the CDM, and the customer orders that already in the system. Based on this view in the SAP system,
the P&G planner sends production orders to the contracted co-packing sites.
To differentiate and clarify this forecast view compared to the sales forecast, the term maximum
forecast is introduced. From this point forward, the maximum forecast for a customized product for a
certain period is referred to as the highest value out of the sales forecast for a customized product for
a certain period and the customer orders for a customized product for a certain period that are already
in the system.

2.3.4. Demand variability and resource availability
This section quantifies the demand variability in terms of production time needed to execute all
weekly demand for FNBL customized products. The production time for each customized product is
determined based on the communicated execution time of the co-packer to which P&G has assigned
a specific customized product. Figure 6 visualizes the production line hours needed when all weekly
demand of 2018 was produced in the week of shipment, in which a line hour can be defined as one
production line running one hour. As can be derived from the figure, the total weekly execution hours
fluctuate over time. As a result, when the capacity restrictions at a co-packing site do not allow these
demand fluctuations, a P&G planner decides on smoothing the workload. It should be noted that the
productivity per production line can differ among the co-packing sites, which could result in a less
extreme or more extreme figure when the customized products were manipulated by another copacking company.

Production line-hours

Production line-hours to produce weekly demand
2018

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51

Weeknumber

Figure 6: Time needed to produce weekly demand for customized FBNL products

2.4.

Product characteristics

The next sections further analyze customized products based on their product characteristics. At first,
the recent executed segmentation study for customized FBNL products by P&G is described.
Afterwards, the product life cycle of a customized product is explained and finally the product
characteristics variability, reliability and explosion factor are more detailly discussed.

2.4.1. Product segmentation by P&G
In 2018, the FBNL customization department started to classify the customized product to enable a
better product understanding to better serve the market. Figure 7 shows the segmentation
framework, in which customized products are classified based on their volume, volatility, reliability
and whether the product is of strategic importance. If a customized product is segmented as Strategic,
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product availability at the customer store is crucial, which is reflected by P&G in a high target servicelevel. Priority products are important contributors to the overall service level; missing a relative
amount of a high-volume product has more impact on the service level than missing the same relative
amount of a low-volume product. Finally, Agile products are unreliable and therefore difficult to
reflect in a forecast, and Core products are the most stable products in terms of volatility.

Figure 7: Segmentation framework for customized products

Table 2 summarizes how the customized products which were already segmented in 2018 are spread
over the four segments. As can be derived from the table, most SKUs and volume are in the Priority
segment. Products encountering a high level of uncertainty, which are segmented as Strategic or Agile,
account for approximately 35% of the SKUs and 25% of the volume.
Table 2: Customized product distribution into segments

% SKUs2
% Volume3

Strategic
15%
10%

Priority
50%
60%

Agile
20%
15%

Core
15%
15%

2.4.2. Life cycle of a customized product
A customized product progresses through a sequence of stages during its life cycle; from new product
launch to an ongoing product and from an ongoing product to a product that is delisted from the
assortment. Figure 8 visualizes those three stages. A product is launched to a customer or a channel
when the customization initiative process is successfully passed. This process is introduced by
employees of the Commercial Operations Team, who are responsible for the design of the commercial
strategy and image of their brands. Then, multiple employees of the Customization team of the
logistics department are responsible for checking the product codes, volumes, costs criteria, art works,
packaging materials, packaging instructions and finally the technical test. After completion, a new
Finished Product Code (FPC) is assigned to the product, databases are updated and the start of
shipment is communicated to the PSC, which is responsible for further planning of production,
packaging materials and ensuring the new product can be launched at the agreed date. From the
moment the new customized product is launched, the customized product can be referred to as an
ongoing product; the product can be reordered by a specific customer or customers in a specific
channel. After a certain time, which can vary from one month up to several years, the product is
delisted from the customized assortment.

2
3

The percentages are adapted for confidentiality reasons
The percentages are adapted for confidentiality reasons
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Figure 8: Life cycle of a customized product

Regarding the FBNL customized product portfolio of P&G in 2018, 816 SKUs where ordered by FBNL
customers. Of these 816 SKUs, 500 SKUs were introduced, and 335 SKUs were delisted from the
assortment, of which 144 SKUs were launched ánd delisted from the assortment in the same year.
This implies that only 125 SKUs out of the 816 SKUs were part of the product portfolio the whole year
2018.

2.4.3. Product variability
This section analyses the variability in the order patterns for the FBNL customized product portfolio of
2018. As can be derived from the previous section, a product progresses through several stages.
According to these stages, this section divides the products that were ordered in 2018 into four types
of SKUs: 1) SKUs that were active throughout the year, 2) SKUs that were introduced but not delisted
in 2018, 3) SKUs that were introduced and delisted in 2018 and 4) SKUS that were delisted but not
introduced in 2018. Table 3 classifies the customized products based on the number of times the
products contained weekly demand. Additionally, the distinction between the four types of SKUs is
made. When classifying a customized product that has demand 1 to 10 weeks as irregular demand
and products which have demand 11 to 52 weeks as regular demand, it can be derived from the table
that most SKUs encounter irregular demand, whereas most volume is realized by the SKUs which
encounter regular demand. Note that, as described in section 2.3.1.1, P&G has assessments in which
it is attempted to make special deals for customized products that do not have a maximum forecast
for the upcoming three months. This implies that the production quantities for low demand items are
highly important to find the right balance in the desired service level and the risk for excess inventory.
Table 3: Number of weeks SKUs are ordered per type of SKU

Type of SKU
# Active throughout the year
# Introduced but not delisted
# Introduced and delisted
# Delisted but not introduced
Total
% of total SKUs
% of total demand4

1
5
33
22
37
97
12%
1%

2
7
38
44
35
124
15%
2%

Number of weeks ordered by customers
3
4
5
6 to 10 11 to 25
3
6
3
20
51
41
34
22
69
90
6
8
13
25
24
17
19
12
38
30
67
67
50
152
195
8%
8%
6%
19%
24%
3%
4%
5%
20%
30%

26 to 52
30
29
2
3
64
8%
40%

2.4.4. Product reliability
This section elaborates on the product reliability by defining and calculating the forecast accuracy and
forecast bias for the P&G FBNL customized product portfolio. The weekly sales forecast data of the
first 18 weeks of 2019 is used to determine the sales forecast accuracy in the section 2.4.4.1 and the
bias of the sales forecast in section 2.4.4.2. In addition, in section 2.4.4.2 the bias of the maximum
forecast data of week 1 to 18 of 2019 is also determined.
4

The percentages are adapted for confidentiality reasons
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2.4.4.1.
Sales forecast accuracy
Several options are available to assess the accuracy of a forecast for a product. Two common measures
are the Mean Squared Error (MSE) and Mean Absolute Percentage Error (MAPE). The MSE calculates
the average of the squares of the errors; the mean difference between the forecasts and actual values.
Because the MSE is not scale-independent, an accuracy measurement that measures the relative
accuracy is preferred. The MAPE expresses accuracy as a percentage by comparing the actual value to
the forecasted value and is therefore used to measure the forecast accuracy. However, the
disadvantage of MAPE is that it cannot be used when the actual value is zero. Note that the MAPE of
a product is the average of the absolute percentage error of all orders for a specific product over a
certain period, measured as the ratio of the absolute value of the actual demand minus the forecast,
divided by the actual demand. The MAPE for each customized product k ϵ K, where K is the set of
products, measured by the forecast made s period(s) before the demand is realized, can be calculated
by the following formula:
𝑀𝐴𝑃𝐸𝑘𝑠 =

𝑠
100%
𝐷𝑘𝑡 − 𝐹[𝑑𝑘𝑡
]
∑|
|
𝑇
𝐷𝑘𝑡
𝑡∈𝑇

𝑠
In this formula, 𝐷𝑘𝑡 is the actual demand for customized product k at period t, 𝐹[𝑑𝑘𝑡
] is the sales
forecast for customized product k at period t which is made s periods before period t and T is the
number of periods for which the actual demand was non-zero.

When analyzing the weekly sales forecast and order data, measuring the sales forecast three weeks
before the week the products need to be shipped to the customer, the data set contains 2946 data
lines with both a forecast and orders, 2139 data lines with a forecast but no orders and 722 data lines
that include orders but no forecast. A data line can be referred to as a customized product which is
forecasted for a certain period in the data set and/or ordered in a certain period in the data set. When
converting the numbers into relative volume, 88% of the weekly ordered volume is forecasted,
whereas 12% of the weekly ordered volume is not forecasted.
Figure 9 visualizes how the spread of the MAPE for the FBNL customized products evolves over time.
In each of the seven boxplots, in which each part of the figure accounts for 25% of the data, the box
contains 50% of the data and the line in de box is referred to as the median, which implies that 50%
of the data is greater than this value and 50% is smaller than this data point. Data points which lie
beyond the extremes of the whiskers are excluded by R in Figure 9 to remove the disproportionate
influence of these data point on the visualization. Note that these points are only excluded in Figure
9 and are included in remaining analyses in this master thesis. The figure shows that customized
products are more predictable when the forecasting moment is closer to the shipment week.
However, as was also investigated by P&G in the segmentation study, it can be derived that some sales
forecasts for customized products are more reliable than others and are already reliable several weeks
before the shipment week. The differentiation in product reliability can be useful information for the
planner in the decision which customized products to use for smoothing the production workload.
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Figure 9: Spread of MAPE for customized FBNL products at several moments in time

2.4.4.2.
Forecast bias
A forecast bias exists when there are consistent differences between the forecast and customer
orders. The forecast bias for the total FBNL customized product portfolio is calculated by the formula
below. P&G measures all volumes in terms of Statistical Units (SU) to enable direct comparison
between products. This measure is originally based on the quantity an average family would consume
during a year. By expressing volume in terms of SU, it is able to assess the forecast bias for the total
product portfolio.
𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑏𝑖𝑎𝑠 = 100% ∗ ∑ ∑
𝑡∈𝑇 𝑘∈𝐾

𝑠
𝐹[𝑑𝑘𝑡
] − 𝐷𝑘𝑡
𝐷𝑘𝑡

Table 4 summarizes the bias of the sales forecast and the bias of the maximum forecast. Both biases
are measured for the total forecast of the customized product portfolio and, to exclude the effect of
customized products that were forecasted but not ordered, for customized products that were
forecasted and also ordered. As can be derived from the table, all biases increase when s, the number
of weeks the forecast was made before the week the customer orders need to be shipped, decreases.
This can be explained by a higher volume of sales forecast that is in the system when s decrease and
by the larger order visibility when s decreases. In addition, it can be derived that the maximum forecast
bias is significantly higher than the bias measured over the sales forecasts. This can be explained by
the customer orders that are part of the maximum forecast and excluded in the sales forecast.
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Table 4: Average sales forecast bias and maximum forecast bias for customized FBNL products

Type of bias
Average sales forecast bias for all
products
Average sales forecast bias for
shipped products
Average maximum forecast bias
for all products
Average maximum forecast bias
for shipped products

0
22%

Number of weeks before the shipment week
1
2
3
4
5
6
12%
13%
9%
9%
1%
-4%

9%

-1%

-1%

-6%

-5%

-14%

-19%

34%

23%

22%

19%

16%

5%

-2%

21%

11%

8%

4%

2%

-9%

-17%

2.4.5. Distribution efficiency
Customized products are presented in a different way, e.g. in a display, to the final customer than base
products, which are normally presented at the shelf. Offering customized products in another final
form to the customer influences the distribution efficiency; if a product contains more ‘air’ due to the
packaging technique, the product can be distributed less efficient. Depending on the customization
type and product type, the extent of the distribution efficiency may vary. In this master thesis, the
explosion factor is referred to as the ratio of space needed by the final customized products compared
to the space needed by the base products which are used as input for the customized product; a ratio
of 1.2 suggests that the customized product needs 1.2 times the space of the base product which are
needed as input. In case there is truck-transportation required from the contracted co-packing site to
the DC of which the final customer is delivered, it can be calculated that the transportation costs will
approximately linearly increase by the explosion factor. In Appendix A, the explosion factors relevant
for the FBNL customized P&G products are shown per combination of product category and
customization type.

2.5.

Diagnosis

Based on the executed analysis in this chapter several conclusions can be drawn from the current P&G
situation for the customized FBNL products, which are discussed in the next sub-sections.

2.5.1. Co-packer agreements
P&G and each contracted co-packing company agreed on several capacity restrictions, prices for the
manipulation of customized products and a fixed lead time to execute the customization process.
Regarding the capacity restrictions at a weekly level, P&G and each contracted co-packer agreed on a
minimum capacity boundary and a contractual maximum capacity boundary. It is preferred that the
weekly production orders, released by P&G, stay within those limits. In addition to these capacity
boundaries, there is a maximum possible decrease and increase in capacity from one week to another
week which is agreed on with each co-packer. Next to that, a co-packing site is constrained by
capacities per technology and it is preferred to produce in efficient production quantities. Capacity
expansion, in terms of additional capacity on top of the maximum capacity boundary or in terms of
technology expansion by creating flexibility on a production line, is possible. However, note that the
co-packer has the right to decline those requests.
Furthermore, as described in section 2.2.3, P&G has different agreements with each contracted copacker, which are reflected by a price matrix. Due to the current fixed allocation policy most
manipulation prices are only known for the co-packing site to which the customized product is
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assigned. As a result, it can be questioned whether this current P&G setup for customized FBNL
products performs best in terms of co-packing related costs.
Last, the deterministic lead time to execute the customization process is expressed in terms of working
days and referred to as the total time to complete all four sub-processes mentioned in Figure 3.

2.5.2. Production planning policies
As can be derived from this chapter, in general sales forecasts are more reliable when the week of
shipment is getting closer. Therefore, the current strategy of postponing the customization process is
a suitable strategy, because, as stated by Whang & Lee (1998), the value of postponing is the value of
information; if a production decision can be delayed, the manufacturer will have more information
about the market demand, and therefore the quality of the decision will be better. As can also be
derived from this chapter, the bias of the sales forecast and maximum forecast increase when the
forecasting moment is closer to the week of shipment, which can be useful information for the P&G
planners when deciding on the production quantities to release to each co-packing site.
The weekly production time needed to execute the weekly customer demand for customized product
is fluctuating over time. In addition, each co-packer has contractual capacity boundaries, in terms of
the maximum and minimum production capacity and maximum increase or decrease over time, at
which it operates. Therefore, when the fluctuating maximum forecast exceeds the contractual copacker capacity, a P&G planner decides on smoothing the workload by preproducing several
production orders to ensure the customized products can be delivered to the customer. The decision
on which customized products to use for smoothing the workload is mainly based on personal
experience and communication with the employees of the P&G customization team.
Then, regarding the production quantity that is released to a contracted co-packer, P&G planners
deviate from the proposed production orders by SAP in the attempt to improve the performance.
Experience and expertise cause planners to deviate from the proposed production orders; in case a
promotion has several weeks of forecast, planners normally decide to send a larger production order
than the suggested SAP quantity, whereas, when there is a one-off promotion, a planner acts more
carefully by releasing the already ordered customer demand or preproducing approximately x%
(<100%) when the customer orders are not confirmed yet. In addition, since on average still x% of the
volume is ordered in the same week as in which the final products need to be shipped, which is usually
too short for the customization process to anticipate, it can be concluded that the applied planning
policy for one-off promotions can be referred to as a protective or waste-averse strategy. Overall, a
planner strives to release production quantities of a customized product which take a full production
run to complete, as a result of the agreements with the contracted co-packers.

2.5.3. Customized product characteristics
P&G deploys a very diverse FBNL customized product portfolio, in which products can at least differ
in terms of their segment, variability, reliability and distribution efficiency. At first, a product can be
segmented as Strategic, which implies that this customized product is very important for P&G and lost
sales are highly undesirable. Secondly, if a product encounters a variable weekly demand pattern, the
risk of excess inventory increases which implies that the release of ‘the right’ production quantity is
crucial. Furthermore, products differ in their reliability, which can be useful information for the
planner regarding which products to use for smoothing the workload; smoothing an unreliable
product is riskier than smoothing a reliable product. Then, results show that the sales forecast and
maximum forecast bias increase over time and that the maximum forecast bias is significantly higher
than the sales forecast bias. Finally, the explosion factor of a customized products is an important cost
factor in the transportation costs from the co-packing site to the P&G DC.
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3. Literature review
Supply chain flexibility is an extensively investigated concept in the academic literature, mentioning a
large diversity of flexibility dimensions. At first, section 3.1 explains the concept of supply chain
flexibility, after which section 3.2 elaborates on the value of flexibility. Then, section 3.3 zooms in on
the relevant flexibility dimensions for this master thesis. Finally, the flexibility dimensions are related
with costs in the context of the customized supply chain in section 3.4. For a more detailed literature
review on supply chain flexibility, the reader is referred to Van Esseveldt (2019).

3.1.

Supply chain flexibility

In the past decade, supply chains have increased in complexity and need to deal with rapid changing
customer requirements and environmental uncertainties. The latest weapons for gaining competitive
advantage, by responding quicker and more cost-efficient to these changes and uncertainties, are
flexibility in the manufacturing environment and supply chain (Seebacher & Winkler, 2013). Supply
chain flexibility is a broad concept and can roughly be defined as “the capability of promptness and
degree to which the supply chain can adjust its speed, destination and volume in line with changes in
customer demand” (Lummus, Duclos, & Vokurka, 2003, p.4).
A typical supply chain includes multiple echelons and therefore, there are multiple dimensions of
supply chain flexibility. Each flexibility dimension has a different and limited impact on the supply
chain as a total. In addition, each dimension of flexibility is related differently to firm performance
(Martínez Sánchez & Pérez Pérez, 2005; Vickery et al., 1999). As can be derived from Van Esseveldt
(2019), the type of industry, the business strategy of a firm and characteristics of a firm do influence
supply chain flexibility. Therefore, managers need to understand their own firm’s characteristic in
relation to the total supply chain (Lummus et al., 2003), and should plan the effects of each flexibility
dimension to discover the outperforming dimensions (Martínez Sánchez & Pérez Pérez, 2005). In
addition, according to Martínez Sánchez & Pérez Pérez (2005), a flexibility strategy should precisely fit
the characteristics of the supply chain.

3.2.

The value of flexibility

Supply chain flexibility positively affects different performance measures. According to Lummus et al.,
(2003), performances in customer service, time-to-market, cycle time, and supply chain inventory are
improved by an increased supply chain flexibility. Beamon (1999) argue that a flexible supply chain
can result in the following advantages:
-

Reduction in the number of backorders, lost sales and late orders,
Ability to accommodate and respond to demand variations,
Increased customer satisfaction,
Ability to accommodate and respond to periods of poor manufacturing performance, poor
supplier or delivery performance,
Ability to accommodate and respond to new products, new markets, or new competitors.

In the scope of this master thesis, for P&G, flexibility in the customized supply chain is most relevant
for the customer service level and inventory levels.

3.3.

Relevant flexibility dimensions

This section discusses the relevant flexibility dimensions for this research and provides answers to the
first two research questions: “What are the relevant flexibility dimensions for this research?” and
“How can these dimensions be quantified in the outsourced customized supply chain?”. The next subsections elaborate on the dimensions of volume flexibility and process flexibility.
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3.3.1. Volume flexibility
Volume flexibility, sometimes also referred to as supply or sourcing flexibility, can be defined as the
ability to adjust capacity to respond to changes in customer demand by altering the supply of a product
in line with customer demand (Duclos, Vokurka, & Lummus, 2003a; Kumar et al., 2006; Lummus et al.,
2003; Martínez Sánchez & Pérez Pérez, 2005; Pujawan, 2004; Vickery et al., 1999). According to
Mendonça Tachizawa, E., & Giménez Thomsen (2007), the need for volume flexibility is driven by
demand volatility, low forecast accuracy, demand seasonality, unresponsive suppliers, low component
commonality and slack capacity at the focal company. Pujawan (2004) additionally mentions order
stability as a driver due to the changes that are often requested in the quantity, terms and due date.
Van Esseveldt (2019) investigated the sources that can enable volume flexibility based on the articles
by Jack & Raturi (2002), Mendonça Tachizawa & Giménez Thomsen (2007) and Tachizawa, Giménez,
& Gime (2009). Since the customization process of P&G is outsourced to third parties, there are three
main factors influencing the amount of volume flexibility. First, when activities are sourced to multiple
parties, production risk can be spread and the responsiveness to sudden changes in demand is
increased. Secondly, volume flexibility is increased when the supplier selection process is based on
flexibility. Finally, a long-term relationship with a supplier enables to develop a more buyer-focused
orientation.
3.3.1.1.
Quantifying volume flexibility
Some authors tried to quantify volume flexibility; Beamon (1999) constructed a formula to measure
volume flexibility by the proportion of demand that can be met by the supply chain system and
Pujawan (2004) constructed a model to assess the amount of sourcing flexibility in a company, based
on ten statements. However, these methods are not suitable to determine volume flexibility in this
research.
From section 2.2.2 it can be derived that P&G and each contracted co-packer agreed on several
capacity agreements. All these boundaries interact with the amount of volume flexibility offered by a
contracted co-packing company. To summarize, the amount of volume flexibility can be quantified by
the maximum contractual weekly capacity, minimum contractual weekly capacity, the maximum
weekly capacity expansion and the maximum capacity increase and decrease from period to period of
a contracted co-packing site.

3.3.2. Process flexibility
In the academic literature, process flexibility represents the ability to adjust to changes and/or
disruptions in the manufacturing process (D’Souza & Williams, 2000). According to Parker & Wirth
(1999), the main feature of process flexibility is the ability to change between the manufacturing of
different products with minimal changeover cost or time. Process flexibility minimizes inventory costs,
work in process and buffer sizes (Jain, Jain, Chan, & Singh, 2013).
3.3.2.1.
Quantifying process flexibility
In the previous section, process flexibility is described from a manufacturer point of view. However, a
FMCG company is only interested in the implications of the implemented process flexibility at a copacking site; the time it takes from the moment a production order is released to a co-packing site,
until the moment the customized product is ready for shipment to the final customer. Therefore, in
this master thesis, process flexibility can best be quantified as the lead time it takes to execute the
customization process.
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3.4.

Flexibility and costs

As mentioned in section 3.3, flexibility in the customized supply chain is most beneficial for the
inventory levels and the ability to respond to demand variations. However, from a co-packer point of
view, costs and flexibility are negatively related (Boyer & Lewis, 2002). Regarding the volume flexibility
offered by a co-packing site, Boulaksil, Fransoo, & Tan (2017) state that capacity reservation for
potential future demand at a third-party secures capacity, but also increases costs. For process
flexibility it will hold that the more time a co-packer has to arrange the production orders, the lower
the total co-packer costs will be; production orders can be scheduled better and more efficient and
therefore fewer temporary employees need to be hired and fired each period as a result of a less
fluctuating production pattern.
Note that, in the remaining of this research the costs charged by co-packing companies are assumed
to be fixed, regardless of the flexibility levels. However, for a FMCG company this knowledge is useful
to consider when negotiating with a third party and to question whether the cost reduction for
potential production would outweigh reduced flexibility levels and vice versa.
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4. Conceptualization and conceptual model
This chapter elaborates on the conceptualization phase in which decisions are made regarding the
model to be addressed. To find the right trade-off between flexibility and costs in the P&G
customization, several hierarchical decisions are involved. Section 4.1 presents the hierarchical
decision framework for this master thesis, consisting of three decision levels. A decision of this
framework is the Sales and Operation Planning (S&OP) process, which aligns business expectations
with the supply of products. This process is crucial for P&G since their main goal is to reach the target
service level at minimal costs. S&OP is explained into more detail in section 4.2. Subsequently, the
conceptualization of the P&G S&OP for customized products is presented in the sections 4.3 to 4.6.
Then, the model is extended by the academic approach of including newsvendor quantities, which is
discussed in section 4.7. Finally, the model assumptions are listed in section 4.8.

4.1.

Hierarchical decision framework

To address the right trade-off between flexibility and costs for the P&G customized supply chain, the
decision problem is divided into several components. Schneeweiss (2003) elaborated on the concept
of distributed decision making (DDM), characterized as the design and coordination of connected
decisions, and developed a hierarchical decision framework, which focuses on hierarchical decisions
within a company. Based on the framework by Schneeweiss (2003), the hierarchical decision
framework relevant for this master thesis is developed. This framework is shown in Figure 10 and
visualizes the top-down influence of the three hierarchical levels, of which the top and middle-level
decisions are in the scope of this master thesis. The top-level decisions influence the middle-level
decisions; the Sales and Operations Planning process is limited to the set of contracted co-packers that
is hierarchically decided on. In order to find a feasible decision, the top-level considers the middlelevel relevant characteristics.
The remaining of this chapter focuses on S&OP, which will decide on the allocation of a customized
product to a co-packing site as well as the production quantity to release to a co-packing site over a
planning horizon.

Figure 10: Three-level hierarchical decision framework

4.2.

Sales and Operations Planning

S&OP is a process that integrates all parts of the business into one unified plan (Tavares Thomé,
Scavarda, Fernandez, & Scavarda, 2012). It is a business process that links the company’s strategic plan
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to daily operations plans to balance the demand and supply of their products (Grimson & Pyke, 2007)
in order to meet customer demand at the highest levels, while, at the same time minimize supply
chain operating costs and maintaining reduced inventories (Lapide, 2004). Tavares Thomé et al.,
(2012) mention the following main features of an S&OP process:
-

it is an integrated and cross-functional tactical planning process within a company;
it integrates all of the plans of a business in a unified plan;
it has a planning horizon that ranges from less than three months to more than 18 months;
it bridges strategy and operations
it creates value and is linked with the firm’s performance.

S&OP takes the demand forecast as input for the supply plan, but does not want to use them blindly;
a firm may want to produce more than the forecast when stock-outs are unacceptable or less than
the forecast in case overstocks are costly or the product is nearing the end of its product lifecycle
(Nahmias & Olsen, 2015). Additionally, uncertainty should be planned for appropriately.
An important part of S&OP is an Aggregated Production Planning (APP), in which a production plan for
each period in the planning horizon is developed. The next sections elaborate on the conceptualization
of the APP model for this research.

4.3.

Model objective

The objective of the model is to minimize the expected costs of the decision over all stages. To obtain
minimal costs, the model seeks for an optimal configuration of multiple cost-variables. These relevant
costs to include in the general model in a customized supply chain can be categorized as follows:
-

-

-

-

-

Customization costs: all costs related to the overall customization process. Each possible
combination of a customized product and a co-packing site results in different customization
costs. The total customization costs depend on the total produced amount of each product
over time by the contracted co-packing companies.
Hypothetical penalty costs when exceeding agreed capacity boundaries: hypothetical costs
charged by co-packers when not meeting the agreed minimum and maximum capacity
principles. As mentioned earlier in this research, P&G and each co-packer agreed on a weekly
minimum and maximum capacity boundary. These boundaries can be modelled as hard
capacity limits which cannot be exceeded, or as capacity limits than can be exceeded at a
certain expense. In practice, when capacity expansion is desired by P&G and the co-packer
agrees upon the expansion, the contractual boundaries can be exceeded. Therefore, it is
decided to include hypothetical penalty costs in the APP model, which enable the model to
exceed the weekly capacity boundaries at some additional costs. The term hypothetical is
included because it is unknown whether additional costs are charged by the co-packers in
practice. The total costs depend on the amount of exceedance at each co-packing site in each
period and the corresponding cost charged by the specific co-packer.
Lost sales costs: the missed margin and potential loss of goodwill (penalty) costs by not
delivering the final customer the customized products they ordered. The total lost sales costs
depend on the lost sales cost per product, and the number of lost sales per customized
product over time.
Inventory holding costs: the costs related to having stock of customized products at a DC,
which depend on the amount of inventory of each customized product that is on stock each
period and the cost charged for a specific customized product.
Inventory risk surcharge: the costs included to anticipate on having potential future excess
inventory. As mentioned in section 2.3.1.1, a few times a year it is assessed whether the
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-

-

customized products that are on stock at the DCs have a maximum forecast for the upcoming
three months. In case there is no expected demand, the products will be removed from the
DC in the near future and it is attempted to make a specific deal for those products. However,
the desired scenario is that no products have excess inventory. Therefore, an inventory risk
surcharge per product is included in the objective function to enable to model to carefully
make production considerations; e.g. customized products that are expected to be more
reliable can have a lower inventory risk surcharge assigned to make them more attractive for
preproduction in case this is needed.
Reallocation costs: the costs for changing the customization location of a customized product.
These costs are included since reallocation causes additional labor and depend on the number
of times a customized product switches from a co-packer to another co-packer.
Hypothetical penalty costs when not producing in agreed quantities: the hypothetical penalty
costs assigned by a co-packing site when production is not a multiple of the agreed preferred
production quantities. In section 2.2.2 it is mentioned that P&G and the co-packers agreed to
produce in efficient production quantities, which is a production order larger than four hours.
Additionally, in section 2.3.2 it is described that P&G planners strive to send production orders
to the co-packers that take a full production run, eight hours, to complete. These agreements
can be modelled as hard model constraints or as agreements that can be relaxed at a certain
expense. In practice, some production orders that are send to the co-packers will take less
than four hours to complete. Therefore, it is decided to include hypothetical penalty costs in
the model, which enable the model to deviate from (multiples of) the minimum agreed
efficient production quantity at some additional costs. The term hypothetical is included
because it is unknown whether additional costs are charged in practice. The total costs depend
on the number of times the model deviates from the agreed production quantity.

4.3.1. Financial parameters
In order to model all cost components of the objective function, the following financial parameters
are included in the model:
-

Customization cost for each customized product at each contracted co-packing site,
Hypothetical penalty cost per capacity unit per period when production is above maximum
contractual capacity at each contracted co-packing site,
Hypothetical penalty cost per capacity unit per period when production is below minimum
contractual capacity at each contracted co-packing site,
Cost of underage per customized product
Inventory holding cost per customized product per period
Inventory risk surcharge per customized product per period
Cost for reallocation a customized product to another co-packing site
Hypothetical penalty cost for deviating from standard production quantity per contracted copacking site

4.4.

Model decision

As described in section 4.2, S&OP decides on the allocation of a customized product to one of the
contracted co-packing sites and the production quantity to produce each period in the planning
horizon. Therefore, the most important model decision is the production quantity of each customized
product at each co-packing site for each period. This decision influences all other model variables; e.g.
producing too little results in lost sales and producing too much will result in surplus inventory. The
decision is modelled as an assignment decision, because it is preferred to produce a customized
product at only one co-packing site each period.
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4.5.

Additional model components

This section presents all other model components that are included in the APP model: the contracted
co-packer characteristic, the maximum forecast and the demand fulfillment and inventory levels.

4.5.1. Contracted co-packer characteristics
An important model component to include are the set of contracted co-packing companies to which
production orders of a certain product can be released. Each co-packing company is modelled by
several parameters. A first parameter to define a co-packer is the lead time to fulfill the customization
process, starting from the moment to which a production order is released to this co-packing site until
the moment the finished customized products are back in the DC and ready for shipment to the final
customer.
Two other parameters that are used to characterize a contracted co-packer are the minimum and
maximum capacity boundary that is agreed on. When these minimum and maximum capacity are
close to each other, the model should more actively anticipate to fluctuating demand over periods by
preproducing a part of the maximum forecast compared to the situation in which the difference
between minimum and maximum capacity is larger. Note that the model is allowed to release
production orders that exceed the minimum and maximum boundary. However, as a result of
exceeding the boundaries, hypothetical penalties are assigned by the contracted co-packer.
Additionally, there is a maximum level to which the maximum contractual boundary can be exceeded.
This maximum expansion amount is also included as a parameter. Then, to limit extreme production
fluctuations, for example the situation in which minimum capacity is requested for a period followed
by maximum capacity for the next period and vice versa, the following two parameters are included
in the model: the maximum capacity increase and decrease from one period to another period.
Finally, each co-packing site is able to produce a number of items of each customized product in a
production shift. Note that this quantity differs at each co-packing site, depending on its productivity.
To determine the capacity use of a production order at a co-packing, the parameter that determines
the number of products of a specific customizer product that can be produced in a shift is included in
the model. In addition, to reflect the hypothetical penalty costs in the model, when not producing in
four-hour shifts, as shift is from this point forward referred to as a production run of four hours at a
co-packing site.

4.5.2. Maximum forecast and demand timing uncertainty
Another crucial model component is the forecast made at the start of the planning horizon for each
customized product and for each period in the planning horizon. In chapter 2, two types of forecasts
are mentioned: the sales forecast and the maximum forecast. In theory, the model could be initialized
with both forecasts. However, the SAP system the P&G planners use to schedule production at the copacking sites visualize the maximum forecast as expected demand. Therefore, in the remainder of the
model, and in the case study, the maximum forecast is used as input.
Additionally, it can be derived from the previous chapter that P&G uses a safety time for most products
to protect for demand timing uncertainty. Therefore, a safety time is included in the model.

4.5.3. Demand fulfillment and inventory levels
Since the customization process at each contracted co-packing site takes a certain lead time to
complete, the expected demand that occurs during a period needs to be fulfilled from the inventory
that is on hand at the DC. Then, when a production order is finished, the inventory levels are updated
again. This occurs at the end of a period, after potential demand fulfillment. In the case that the model
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is not able to fulfill all expected demand for a certain customized product with the inventory that is
on stock, lost sales are caused.

4.6.

KPIs

The objective of the model is to minimize the total expected costs related to the customization
process. However, P&G is mainly interested in the resulting realized costs while keeping the service
level above the set target. Therefore, to analyze the performance of the model when comparing
several scenarios, the following KPIs are introduced:
-

-

Service level: the fraction of customer demand that is delivered directly from stock. In the
academic literature, this is commonly known as the fill rate measure (P2). Note that the
service level at P&G is measured in SUs and measured over the total product portfolio.
Total realized costs: the total ex-post costs resulting from implementing the model choices.
These costs include the realized costs for the customization process, the hypothetical penalty
costs finally charged by the contracted co-packer for exceeding the capacity boundaries, the
realized inventory costs and the excess inventory costs, the hypothetical cost for deviating
from the standard production quantities and the final costs for the reallocation of customized
products to other co-packing sites.

To fully quantify the performance in terms of costs, the missed service can be converted into the lost
sales value of the missed service and added to the total realized costs.

4.7.

Model Extensions: Newsvendor Problem

From the detailed analysis, it can be derived that most P&G customized SKUs are low-demand
products; 50% of the SKUs is only demanded 1 to 5 times in 2018, and another 19% is only demanded
6 to 10 times in 2018. When translating these numbers into the twelve week planning horizon of a
P&G planner, there is probably a high number of SKUs that have a maximum forecast for only one or
a few weeks in the planning horizon. In addition, P&G has the policy to actively sell products that do
not have a maximum forecast for the upcoming three months. As a result, the model decision on the
production quantity of each customized product is crucial, because lost sales will affect the service
level and surplus inventory will result in additional cost.
The academic approach that is most similar to how the P&G planner should tackle the scheduling
problem for low-demand products is the Newsvendor model, which is the decision on the one-time
production quantity when facing uncertain demand and knowing the economic consequences of
producing too much or too little products. The newsvendor quantity can be referred to as the
production quantity that maximizes the expected profit and is calculated based on the distribution of
the expected demand, the cost of overage and the cost of underage.
However, in practice, managers’ decisions do not correspond to the production quantity that would
maximize the expected profit; there is a tendency to produce between the mean demand and
expected profit-maximizing quantity (Bolton, Ockenfels, & Thonemann, 2012). From chapter 2, it can
be derived that for the one-off promotions P&G planners produce the already ordered customer
demand or preproduce approximately x% (<100%) of the maximum forecast when the final customer
orders are not known yet. Note that the maximum forecast in this case is equal to the sales forecast.
In addition, because on average still x% of the volume is ordered in the same week as in which the
final products need to be shipped, which is usually too short for the customization process to
anticipate, the applied planning policy for one-off promotions can be referred to as a protective or
waste-averse strategy.
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Since, from an academic perspective, the newsvendor quantity is the optimal production quantity for
low-demand products, a second model is tested next to the model described in the previous sections.
This model includes quantity uncertainty by considering the newsvendor quantity of each customized
product for a future period instead of the maximum forecast quantity. Because customized products
can be demanded more than one week, the model is referred to as a repeated newsvendor model.
The two models are compared in the results of the case study of chapter 8. In the next sections, the
newsvendor formula is presented and the application for the customized P&G supply chain is
explained.

4.7.1. Newsvendor formula
The expected costs related to having surplus inventory, or having too few products, can be expressed
by the following formula:
𝑄

∞

𝐸[𝐶(𝑄)] = 𝑐𝑜 ∫ (𝑄 − 𝑥 )𝑓(𝑥)𝑑𝑥 + 𝑐𝑢 ∫ (𝑥 − 𝑄)𝑓(𝑥)𝑑𝑥
0

𝑄

where E[C(Q)] are the expected costs, co the cost of overage, cu the cost of underage, Q the production
quantity and f(x) the probability density function of the expected demand x. To minimize the expected
costs, the newsvendor uses the cumulative density function to decide about the optimal order
quantity, referred to as Q* and expressed as follows:
𝑐𝑢
𝑄 ∗ = 𝐹 −1 (
) 𝑤𝑖𝑡ℎ 𝑥~𝑁𝑜𝑟𝑚(𝜇, 𝜎)
𝑐𝑢 + 𝑐𝑜

4.7.2. Repeated Newsvendor application
According to Brow (1959), if the demand follows a normal distribution, the standard deviation (σ) can
be calculated as:
𝜋
σ = √ ∗ 𝑀𝐴𝐷 ≈ 1.25 ∗ 𝑀𝐴𝐷
2
The MAD in the formula refers to Mean Absolute Deviation. Since product-specific forecasts can highly
fluctuate over time, the MAPE is preferred as accuracy measure, which expresses the accuracy as a
percentage. When taking the MAPE, and assuming that the maximum forecast value is the mean of
the normal demand distribution, the MAD can be calculated by multiplying the MAPE by the maximum
forecast. Then, the standard deviation can be calculated by the following formula:
σ ≈ 1.25 ∗ 𝑀𝐴𝑃𝐸 ∗ 𝐹 −1
As can be derived from section 2.4.4.1, the forecast error decreases when the forecasting moment is
getting closer to the shipment date. As a result, uncertainty is reduced over time which is reflected by
the standard deviation in the newsvendor formula; when the standard deviation decreases, the
newsvendor quantity is closer to the first moment quantity.
However, as can be derived from 2.4.2 the maximum forecast has a structural positive bias for the
weeks that are most close to the week of shipment. Therefore, it might be that the assumption to use
the maximum forecast as first moment might result in less optimal newsvendor quantities. If this
results from the case study, the maximum forecast can be adapted or the newsvendor fractile can be
tuned to obtain more appropriate results.

4.8.

Model Assumptions

The following assumptions have been made regarding the APP model:
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-

All released production orders to a co-packing site are fulfilled
There are always enough base products and packaging materials available as input for the
customization process
Quality issues and breakdowns cannot occur
Each co-packing site can execute all manipulations, because most executions are done
partially manual and equipment is general
The capacity at each co-packing site can be used for all customization types, without limits per
customization type
The lead time of the customization process is deterministic and depends on the co-packing
site that executes the manipulation
All delivered customized products are accepted by the customer as they ordered them
For each customized product one DC keeps inventory, because each customized product is
country specific
Unfulfilled demand is lost, not back ordered
There are no restrictions for the number of product specific inventory or total inventory
The maximum forecast error is normally distributed
The maximum forecast is the mean of the normal demand distribution
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5. Rolling horizon approach
In the previous chapter, the conceptual model for the APP is presented, which develops a production
planning for each period in the planning horizon. This model assumes fixed, deterministic parameter
values. In practice, these assumptions do not hold due to uncertainties. The uncertainties faced in the
customized supply chain are described in section 5.1. When information regarding the uncertainties
change, so does the APP planning. Section 5.2 elaborates on the concept of a rolling horizon. This
concept can include parameter uncertainties by periodically updating parameter values with the most
recent available information. Finally, in section 5.3 the APP model is summarized in accordance with
the rolling horizon approach.

5.1.

Demand uncertainties

The maximum forecast is based on the customer orders, market expectations and assumptions of P&G
or historical, last-like promotions. However, over time, these expectations might change since in
general more data is available about future demand when the shipment date is getting closer. As a
result, the model decision is very dependent on the moment at which the planning is made.
In addition, an APP at P&G has a planning horizon of twelve periods and is made at the start of a
period. Since the case study simulates the model for a longer period than one planning horizon,
product specific information for each customized product for each future period is not known at the
moment of planning. In order to investigate the long-term cost results of the model developed in the
previous chapter, the rolling horizon concept is used.

5.2.

Rolling horizon concept

By including the rolling horizon concept in the APP model, the model takes into account stochastic
parameters. A rolling horizon facilitates to periodically update the maximum forecast, or newsvendor
quantity, with the new available information which causes the production planning to respond to new
information in order to make the best decisions (Galasso, Mercé, Grabot, & Merceá, 2008). So, by
using the rolling horizon concept, the uncertainties in the maximum forecasts or newsvendor
quantities can be considered by periodically updating the APP based on the new available information.
Figure 11 visualizes the concept of a rolling horizon for the multistage model in the context of the P&G
customized production planning, in which the lead time of the co-packer is one period, the planning
horizon is twelve periods and the planning is reviewed each period. At the start of the first period, a
production planning for the first planning horizon, period 1 to 12, is developed. However, only the
planning for the current period, period 1, is released to the contracted co-packing company. Then, at
the start of the second period, the decisions made at the first period can be revised based on the new
available information and updated inventory levels. Based on this information, again a production
planning for the new planning horizon, period 2 to 13, is obtained. This implies that the decisions made
in the second period overwrite the earlier made decisions from the first period. However, again only
the planning for the current period, period 2, is released to the contracted co-packer.
Note that the production planning decisions take a certain lead time, representing the waiting time
that is required before the production orders are completed. In the academic literature, this is often
referred to as the frozen period; the interval of time in which a company does not change the planning,
regardless of the events or changes that occur. The larger this frozen period, the less responsive the
APP will be to uncertainties.
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Figure 11: The aggregate production planning process in the context of a rolling horizon.

5.3.

Summary of the rolling horizon-based APP model

This section concludes how the model aspects are represented in the context of a rolling horizon.
Figure 12 visualizes the high-level model in which the APP is modelled by the rolling horizon method
to take into account stochastic parameters. To indicate the current time period, τ is included in the
figure, which is used instead of t, which represents the static calendar time. As visualized in the figure,
at the start of the current time period, the model determines the aggregated planning for the planning
horizon of twelve periods [τ, τ+11), which is based on minimizing the total ex-ante costs for the
planning horizon. However, from this aggregated planning, as can be derived from step 2, only one
period is implemented. The lead time of the co-packer to which the production is assigned, denoted
as LTr in the figure, decides for which period the production order is released. In the next chapter, the
notation of LTr is explained into more detail. Then, in step 3 actual demand information becomes fully
available, which will be when possible fulfilled with the inventory that is on stock at the DC. Since each
period production orders are released to co-packers, each period finished customized products arrive
at the DC. This occurs in step 4, at the end of period τ; the inventory level is updated by the new
finished customized products. Note that depending on the lead time of a co-packing site, finished
goods released at period τ-LTr+1 arrive at the end of period τ. In step 5, the maximum forecast, or
newsvendor quantities, for each customized product for future periods are updated by the new
available data. Finally, the period is updated to the next period, after which the planning cycle can
start again.

Figure 12: High-level description of APP model including rolling horizon
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6. Mathematical Model
In this chapter the mathematical APP model is introduced, in which at the start of a period a planning
is made for the upcoming planning horizon. The model is presented as a discrete-time Mixed Integer
Programming (MIP) model, in which a planning horizon is defined as a finite number of identical time
intervals. At first, the model components are described in section 6.1. Secondly, in section 6.2, the
complete mathematical representation of the model is presented. Then, in section 6.3, the model is
extended with the newsvendor quantities. Finally, in section 6.4, the KPIs are mathematically
formulated. All numbers used to define the model constraints and parts of the objective function
through this chapter are numbered in the order in which they are used in section 6.2, the complete
mathematical representation of the model.

6.1.

Decomposed model formulation

To clearly explain the model, it has been chosen to decompose the scientific model by describing the
different model components independently. At first, the most important model decision is
formulated. Secondly, all co-packer characteristics that need to be included are modelled, followed
by the maximum forecast, inventory levels and demand fulfillment. Finally, the financial parameters
are mathematically listed and all parts of the model objective are separately presented.

6.1.1. Model decision
As described in the conceptual model, the most important model decision is how much to produce of
a customized product at a co-packing site for a period. At a certain moment, the model decision can
no longer be changed, which can be referred to as a decision made in the past for a past period or a
decision that can no longer be changed as a result of co-packer lead time. Consequently, for the model
decision the lead time of the co-packer to which the production is assigned, the current time and the
period in the planning horizon for which the decision is made determine whether a decision can be
changed in the future due the arrival of new information. In the remainder of this chapter values that
can change in the future due to the arrival of new information are modelled as variables, whereas
values that remain unchanged when new information arrives are modelled as parameter.
In order to mathematically model the model decision, the following decision variables, associated
subsets and parameters are introduced:
𝐾
𝑅
𝑇
𝐿𝑇𝑟
𝜏
𝑞𝑘𝑟𝑡
𝑄𝑘𝑟𝑡
𝑢𝑘𝑟𝑡
𝑈𝑘𝑟𝑡

𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑘
𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑒𝑟𝑠, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑟
𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠 𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑑 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑙𝑎𝑛𝑛𝑖𝑛𝑔 ℎ𝑜𝑟𝑖𝑧𝑜𝑛, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑡
𝐿𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝐶𝑜𝑢𝑛𝑡 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇 𝑜𝑓 𝑝𝑙𝑎𝑛𝑛𝑖𝑛𝑔 𝑚𝑜𝑑𝑒𝑙
𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 # 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑒𝑟 𝑟 ∈
𝑅 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐷𝑒𝑓𝑖𝑛𝑖𝑡𝑖𝑣𝑒 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 # 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑒𝑟 𝑟 ∈
𝑅 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟
= 𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑖𝑠 𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑡𝑜 𝑏𝑒 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔
𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑖𝑠 𝑜𝑟 𝑤𝑎𝑠 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟
𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟
=
=
=
=
=
=

To model the assignment decision, Equation (2) is included to ensure a customized product can only
be customized at one co-packing company r 𝜖 𝑅 each period 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟 . The less than or equal
to sign is chosen since a customized product 𝑘 𝜖 𝐾 does not have to be allocated to a co-packing site
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r 𝜖 𝑅 from the start of a planning horizon. Then, Equation (3) guarantees that production of each
customized product 𝑘 𝜖 𝐾 to co-packing site r 𝜖 𝑅 at period 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟 can only be realized
when this customized product is connected to the co-packing site for the corresponding period. Note
that M in Equation (3) is an arbitrary big number. To ensure non-negativity of the decision variable
𝑞𝑘𝑟𝑡 , and to ensure a binary outcome of the decision variable 𝑢𝑘𝑟𝑡 Equation (18a) and (19a) are
respectively included in the model.
∑ 𝑢𝑘𝑟𝑡 ≤ 1
𝑟∈𝑅

𝑞𝑘𝑟𝑡 ≤ 𝑢𝑘𝑟𝑡 ∗ 𝑀
𝑢𝑘𝑟𝑡 ∈ {0,1}
𝑞𝑘𝑟𝑡 ≥ 0

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(2)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(3)
(18a)
(19a)

6.1.2. Co-packer characteristics
Each co-packer 𝑟 𝜖 𝑅 has several characteristics that are important to include in the model, which are
already discussed in the previous chapter. Therefore, the following input parameters are modelled:
𝑊𝑟𝑚𝑎𝑥
𝑊𝑟𝑚𝑖𝑛
𝑚𝑎𝑥𝑒𝑥𝑝
𝑊𝑟
𝛾𝑟𝑖𝑛𝑐𝑟
𝛾𝑟𝑑𝑒𝑐𝑟
𝐴𝑘𝑟

=
=
=
=
=
=

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝑀𝑖𝑛𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑡𝑜 𝑤ℎ𝑖𝑐ℎ 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑐𝑎𝑛 𝑏𝑒 𝑒𝑥𝑝𝑎𝑛𝑑𝑒𝑑
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
# 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾 𝑡ℎ𝑎𝑡 𝑐𝑎𝑛 𝑏𝑒 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑖𝑛 𝑎 𝑠ℎ𝑖𝑓𝑡 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑒𝑟 𝑟 ∈ 𝑅

Then, the capacity utilization at a co-packing site 𝑟 𝜖 𝑅 to produce all assigned customized products in
𝐾 for period 𝑡 𝜖 𝑇 is included in the model. Since the production of a customized product takes a
certain lead-time, 𝐿𝑇𝑟 , the capacity use is modelled as a variable in case 𝑡 > 𝜏 + 𝐿𝑇𝑟 and as a
parameter when 𝑡 ≤ 𝜏 + 𝐿𝑇𝑟 . Consequently, the capacity utilization is included in the model by:
𝑣𝑟𝑡
𝑉𝑟𝑡

=
=

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
𝐷𝑒𝑓𝑖𝑛𝑖𝑡𝑖𝑣𝑒 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑟 𝑢𝑠𝑒𝑑 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈
𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟

Equation (4) defines the capacity needed at a co-packing site 𝑟 𝜖 𝑅 for all customized products in 𝐾
for period 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟 .
∑
𝑘∈𝐾

𝑞𝑘𝑟𝑡
= 𝑣𝑟𝑡
𝐴𝑘𝑟

∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(4)

Then, P&G and each contracted co-packer 𝑟 𝜖 𝑅 decided about the minimum and maximum
contractual capacity. However, at a certain expense these boundaries may be exceeded. To track
whether those boundaries are exceeded, the following variables and parameters are included in the
model:
+
𝑤𝑟𝑡

=

−
𝑤𝑟𝑡

=

𝐸𝑥𝑐𝑒𝑠𝑠 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑛 𝑡𝑜𝑝 𝑜𝑓 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑘𝑐𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
𝐼𝑛𝑠𝑢𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑏𝑒𝑙𝑜𝑤 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
32

+
𝑊𝑟𝑡

=

−
𝑊𝑟𝑡

=

𝐷𝑒𝑓𝑖𝑛𝑖𝑡𝑖𝑣𝑒 𝑒𝑥𝑐𝑒𝑠𝑠 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑟 𝑢𝑠𝑒𝑑 𝑜𝑛 𝑡𝑜𝑝 𝑜𝑓 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟
𝐷𝑒𝑓𝑖𝑛𝑖𝑡𝑖𝑣𝑒 𝑖𝑛𝑠𝑢𝑓𝑓𝑖𝑒𝑛𝑡 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑟 𝑢𝑠𝑒𝑑 𝑏𝑒𝑙𝑜𝑤 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟

Equation (5) and (6) are included to express how the required capacity is related to the contractual
boundaries and the possible deviations from these boundaries at each co-packing site 𝑟 𝜖 𝑅 for period
𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟 . However, note that the total production quantity that can be produced at each copacker 𝑟 𝜖 𝑅 each period 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟 is bounded within the maximum expansion capacity of co+
packing site 𝑟 𝜖 𝑅, as given by Equation (7). Again, to ensure nonnegatively of the two variables 𝑤𝑟𝑡
−
and 𝑤𝑟𝑡
, Equation (19b) is included in the model.
+
𝑣𝑟𝑡 ≤ 𝑊𝑟𝑚𝑎𝑥 + 𝑤𝑟𝑡
−
𝑣𝑟𝑡 ≥ 𝑊𝑟𝑚𝑖𝑛 − 𝑤𝑟𝑡
𝑚𝑎𝑥𝑒𝑥𝑝
𝑣𝑟𝑡 ≤ 𝑊𝑟
+
−
𝑤𝑟𝑡
, 𝑤𝑟𝑡
≥0

∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡

> 𝜏 + 𝐿𝑇𝑟
> 𝜏 + 𝐿𝑇𝑟
> 𝜏 + 𝐿𝑇𝑟
> 𝜏 + 𝐿𝑇𝑟

(5)
(6)
(7)
(19b)

To link quantity decisions within the current planning horizon, and to link past quantity decisions with
the current planning horizon, Equation (8) and (9) are included, which guarantee that the maximum
percentual capacity increase and decrease are not exceeded by the model.
𝑣𝑟𝑡 ≤ (1 + 𝛾𝑟𝑖𝑛𝑐𝑟 ) ∗ (𝑉𝑟𝑡−1 + 𝑣𝑟𝑡−1 )
𝑣𝑟𝑡 ≥ (1 − 𝛾𝑟𝑑𝑒𝑐𝑟 ) ∗ (𝑉𝑟𝑡−1 + 𝑣𝑟𝑡−1 )

∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(8)
(9)

Then, when the production quantities differ from the preferred production quantities, a hypothetical
penalty is assigned to P&G by the co-packer. To determine whether production is a multiple of the
agreed quantity, the following binary variable and parameter are introduced:
𝑛𝑘𝑟𝑡
𝑁𝑘𝑟𝑡

= 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑤ℎ𝑒𝑡ℎ𝑒𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 ℎ𝑎𝑠 𝑝𝑙𝑎𝑛𝑛𝑒𝑑
𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟 𝑖𝑛 𝑎
𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑎𝑔𝑟𝑒𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦
= 𝐵𝑖𝑛𝑎𝑟𝑦 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑤ℎ𝑒𝑡ℎ𝑒𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑖𝑠 𝑜𝑟 𝑤𝑎𝑠
𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟 𝑖𝑛 𝑎
𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑎𝑔𝑟𝑒𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦

To ensure a binary outcome of the decision variable 𝑛𝑘𝑟𝑡 Equation (18b) is included in the model.
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

𝑛𝑘𝑟𝑡 ∈ {0,1}

(18b)

To force that the binary variable 𝑛𝑘𝑟𝑡 turns 1 when the production quantity is not a multiple of the
𝑞

𝑞

agreed quantity, the following formula should be modelled: 𝐴𝑘𝑟𝑡 − ⌊ 𝐴𝑘𝑟𝑡 ⌋ ≤ 𝑛𝑘𝑟𝑡 . When the production
𝑘𝑟

𝑘𝑟

quantity is not a multiple of the preferred production quantity, 𝑛𝑘𝑟𝑡 is set to 1. Else, when the
production quantity is a multiple of the preferred production quantity, 𝑛𝑘𝑟𝑡 can turn 0 or 1. If the
model has this choice, the model will set 𝑛𝑘𝑟𝑡 to 0, because the model objective is to minimize the
total expected cost. Therefore, no additional equation has to be modelled. Since variables cannot be
rounded down in linear programming, the formula needs to be rewritten. Therefore, the following
help-variables are introduced:
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𝑠𝑘𝑟𝑡
𝑗𝑘𝑟𝑡

= 𝐶𝑜𝑛𝑡𝑖𝑛𝑖𝑜𝑢𝑠 𝑠𝑙𝑎𝑐𝑘 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡
𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐼𝑛𝑡𝑒𝑔𝑒𝑟 ℎ𝑒𝑙𝑝 − 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡
𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

With these two help-variables, Equation (10) and (11) are included in the model, which replace the
function of

𝑞𝑘𝑟𝑡
𝐴𝑘𝑟

𝑞

− ⌊ 𝐴𝑘𝑟𝑡⌋ ≤ 𝑛𝑘𝑟𝑡 . Equation (12) and (13) ensure that the integer 𝑗𝑘𝑟𝑡 is not rounded
𝑘𝑟

down to 𝑗𝑘𝑟𝑡 − 1. Finally, Equation (14) models that 𝑗𝑘𝑟𝑡 is restricted to integer values.
𝑞𝑘𝑟𝑡
− 𝑗𝑘𝑟𝑡 ≤ 𝑛𝑘𝑟𝑡
𝐴𝑘𝑟
𝑞𝑘𝑟𝑡
= 𝑗𝑘𝑟𝑡 + 𝑠𝑘𝑟𝑡
𝐴𝑘𝑟
𝑠𝑘𝑟𝑡 ≥ 0
𝑠𝑘𝑟𝑡 < 1
𝑗𝑘𝑟𝑡 ∈ {. . , −2, −1, 0,1,2, . . }

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(10)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(11)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(12)
(13)
(14)

6.1.3. Maximum forecast, demand fulfillment and inventory levels
In the previous chapter it is argued that the model should periodically update the maximum forecast
for each period in the planning horizon. To ensure the maximum forecast can be updated when 𝜏 is
updated to the next period, the parameter maximum forecast of each customized product 𝑘 𝜖 𝐾 for
each period 𝑡 ≥ 𝜏 𝜖 𝑇 is linked to τ. In addition to the maximum forecast, the demand realization is
modelled as a parameter. The forecasted and realized demand are formally denoted as:
𝜏
𝐹[𝑑𝑘𝑡
]

=

𝐷𝑘𝑡

=

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑝𝑒𝑟𝑖𝑜𝑑 𝜏
𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏
𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 < 𝜏

To protect for demand timing uncertainty, a safety time parameter is included in the model for each
customized product 𝑘 𝜖 𝐾, which can be referred to as the number of items that should be at stock to
cover the maximum forecast of customized product 𝑘 𝜖 𝐾 for the time that is set for the safety time
parameter. Then, the inventory level determines whether there are enough items of customized
product 𝑘 𝜖 𝐾 on stock for period 𝑡 𝜖 𝑇. In case there is not enough inventory on hand to fulfill
customer demand, lost sales of customized product 𝑘 𝜖 𝐾 for period 𝑡 𝜖 𝑇 are caused. Again, when
future values can change due to a revised APP, these components are modelled as variables, whereas
when future values remain unchanged, the components are included as parameters. The variables
and parameters are denoted by the following formal notation:
𝑆𝑇𝑘
ℎ𝑘𝑡

=
=

𝐻𝑘𝑡

=

𝑙𝑠𝑘𝑡
𝐿𝑆𝑘𝑡

=
=

𝑆𝑎𝑓𝑒𝑡𝑦 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑛 ℎ𝑎𝑛𝑑 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≥
𝜏
𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑛 ℎ𝑎𝑛𝑑 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑜𝑓
𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 < 𝜏
𝐿𝑜𝑠𝑡 𝑠𝑎𝑙𝑒𝑠 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏
𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑙𝑜𝑠𝑡 𝑠𝑎𝑙𝑒𝑠 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 < 𝜏

To fulfill the safety time requirement, Equation (15) is modelled, which ensures enough items are on
stock to fulfill the safety time requirement. To protect for infeasibility when the lead time of the co34

packers would be large while the maximum forecast keeps updating each period, the minimum of the
co-packer lead time parameter is included in the model. As a result, the model can always choose a
value 𝑞𝑘𝑟𝑡 , which ensure feasibility of Equation (15). The inventory levels are calculated at the end of
period 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏, as denoted by Equation (16) and (17). Since finished customized products directly
arrive at the start of a period, the new inventory level at the end of period can be calculated by the
inventory level of the previous period 𝑡 − 1 𝜖 𝑇|𝑡 ≥ 𝜏, plus the finished customized products at period
𝑡 𝜖 𝑇|𝑡 ≥ 𝜏 minus the maximum forecast for period 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏, and, potentially the amount of lost
sales for period 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏. To guarantee non-negativity of the two variables ℎ𝑘𝑡 and 𝑙𝑠𝑘𝑡 , Equation
(20) is included in the model.
𝑡+𝑆𝑇𝑘 −1

∑

𝑞𝑘𝑟𝑡 +

𝑟 𝜖 𝑅|𝑡>𝜏+𝐿𝑇𝑟

∑

𝑄𝑘𝑟𝑡 ≥

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

ℎ𝑘𝑡 = 𝐻𝑘(𝑡−1) +

∑

𝑄𝑘𝑟𝑡 −

∑

𝜏
𝐹[𝑑𝑘𝑖
] − ℎ𝑘(𝑡−1)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡
> 𝜏 + min(𝐿𝑇𝑟 )

(15)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡 = 𝜏

(16)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡 > 𝜏

(17)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏

(20)

𝑖=𝑡
𝜏
𝐹[𝑑𝑘𝑡
]+

𝑙𝑠𝑘𝑡

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

ℎ𝑘𝑡 = ℎ𝑘(𝑡−1) +

∑

𝑄𝑘𝑟𝑡 +

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

∑

𝜏
𝑞𝑘𝑟𝑡 − 𝐹[𝑑𝑘𝑡
] + 𝑙𝑠𝑘𝑡

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

ℎ𝑘𝑡 , 𝑙𝑠𝑘𝑡 ≥ 0

6.1.4. Transition of variables to parameters when updating 𝜏
In the previous sections, it is preferred to include decisions which remain unchanged in the future as
parameters and decisions which can be changed in the future due to the arrival of new information as
variables.
The arrival of new information is reflected in the maximum forecast; each time 𝜏 is updated to 𝜏 + 1,
the maximum forecast for each customized product for each period in the planning horizon is updated.
In addition, each time 𝜏 is updated to 𝜏 + 1, there is a demand realization for the period that is
removed from the planning horizon as a result of updating 𝜏.
In line with these maximum forecast updates and demand realizations, each time a transition in 𝜏
occurs, so 𝜏 is set to 𝜏 + 1, a decision that was a variable at the previous 𝜏 now is a parameter is the
updated 𝜏. For all decisions related to the production, the co-packer lead time and the current period
determine for which calendar period the decision is set to a parameter. For decisions not related to
the production, the current time period determines for which calendar period the decision is set to a
parameter.
Based on the demand realization and realization of the parameters resulting from the decision
variables, the KPIs can be calculated.

6.1.5. Financial parameters
As mentioned in the previous chapter, there are eight cost parameters associated with the APP model.
The following mathematical description is adopted for the eight parameters:
𝑐
𝐶𝑘𝑟

=

𝐶𝑟𝑐𝑚𝑎𝑥

=

𝐶𝑟𝑐𝑚𝑖𝑛

=

𝐶𝑘𝑢

=

𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡 𝑓𝑜𝑟 𝑜𝑛𝑒 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑐ℎ𝑎𝑟𝑔𝑒𝑑 𝑏𝑦 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑤ℎ𝑒𝑛
𝑒𝑥𝑐𝑒𝑒𝑑𝑖𝑛𝑔 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑔𝑟𝑒𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑐ℎ𝑎𝑟𝑔𝑒𝑑 𝑏𝑦 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑤ℎ𝑒𝑛 𝑛𝑜𝑡
𝑟𝑒𝑎𝑐ℎ𝑖𝑛𝑔 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑎𝑔𝑟𝑒𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
𝐶𝑜𝑠𝑡 𝑜𝑓 𝑢𝑛𝑑𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
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𝐶𝑘ℎ
𝐶𝑘𝑟𝑖𝑠𝑘
𝐶 𝑐ℎ
𝐶𝑟𝑑𝑒𝑣

𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑟𝑖𝑠𝑘 𝑠𝑢𝑟𝑐ℎ𝑎𝑟𝑔𝑒 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐶𝑜𝑠𝑡 𝑓𝑜𝑟 𝑐ℎ𝑎𝑛𝑔𝑖𝑛𝑔 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛
𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑓𝑜𝑟 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑛𝑔 𝑓𝑟𝑜𝑚 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅

=
=
=
=

6.1.6. Model objective
The objective function, focusing on minimizing the total expected costs over a planning horizon, is
decomposed into several components, described by equation (1a) to (1h). At first, the expected total
customization costs for a planning horizon (1a) are calculated by the sum of the product and co-packer
specific customization cost times the product specific production quantities over all customized
products 𝑘 𝜖 𝐾 to all co-packing sites 𝑟 𝜖 𝑅 for all periods in the planning horizon, 𝜏 𝑡𝑜 𝜏 + 𝑇 − 1 𝜖 𝑇.
Secondly, the total hypothetical penalty costs for over and underproduction charged by all co-packing
sites 𝑟 𝜖 𝑅 over all periods in the planning horizon, 𝜏 𝑡𝑜 𝜏 + 𝑇 − 1 𝜖 𝑇, when not producing between
the minimum and maximum contractual capacity, are respectively presented by (1b) and (1c). Cost
component (1d) represents the expected lost sales cost for a planning horizon by the multiplication of
the product specific underage cost and the sum of the product and period specific lost sales for all
customized products 𝑘 𝜖 𝐾 over all periods 𝜏 𝑡𝑜 𝜏 + 𝑇 − 1. Then, the total expected costs for holding
inventory and the inventory risk surcharge are respectively represented by (1e) and (1f). These costs
are calculated by the multiplication of the product specific holding cost or inventory risk surcharge
and the sum of the product specific inventory that is at stock each period for all customized products
𝑘 𝜖 𝐾 over all periods 𝜏 𝑡𝑜 𝜏 + 𝑇 − 1. Cost component (1g) formulates the total costs for deviating
from the preferred production quantities of all customized products 𝑘 𝜖 𝐾 for all co-packing sites 𝑟 𝜖 𝑅
over all periods 𝜏 𝑡𝑜 𝜏 + 𝑇 − 1. Finally, cost component (1h) represents the total reallocation costs for
a horizon for all customized products 𝑘 𝜖 𝐾 to all co-packing sites 𝑟 𝜖 𝑅. These costs are determined
by the costs for changing production location times whether the production location has changed with
respect to the previous period, calculated for all customized products 𝑘 𝜖 𝐾 to all co-packing sites
𝑟 𝜖 𝑅 over all periods 𝜏 𝑡𝑜 𝜏 + 𝑇 − 1. In the case that a customized product changes its production
location, two variables change values from one period to another; e.g. 𝑢𝑘𝑟𝜏 of the co-packer where
previous production took place turns from 1 in the previous period to 0 in the current period, and 𝑢𝑘𝑟𝜏
of the co-packer where current production takes place turns from 0 in the previous period to 1 in the
current period. However, note that (1h) penalizes this change only once. Additionally, note that cost
component (1h) is formulated as a quadratic function, which makes the problem NP-hard (Bliek,
Bonami, & Lodi, 2014). In the next chapter, it is explained how this quadratic term is rewritten to make
the model linear again. However, for this moment, the formulation of (1h) is most intuitive.
𝜏+𝑇−1

∑

𝑐
𝐶𝑘𝑟

∑

𝑘∈𝐾 𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

∗ ∑ 𝑞𝑘𝑟𝑡

(1a)

𝑡=𝜏
𝜏+𝑇−1

𝐶𝑟𝑐𝑚𝑎𝑥

∑

+
∗ ∑ 𝑤𝑟𝑡

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

(1b)

𝑡=𝜏
𝜏+𝑇−1

𝐶𝑟𝑐𝑚𝑖𝑛

∑

−
∗ ∑ 𝑤𝑟𝑡

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

(1c)

𝑡=𝜏

𝜏+𝑇−1

∑
𝑘∈𝐾

𝐶𝑘𝑢

∗ ∑ 𝑙𝑠𝑘𝑡

(1d)

𝑡=𝜏

36

𝜏+𝑇−1

∑

𝐶𝑘ℎ

∗ ∑ ℎ𝑘𝑡

𝑘∈𝐾

(1e)

𝑡=𝜏
𝜏+𝑇−1

∑

𝐶𝑘𝑟𝑖𝑠𝑘

∗ ∑ ℎ𝑘𝑡

𝑘∈𝐾

(1f)

𝑡=𝜏
𝜏+𝑇−1

∑

∑

𝐶𝑟𝑑𝑒𝑣

𝑘∈𝐾 𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

𝐶

𝑐ℎ

∗∑

(1g)

∗ ∑ 𝑛𝑘𝑟𝑡
𝑡=𝜏
𝜏+𝑇−1

∑

[𝑈𝑘𝑟(𝜏−1) ∗ (1 − 𝑢𝑘𝑟(𝜏) ) +

𝑘∈𝐾 𝑟∈𝑅|𝑡=𝜏+𝐿𝑇𝑟 +1

6.2.

(1h)

∑ 𝑢𝑘𝑟(𝑡−1) ∗ (1 − 𝑢𝑘𝑟𝑡 )]

∑

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟 +1 𝑡=𝜏+1

Summary of the mathematical model

This section summarizes the complete scientific model. At first, the objective function is constructed
by combining equation (1a) to (1h). Secondly, all equations are included and, finally, all subsets,
parameters and variables are listed. The mathematical model can be formulated in the following way:
Objective function:
𝜏+𝑇−1

𝑀𝑖𝑛𝑍1 = ∑

𝑐
𝐶𝑘𝑟

∑

∗ ∑ 𝑞𝑘𝑟𝑡 +

𝑘∈𝐾 𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

+

𝑡=𝜏

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟
𝜏+𝑇−1

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

+

+ 𝐶

𝑐ℎ

∑

+
∗ ∑ 𝑤𝑟𝑡

𝑡=𝜏
𝜏+𝑇−1

−
𝐶𝑟𝑐𝑚𝑖𝑛 ∗ ∑ 𝑤𝑟𝑡
+ ∑ 𝐶𝑘𝑢 ∗ ∑ 𝑙𝑠𝑘𝑡

∑
∑(𝐶𝑘ℎ
𝑘∈𝐾

𝜏+𝑇−1

𝐶𝑟𝑐𝑚𝑎𝑥

+

∗∑

𝑡=𝜏
𝜏+𝑇−1

𝐶𝑘𝑟𝑖𝑠𝑘 )

𝑘∈𝐾

𝜏+𝑇−1

∗ ∑ ℎ𝑘𝑡 + ∑
𝑡=𝜏

∑

𝑡=𝜏

∑

𝐶𝑟𝑑𝑒𝑣

𝑘∈𝐾 𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

∗ ∑ 𝑛𝑘𝑟𝑡

(1)

𝑡=𝜏

[𝑈𝑘𝑟(𝜏−1) ∗ (1 − 𝑢𝑘𝑟(𝜏) )

𝑘∈𝐾 𝑟∈𝑅|𝑡=𝜏+𝐿𝑇𝑟 +1
𝜏+𝑇−1

+

∑

∑ 𝑢𝑘𝑟(𝑡−1) ∗ (1 − 𝑢𝑘𝑟𝑡 )]

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟 +1 𝑡=𝜏+1

Subject to
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(2)

𝑞𝑘𝑟𝑡 ≤ 𝑢𝑘𝑟𝑡 ∗ 𝑀
𝑞𝑘𝑟𝑡
∑
= 𝑣𝑟𝑡
𝐴𝑘𝑟

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(3)
(4)

+
𝑣𝑟𝑡 ≤ 𝑊𝑟𝑚𝑎𝑥 + 𝑤𝑟𝑡
−
𝑣𝑟𝑡 ≥ 𝑊𝑟𝑚𝑖𝑛 − 𝑤𝑟𝑡
𝑚𝑎𝑥𝑒𝑥𝑝
𝑣𝑟𝑡 ≤ 𝑊𝑟
𝑣𝑟𝑡 ≤ (1 + 𝛾𝑟𝑖𝑛𝑐𝑟 ) ∗ (𝑉𝑟𝑡−1 + 𝑣𝑟𝑡−1 )
𝑣𝑟𝑡 ≥ (1 − 𝛾𝑟𝑑𝑒𝑐𝑟 ) ∗ (𝑉𝑟𝑡−1 + 𝑣𝑟𝑡−1 )
𝑞𝑘𝑟𝑡
− 𝑗𝑘𝑟𝑡 ≤ 𝑛𝑘𝑟𝑡
𝐴𝑘𝑟

∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(5)
(6)
(7)
(8)
(9)
(10)

∑ 𝑢𝑘𝑟𝑡 ≤ 1
𝑟∈𝑅

𝑘∈𝐾

37

𝑞𝑘𝑟𝑡
= 𝑗𝑘𝑟𝑡 + 𝑠𝑘𝑟𝑡
𝐴𝑘𝑟
𝑠𝑘𝑟𝑡 ≥ 0
𝑠𝑘𝑟𝑡 < 1
𝑗𝑘𝑟𝑡 ∈ {. . , −2, −1, 0,1,2, . . }
∑

𝑞𝑘𝑟𝑡 +

𝑟 𝜖 𝑅|𝑡>𝜏+𝐿𝑇𝑟

∑

𝑄𝑘𝑟𝑡

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

ℎ𝑘𝑡 = 𝐻𝑘(𝑡−1) +

∑

𝑄𝑘𝑟𝑡 −

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟

(11)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
𝑡+𝑆𝑇𝑘 −1
∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡
𝜏
> 𝜏 + min(𝐿𝑇𝑟 )
≥ ∑ 𝐹[𝑑𝑘𝑖 ] − ℎ𝑘(𝑡−1)

(12)
(13)
(14)
(15)

𝑖=𝑡
𝜏
𝐹[𝑑𝑘𝑡
]+

𝑙𝑠𝑘𝑡

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡 = 𝜏

(16)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡 > 𝜏

(17)

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

ℎ𝑘𝑡 = ℎ𝑘(𝑡−1) +

∑

𝑄𝑘𝑟𝑡 +

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

∑

𝜏
𝑞𝑘𝑟𝑡 − 𝐹[𝑑𝑘𝑡
]

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

+ 𝑙𝑠𝑘𝑡
𝑢𝑘𝑟𝑡 , 𝑛𝑘𝑟𝑡 ∈ {0,1}
+
−
𝑞𝑘𝑟𝑡 , 𝑤𝑟𝑡
, 𝑤𝑟𝑡
≥0
ℎ𝑘𝑡 , 𝑙𝑠𝑘𝑡 ≥ 0

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏

(18)
(19)
(20)

Objective function and definition
𝑧1
= 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡𝑠 𝑓𝑜𝑟 𝑝𝑙𝑎𝑛𝑛𝑖𝑛𝑔 ℎ𝑜𝑟𝑖𝑧𝑜𝑛
Indices and sets
𝐾
= 𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑘
𝑅
= 𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑒𝑟𝑠, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑟
𝑇
= 𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠 𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑑 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑙𝑎𝑛𝑛𝑖𝑛𝑔 ℎ𝑜𝑟𝑖𝑧𝑜𝑛, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑡
Parameters:
𝐿𝑇𝑟
𝜏
𝑄𝑘𝑟𝑡
𝑈𝑘𝑟𝑡
𝑊𝑟𝑚𝑎𝑥
𝑊𝑟𝑚𝑖𝑛
𝑚𝑎𝑥𝑒𝑥𝑝
𝑊𝑟
𝛾𝑟𝑖𝑛𝑐𝑟
𝛾𝑟𝑑𝑒𝑐𝑟
𝐴𝑘𝑟
𝑉𝑟𝑡
+
𝑊𝑟𝑡
−
𝑊𝑟𝑡

𝑁𝑘𝑟𝑡
𝜏
𝐹[𝑑𝑘𝑡
]

𝐷𝑘𝑡

= 𝐿𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
= 𝐶𝑜𝑢𝑛𝑡 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇 𝑜𝑓 𝑝𝑙𝑎𝑛𝑛𝑖𝑛𝑔 𝑚𝑜𝑑𝑒𝑙
= 𝐷𝑒𝑓𝑖𝑛𝑖𝑡𝑖𝑣𝑒 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 # 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑒𝑟 𝑟 ∈ 𝑅 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟
= 𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑖𝑠 𝑜𝑟 𝑤𝑎𝑠 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟
𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟
= 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
= 𝑀𝑖𝑛𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
= 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑡𝑜 𝑤ℎ𝑖𝑐ℎ 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑐𝑎𝑛 𝑏𝑒 𝑒𝑥𝑝𝑎𝑛𝑑𝑒𝑑
= 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
= 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
= # 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾 𝑡ℎ𝑎𝑡 𝑐𝑎𝑛 𝑏𝑒 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑖𝑛 𝑎 𝑠ℎ𝑖𝑓𝑡 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑒𝑟 𝑟 ∈ 𝑅
= 𝐷𝑒𝑓𝑖𝑛𝑖𝑡𝑖𝑣𝑒 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑟 𝑢𝑠𝑒𝑑 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈
𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟
= 𝐷𝑒𝑓𝑖𝑛𝑖𝑡𝑖𝑣𝑒 𝑒𝑥𝑐𝑒𝑠𝑠 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑟 𝑢𝑠𝑒𝑑 𝑜𝑛 𝑡𝑜𝑝 𝑜𝑓 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟
= 𝐷𝑒𝑓𝑖𝑛𝑖𝑡𝑖𝑣𝑒 𝑖𝑛𝑠𝑢𝑓𝑓𝑖𝑒𝑛𝑡 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑟 𝑢𝑠𝑒𝑑 𝑏𝑒𝑙𝑜𝑤 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟
= 𝐵𝑖𝑛𝑎𝑟𝑦 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑤ℎ𝑒𝑡ℎ𝑒𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑖𝑠 𝑜𝑟 𝑤𝑎𝑠
𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≤ 𝜏 + 𝐿𝑇𝑟 𝑖𝑛 𝑎
𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑎𝑔𝑟𝑒𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦
= 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑝𝑒𝑟𝑖𝑜𝑑 𝜏
𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏
= 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑑𝑒𝑚𝑎𝑛𝑑 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 < 𝜏
38

𝑆𝑇𝑘
𝐻𝑘𝑡

= 𝑆𝑎𝑓𝑒𝑡𝑦 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
= 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑛 ℎ𝑎𝑛𝑑 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑜𝑓
𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 < 𝜏
= 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑙𝑜𝑠𝑡 𝑠𝑎𝑙𝑒𝑠 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 < 𝜏
= 𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡 𝑓𝑜𝑟 𝑜𝑛𝑒 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
= 𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑐ℎ𝑎𝑟𝑔𝑒𝑑 𝑏𝑦 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑤ℎ𝑒𝑛
𝑒𝑥𝑐𝑒𝑒𝑑𝑖𝑛𝑔 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑔𝑟𝑒𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
= 𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑐ℎ𝑎𝑟𝑔𝑒𝑑 𝑏𝑦 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑤ℎ𝑒𝑛 𝑛𝑜𝑡
𝑟𝑒𝑎𝑐ℎ𝑖𝑛𝑔 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑎𝑔𝑟𝑒𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
= 𝐶𝑜𝑠𝑡 𝑜𝑓 𝑢𝑛𝑑𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
= 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
= 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑟𝑖𝑠𝑘 𝑠𝑢𝑟𝑐ℎ𝑎𝑟𝑔𝑒 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
= 𝐶𝑜𝑠𝑡 𝑓𝑜𝑟 𝑐ℎ𝑎𝑛𝑔𝑖𝑛𝑔 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛
= 𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑓𝑜𝑟 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑛𝑔 𝑓𝑟𝑜𝑚 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅

𝐿𝑆𝑘𝑡
𝑐
𝐶𝑘𝑟
𝐶𝑟𝑐𝑚𝑎𝑥
𝐶𝑟𝑐𝑚𝑖𝑛
𝐶𝑘𝑢
𝐶𝑘ℎ
𝐶𝑘𝑟𝑖𝑠𝑘
𝐶 𝑐ℎ
𝐶𝑟𝑑𝑒𝑣
Variables:
𝑞𝑘𝑟𝑡
𝑢𝑘𝑟𝑡
𝑣𝑟𝑡
+
𝑤𝑟𝑡
−
𝑤𝑟𝑡

𝑛𝑘𝑟𝑡
𝑠𝑘𝑟𝑡
𝑗𝑘𝑟𝑡
ℎ𝑘𝑡
𝑙𝑠𝑘𝑡

= 𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 # 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑒𝑟 𝑟 ∈
𝑅 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑖𝑠 𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑡𝑜 𝑏𝑒 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔
𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐸𝑥𝑐𝑒𝑠𝑠 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑛 𝑡𝑜𝑝 𝑜𝑓 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑘𝑐𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐼𝑛𝑠𝑢𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑏𝑒𝑙𝑜𝑤 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑤ℎ𝑒𝑡ℎ𝑒𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 ℎ𝑎𝑠 𝑝𝑙𝑎𝑛𝑛𝑒𝑑
𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟 𝑖𝑛 𝑎
𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑎𝑔𝑟𝑒𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦
= 𝐶𝑜𝑛𝑡𝑖𝑛𝑖𝑜𝑢𝑠 𝑠𝑙𝑎𝑐𝑘 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡
𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐼𝑛𝑡𝑒𝑔𝑒𝑟 ℎ𝑒𝑙𝑝 − 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡
𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 > 𝜏 + 𝐿𝑇𝑟
= 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑛 ℎ𝑎𝑛𝑑 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑
𝑡 𝜖 𝑇|𝑡 ≥ 𝜏
= 𝐿𝑜𝑠𝑡 𝑠𝑎𝑙𝑒𝑠 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏

6.3.

Model extension: Newsvendor quantities

Next to the model presented in the previous section, a second model is tested in the case study which
considers the newsvendor quantities over time of each maximum forecast quantity instead of the
maximum forecast quantity. Similar to the maximum forecast notation presented earlier in this
chapter, the newsvendor quantity of each customized product 𝑘 𝜖 𝐾 for each period 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏 is
linked to τ to ensure the newsvendor quantity can be updated when 𝜏 is updated to the next period.
In the extended model a newsvendor quantity parameter is included which replaces the maximum
forecast parameter. The newsvendor quantity parameter is included in the model by the following
formal notation:
𝜏
𝑁𝑄𝑘𝑡

=

𝑁𝑒𝑤𝑠𝑣𝑒𝑛𝑑𝑜𝑟 𝑞𝑢𝑎𝑛𝑖𝑡𝑦 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑝𝑒𝑟𝑖𝑜𝑑 𝜏
𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇|𝑡 ≥ 𝜏
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In addition, when the maximum forecast parameter is replaced by the newsvendor quantity
parameter, Equation (15) to (17) of the model presented in the previous section also changed to the
equations denoted below. Note that all other constraints remain the same.
𝑡+𝑆𝑇𝑘 −1

∑

𝑞𝑘𝑟𝑡 +

𝑟 𝜖 𝑅|𝑡>𝜏+𝐿𝑇𝑟

∑

𝑄𝑘𝑟𝑡 ≥

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

ℎ𝑘𝑡 = 𝐻𝑘(𝑡−1) +

∑

∑

𝜏
𝑁𝑄𝑘𝑡

− ℎ𝑘(𝑡−1)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡
> 𝜏 + min(𝐿𝑇𝑟 )

(15)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡 = 𝜏

(16)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇|𝑡 > 𝜏

(17)

𝑖=𝑡

𝜏
𝑄𝑘𝑟𝑡 − 𝑁𝑄𝑘𝑡
+ 𝑙𝑠𝑘𝑡

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

ℎ𝑘𝑡 = ℎ𝑘(𝑡−1) +

∑

𝑄𝑘𝑟𝑡 +

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

6.4.

∑

𝜏
𝑞𝑘𝑟𝑡 − 𝑁𝑄𝑘𝑡
+ 𝑙𝑠𝑘𝑡

𝑟∈𝑅|𝑡>𝜏+𝐿𝑇𝑟

Calculation of KPIs

In the next sub-sections, the mathematical formulations for the two KPIs are presented. The KPIs are
calculated using the realized demand of each customized product at each period and all parameters
that arise from the decision variables.

6.4.1. Service level
The fill rate can be formally denoted as:
𝑃2

=

𝐹𝑖𝑙𝑙 𝑟𝑎𝑡𝑒 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠

Then, the fill rate can be calculated by the formula below, formulated as 1 minus the fraction of total
lost sales out of the total realized customer demand.
𝑃2 = 1 −

∑𝑘∈𝐾 ∑𝑡∈𝑇 𝐿𝑆𝑘𝑡
∑𝑘∈𝐾 ∑𝑡∈𝑇 𝐷𝑘𝑡

6.4.2. Total realized costs
The total realized costs consist of the costs for the customization process, hypothetical penalty costs
for exceeding the minimum and maximum capacity boundaries, inventory costs, excess inventory
costs, the costs for reallocation of the customized products to another co-packing site and the
hypothetical penalty costs for deviating from the standard production quantities. All those realized
costs are known, except the excess inventory costs. In the model, the inventory risk surcharge is
included to anticipate for having future excess inventory and to guide the model in which products to
preproduce in case needed. As mentioned in section 2.3.1.1, assessments for excess inventory are
made a few times a year. Assessing each planning horizon whether there is excess inventory would
penalize the APP model too much and therefore it is chosen to calculate those costs only once in a
rolling horizon simulation. A simulation model contains periods over which the realized demand is
known, and future periods of which the realized demand is not known in order to ensure the rolling
horizon approach continuous to function correctly for the last periods over which the final demand is
known. The amount of excess inventory is measured at the last periods in the model which also has
realized demand. To include the costs for excess inventory and to calculate the total ex-post costs, the
following subset, parameters and variable are additionally denoted:
𝑇𝑚
𝑍2
𝐶𝑘𝑜
𝑥𝑘

=
=
=
=

𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠 𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑑 𝑖𝑛 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑡
𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑐𝑜𝑠𝑡𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠
𝐶𝑜𝑠𝑡 𝑜𝑓 𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑤ℎ𝑒𝑡ℎ𝑒𝑟 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑒𝑥𝑐𝑒𝑠𝑠 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑
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𝐸𝑘

=

𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐸𝑥𝑐𝑒𝑠𝑠 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾

Excess inventory is registered if there is no expected demand for the upcoming twelve weeks,
measured in the last period which has known final customer demand, period max{𝑇 𝑚 } − |𝑇|.
Equation (21) and (22) mathematically register whether there is excess inventory of a customized
product 𝑘 𝜖 𝐾. Equation (21) guarantees that the binary variable 𝑥𝑘 turns to 0 when there is a
maximum forecast for a customized product 𝑘 𝜖 𝐾 for the upcoming twelve weeks. However, when
there is no maximum forecast for a customized product 𝑘 𝜖 𝐾 for the upcoming planning horizon, the
variable can turn 0 or 1. Therefore, Equation (22) is also modelled, which ensures an outcome of 1
when there is no maximum forecast in the planning horizon for customized product 𝑘 𝜖 𝐾 for the and
0 or 1 when there is expected demand in the upcoming twelve weeks for customized product 𝑘 𝜖 𝐾.
Note that the M in Equation (21) is an arbitrary big number. The amount of excess inventory is
determined by Equation (23) and based on the amount of inventory that was at stock at the end of
the period before the assessment period. Equation (24) ensures that the inventory is updated after
the inventory is removed from the DC. Finally, Equation (25) models that 𝑥𝑘 is a binary variable.
∀ 𝑘 𝜖 𝐾,
𝑡 ∈ 𝑇 \𝑇|𝜏 = max{𝑇 𝑚 } − |𝑇|

(21)

∀ 𝑘 𝜖 𝐾,
𝑡 ∈ 𝑇 𝑚 \𝑇|𝜏 = max{𝑇 𝑚 } − |𝑇|

(22)

∀ 𝑘 𝜖 𝐾|𝜏 = max{𝑇 𝑚 } − |𝑇|
∀ 𝑘 𝜖 𝐾,
𝑡 ∈ 𝑇 𝑚 \𝑇|𝜏 = 𝑡 = max{𝑇 𝑚 } − |𝑇|

(23)
(24)

∀𝑘𝜖𝐾

(25)

𝜏
∑ 𝐹[𝑑𝑘𝑡
] ≤ (1 − 𝑥𝑘 ) ∗ 𝑀

𝑚

𝑡∈𝑇 𝑚 \𝑇
𝜏
∑ 𝐹[𝑑𝑘𝑡
] ≥ (1 − 𝑥𝑘 )
𝑡∈𝑇 𝑚 \𝑇

𝐸𝑘 = 𝑥𝑘 ∗ 𝐻𝑘(𝜏−1)
ℎ𝑘𝑡 = 𝐻𝑘(𝑡−1) +

∑

𝜏
𝑄𝑘𝑟𝑡 − 𝐹[𝑑𝑘𝑡
] + 𝑙𝑠𝑘𝑡 − 𝐸𝑘

𝑟∈𝑅|𝑡≤𝜏+𝐿𝑇𝑟

𝑥𝑘 ∈ {0,1}

Now the costs for excess inventory can be determined, the total realized costs can be calculated by
formula 𝑍2 below. 𝑍2 respectively represents the realized total customization costs, the realized total
hypothetical penalty costs for exceeding the contractual maximum boundary, the realized total
hypothetical penalty costs for using insufficient capacity at the co-packing sites, the realized total
inventory holding costs, the realized total reallocation costs, the realized total costs for deviating from
the standard production quantities and the total realized costs for excess inventory. Note that 𝑍1 , the
objective function of the model, represents the total expected costs and differs from 𝑍2 in terms of
the lost sales costs, inventory risk surcharge costs and excess inventory costs; the lost sales costs and
inventory risk surcharge costs are included in 𝑍1 and excluded in 𝑍2 , whereas the excess inventory
costs are included in 𝑍2 and excluded in 𝑍1 .
𝑐
+
−
𝑍2 = ∑ ∑ 𝐶𝑘𝑟
∗ ∑ 𝑄𝑘𝑟𝑡 + ∑ 𝐶𝑟𝑐𝑚𝑎𝑥 ∗ ∑ 𝑊𝑟𝑡
+ ∑ 𝐶𝑟𝑐𝑚𝑖𝑛 ∗ ∑ 𝑊𝑟𝑡
+ ∑ 𝐶𝑘ℎ ∗ ∑ 𝐻𝑘𝑡 + 𝐶 𝑐ℎ
𝑘∈𝐾 𝑟∈𝑅

𝑡∈𝑇

𝑟∈𝑅

𝑡∈𝑇

𝑟∈𝑅

𝑡∈𝑇

𝑘∈𝐾

∗ ∑ ∑ ∑ 𝑈𝑘𝑟(𝑡−1) ∗ (1 − 𝑈𝑘𝑟𝑡 ) + ∑ ∑ 𝐶𝑟𝑑𝑒𝑣 ∗ ∑ 𝑁𝑘𝑟𝑡
𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇
+ ∑ 𝐶𝑘𝑜 ∗ 𝐸𝑘
𝑘∈𝐾

𝑘∈𝐾 𝑟∈𝑅
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𝑡∈𝑇

𝑡∈𝑇

7. Case study
To evaluate the potential of the scientific model for P&G, the model is tested with historical P&G data.
The model is simulated and iteratively solved according to the rolling horizon approach, which updates
the parameters to the current available situation. Section 7.1 elaborates on the model complexity and
explains the modelling choices made. Section 7.2 describes the setup of the simulation, after which
the model inputs are discussed in section 7.3. The software used to solve the model is presented in
section 7.4. Then, section 7.5 elaborates on the computation feasibility for solving the model. Finally,
the model is verified in section 7.6. The historical data used for the case study is the customized
product portfolio that is currently allocated to three different co-packing sites, of which two are fully
dedicated to FBNL production and to the third one, most product of one specific product category are
allocated. Testing the model with the historical data is preferred over simulating the maximum
forecast and newsvendor quantities, because most demand for customized P&G products can be
classified as lumpy. According to Choy & Cheong (2011), a variety of problems occur when forecasting
lumpy demand using common forecasting techniques, because lumpy demand is extremely irregular
with a high level of volatility and extensive periods of zero demand.

7.1.

Model complexity

In the mathematical model presented in the previous chapter the most important model decision is
how much to produce of a customized product at a co-packing site for a period in the planning horizon.
Section 6.1.4 showed that as a result of the co-packer lead time, the current period and the period in
the planning horizon, parameters and variables are modelled to define which decisions remain
unchanged in the future and which decisions can be changed in the future due to the arrival of new
information. Consequently, a planning horizon contains both parameters and variables resulting from
the decision variables. For the case study, it is preferred to change the indices and model the
production release to the co-packers for each period instead of the production moment. As a result,
only variables need to be included in the planning horizon since all future decisions can be changed
when new information arrives. Note that changing the indices does not impact the model behavior.
Another choice made is to change the moment of measuring the capacity use at a co-packing site
compared to the model presented in the previous chapter; the capacity use is linked to the moment
the production orders are released to a co-packing site instead of the moment of production to avoid
that the decision might be overwritten in the next planning horizon. This choice is explained into more
detail in Appendix B.1. The impact on the model behavior is very limited, because capacity restrictions
will remain equal. In Appendix B.1 the mathematical model that includes the production release
instead of the production moment and the adapted moment of measuring the capacity use is
presented and explained into more detail.
Furthermore, cost component (1h) of the objective function is formulated as a quadratic term, which
makes the problem NP-hard (Bliek et al., 2014). Therefore, we use McCormick envelopes, which
relaxes the non-convex problem into a convex problem in order to eliminate the possibility of having
several local minima (Dombrowski, 2015). The mathematical background and application of the
McCormick envelopes and the final model used for the simulation are respectively presented in
Appendix B.2 and Appendix B.3.

7.2.

Simulation set-up

For the case study, the scientific model of Appendix B.3 is simulated for 39 upcoming periods, in which
one period is referred to as one week. Each week, an APP is generated for the upcoming six weeks
and the decisions made for the first week in the planning horizon are implemented. In section 7.5 it is
argued why the planning horizon is set to six weeks.
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Since the inventory levels at the start of the first week, 01-01-2019 are not known, it is chosen to set
the warm-up period equal to two weeks to ensure that the KPI’s are not penalized by out of stocks to
which the model has no chance to anticipate. From the 39 weeks, the realized customer demand of
the first 27 weeks is known. The remaining weeks are forecasts to ensure the rolling horizon approach
continues to function correctly and to determine whether there is excess inventory of a customized
product. These excess inventory costs are calculated by the inventory levels at the end of week 27 and
whether there is forecast for week 28 to 39. Those twelve weeks are selected to keep the assessment
as close to the practical P&G situation as possible, which is explained in section 2.3.1.1. Because the
realized customer demand is known until week 27, the KPIs are calculated based on the model output
of week 3 to 27.

7.3.

Model inputs

This section explains the elements of the model sets and the values assigned to each parameter. The
model inputs for the sets are presented in 7.3.1, the values for co-packer related parameters are
described in section 7.3.2, the initialization of the cost parameters is discussed in section 7.3.3 and,
finally, the values used for the demand parameters are explained in section 7.3.4. Based on these
initialized sets, parameters, and the mathematical model, it is possible to obtain an APP for the 39
weeks included in the case study.

7.3.1. Model sets
The following model sets, and their attributes, are included in the case study:
-

-

-

Set of customized products: 928 customized products are included in the set. If a SKU of the
analyzed portfolio had a sales forecast, or was ordered, at least once in the 39 weeks over
which the simulation is executed, the SKU is included in the set.
Set of co-packers: four co-packing sites are included in the set. These co-packers currently
execute, or are willing to execute, a part of the product portfolio. We attempted to include a
fifth co-packing site in the analysis. However, as is later explained in Appendix C, too little data
was available to correctly reflect the characteristics of this co-packing site.
Set of periods in the planning horizon: six weeks. In section 7.5 it is motivated why the
planning horizon is set to six weeks.

7.3.2. Co-packer parameters
All co-packer parameters are based on the formal and informal agreements between P&G and each
co-packing site and are converted to the unit of measurement of the model. Currently, two out of the
four co-packing sites are fully dedicated to FBNL production. As a result, all capacity restrictions
regarding the minimum, maximum, maximum expansion, and maximum decrease and increase from
period to period are directly derived from the agreements between P&G and those two co-packing
sites. The third co-packing site modelled is recently added to the P&G co-packer portfolio. However,
as will become clear in the next chapter, there is no need to model the other capacity restrictions
based on the current contracts. The fourth co-packing site is a large co-packing site that has
contractual agreements with another European P&G SMO. The maximum increase and decrease over
time are modeled according to the agreements. Since another P&G SMO agreed on the capacities,
and the co-packing site is relatively large, the minimum capacity is set to zero and the contractual
maximum and maximum expansion capacity are set to an arbitrary big number. The lead times for all
co-packing sites are modelled as one week. However, in practice the lead-time of the included copacking sites varies between 3 to 5 working days.
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7.3.2.1.
Co-packer productivity
Each co-packing site differs in terms of their productivity, referred to as the number of items a copacker can produce of a customized product within a shift. However, currently each customized
product is allocated to only one co-packing site. As a result, the productivity of each customized
product is only known at this co-packing site. To enable the model to correctly function, the
productivity of each customized product should be known at all included co-packing sites. Therefore,
a detailed productivity analysis among the set of co-packers is executed. A first step in this analysis
was to identify ten manipulation types, because the executions of customized products heavily differ.
Then, each customized product was assigned to one of these ten manipulation types. Customized
products manipulated at different co-packer sites were compared when they are similar in their setups. To determine whether a set-up could be referred to as similar, the Customization Initiatives
Leaders from all products categories were asked to help with the validation. By using these results, a
matrix is constructed for the manipulation types and co-packing sites, in which factors are used to
express the relative difference in the productivity of a co-packing site. Based on the factors in this
matrix, and the known productivity of each customized product at one co-packing site, parameter 𝐴𝑘𝑟 ,
the number of customized products 𝑘 ∈ 𝐾 that can be produced in a shift at co-packing site 𝑟 ∈ 𝑅,
can be initialized. The detailed analysis of the productivity analysis can be found in Appendix C.1.

7.3.3. Cost parameters
This section explains the determination of all cost parameter related to the model. To summarize,
these are the cost of overproduction, underproduction, deviating from the standard production
quantity, lost sales, excess inventory, inventory, reallocation, customization and the inventory risk
surcharge.
The hypothetical penalty costs for potential over and underproduction and batch deviation are
determined by an internal P&G advice. The product specific lost sales cost is defined as the missed
margin and the loss of goodwill (penalty) cost by not delivering the final customer the customized
products they ordered. Together these costs are determined to be equal to the sales price of a
customized products. However, for Strategic customized products, relevant for 33 customized
products out of the total set of customized products, the loss of goodwill cost is higher since product
availability at the retailer is crucial for those products. Therefore, the lost sales costs for Strategic
products is determined to be two times the sales price. The cost of excess inventory assigned to each
customized product is defined by the cost price minus the salvage value plus an additional penalty.
The salvage value is the price at which the remaining inventory is sold, which is determined by a fixed
factor of the sales price. The additional penalty is included since it is hypothesized that less P&G
products are sold to retailers at the usual sales price when it is attempted to make special deals for
the products that have excess inventory. The guideline of P&G to determine the yearly inventory cost
is 7% of the sales price. Subsequently, the weekly product specific inventory cost are initialized by
dividing this amount by 52. The inventory risk surcharge is determined based on the expected forecast
accuracy of a customized product. Three main groups are constructed, with different forecast accuracy
levels, over which the customized products portfolio was spread. The main groups and accuracy levels
are explained into more detail in Appendix C.2.The inventory risk surcharge was set to €0.50 for the
most reliable group, to €0.75 for the second most reliable group and to €1.00 for the least reliable
group. Then, since reallocation is a labor-intensive process, the reallocation costs are set to €1000.
7.3.3.1.
Customization cost
The customization costs per customized product at each co-packing site are required as model input.
However, as mentioned in paragraph 7.3.2.1, currently each customized product is mostly allocated
to only one co-packing site. As a result, the manipulation price of each customized product is only
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known at one co-packing site. In addition, P&G assigns a fixed cost per customized SU to divide the
overhead costs caused by the customization process, both variable and fixed, by an activity-based
costing approach. Since the fixed costs per SU partly depend on the co-packing site at which the
customized product is manipulated, the fixed costs per SU change when products are reallocated
and/or production volumes change. A second difficulty is that co-packers differently reflect their copacking prices; some operations are included in the co-packing price of a co-packer, whereas at other
co-packers they are excluded and charged as overhead costs. To appropriately reflect the
customization costs in the case study, and to clarify the differences for P&G, the product specific
customization cost is initialized by the sum of all variable costs included in the customization process.
These components are the product specific manipulation cost, transportation cost, and handing cost.
The analysis of the product specific manipulation cost is executed similarly to the productivity analysis
of the previous paragraph; each customized product is allocated to a manipulation type after which
the factors are used to express the relative differences per manipulation type and co-packing site. The
transportation costs are twofold: additional transportation costs, arising from transporting products
over a larger distance, and inefficient transportation costs, arising when the customized product in its
final form can be transported less efficient than the base products and packaging material used as
input. The product specific transportation cost is calculated by the fixed truck cost, the variable truck
cost, the additional kilometer distance, the inefficient kilometer distance, the number of items that fit
in a truck of each customized product and the explosion factors per manipulation type and product
category. Finally, the handling cost per customized product per co-packing site is calculated by the
handling cost per pallet of base products at the DC that delivers the co-packing site, the handling cost
per pallet of packaging material at the DC that delivers the co-packing site, the number of items that
fit on a pallet of each customized product and the explosion factors per manipulation type and product
category. A more extensive explanation of the analysis and the application of the in-depth analysis can
𝑐
be found in Appendix C.3. Based on this analysis the parameter 𝐶𝑘𝑟
, the customization cost for one
unit of customized product 𝑘 𝜖 𝐾 at co-packing site 𝑟 𝜖 𝑅, can be initialized by summing the product
specific manipulation cost, transportation cost and handling cost when outsourcing the customization
process to one of the four co-packers included in the case study.

7.3.4. Maximum forecast and newsvendor quantity parameters
The maximum forecast parameter is derived from the weekly sales forecasts made in week 1 to 27 of
2019, in which in each week sales forecast are made for the upcoming planning horizon, and the
customer order data, from which it can be derived when customer orders were visible. This input
describes the maximum forecast volume per week in the planning horizon per customized product.
For the second model, the newsvendor quantity parameter is determined. As described in 4.7.2, the
newsvendor quantity of each customized product for a certain future period depends on the maxim
forecast, the cost of overage and underage, and the expected standard deviation. The product specific
cost of overage and underage are respectively initialized by the products specific excess inventory cost
and lost sales cost. The expected standard deviation for each customized product for each week is
calculated with the MAPE values specified in Appendix C.2. Note that a forecast bias is not considered
when initializing the newsvendor quantity parameter.

7.4.

Model solving software

In the beginning of this chapter, the mathematical model used for the case study is formulated as a
MIP problem. Solutions to MIP problems are obtained using algorithms, which systematically search
for the optimal value of the optimization problem by a set of instruction that is executed. The most
used advanced computer software packages for solving mixed integer programming problems are
CPLEX and Gurobi.
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To solve the MIP problem as defined in the previous chapter, AIMMS, Microsoft Excel and Gurobi are
used. AIMMS is a programming language which is used in the academic world as well as in the industry
for optimizing a wide variety of mathematical programming types. In this master thesis, AIMMS is
used to define the MIP problem. In order to load the input data into the model and update this input
data each iteration, AIMMS is connected to Microsoft Excel by a custom written code in AIMMS. Then,
for solving the problem and returning the results, AIMMS calls on Gurobi. Gurobi is preferred as solver,
because it is ranked highest in the benchmark test that tests optimization performance (Mittelmann,
2017). This commercial software package, including its built-in algorithms, is used to solve the MIP
problem. Finally, the output of the model is exported from AIMMS to excel by a custom written code.
The model was solved with a HP EliteBook 8570w, containing an Internal Core 2.4 GHz processor with
4 GB of RAM installed, using version 7.5 of GUROBI.

7.5.

Computational feasibility

In general, MIPs are hard to solve (Arts & Flapper, 2015). When running the model for a few, e.g. three
products, the model solution can be found within a minute. However, when running the model in the
context of a rolling horizon for the complete product portfolio of 928 customized products, no optimal
solution was obtained after more than 18 hours of running time.
According to Ribeiro & Martins (2004), the size of the solution space exponentially increases with the
number of integer variables. Since the model includes several variables that are constrained to integer
values, it is determined which variables can be relaxed to continuous values. In Appendix B.4, it is
explained which variables can be relaxed. To summarize, all variables except 𝑢𝑘𝑟𝑡 , 𝑛𝑘𝑟𝑡 , 𝑗𝑘𝑟𝑡 and 𝑞𝑘𝑟𝑡
can be relaxed to continuous values to decrease the computation time of the model. Additionally, as
a next step, it is decided to use the MIP Relative Optimality Tolerance, which stops solving the model
when the current best solution is within 100 time the “MIP Relative Optimality Tolerance” percent of
the global optimum (Bisschop, 2018). In the academic literature, tolerance gaps are also used to solve
hard MIPs; e.g. Arts & Flapper (2015) use a MIP gap of 1% to solve an aggregate overhaul and supply
chain planning for rotables in the context of a rolling horizon. The MIP Relative Optimality Tolerance
is set to 0.01, implying that the solver is stopped after obtaining an optimality gap below 1%. However,
after running the model with the implemented 1% MIP gap for more than 16 hours, still no
(approximately) optimal solution was found.
After obtaining the above-mentioned computation times, several alternatives to reduce the
computation time were discussed with the P&G company supervisor. Mathematically, forcing the
model to produce in full batch sizes would significantly reduce the computation time of the model,
since the solution space is restricted to multiplications of batch sizes instead of being able to take all,
non-negative, values. However, when testing this alternative, service levels significantly differed
compared to the current model in which a hypothetical penalty is assigned when not producing in full
shifts; in many cases, the adapted model did not release production orders since producing a full batch
was, from a cost perspective, less favorable compared to registering lost sales. Therefore, the set-up
of penalizing when not producing in shifts is maintained in the mathematical model. Additionally,
adapting other parts of the mathematical model would result in a less realistic simulation, which was
not preferred from the point of view of P&G. The choice preferred by P&G was to reduce the planning
horizon from 12 weeks to 6 weeks, because a co-packer would probably not plan the workforce more
than six weeks ahead. Simulating the model using 6-week planning horizons and a 1% MIP gap,
resulted in an (approximately) optimal solution after 50 minutes when testing the model for a one copacker setup and 4.5 hours when including two co-packers.
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7.6.

Model verification

To check whether the mathematical model of Appendix B.3 is correctly simulated, the simulation
model is verified. The simulation model is verified in several ways.
First it was investigated how the model behaves when there are no capacity restrictions. The model
responded by postponing the release of the production orders as long as possible. This behavior is
expected as a result of the inventory costs and inventory risk surcharges which are included in the
objective function.
Verification of the rolling horizon is done by including changes in the maximum forecasts, which are
periodically updated. If there was unexpected demand in the upcoming week, which was not
registered the week before, the model registered the demand as lost sales, which is a logical model
result.
Finally, extreme values checks were executed to test whether expected model results are obtained.
When the capacity parameters are set to 0, all maximum forecast is registered as lost sales.
Additionally, when including negative input values, the model returned that there was no feasible
solution. Both results can be referred to as desired model behavior. Finally, in case the lost sales cost
of a customized product is lower than the customization price, no production orders are release. This
is an expected model behavior, because the objective of the model is to minimize the total expected
costs which results that less costs occur when assigning all maximum forecast to lost sales instead of
producing the maximum forecast. Note that, in the case study the customization cost for each product
at each co-packing site is lower than the lost sales cost for each customized product.
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8. Case study solution and sensitivity analysis
This chapter describes the results of the case study conducted at the FBNL customization department
of P&G. The results are obtained by using the mathematical model formulated in Appendix B.3. in a
rolling horizon simulation. Section 8.1 presents the model performance for several scenarios.
Additionally, in section 8.2 a sensitivity analysis is executed to review how sensitive the obtained
model results are for revised input parameters.

8.1.

Model solution

The next sub-sections present the solutions that are found for several model scenarios. For each
scenario the two KPIs, the service level and total realized costs, are calculated. Additionally, the missed
service is defined in terms of its monetary value. Note that these costs are reflected in the objective
function in the model but are not included in the KPI of total realized costs, because these missed
service costs do not occur in practice. Consequently, by converting the missed service into its
monetary value, scenarios can be fully quantified in terms of costs, referred to as the total realized
costs plus the missed revenue.
It should be noted that the service level KPI is measured in terms of SU, whereas the model optimizes
the APP each planning horizon in which the input and output are in terms of items. To calculate the
service KPI, the required model input and output is converted to SUs. However, customized products
heavily differ in the size of this ratio, which influences the service level or missed revenue and could
result in different missed revenue costs for a same service level.
Two models are tested in the next sub-sections; the first model is referred to as the maximum forecast
model, which takes the maximum forecast as input, and the second model is referred to as the
newsvendor quantity model, which takes the newsvendor quantities as input.
In section 8.1.1 the current allocation policy is tested by implementing the two models. In section
8.1.2 the maximum potential of the P&G customized supply chain is tested, in which the fixed
allocation policy as well as the capacity boundaries are relaxed. Then, in section 0 the effect of
incremental flexibility in the customized supply chain is investigated.

8.1.1. Current allocation policy
In the current situation, the analyzed portfolio of customized products is assigned to three co-packing
sites: co-packing site 1, 2 and 4 of the co-packers analyzed in Appendix C. Since reallocation is not
possible, the model is simulated in three parts; each time a co-packing site including its specified
characteristics is simulated using the assigned product portfolio. Then, the results of those three parts
are merged to quantify the overall performance.
Table 5 shows the performance of the current allocation policy, tested for both models. From Table 5
it can be concluded that the maximum forecast model performs better in terms of service and in terms
of total realized costs than the newsvendor quantity model. Using the newsvendor quantities as input
results in excess inventory costs which are approximately seven times as high as the excess inventory
costs of the maximum forecast model. Since for the customized products of P&G the costs of overage
are lower than the costs of underage, the newsvendor quantities are larger than the maximum
forecast quantities. Therefore, the difference in excess inventory costs between the two models is
probably caused by to the additional demand quantity on top of the maximum forecast that is
produced as a result of the newsvendor quantity but, in the end, not demanded by customers. Finally,
note that the customization costs of the newsvendor quantity model are higher than the
customization costs of the maximum forecast model, because more products are produced.
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Table 5: Performance on KPIs for current allocation policy of P&G

Service level
Missed revenue
Realized costs:
Production costs
Overproduction costs
Underproduction costs
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs
Missed revenue + total
realized costs

Maximum
forecast model
x%5
1.20*y6

Newsvendor
quantity model
x-3.8%
1.27*y

0.79*y
0.01*y
0*y
0.02*y
0.16*y
0.02*y
0*y
y

0,91*y
0.02*y
0*y
0.10*y
1.14*y
0.01*y
0*y
2.18*y

2.20*y

3.45*y

Figure 13 visualizes the utilized capacity per co-packing site including all maximum expansion capacity
boundaries. For the maximum forecast model, it can be derived from Figure 13 that the capacity
utilization at co-packer 1 is in multiple periods equal to, or close to, the maximum expansion boundary.
This can impact the service level, because if there was more capacity available, the model might have
preferred to utilize more capacity which could have resulted in a higher level of demand fulfillment.
As a result, the service level of the maximum forecast can probably be improved when capacity
boundaries are revised. When considering the newsvendor quantity model, the utilized capacity at copacking site 1 is for most periods equal to or close to the maximum expansion boundary and the
capacity utilization at co-packer 2 is in multiple periods equal to or close to the maximum expansion
boundary. It seems that the model would have preferred to utilize more capacity at co-packing site 1
and 2 than the maximum expansion boundary. Consequently, the newsvendor quantity model was,
to a higher extent than the maximum forecast model, not able to produce all desired expected
demand for the customized products, which declares that the service level of the newsvendor quantity
model is lower than the service level of the maximum forecast model.

5

From this point forward, the service KPI is expressed in terms of x, where x refers to the service level of the
maximum forecast model of the current allocation policy
6
From this point forward, the total realized costs KPI is expressed in terms of y, where y refers to the total
realized costs of the maximum forecast model of the current allocation policy
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Capacity utilization current allocation policy Model 1

Capacity utilization current allocation policy model 2
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Figure 13: Simulated capacity utilization current allocation policy per co-packer site; Maximum forecast model (left) and
Newsvendor quantity model (right)

8.1.2. Maximum potential
This section quantifies the performance of the maximum forecast model and the newsvendor quantity
model when the fixed allocation policy and all volumes restrictions at the co-packing sites are relaxed.
In this scenario, production is postponed as much as possible since the inventory costs and inventory
risk surcharges, included in the objective function of the model, force that no items are preproduced
when there are no capacity boundaries. Table 6 summarizes the model results for this maximum
potential scenario. Compared to the results of the previous section, the maximum forecast model has
an improvement potential in total costs of 0.41y and the newsvendor quantity model has an
improvement potential in total costs of 1.15y. As can be derived from Table 6, the newsvendor
quantity model shows that the service level can be improved by 2% compared to using the maximum
forecast as model input. This increase results from the additional quantity that is added on top of the
maximum forecast in the newsvendor quantity model by which additional, unexpected, demand can
be fulfilled from stock. However, the required investment for those 2% additional service is mainly
reflected in excess inventory costs which are nearly six times as high in the newsvendor quantity model
compared to the maximum forecast model. The difference in excess inventory costs can also be
declared by the additional demand quantity on top of the maximum forecast that is produced as a
result of the newsvendor quantity but, in the end, not demanded by customers.
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Table 6: Performance on KPIs for maximum flexibility scenario

Service level
Missed revenue
Realized costs:
Production costs
Overproduction costs
Underproduction costs
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs
Missed revenue + total
realized costs

Maximum
forecast model
x+3.2%
0.70*y

Newsvendor
quantity model
x+ 5.2%
0.30

0.91*y
0.00*y
0.00*y
0.02*y
0.14*y
0.02*y
0.00*y
1.09*y

1.09*y
0.00*y
0.00*y
0.07*y
0.83*y
0.01*y
0.00*y
2.00*y

1.79*y

2.30*y

Figure 14 visualizes the utilized capacity per period per co-packing site of the maximum potential
scenario for both models. From both figures, it can be derived that co-packer 3 is the most preferred
co-packer in terms of assigning capacity, followed by co-packer 2. Contradictory to Figure 13 of the
previous section, in which most capacity was assigned to co-packer 1 due to the predetermined
allocation policy, the model scenario prefers to assign relatively little capacity to co-packer 1. When
analyzing the data, the customization costs for the customized products are in most cases higher at
co-packing site 1 compared to co-packing site 2 and 3. It is most likely that the differences in
customization costs cause that co-packer 2 and 3 are the most preferred co-packers.
However, co-packer 4 mostly charges higher customization costs than co-packer 3 but is still preferred
over co-packer 1. This could be explained by the lower productivity level of co-packer 4 compared to
co-packer 1, which results in less deviation from the standard production quantity. So, probably, the
costs that can be saved by the lower production quantities of co-packer 4 outweigh the slightly lower
customization costs for most products. This is further investigated in the sensitivity analysis.
Capacity utilization maximum potential
Newsvendor quantity model
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300

150
Co-packer 1

100

Co-packer 2
Co-packer 3

50

Co-packer 4
0

Capacity (# shifts)

Capcity (# shifts)

200

250
200
150
100
50
0

3

5

7

9 11 13 15 17 19 21 23 25 27

3

Weeknumber

5

7

9 11 13 15 17 19 21 23 25 27

Weeknumber

Figure 14: Simulated capacity utilization for free allocation policy with no volume restrictions per co-packing site; Maximum
forecast model (left) and Newsvendor quantity model (right)
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8.1.2.1.
Adapting the newsvendor quantities
In the previous sections, each first moment to determine a product specific newsvendor quantity for
a period in the planning horizon is referred to as the maximum forecast value of a customized product,
initialized at the start of the planning horizon. However, the maximum forecast uses the maximum
value of the sales forecast and the already confirmed customer orders as first moment. As can be
derived from section 2.4.4.2, there is a structural positive bias. Therefore, in most cases the maximum
forecast is a quantity higher than the first moment, because a sigma seems already included in the
maximum forecast due to the positive forecast bias. When reflecting this statement on the results of
newsvendor quantity model of the previous sections, the newsvendor quantities included in the
model might be too high which results in high inventory and excess inventory costs.
To compensate for the maximum forecast used as first moment in the newsvendor equation, the
newsvendor fractile can be tuned or the maximum forecast can be reduced to obtain lower
newsvendor quantities. In the first sub-section the newsvendor quantity model is simulated with
adapted newsvendor fractiles and in the second sub-section the newsvendor model is simulated with
reduced quantities for the maximum forecast.
8.1.2.1.1. Implementing more waste-averse newsvendor fractiles
In this sub-section the newsvendor fractile is tuned to obtain different newsvendor quantities.
Because P&G planners are waste-averse, the overage cost are incrementally increased to lower the
newsvendor fractile to investigate the impact on the model results. Note that the maximum forecast
and costs of underage remain unchanged compared to the newsvendor quantity model in the previous
sections. Table 7 shows the results for the newsvendor quantity model when tuning the newsvendor
fractile; the product specific overage cost is increased by respectively 50%, 75% 100%, 125% and
150%. From the table it can be derived that revising the newsvendor fractile results in a better total
costs performance compared to the newsvendor quantity model of the previous section. The largest
costs reduction is caused by the excess inventory costs, because the decrease of the newsvendor
quantity results in less (excess) production. However, the missed revenue increases as the product
specific overage cost increase since less products are on stock to fulfill demand and protect for sudden,
unexpected, demand.
The main conclusion that can be drawn from this table, and Table 6 of the previous section, is that the
maximum improvement potential in terms of missed revenue plus the total realized costs of the
maximum forecast model is still higher than all tested newsvendor fractiles for the newsvendor
quantity model.
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Table 7: Performance on KPIs for more waste-averse newsvendor fractiles

Service level
Missed revenue

50%
x+5.0%
0.34*y

Increase in overage costs
75%
100%
125%
x+4.7%
x+4.2%
x+3.9%
0.38*y
0.44*y
0.51*y

Realized costs:
Production costs
Overproduction costs
Underproduction costs
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

1.08*y
0.00*y
0,00*y
0.04*y
0.50*y
0.01*y
0.00*y
1.64*y

1.07*y
0.00*y
0.00*y
0.04*y
0.39*y
0.01*y
0.00*y
1.51*y

1.05*y
0.00*y
0.00*y
0.03*y
0.29*y
0.02*y
0.00*y
1.39*y

1.05*y
0.00*y
0.00*y
0.02*y
0.21*y
0.02*y
0.00*y
1.30*y

1.04*y
0.00*y
0.00*y
0.02*y
0.16*y
0.02*y
0.00*y
1.23*y

1.98*y

1.89

1.84*y

1.81*y

1.84*y

Missed revenue +
total realized costs

150%
x+3.3%
0.61*y

8.1.2.1.2. Implementing lower maximum forecasts
In this sub-section the first moment is initialized with reduced maximum forecast quantities. Table 8
shows the results for the newsvendor quantity model when reducing the maximum forecast by
respectively 10%, 20%, 30%, 40% and 50%. From Table 8 it can be derived that initializing the first
moment with reduced maximum forecast values of 10% to 40% results in a better total costs
performance than initializing the first moment with the maximum forecast, whereas reducing the
maximum forecast by 50% results in a worse performance compared to initializing the first moment
with the maximum forecast. Similar to tuning the newsvendor fractile, the largest costs reductions are
caused by the excess inventory costs due to less (excess) production. In addition, the missed revenue
increases as the maximum forecast decreases since there are less products on stock to fulfill demand
and protect for last-minute customer orders.
However, implementing lower maximum forecasts does not outperform the maximum forecast
model; the maximum improvement potential in terms of missed revenue plus the total realized costs
of the maximum forecast model is still higher than all tested reductions in the maximum forecast.
Since the same conclusion was drawn for the adapted newsvendor fractiles, only the maximum
forecast model is analyzed into more detail in the remainder of this chapter.
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Table 8: Performance on KPIs for lower maximum forecasts

Service level
Missed revenue

10%
x+5.3%
0.27*y

Decrease of maximum forecast
20%
30%
40%
x+4.7%
x+3.8%
x+1.2%
0.37*y
0.55*y
0.99*y

Realized costs:
Production costs
Overproduction costs
Underproduction costs
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

1.10*y
0.00*y
0.00*y
0.06*y
0.68*y
0.01*y
0.00*y
1.85*y

1.05*y
0.00*y
0.00*y
0.04*y
0.41*y
0.01*y
0.00*y
1.52*y

1.02*y
0.00*y
0.00*y
0.03*y
0.26*y
0.01*y
0.00*y
1.32*y

0.98*y
0.00*y
0.00*y
0.02*y
0.14*y
0.02*y
0.00*y
1.15*y

0.91*y
0.00*y
0.00*y
0.01*y
0.10*y
0.02*y
0.00*y
1.03*y

Missed revenue +
total realized costs

2.12*y

1.88*y

1.87*y

2.15*y

3.29*y

50%
x-7.6%
2.25*y

8.1.3. Impact of incremental flexibility
In the previous section, the maximum potential of providing total flexibility is quantified. However,
total flexibility might not be realistic in real life situations or it will drastically increase the
customization costs at a co-packing site, and as a result the customization costs for P&G. Therefore,
this section quantifies the effects of limited flexibility. At first, the maximum forecast model is tested
in a one co-packer setup for several scenarios. Then, the maximum forecast model is tested for the
situation in which two co-packers are included in the model.
8.1.3.1.
One co-packer setup
The one co-packer setup is tested for co-packer 3, because this is the most preferred co-packer for
capacity allocation according to Figure 14 of the previous section. As can be derived from the data of
Figure 14, the average total periodical utilized capacity for the maximum forecast model was 236
shifts. When analyzing the productivity of co-packer 3 based on the productivity comparison of
Appendix C.1, it can be concluded that the productivity for co-packer 3 is mostly lower than the
maximum ratio of the four analyzed co-packers for a certain manipulation type and mostly higher than
the minimum ratio of the four analyzed co-packers for a certain manipulation type. Therefore, the
average periodical utilization of 236 shifts is considered as a good starting point for further
calculations. Based on this average number of shifts, three scenarios are modelled of which the
minimum and maximum contractual capacity boundaries deviate a certain relative amount from the
average capacity of 236 shifts. The maximum expansion is modeled in each scenario as 10% of the
average, so 24 shifts on top of the maximum contractual capacity. To summarize, the following
scenarios are tested for a one co-packer setup:
-

-

Low capacity flexibility: 10% volume flexibility, which results in a minimum contractual
capacity of 212 shifts, a maximum contractual capacity of 260 shifts and a maximum expansion
possibility of 284 shifts.
Medium capacity flexibility: 25% volume flexibility, which results in a minimum contractual
capacity of 177 shifts, a maximum contractual capacity of 295 shifts and a maximum expansion
possibility of 319 shifts.
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-

High capacity flexibility: 50% volume flexibility, which results in a minimum contractual
capacity of 118 shifts, a maximum contractual capacity of 354 shifts and a maximum expansion
possibility of 378 shifts.

These scenarios are tested for three different boundaries set for the maximum capacity increase and
maximum capacity decrease from period to period: 10%, 25% and 50%. The model solutions for all
combinations of the one co-packer setup are summarized in Table 9. A more detailed overview of the
distribution of the costs included in the total realized costs, can be found in Appendix D.1.
An important insight that can be derived from Table 9 is that selecting a co-packer with more
appropriate minimum, maximum and maximum expansion capacity boundaries compared to the
current co-packer capacity boundaries results in significant improvements in both the service level
and total realized costs. This conclusion holds for all scenarios included in Table 9, even when the
tolerated periodical capacity increase and decrease or the difference between maximum and
minimum capacity is lower than the current levels agreed on with the co-packer
Another logical conclusion that can be derived from Table 9 is that the more flexible a co-packer, in
terms of capacity flexibility and tolerated periodical capacity increase and decrease, the better the
cost performance of the missed revenue plus total realized costs. The first main driver of this result is
the missed revenue that decreases when there is more flexibility; the service level can be improved
by implementing more flexibility since there is a better possibility to react to sudden demand
fluctuations which results in less unfulfilled customer demand. Secondly, as can be derived from the
extended table in Appendix D.1, the excess inventory costs decrease when flexibility increases. Note
that the higher the flexibility at a co-packing site, the more production can be postponed. Since the
maximum forecast is more reliable over time, because more is known about the final customer
demand and the sales forecast is more reliable when the shipment week is getting closer, better
production decisions can be made when flexibility levels are higher; production can be postponed to
a higher extent which results in less excess inventory costs. Regarding the service levels, it can be
derived from
Table 9 that increasing the maximum periodical capacity increase and decrease has a positive impact
for a low capacity flexible co-packer, whereas for a medium and high capacity flexible co-packer an
increase of this parameter has little impact.
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Table 9: Performance on KPI’s for one co-packer setup

Scenario

Low capacity
flexibility

Medium capacity
flexibility

High capacity
flexibility

Service level
Missed revenue
Total realized costs
Missed revenue +
total realized costs
Service level
Missed revenue
Total realized costs
Missed revenue +
total realized costs
Service level
Missed revenue
Total realized costs
Missed revenue +
total realized costs

Tolerated periodical capacity increase and decrease
10%
25%
50%
x+0.5%
x+2.2%
x+2.7%
0.92*y
0.75*y
0.72*y
1.12*y
1.20*y
1.20*y
2.05*y
x+3.2%
0.68*y
1.22*y

1.95*y
x+3.3%
0.66*y
1.20*y

1.92*y
x+3.5%
0.65*y
1.20*y

1.90*y
x+3.3%
0.67*y
1.22*y

1.87*y
x+3.3%
0.70*y
1.15*y

1.85*y
x+3.3%
0.69
1.14*y

1.89*y

1.85*y

1.83*y

8.1.3.2. Two co-packer setup
The context of a two co-packer setup is simulated with co-packing site 2 and 3, because Figure 14
shows that these sites are most preferred when free allocation is allowed. In the previous section the
average periodical utilization of 236 is used as a starting point to set the capacity boundaries for all
one co-packer scenarios. In this section, this amount is equally divided over co-packer 2 and 3 and
therefore set to 118 for each co-packer. Similar to the one co-packer setup, the two co-packer setup
scenarios are modelled in which the minimum and maximum contractual capacity boundaries deviate
a certain relative amount from the average capacity of 118 shifts. Furthermore, the maximum
expansion of 10%, 12 shifts, is modelled on top of the maximum capacity. The following scenarios are
tested for the combination of co-packer 2 and 3:
-

-

-

Two low capacity flexible co-packers: 10% volume flexibility, which results in a minimum
contractual capacity of 106 shifts, a maximum contractual capacity of 130 shifts and a
maximum expansion possibility of 142 shifts for each co-packing site.
One high capacity flexible co-packer, one low capacity flexible co-packer: 10% volume
flexibility for co-packer 2 and 50% volume flexibility for co-packer 3. This results in a minimum
contractual capacity of 106 shifts, a maximum contractual capacity of 130 shifts and a
maximum expansion possibility of 142 shifts for co-packing site 2 and a minimum contractual
capacity of 59 shifts, a maximum contractual capacity of 177 shifts and a maximum expansion
possibility of 189 shifts for co-packing site 3.
Two high capacity flexibility co-packers: 50% volume flexibility, which results in a minimum
contractual capacity of 59 shifts, a maximum contractual capacity of 177 shifts and a maximum
expansion possibility of 189 shifts for each co-packing site

Again, these scenarios are tested for three different boundaries set for the maximum capacity increase
and maximum capacity decrease from period to period: the boundaries of co-packer 2 and 3 are
respectively set 10% and 25% for the first scenario, 10% and 50% for the second scenario and 25% and
50% for the third scenario. Table 10 presents the model solutions for all combinations. Again, the
reader is referred to Appendix D.2 for a more detailed overview of the cost distribution.
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An important insight that can be derived from Table 10 is that the model performance is not
significantly improved by adding a second co-packer compared to the scenario of one co-packer.
However, the most flexible scenario for a two co-packer setup performs slightly better than the most
flexible scenario for a one co-packer setup, which is even a little more flexible than the two co-packer
setup in terms of tolerated periodical capacity increase and decrease.
Also for a two co-packer setup it can be derived from Table 10 that the more flexible the two copackers, in terms of capacity flexibility and tolerated periodical capacity increase and decrease, the
better the cost performance of the missed revenue plus total realized costs. According to Table 10,
the main cost difference is caused by the total realized costs. When analyzing the extended table in
Appendix D.2. it can be concluded that mainly the excess inventory costs decrease when flexibility
increases. Again, it holds that since the maximum forecast is more reliable over time, better
production decisions can be made, because more production can be postponed as a result of
increased flexibility, which results in less excess inventory costs.
Regarding the service level, it can be derived from Table 10 that increasing flexibility, both capacity
flexibility and the tolerated periodical increase or decrease, has little impact on the service level. With
this insight, it can be concluded that main cost differences, as described in the previous paragraph,
are caused by the excess inventory costs. In practice, a P&G planner uses experience and expertise to
schedule production and to determine which customized products are suitable to preproduce. In case
the P&G planner is able to better smooth the production orders than the APP model, the performance
of a lower level of flexibility will be close to the performance of higher flexibility scenarios.
Table 10: Performance on KPI’s for two co-packer’s setup

Scenario
Two low
capacity flexible
co-packers

One high
capacity flexible
co-packer, One
low capacity
flexible copacker
Two high
capacity flexible
co-packers

8.2.

Service level
Missed revenue
Total realized costs
Missed revenue +
total realized costs
Service level
Missed revenue
Total realized costs
Missed revenue +
total realized costs
Service level
Missed revenue
Total realized costs
Missed revenue +
total realized costs

Tolerated periodical capacity increase and decrease
10%/25%
10%/50%
25%/50%
x+3.4%
x+3.5%
x+3.6%
0.68*y
0.67*y
0.66*y
1.29*y
1.29*y
1.26*y
1.97*y
1.96*y
1.93*y
x+3.3%
0.68*y
1.22*y
1.91*y

x+3.4%
0.67*y
1.21*y
1.88*y

x+3.4%
0.67*y
1.21*y
1.88*y

x+3.4%
0.68*y
1.17*y
1.84*y

x+3.3%
0.68*y
1.16*y
1.84*y

x+3.2%
0.69*y
1.14*y
1.82*y

Sensitivity analysis

In this section a sensitivity analysis is conducted by investigating the effects of adjusting the co-packer
productivity, the co-packer lead time, the inventory risk surcharge and the safety time. The effect of
co-packer productivity is researched, because we are interested in the preferred co-packing sites
when all co-packers are equally productive. Additionally, we are interested in the impact of changing
current batch sizes. Regarding co-packer lead time, all co-packers in the case study have a lead time
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equal to one week. We are interested in the amount the service decreases when a co-packer would
have a lead-time of two or more weeks. Then the effect of including an inventory risk surcharge is
investigated. We expect that including an inventory risk surcharge, based on expected forecast
accuracy, performs better than excluding the inventory risk surcharge from the model. Finally, we are
interested whether a safety time of one week would result in a better model performance than using
adjusted parameter values for the safety time.
The impact of co-packer productivity is tested in the context of the maximum potential scenario of
the maximum forecast model, as defined earlier in this chapter, because we are interested in the
capacity distribution of the model when all co-packers are equally productive. All other analyses are
performed by comparing the model results when adjusting a parameter with the one co-packer setup
of medium capacity flexibility and a tolerated periodical capacity increase or decrease of 25%.

8.2.1. The impact of co-packer productivity
The impact of co-packer productivity is examined by halving and doubling the number of items a copacker can manipulate for a certain customized product in a shift, and by setting all co-packer
productivity levels equal. Table 11 shows halving and doubling the productivity levels mainly impacts
inventory, excess inventory and batch deviation costs. It is intuitive that the smaller a production batch
is, the lower the batch deviation and inventory related costs are and the higher a production batch is,
the higher the inventory related and batch deviation costs are. Additionally, if more inventory is at
stock, the higher the probability a sporadic, unexpected, order can be fulfilled, which results in a
slightly higher service level. However, the overall cost impact of co-packer productivity is low, because
the batch deviation costs are relatively low compared to other cost components in the model. As a
result, the model often deviates from the production batch, even if the production batch is relatively
small.
Table 11: The impact of co-packer productivity on performance of KPIs

Halving
productivity
x+3.10%
0.70*y

Base scenario

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs
Missed revenue +
total realized costs

Service level
Missed revenue

x+3.20%
0.70*y

Doubling
productivity
x+3.30%
0.69*y

Equally
productive
x+3.10%
0.71*y

0.91*y
0.00*y
0.00*y
0.02*y
0.13*y
0.01*y
0.00*y
1.08*y

0.91*y
0.00*y
0.00*y
0.02*y
0.14*y
0.02*y
0.00*y
1.09*y

0.91*y
0.00*y
0.00*y
0.02*y
0.15*y
0.02*y
0.00*y
1.10*y

0.91*y
0.00*y
0.00*y
0.02*y
0.13*y
0.02*y
0.00*y
1.08*y

1.78*y

1.79*y

1.79*y

1.79*y

Figure 15 shows the impact on the capacity utilization per co-packer when all co-packers are equal in
their productivity. In this setting, 𝐴𝑘𝑟 is initialized for each co-packing site by the minimum product
specific productivity used in the case study. When comparing Figure 15 with Figure 14, it can be
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concluded that the co-packer preference is heavily influenced by the productivity levels; co-packer 2
and 3 are obviously the preferred co-packers.
Capacity utilization maximum forecast model with equal
co-packer productivity
400

Capacity (# shifts)

350
300
250

Co-packer 1

200

Co-packer 2

150

Co-packer 3

100

Co-packer 4

50
0
1

3

5

7

9 11 13 15 17 19 21 23 25 27

Weeknumber
Figure 15: Simulated capacity utilization for free allocation policy with no volume restrictions and equal productivity

8.2.2. The impact of co-packer lead time
The effect of co-packer lead time on the performance of the KPIs is tested by adjusting the co-packer
lead time to two and three weeks. Table 12 shows the impact of increased lead times on the service
level and the total costs. Note that the scenario of three weeks lead time is calculated based on the
results of week 4 to 27 instead of 3 to 27. Despite this difference, the pattern in the results is clear.
Logically, as forecasts are more accurate when the shipment date is getting closer and more is known
about the customer demand over time, the service level decreases as the lead time increases.
Additionally, another intuitive result is that inventory levels increase when production orders are
released with more uncertainty. From a total cost perspective, mainly the missed revenue drastically
increases when the co-packer lead time is increased to 2 and 3 weeks. When analyzing the excel files
of the model outputs for these scenarios, it results that the total lost sales costs per customized
product are drastically higher than in all other model output file, including the scenarios tested in the
previous sections. The most extreme output is a customized product in the scenario of 3 weeks of lead
time with a monetary missed revenue of 0.42x. So, it might be that some large demand quantities or
demand quantities with a high revenue are still not correctly reflected in the maximum forecast
several weeks before the shipment week. Probably, when the shipment week is getting closer, this
data is reflected in the maximum forecast because the customer orders has arrived.
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Table 12: The impact of co-packer lead time on performance of KPIs

Service level
Missed revenue
Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs
Missed revenue +
total realized costs

Base scenario –
1 week lead time
x+3.3%
0.66*y

2 weeks lead time

3 weeks lead time

x-2.4%
2.02*y

x-9.6%
3.40*y

0.94*y
0.00*y
0.00*y
0.02*y
0.22*y
0.02*y
0.00*y
1.20*y

0.80*y
0.00*y
0.00*y
0.06*y
0.74*y
0.02*y
0.00*y
1.63*y

0.74*y
0.00*y
0.00*y
0.08*y
1.03*y
0.02*y
0.00*y
1.88*y

1.87*y

3.65*y

5.27*y

8.2.3. The impact of the inventory risk surcharge
The first step in examining the impact of the inventory risk surcharge was to compare the base
scenario with the scenario of eliminating the inventory risk surcharge from the model. Table 13
summarizes the results and shows that the scenario in which the inventory risk surcharge parameter
is set to zero outperforms the base scenario in terms of total missed service plus total realized costs.
The main driver of this difference is the improved service level compared to the other scenarios. To
verify whether reduced inventory risk surcharges also perform worse than the scenario in which there
is no inventory risk surcharge, the cost parameter is reduced by 50% and 75%. However, as can be
derived from Table 13, the scenario in which the inventory risk surcharge is eliminated from the model
still outperforms all other scenarios.
The intention of the inventory risk surcharge was to guide the model in preproducing the customized
products, if needed, which are expected to be most reliable. Currently, the model is able to make
better considerations itself. Nevertheless, it is an interesting opportunity for P&G to research whether
improved planning performance can be reached by initializing the parameter with more detailed
information.
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Table 13: The impact of the inventory risk surcharge on performance of KPIs

No inventory
risk surcharge

Service level
Missed revenue

x+4.0%
0.53*y

Reducing
inventory risk
surcharge by
75%
x+3.8%
0.59*y

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

0.97*y
0.00*y
0.00*y
0.03*y
0.21*y
0.01*y
0.00*y
1.21*y

0.95*y
0.00*y
0.00*y
0.02*y
0.21*y
0.02*y
0.00*y
1.20*y

0.95*y
0.00*y
0.00*y
0.02*y
0.23*y
0.02*y
0.00*y
1.22*y

0.94*y
0.00*y
0.00*y
0.02*y
0.22*y
0.02*y
0.00*y
1.20*y

1.74*y

1.79*y

1.85*y

1.87*y

Missed revenue +
total realized costs

Reducing
inventory risk
surcharge by
50%
x+3.6%
0.64*y

Base scenario

x+3.3%
0.66*y

8.2.4. The impact of safety time
The effect of safety time is examined by adjusting the safety time parameter to zero, or two and three
weeks. As can be derived from Table 14, inventory and excess inventory costs heavily increase with a
higher safety time parameter. As a result, the total cost performance of increased safety times is lower
than in the base scenario. In case the safety time is removed from the model, the model behaves
approximately the same compared to the base scenario. Since the model has a weekly aggregation
level, the model strives to have the required products for the upcoming week at stock at the start of
a period. This behavior can be referred to as equal compared to the base scenario, which forces the
behavior to have all maximum forecast at stock at the start of the current week.
Table 14: The impact of safety time on performance of KPIs

No safety time
Service level
Missed revenue

x+3.4%
0.67*y

Base scenario –
1 week safety time
x+3.3%
0.66*y

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

0.94*y
0.00*y
0.00*y
0.02*y
0.21*y
0.02*y
0.00*y
1.20*y

0.94*y
0.00*y
0.00*y
0.02*y
0.22*y
0.02*y
0.00*y
1.20*y

0.96*y
0.00*y
0.00*y
0.07*y
0.85*y
0.02*y
0.00*y
1.90*y

0.98*y
0.00*y
0.00*y
0.10*y
1.12*y
0.02*y
0.00*y
2.22*y

Missed revenue +
total realized costs

1.86*y

1.87*y

2.30*y

2.52*y
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2 weeks
safety time
x+5.0%
0.40*y

3 weeks
safety time
x+5.4%
0.30*y

9. Conclusions and Recommendations
The objective of this thesis was to quantify the value of flexibility in the outsourced FMCG customized
supply chain. Hereto, all important aspects of this supply chain were quantified and captured in a
mathematical model. Then, the model was evaluated with a case study with P&G data. Section 9.1
summarizes the conclusions of research, after which recommendations are provided in section 9.2.

9.1.

Conclusion

An APP model was developed with the objective to minimize all expected cost over all stages of the
planning horizon. To make the model as realistic as possible, all relevant boundaries and penalties
agreed on between P&G and the co-packing companies were included in the model, as well as the
relevant costs and restrictions incorporated in the P&G customized supply chain. Furthermore, to
determine which customized products to use to smooth the workload, in case needed, a product
specific inventory risk surcharge was included in the model.
Two KPIs were introduced to verify the performance of the model: 1) service level, and 2) total realized
costs. By converting the missed service into missed revenue, it was able to fully quantify and compare
the models in terms of costs, by summing the missed revenue and the total realized costs.
In the case study, the mathematical model was tested with P&G data for several scenarios in the
context of a rolling horizon. A first model was tested which uses the maximum forecast as input and a
second model was tested using newsvendor quantities as input, because most customized P&G SKUs
are low-demand products.
Comparing the two models, in the context of the current allocation policy and the context of relaxing
all volume restrictions and fixed allocation policy, resulted in the conclusion that the maximum
forecast model outperforms the newsvendor quantity model. As a result of a bias included in the
maximum forecast, the newsvendor quantities used in the model seemed too high. However, even
when the newsvendor fractile is tuned and lower maximum forecast quantities are used as first
moment, the maximum forecast model outperforms the newsvendor quantity model. Therefore, it
was decided to further analyze the maximum forecast model.
When comparing the current allocation policy and the maximum flexibility potential, the maximum
forecast model has an improvement potential in total costs of 0.41y. The main cause of this cost
reduction is a result of the current capacity boundaries set at the contracted co-packing sites which
results in a lower service level and higher missed revenue. Another important insight is that the largest
operating co-packing site by the current allocation policy is the least-preferred co-packing site in terms
of capacity allocation in the case that there are no volume restrictions at the co-packing sites.
Since providing total flexibility might not be realistic, the potential of including one co-packer and two
co-packers in the portfolio was investigated for several combinations of flexibility levels. A logical
conclusion that can be drawn from the case study is that the more flexible a co-packer, or co-packers,
in terms of capacity levels and/or periodical allowed capacity fluctuation, the lower the total costs.
Another important insight was that selecting a co-packer with more appropriate minimum, maximum
and maximum expansion capacity boundaries compared to the current co-packer capacity boundaries
results in significant improvements in both the service level and total realized costs. Even if the copacker is, or co-packers are, less flexible in terms of capacity boundaries and periodical increase or
decrease, significant improvements can be made. Regarding the service levels, increasing the
periodical allowed capacity fluctuation positively impacts the scenario of one low capacity co-packer.
For all other one and two co-packer setups, increasing flexibility has little impact on the service level.
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Finally, note that the main cost differences for those last-mentioned setups are caused by the excess
inventory costs.
From the sensitivity analysis it can be concluded that the effect of co-packer preference is further
increased as co-packers are equal in their productivity. Other intuitive results are that when increasing
the co-packer lead time or the safety time, the total costs significantly increase. A final insight is that
the scenario in which the inventory risk surcharge parameter is set to zero outperforms the other
scenarios for which the parameter has determined values.

9.2.

Recommendations

The most important recommendation for P&G is to reconsider the current co-packer portfolio and its
capacity agreements. The results show that two out of the three co-packers to which capacity is
released by the current policy are less preferred by the model when the fixed allocation policy, and
the co-packer capacity boundaries, can be relaxed. The results are even more extreme when testing
the scenario of the co-packing sites being equally productive in the sensitivity analysis. In addition, in
the current situation the utilized capacity at co-packing site 1 is several times close to or equal to the
maximum capacity boundary. This results in a lower service level and, as a result, risks lost sales. For
the short term it is, when possible, recommended to increase the maximum capacity boundaries and
for the long term it is recommended to search for a better co-packer portfolio.
Using the developed APP model in this thesis, P&G, and FMCG companies that operate in a similar
way, can quantify the value of the flexibility offered by a co-packing site or a portfolio of co-packers.
It is advised to consider this value when tendering (a part of) the customized product portfolio and to
estimate whether reductions in co-packer related costs outweigh the reduced flexibility and vice
versa.
Last, it would be interesting for P&G to research the differences in the current planning policies and
the behavior of the APP model. Therefore, for P&G planners it is recommended to compare the model
decisions, which are optimal from a mathematical and data point of view, to the decisions P&G
planners make based on expertise and additional knowledge from business people.
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10.

Reflection

This final chapter reflects on the performed research. Section 10.1 and section 10.2 respectively
describe the academic contribution and the contribution for P&G of this master thesis. Then, in section
10.3 the limitations of this research are discussed. Finally, section 10.4 elaborates on the opportunities
and recommendations for further research.

10.1. Academic contribution
The main academic contribution of this master thesis is twofold:
-

-

We quantified the relation between costs and flexibility in the context of an outsourced
customized FMCG supply chain. A mathematical model was developed which financially
reflects all relevant aspects related to the flexibility at a co-packing site and all aspects that
cause costs in the FMCG customized supply chain. As a result, model scenarios can be fully
quantified in terms of costs and compared to each other.
We applied the repeated newsvendor in an outsourced customized FMCG production setting.
We are not the first to apply a (repeated) newsvendor problem in the academic literature, but
the first to address this approach in the specific context of this master thesis.

10.2. Contribution for P&G
The main contribution for P&G of this research is threefold:
-

-

-

We developed a realistic APP model that reflects all contractual agreements between P&G
and the contracted co-packers. Based on the maximum forecast, the model is able to
determine the optimal weekly production planning while taking all co-packer constraints into
account. Compared to the current system, which generates a production order when the stock
drops below the required level, a main advantage of the developed APP is that it automatically
smooths the production orders when demand is too volatile for the volume agreements.
On a more strategic level, we developed a model that will be very useful for future co-packer
tenders; all capacity boundaries can be adapted and can be weighted against the product
specific co-packer costs that would be charged at a certain level of flexibility. As a result, the
best portfolio of co-packers, based on the trade-off in the desired level of flexibility and costs,
can be negotiated using the developed model in this thesis.
We executed an in-depth cost comparison of the current contracted FBNL co-packers. This is
an important deliverable for P&G to decide to which co-packing site new market introduction
can best be assigned. Currently, there is a lack in the guidance which co-packer is most cost
efficient for a manipulation. Based on the in-depth cost comparison, a tool is developed that
guides Customization Initiatives Leaders in their decision to which co-packing site a new
customized product can best be allocated.

10.3. Limitations
This master thesis is subject to several limitations.
A first limitation of this research is the assumption that all base products and packaging materials
needed as input for the customization process are always available. As described in section 2.2.5, the
root cause a co-packer cannot produce all daily P&G production orders is the absence of base products
or packaging materials needed as input for the production order. The main reason to let this aspect
out of scope is the difference in product complexity; e.g. some customized products need 40 products
as input and others only one.
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A second limitation is the assumption that there are no capacity restrictions per customization type.
In reality the capacity per manipulation technology is limited and can be expanded to a certain
maximum level per manipulation type. P&G planners need to consider the capacities per technology
in the production planning, whereas the model developed in this thesis relaxes those restrictions.
Third, the model classifies all unmet demand as lost sales. In reality, not all unmet demand will be lost,
but some demand will be back-ordered.
The fourth limitation is the aggregation level of the model. All data is collected on a weekly level.
Therefore, the lead time of the customization process is at least one week. However, in practice lead
times can be shorter than one week. As a result, planners can release production orders based on
more accurate data which can lead to an improved service level.
Then, because P&G stores data on a weekly level only for a couple of months, little data was available
to determine the accuracy groups identified in Appendix C.2. Consequently, the distribution of the
error used to determine the newsvendor quantities might not be accurate enough. Additionally, it
might explain why using inventory risk surcharges does not improve the performance of the model.
Last, to ensure computation tractability of the model it was decided to solve the MIP model with an
optimality gap of 1% and set the planning horizon from 12 to 6 periods. As a result, the model is
approximately solved and therefore results might slightly differ from the optimal results. However,
results are sufficiently accurate to identify the pattern in the solutions obtained in Chapter 8.

10.4. Future research
Elaborating on this master thesis, there are several directions for further research.
First of all, an interesting research direction is to see the effect of incorporating a structural estimation
approach in the model developed in this thesis. Figure 16 visualizes the differences between the
traditional optimization approach, which is used in this master thesis, and structural estimation. The
main difference is that structural estimation assumes that the decision maker already acts rationally,
and thus optimally, and consequently uses observed decision-making behavior to impute the overage
to underage cost ratio (Olivares, Terwiesch, & Cassorla, 2008). Deshpande & Arıkan (2012) applied the
structural estimation approach in the context of airline flight delay and Olivares et al. (2008) used a
structural estimation model to schedule operating room capacity at hospitals. To apply the structural
estimation approach in the context of this master thesis, a statistical model should be developed that
gives consistent estimates of the demand distribution of customized products. Additionally, it should
be assessed whether P&G planners act rational.
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Figure 16: Different Approaches to the Newsvendor problem (Olivares et al., 2008)

Furthermore, van Donselaar, Rock Kopczak, & Wouters (2001) showed that ADI is particularly valuable
for large projects facing lumpy demand. Regarding the customized supply chain, interesting subjects
are the likelihood a forecast is (partly) confirmed if no orders are placed yet and the likelihood the
remaining of a forecast is still ordered after a part of the forecast is confirmed. Therefore, another
interesting research direction is to investigate the value ADI for the customized supply chain and to
reflect the implications in the proposed model.
In addition, the examined customized supply chain is fully focused on daily production runs at each
co-packing site, resulting in a relative short lead time for the total customization process. One copacking site that was located at a relative long distance was included in the comparison of
customization cost. However, potential lower manipulation costs did not outweigh the additional
transportation costs. Since demand for some customized products is already very reliable several
weeks upfront, it is interesting to search for a different, low-cost, production setup for these products
that might take a longer lead time to complete.
Last, there are several other interesting research directions for extending the proposed model. For
example, including the uncertainty of the availability of packaging material and base products would
be a valuable model extension. Including these uncertainties would result in a better prediction of
KPIs. Furthermore, backorders can be considered instead of lost sales and capacity limits per
customization types can be included in the model. Next to that, capacity limits per technology can be
included to develop a more detailed model. Additionally, more data can be collected to determine
more precise accuracy levels for several products groups. By implementing this, the quality of the
model output regarding inventory risk surcharges and newsvendor quantities using the optimization
approach might be improved.
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Appendices
Appendix A: Explosion factors per category and customization type
Table 15: Explosion factors for customization types per category7

Category
Fabric Care
Baby Care
Shave Care
Skin Care
Oral Care
Home Care
Hair Care
Feminine Care

7

Display
1.75
1.03
5.98
6.72
2.04
3.50
1.68
3.60

Special
Pack
1.23
2.98
2.47
2.86
1.12
1.05
1.38
1.16

Shelf Ready
Packaging
2.02
1.27
2.34
3.55
1.21
2.03
2.15
1.70

The factors are adapted for confidentiality reasons
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Stickering
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

Appendix B: Mathematical formulation of case study model
In this appendix the mathematical formulation which is used to simulate the case study is presented.
At first, in section B.1. Intermediate formulation of mathematical case study model an intermediate
formulation is given, which is an adaption of the mathematical model of Chapter 6. Secondly, in
section B.2. McCormick envelopes are used to transform the Mixed Integer Quadratic Programming
formulation into a Mixed Integer Linear Programming formulation. Based on this new formulation, the
final mathematical model for the case study is presented in section B.3. Finally, in section
B.4.Relaxation of integer variables continuous variables it is determined which variables can be
relaxed and which variables should remain restricted to integer values for the case study.

B.1. Intermediate formulation of mathematical case study model
The intermediate formulation of the mathematical model which will be used for the case is presented
below. Compared to the model of Chapter 6, there is one main difference: the model decision in the
model presented below is referred to as the number of customized product 𝑘 ∈ 𝐾 to release to copacking site 𝑟 ∈ 𝑅 at period 𝑡 ∈ 𝑇, whereas the model decision in the model of Chapter 6 is referred
to as the number of customized product 𝑘 ∈ 𝐾 that is produced at co-packing site 𝑟 ∈ 𝑅 for period
𝑡 ∈ 𝑇. This choice is made to enable all values in the planning horizon to be variables, instead of a
combination of parameters and variables. Note that only the indices are changed by this choice and
that it does not impact the model behavior.
Equation (2) defines the capacity use at a co-packing site 𝑟 ∈ 𝑅 for period 𝑡 ∈ 𝑇. Since the production
release for period 𝑡 ∈ 𝑇 is modelled instead of the production, the capacity use should have been
𝑞𝑘𝑟(𝑡+𝐿𝑇𝑟 )
modelled by: 𝑣𝑟𝑡 = ∑𝑘∈𝐾
. However, because of using the rolling horizon approach,
𝐴𝑘𝑟

𝑞𝑘𝑟(𝑡+𝐿𝑇𝑟) would be overwritten in the next period due to the addition of LTr on top of the period t.
Therefore, it is decided to link the capacity use at a co-packing site 𝑟 ∈ 𝑅 for period 𝑡 ∈ 𝑇 to the
moment the production orders are released to a co-packing site. This only implies that the moment
of measuring the capacity use is differed compared to the model defined in chapter 6. Subsequently,
Equation (3) to (7) are also based on the on the moment a production orders is release to a co-packing
instead of the production moment.
Objective function:
𝑐
+
−
𝑀𝑖𝑛𝑍1 = 𝐶𝑘𝑟
∑ ∑ 𝑞𝑘𝑟𝑡 + 𝐶𝑟𝑐𝑚𝑎𝑥 ∑ ∑ 𝑤𝑟𝑡
+ 𝐶𝑟𝑐𝑚𝑖𝑛 ∑ ∑ 𝑤𝑟𝑡
+ 𝐶𝑘𝑢 ∑ ∑ 𝑙𝑠𝑘𝑡
𝑘∈𝐾 𝑡∈𝑇
+ (𝐶𝑘ℎ

𝑟∈𝑅 𝑡∈𝑇

𝑟∈𝑅 𝑡∈𝑇

+𝐶

𝑘∈𝐾 𝑡∈𝑇

+ 𝐶𝑘𝑟𝑖𝑠𝑘 ) ∗ ∑ ∑ ℎ𝑘𝑡 + 𝐶𝑟𝑑𝑒𝑣 ∗ ∑ ∑ ∑ 𝑛𝑘𝑟𝑡
𝑘∈𝐾 𝑡∈𝑇

𝑐ℎ

(1)

𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

∑ ∑ ∑ 𝑢𝑘𝑟𝑡 ∗ (1 − 𝑢𝑘𝑟(𝑡−1) )
𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

Subject to
∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇

(2)

𝑞𝑘𝑟𝑡 ≤ 𝑢𝑘𝑟𝑡 ∗ 𝑀
𝑞𝑘𝑟𝑡
∑
= 𝑣𝑟𝑡
𝐴𝑘𝑟

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(3)
(4)

+
𝑣𝑟𝑡 ≤ 𝑊𝑟𝑚𝑎𝑥 + 𝑤𝑟𝑡
𝑚𝑖𝑛
−
𝑣𝑟𝑡 ≥ 𝑊𝑟
− 𝑤𝑟𝑡
𝑚𝑎𝑥𝑒𝑥𝑝
𝑣𝑟𝑡 ≤ 𝑊𝑟

∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(5)
(6)
(7)

∑ 𝑢𝑘𝑟𝑡 ≤ 1
𝑟∈𝑅

𝑘∈𝐾
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𝑣𝑟𝑡 ≤ (1 + 𝛾𝑟𝑖𝑛𝑐𝑟 ) ∗ 𝑣𝑟(𝑡−1)
𝑣𝑟𝑡 ≥ (1 − 𝛾𝑟𝑑𝑒𝑐𝑟 ) ∗ 𝑣𝑟(𝑡−1)
𝑞𝑘𝑟𝑡
− 𝑗𝑘𝑟𝑡 ≤ 𝑛𝑘𝑟𝑡
𝐴𝑘𝑟
𝑞𝑘𝑟𝑡
= 𝑗𝑘𝑟𝑡 + 𝑠𝑘𝑟𝑡
𝐴𝑘𝑟
𝑠𝑘𝑟𝑡 ≥ 0
𝑠𝑘𝑟𝑡 < 1
𝑗𝑘𝑟𝑡 ∈ {. . , −2, −1, 0,1,2, . . }
𝑡+𝑆𝑇𝑘 −1

∑ 𝑞𝑘𝑟(𝑡−𝐿𝑇𝑟) ≥

∑

𝑟∈𝑅

𝑖=𝑡

∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(8)
(9)
(10)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(11)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇

(12)
(13)
(14)
(15)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇

(16)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(17)
(18)

𝐹[𝐷𝑘𝑖 ] − ℎ𝑘(𝑡)

ℎ𝑘𝑡 = ℎ𝑘(𝑡−1) + ∑ 𝑞𝑘𝑟(𝑡−𝐿𝑇𝑟) − 𝐹[𝐷𝑘𝑡 ] + 𝑙𝑠𝑘𝑡
𝑟∈𝑅

𝑢𝑘𝑟𝑡 , 𝑛𝑘𝑟𝑡 ∈ {0,1}
+
−
𝑞𝑘𝑟𝑡 , 𝑤𝑟𝑡
, 𝑤𝑟𝑡
, ℎ𝑘𝑡 , 𝑙𝑠𝑘𝑡 ≥ 0

B.2. McCormick envelopes
Using McCormick envelopes enables to find a lower bound solution for the original problem. An upper
bound can be determined by using the obtained values from the relaxed problem to solve the original
problem, and checking whether the upper bound is feasibility (Dombrowski, 2015).The next section
will present the mathematical derivation for the bilinear term and the application of using McCormick
envelopes.
B.2.1 Derivation for bilinear term
The derivation for the bilinear term is adopted from Dombrowski (2015), and can be formulated as
follows:
𝑤 = 𝑥𝑦
𝑥 𝐿 ≤ 𝑥 ≤ 𝑥 𝑈 𝑎𝑛𝑑 𝑦 𝐿 ≤ 𝑦 ≤ 𝑦 𝑈 ,

𝑤ℎ𝑒𝑟𝑒 𝑥 𝐿 , 𝑥 𝑢 , 𝑦 𝐿 , 𝑦 𝑈 𝑎𝑟𝑒 𝑢𝑝𝑝𝑒𝑟 𝑎𝑛𝑑 𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 𝑣𝑎𝑙𝑢𝑒

𝑓𝑜𝑟 𝑥 𝑎𝑛𝑑 𝑦 𝑟𝑒𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑒𝑙𝑦
𝑎 = (𝑥 − 𝑥 𝐿 ) 𝑏 = (𝑦 − 𝑦 𝐿 )
𝑎∗𝑏 ≥0
𝑎 ∗ 𝑏 = (𝑥 − 𝑥 𝐿 ) (𝑦 − 𝑦 𝐿 ) = 𝑥𝑦 − 𝑥 𝐿 𝑦 − 𝑥𝑦 𝐿 − 𝑥 𝐿 𝑦 𝐿 ≥ 0
𝑤 ≥ 𝑥 𝐿 𝑦 + 𝑥𝑦 𝐿 − 𝑥 𝐿 𝑦 𝐿

𝑎 = (𝑥 𝑈 − 𝑥) 𝑏 = (𝑦 𝑈 − 𝑦)
𝑤 ≥ 𝑥 𝑈 𝑦 + 𝑥𝑦 𝑈 − 𝑥 𝑈 𝑦 𝑈

𝑎 = (𝑥 𝑈 − 𝑥) 𝑏 = (𝑦 − 𝑦 𝐿 )
𝑤 ≤ 𝑥 𝑈 𝑦 + 𝑥𝑦 𝐿 − 𝑥 𝑈 𝑦 𝐿
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𝑎 = (𝑥 − 𝑥 𝐿 ) 𝑏 = (𝑦 𝑈 − 𝑦)
𝑤 ≤ 𝑥𝑦 𝑈 + 𝑥 𝐿 𝑦 − 𝑥 𝐿 𝑦 𝑈

𝑎 = (𝑥 𝑈 − 𝑥) 𝑏 = (𝑦 − 𝑦 𝐿 )
𝑤 ≤ 𝑥 𝑈 𝑦 + 𝑥𝑦 𝐿 − 𝑥 𝑈 𝑦 𝐿

The under estimators of the function are represented by:
𝑤 ≥ 𝑥 𝐿 𝑦 + 𝑥𝑦 𝐿 − 𝑥 𝐿 𝑦 𝐿
𝑤 ≥ 𝑥 𝑈 𝑦 + 𝑥𝑦 𝑈 − 𝑥 𝑈 𝑦 𝑈

The over estimators of the function are represented by:
𝑤 ≤ 𝑥 𝑈 𝑦 + 𝑥𝑦 𝐿 − 𝑥 𝑈 𝑦 𝐿
𝑤 ≤ 𝑥𝑦 𝑈 + 𝑥 𝐿 𝑦 − 𝑥 𝐿 𝑦 𝑈

B.2.2. Application of McCormick envelopes
This section explains the application of the McCormick envelopes to the quadratic part of the objective
function. The quadratic part of the objective function is formulated as follows:
𝐶 𝑐ℎ ∑ ∑ ∑ 𝑢𝑘𝑟𝑡 ∗ (1 − 𝑢𝑘𝑟(𝑡−1) )
𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

Which can be rewritten to:
𝐶 𝑐ℎ ∑ ∑ ∑ 𝑢𝑘𝑟𝑡 − 𝐶 𝑐ℎ ∑ ∑ ∑ 𝑢𝑘𝑟𝑡 ∗ 𝑢𝑘𝑟(𝑡−1)
𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

The second part of the formula can be reformulated to:
𝑦𝑘𝑟𝑡 = 𝑢𝑘𝑟𝑡 ∗ 𝑢𝑘𝑟(𝑡−1)
Where 𝑦𝑘𝑟𝑡 is a binary variable:
𝑦𝑘𝑟𝑡 ∈ {0,1}
The quadratic part of the objective function can be linearly formulated by:
𝐶 𝑐ℎ ∑ ∑ ∑ 𝑢𝑘𝑟𝑡 − 𝐶 𝑐ℎ ∑ ∑ ∑ 𝑦𝑘𝑟𝑡
𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

The upper bound of both binary variables is 1 and the lower bound of both variables is equal to 0.
Then, when using McCormick envelopes, the following four constraints should be added to the APP
model:
𝑦𝑘𝑟𝑡 ≥ 0

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
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𝑦𝑘𝑟𝑡 ≥ 𝑢𝑘𝑟𝑡−1 + 𝑢𝑘𝑟𝑡 − 1

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

𝑦𝑘𝑟𝑡 ≤ 𝑢𝑘𝑟𝑡−1

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

𝑦𝑘𝑟𝑡 ≤ 𝑢𝑘𝑟𝑡

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

B.3. Final Mathematical model for case study
The final mathematical model that is used for the case study is presented below. Using McCormick
envelopes has resulted in replacing the quadratic term of the intermediate formulation by a linear
formulation, and in adding the four constraints of the previous section to the final model.
Objective function:
𝑐
+
−
𝑀𝑖𝑛𝑍1 = 𝐶𝑘𝑟
∑ ∑ 𝑞𝑘𝑟𝑡 + 𝐶𝑟𝑐𝑚𝑎𝑥 ∑ ∑ 𝑤𝑟𝑡
+ 𝐶𝑟𝑐𝑚𝑖𝑛 ∑ ∑ 𝑤𝑟𝑡
+ 𝐶𝑘𝑢 ∑ ∑ 𝑙𝑠𝑘𝑡
𝑘∈𝐾 𝑡∈𝑇
+ (𝐶𝑘ℎ

𝑟∈𝑅 𝑡∈𝑇

+

𝐶𝑘𝑟𝑖𝑠𝑘 ) ∗

𝑟∈𝑅 𝑡∈𝑇

∑ ∑ ℎ𝑘𝑡 +

𝐶𝑟𝑑𝑒𝑣

𝑘∈𝐾 𝑡∈𝑇

+𝐶

𝑐ℎ

(1)

𝑘∈𝐾 𝑡∈𝑇

∗ ∑ ∑ ∑ 𝑛𝑘𝑟𝑡
𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

∑ ∑ ∑ 𝑢𝑘𝑟𝑡 −𝑦𝑘𝑟𝑡
𝑘∈𝐾 𝑟∈𝑅 𝑡∈𝑇

Subject to
∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇

(2)

𝑞𝑘𝑟𝑡 ≤ 𝑢𝑘𝑟𝑡 ∗ 𝑀
𝑞𝑘𝑟𝑡
∑
= 𝑣𝑟𝑡
𝐴𝑘𝑟

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(3)
(4)

+
𝑣𝑟𝑡 ≤ 𝑊𝑟𝑚𝑎𝑥 + 𝑤𝑟𝑡
−
𝑣𝑟𝑡 ≥ 𝑊𝑟𝑚𝑖𝑛 − 𝑤𝑟𝑡
𝑚𝑎𝑥𝑒𝑥𝑝
𝑣𝑟𝑡 ≤ 𝑊𝑟
𝑣𝑟𝑡 ≤ (1 + 𝛾𝑟𝑖𝑛𝑐𝑟 ) ∗ 𝑣𝑟(𝑡−1)
𝑣𝑟𝑡 ≥ (1 − 𝛾𝑟𝑑𝑒𝑐𝑟 ) ∗ 𝑣𝑟(𝑡−1)
𝑞𝑘𝑟𝑡
− 𝑗𝑘𝑟𝑡 ≤ 𝑛𝑘𝑟𝑡
𝐴𝑘𝑟
𝑞𝑘𝑟𝑡
= 𝑗𝑘𝑟𝑡 + 𝑠𝑘𝑟𝑡
𝐴𝑘𝑟
𝑠𝑘𝑟𝑡 ≥ 0
𝑠𝑘𝑟𝑡 < 1
𝑗𝑘𝑟𝑡 ∈ {. . , −2, −1, 0,1,2, . . }

∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(5)
(6)
(7)
(8)
(9)
(10)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(11)

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇

(12)
(13)
(14)
(15)

∀ 𝑘 𝜖 𝐾, 𝑡 𝜖 𝑇

(16)

𝑢𝑘𝑟𝑡 , 𝑛𝑘𝑟𝑡 , 𝑦𝑘𝑟𝑡 ∈ {0,1}
+
−
𝑞𝑘𝑟𝑡 , 𝑤𝑟𝑡
, 𝑤𝑟𝑡
, ℎ𝑘𝑡 , 𝑙𝑠𝑘𝑡 , 𝑦𝑘𝑟𝑡 ≥ 0
𝑦𝑘𝑟𝑡 ≥ 𝑢𝑘𝑟𝑡−1 + 𝑢𝑘𝑟𝑡 − 1

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇
∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(17)
(18)
(19)

𝑦𝑘𝑟𝑡 ≤ 𝑢𝑘𝑟𝑡−1

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(20)

∑ 𝑢𝑘𝑟𝑡 ≤ 1
𝑟∈𝑅

𝑘∈𝐾

𝑡+𝑆𝑇𝑘 −1

∑ 𝑞𝑘𝑟(𝑡−𝐿𝑇𝑟) ≥

∑

𝑟∈𝑅

𝑖=𝑡

𝐹[𝐷𝑘𝑖 ] − ℎ𝑘(𝑡)

ℎ𝑘𝑡 = ℎ𝑘(𝑡−1) + ∑ 𝑞𝑘𝑟(𝑡−𝐿𝑇𝑟) − 𝐹[𝐷𝑘𝑡 ] + 𝑙𝑠𝑘𝑡
𝑟∈𝑅
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𝑦𝑘𝑟𝑡 ≤ 𝑢𝑘𝑟𝑡
Objective function and definition

∀ 𝑘 𝜖 𝐾, 𝑟 𝜖 𝑅, 𝑡 𝜖 𝑇

(21)

𝑧1
= 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡𝑠
Indices and sets
𝐾
= 𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑘
𝑅
= 𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑒𝑟𝑠, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑟
𝑇
= 𝑇ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑𝑠 𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑑 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑙𝑎𝑛𝑛𝑖𝑛𝑔 ℎ𝑜𝑟𝑖𝑧𝑜𝑛, 𝑖𝑛𝑑𝑒𝑥𝑒𝑑 𝑏𝑦 𝑡
Parameters:
𝐿𝑇𝑟
𝑊𝑟𝑚𝑎𝑥
𝑊𝑟𝑚𝑖𝑛
𝑚𝑎𝑥𝑒𝑥𝑝
𝑊𝑟
𝛾𝑟𝑖𝑛𝑐𝑟
𝛾𝑟𝑑𝑒𝑐𝑟
𝐴𝑘𝑟

=
=
=
=
=
=
=

𝐹[𝐷𝑘𝑡 ]
𝑆𝑇𝑘
𝑐
𝐶𝑘𝑟

=

𝐶𝑟𝑐𝑚𝑎𝑥

=

𝐶𝑟𝑐𝑚𝑖𝑛

=

𝐶𝑘𝑢
𝐶𝑘ℎ
𝐶𝑘𝑟𝑖𝑠𝑘
𝐶 𝑐ℎ
𝐶𝑟𝑑𝑒𝑣

=
=
=
=
=

=

𝐿𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝑀𝑖𝑛𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑡𝑜 𝑤ℎ𝑖𝑐ℎ 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑐𝑎𝑛 𝑏𝑒 𝑒𝑥𝑝𝑎𝑛𝑑𝑒𝑑
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒 𝑜𝑓 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
# 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾 𝑡ℎ𝑎𝑡 𝑐𝑎𝑛 𝑏𝑒 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑖𝑛 𝑎 𝑠ℎ𝑖𝑓𝑡 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑒𝑟 𝑟 ∈ 𝑅
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇
𝑆𝑎𝑓𝑒𝑡𝑦 𝑡𝑖𝑚𝑒 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡 𝑓𝑜𝑟 𝑜𝑛𝑒 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅
𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑐ℎ𝑎𝑟𝑔𝑒𝑑 𝑏𝑦 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑤ℎ𝑒𝑛
𝑒𝑥𝑐𝑒𝑒𝑑𝑖𝑛𝑔 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑔𝑟𝑒𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑐ℎ𝑎𝑟𝑔𝑒𝑑 𝑏𝑦 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑤ℎ𝑒𝑛 𝑛𝑜𝑡
𝑟𝑒𝑎𝑐ℎ𝑖𝑛𝑔 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑎𝑔𝑟𝑒𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
𝐶𝑜𝑠𝑡 𝑜𝑓 𝑢𝑛𝑑𝑒𝑟𝑎𝑔𝑒 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑟𝑖𝑠𝑘 𝑠𝑢𝑟𝑐ℎ𝑎𝑟𝑔𝑒 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾
𝐶𝑜𝑠𝑡 𝑓𝑜𝑟 𝑐ℎ𝑎𝑛𝑔𝑖𝑛𝑔 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛
𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 𝑐𝑜𝑠𝑡 𝑓𝑜𝑟 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑛𝑔 𝑓𝑟𝑜𝑚 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛
𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅

Variables:
𝑞𝑘𝑟𝑡
𝑢𝑘𝑟𝑡
𝑣𝑟𝑡
+
𝑤𝑟𝑡
−
𝑤𝑟𝑡

𝑛𝑘𝑟𝑡
𝑠𝑘𝑟𝑡
𝑗𝑘𝑟𝑡
ℎ𝑘𝑡
𝑙𝑠𝑘𝑡

= 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑟𝑒𝑙𝑒𝑎𝑠𝑒 𝑜𝑓 # 𝑜𝑓 𝑠ℎ𝑖𝑓𝑡𝑠 𝑓𝑜𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 ∈ 𝐾 𝑡𝑜 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑒𝑟 𝑟 ∈ 𝑅 𝑖𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇
= 𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑐𝑎𝑛 𝑏𝑒 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟
𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇
= 𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 ∈ 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇
= 𝐸𝑥𝑐𝑒𝑠𝑠 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑜𝑛 𝑡𝑜𝑝 𝑜𝑓 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑐𝑜 −
𝑝𝑎𝑘𝑐𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇
= 𝐼𝑛𝑠𝑢𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑢𝑠𝑒 𝑏𝑒𝑙𝑜𝑤 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑜𝑓 𝑐𝑜 −
𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 ∈ 𝑇
= 𝐵𝑖𝑛𝑎𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑤ℎ𝑒𝑡ℎ𝑒𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 ℎ𝑎𝑠 𝑝𝑙𝑎𝑛𝑛𝑒𝑑
𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡 𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇 𝑖𝑛 𝑎 𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝑜𝑓 𝑡ℎ𝑒
𝑎𝑔𝑟𝑒𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦
= 𝐶𝑜𝑛𝑡𝑖𝑛𝑖𝑜𝑢𝑠 𝑠𝑙𝑎𝑐𝑘 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡
𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇
= 𝐼𝑛𝑡𝑒𝑔𝑒𝑟 ℎ𝑒𝑙𝑝 − 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑎𝑡
𝑐𝑜 − 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑠𝑖𝑡𝑒 𝑟 𝜖 𝑅 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇
= 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑜𝑛 ℎ𝑎𝑛𝑑 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑎𝑡 𝑡ℎ𝑒 𝑒𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇
= 𝐿𝑜𝑠𝑡 𝑠𝑎𝑙𝑒𝑠 𝑜𝑓 𝑐𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑘 𝜖 𝐾 𝑓𝑜𝑟 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝜖 𝑇
75

𝑦𝑘𝑟𝑡

= 𝐵𝑖𝑛𝑎𝑟𝑦 ℎ𝑒𝑙𝑝 − 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑡𝑜 𝑟𝑒𝑚𝑜𝑣𝑒 𝑞𝑢𝑎𝑑𝑟𝑎𝑡𝑖𝑐 𝑡𝑒𝑟𝑚 𝑓𝑟𝑜𝑚 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛

B.4.Relaxation of integer variables continuous variables
This section will explain which variables can be relaxed and which variables should remain integer
values for obtaining the same model outputs at a potential lower computation time.
When considering the two binary variables 𝑢𝑘𝑟𝑡 and 𝑦𝑘𝑟𝑡 , it can be derived from Equation (18) to (21)
that, when testing all four possible combinations of 𝑢𝑘𝑟𝑡−1 and 𝑢𝑘𝑟𝑡 , 𝑦𝑘𝑟𝑡 is always equal to 0 or 1. So
when 𝑢𝑘𝑟𝑡 is a binary variable, 𝑦𝑘𝑟𝑡 can be relaxed to a continuous binary variable. Note that 𝑢𝑘𝑟𝑡
cannot be relaxed, since both 𝑢𝑘𝑟𝑡 and 𝑦𝑘𝑟𝑡 would then be able to take decimal values between 0 and
1. The two other binary variables in the model, 𝑛𝑘𝑟𝑡 and 𝑗𝑘𝑟𝑡 , should remain restricted to integer
values in order to enable the model to correctly function.
Regarding the other, non-negative, variables, it is important that 𝑞𝑘𝑟𝑡 is an integer variable, because
no fractional product can be produced. Additionally, forecasts always arrive in integer values. Since
the inventory and lost sales variables are dependent on the production release and forecasts, the two
variables can be modelled as continuous values. Finally, all variables related to capacity can be
continuous variables, because fractional capacity values are allowed.
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Appendix C: Model input
This appendix elaborates on the methodologies used to initialize several parameters. Section C.1
explains the executed co-packer productivity comparison for the initialization of the parameter 𝐴𝑘𝑟 .
Section C.2 groups the customized product portfolio and determines the forecast accuracy per
product group in order to set the inventory risk surcharge per group and to calculate newsvendor
𝑐
quantities. Section C.3 explains all aspects of the executed cost analysis to initialize the parameter 𝐶𝑘𝑟
.

C.1. Productivity comparison contracted P&G co-packers
Currently, each manipulation is executed at one co-packing site. Consequently, only the productivity
for this customized product at this co-packing site is known. However, when applying the
mathematical model in the case study, the productivity of each customized products at each copacking site is needed as input. Therefore, a productivity comparison among the co-packers is
executed to determine the number of items a co-packing site can produce in a production shift. Below
it is explained what steps were taken to compare the productivity of five co-packing sites.
At first is should be noted that the executions of customized products heavily differ. Therefore, ten
manipulations types are identified, as shown in Table 16. Then, each customized product is assigned
to one of these ten types.
The next step is to compare the productivity rates of manipulations which are similar in their set-up.
Similar set-ups of multiple product categories are considered in this comparison, because executions
also differ among product categories; for example, an Oral Care display placed on a quarter pallet is
very different in terms of structure and number of products compared to a Fabric Care display placed
on a quarter pallet. To decide whether executions can be referred to as similar, the Customization
Initiatives Leaders for all products categories were asked to help with the validation.
Table 16 shows the results of the productivity comparison among the analyzed co-packing sites, in
which factors are used to express the relative difference in the productivity of a co-packing site. Since
co-packing site 1 has the most similar set-ups with the other four co-packing sites, a factor of 1 was
assigned to each manipulation type of co-packer 1. The other factors in the table refer to the relative
productivity to the manipulation costs of co-packing site 1; if another co-packing site has a productivity
rate of 1.5 for a certain manipulation type, this implies that this co-packing site can manipulate 1.5 as
much products of this manipulation type in a shift compared to co-packing site 1. When there was no
comparable set-up between co-packing sites for a manipulation type, the productivity rate is
estimated, which is expressed by the grey numbers in the table. These numbers are based on the
manipulation type which has a defines productivity rate which is closest to the unknown manipulation
category. For co-packing site 5, no productivity rates for similar executions were known. As will later
be concluded in section C.3, co-packing site 5 will be removed from the analysis to keep the quality
and reliability of the case study as high as possible.
Table 16: Productivity comparison contracted P&G co-packers

Manipulation type
1/8 display
Quarter display
Half display
Full display
Tray display
Special Pack
Shelf Ready Packaging

Co-packer 1

Co-packer 2

Co-packer 3

Co-packer 4

Co-packer 5

1.00
1.00
1.00
1.00
1.00
1.00
1.00

2.29
1.45
1.33
1.82
1.82
0.70
0.89

0.73
0.73
0.74
1.70
1.14
0.97
1.24

0.45
0.45
0.45
2.14
1.26
1.26
1.26

-
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Stickering

1.00

1.47

0.53

1.26

-

C.2. Forecast accuracies per product group
As can be derived from section 2.4.3, customized products differ in the number of times a product
contains weekly demand, varying from one to 26-52 times a year. As a result, determining the
expected reliability of each individual products, especially if the product needed is a one-off
promotion, is challenging since too few product-specific demand is available. In addition, P&G only
stores weekly forecast and shipment information four months. Therefore, it is chosen to group types
of products with similar expected forecast accuracy characteristics. Based on the shipment
information of week 50 to 52 of 2018 and week 1 and 2 of 2019, and the forecast information one to
six weeks before each week, the forecast accuracies per product group are calculated. Table 17 shows
the forecast accuracies, measured as the MAPE, for three different products groups for several
moments in time. Note that no data was available for t-6 of group 1. Therefore, it is chosen to initialize
this period with the MAPE of period t-5.
Table 17: Forecast accuracy percentages (MAPE) per product group8

t-1
Group 1 15%
Group 2 90%
Group 3 50%

t-2
20%
100%
55%

t-3
50%
110%
70%

t-4
50%
120%
85%

t-5
105%
130%
90%

t-6
110%
140%
105%

C.3. Customization cost
This section presents a cost comparison among the co-packers included in the case study. Currently,
a co-packer charges costs for the manipulation process, and additionally, P&G assigns fixed costs per
SU to divide the overhead costs, by an Activity-Based-Costing approach. Since these fixed costs per SU
partly depend on the co-packing site which manipulates the customized products, the fixed cost per
SU changes when product is reallocated and/or production volumes change. A second difficulty is that
co-packers reflect their prices in a different way; some operations are included in the co-packing price
of a co-packer, whereas at another co-packer they are excluded and charged as overhead costs. To
clarify the differences for P&G, and to appropriately reflect the customization costs in the case study,
an extensive analysis is executed which determine the product specific customization costs by the sum
of all variable costs included in the customization process. These components are the manipulation
costs, the transportation costs, and the handing costs. All components will separately be discussed in
the next sections.
C.3.1. Manipulation cost
In the current situation, there is a fixed allocation policy. As result, most manipulation prices for the
customized products are only known at the co-packing site to which the customized products are
allocated. However, in order to decide on the best manipulation location for each customized product,
and to enable the model of the case study to function correctly, the manipulation cost of each product
at all other co-packing site should be determined.
For the comparison of the manipulation costs, the same steps are taken as for the productivity
comparison in section C.1.; ten manipulation types are identified and the manipulation prices for each
type are compared based on similar set-ups. Again, to decide whether executions can be referred to

8

The percentages are adapted for confidentiality reasons
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as similar, the Customization Initiatives Leaders for all products categories were asked to help with
the validation.
Table 18 shows the cost comparison of the ten manipulation types for the five co-packing sites, in
which factors are used to express the relative difference in manipulation costs. All factors in the table
refer to the relative costs compared to the manipulation costs of co-pacing site 1. It should be noted
that not each manipulation type is executed at each co-packing site. In case no comparable set-up was
found between co-packing sites for a certain manipulation type, the cost-factor is estimated based on
the most similar manipulation type or an average of several manipulation types. These factors are
denoted in grey. For co-packing site 5, there were only comparable set-ups for the manipulation type
“Special Pack”. To ensure quantality and correctness of the case study, co-packer 5 is removed from
the portfolio.
Table 18: Manipulation costs comparison contracted co-packers9

Manipulation type
1/8 display
Quarter display
Half display
Full display
Tray display
Special Pack
Shelf Ready Packaging
Stickering

Co-packer 1

Co-packer 2

Co-packer 3

Co-packer 4

Co-packer 5

1,00
1,00
1,00
1,00
1,00
1,00
1,00
1,00

0,91
0,89
1,19
2,35
1,27
0,75
1,51
1,00

0,71
0,71
0,68
0,45
0,49
0,54
0,50
1,03

1,1
1,1
1,5
1,05
1,05
1,05
1,05
1,05

0,9
0,9
0,9
0,9
0,9
0,9
0,9
0,9

C.3.2. Transportation cost
The second cost component to determine the customization cost for a specific customized product
are the transportation cost. The transportation cost can be referred to as all costs related to
transportation which are additionally caused by the customization process compared to the process
of ‘normal’, base products, when starting the supply chain at the plant that produced the base
products and ending at the DC of which the final customer needs to be delivered. From this
perspective, transportation cost will be zero when the co-packing site is located in, or directly
connected to, the final DC, without the need of trucks for shuttling base products and/or packaging
materials. In all other cases, transportation costs arise. These transportation cost can be divided into
two components: additional transportation cost, arising from transporting products over a larger
distance, and inefficient transportation cost, arising when the customized product in its final form can
be transported less efficient than the base products and packaging material used as input. In the next
sub-section, it is explained how the costs for these two components are calculated in this master thesis
for P&G.
Additional transportation cost
The additional transportation costs are first explained by an example. Figure 17 visualizes a possible
transportation flow for a customized product. The flow starts at the plant that produces the base
products, after which the base products are transported 130 km to a DC of P&G. From this DC, the copacking company, at a distance of 95 km, is provided with base products, and potentially packaging
materials. Finally, after the manipulation has finished, the customized products are transported over
a distance of 240 km to the final P&G DC that delivers the customer. In addition, the dotted line in
9

The numbers are adapted for confidentiality reasons
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Figure 17 visualizes the flow of base products in case they are directly transported over 360 km to the
final DC. The additional transportation costs for the customization process in this example are the sum
of all three individual transportations for the customization process, minus the transportation costs
when there would be direct transport to the final DC, the dotted line.

Figure 17: Possible transportation flow of a customized product

Table 19 shows the transportation distances for each combination of plant to DC and DC to co-packing
site. Based on these distances, fixed truck costs and variable truck costs per kilometers, the
transportation costs for each possible transportation line can be calculated. The costs are calculated
in the same way as in the above mentioned example; the sum of the transportation costs from a plant
that produces a base product to the DC, from the DC to a co-packing site and from a co-packing site
to the final DC, minus the transportation costs when goods would directly be transported from the
plant that produced the base products to the final DC. Then, when these costs per full truck are known,
the costs are assigned to each base and finished product separated, based on the amount of products
that fit in a truck of each product.
In these calculations, the following assumptions are made:
-

There are only full trucks transported between two locations
All base products needed as input for the manipulation of a customized product are delivered
from the same plant
There is one plant for each product category
The transportation costs per kilometer are the same in each geographical location

Table 19: Distance matrix in kilometers

Plant Fabric Care
Plant Baby Care
Plant Shave Care
Plant Skin Care
Plant Oral Care
Plant Home Care
Plant Hair Care
Plant Fem Care
Co-packer 1
Co-packer 2
Co-packer 3
Co-packer 4
Co-packer 5

DC 1
263
228
1171
1157
402
12
521
574
263
0
219
1167
230

DC 2
0
417
1408
1391
589
255
332
696
3
264
87
1401
418

DC 3
1475
1113
111
90
1064
1251
1738
984
1475
1239
1431
80
1114
80

DC 4
417
0
1048
1029
194
230
675
361
419
230
343
1039
1

Inefficient transportation cost
As mentioned earlier, some customized products in their final form can be transported less efficient
than the based products used as input for the customization process; the final product contains more
‘air’ in the final form. As a result, more trucks are needed to transport the final, customized product
from the co-packing site to the final DC. These costs will depend on the earlier introduced explosion
factor, the extent to which the products are inefficiently transformed, which will differ per
manipulation type and products category. Based on the explosion factors shown in
Table 15 of Appendix A, the product-specific inefficient transportation costs are calculated by
multiplying the transportation costs of the co-packing site to the final DC by the explosion factor minus
1, and again dividing these costs by the number of items of the customized products that fit in a truck.
Also, in this calculation the assumption is made that there are always full trucks transported between
the co-packing site and the final DC.
C.3.3. Handling cost
Finally, the handling costs are needed to calculate the customization costs for each customized
product at a co-packing site. These are the costs arising from handling base products and, potentially,
packaging materials in the P&G DC to or from the co-packing site; depending on the contractual
agreements, packaging material can be stored at the DC or co-packing site. The costs per pallet
movement are obtained for each DC. Based on the amount of customized product that fit on a pallet,
the explosion factor and the cost per pallet, the handling costs are assigned to each customized
product; For example, consider a customized product of which 4 products fit on a pallet, the explosion
factor is 2, handling costs are €2 per pallet and the packaging material is stored at the co-packing site.
Then, the handling costs for the base products to the co-packing site are €2 / (4*2)=€0.25, and the
handling cost for the customized products, after manipulation, are €2/4=€0.50. Subsequently, the
total handling costs assigned to customized product are €0.75.
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Appendix D: Cost distribution of model solution
D.1. Cost distribution of one co-packer setup
Scenario
Service level
Missed revenue

Low flexibility

Medium
flexibility

High flexibility

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

Tolerated periodical capacity increase or decrease
10%
25%
50%
x+0.5%
x+2.2%
x+2.7%
0.92*y
0.75*y
0.72*y

0.84*y
0.00*y
0.00*y
0.02*y
0.24*y
0.02*y
0.00*y
1.12*y

0.92*y
0.00*y
0.00*y
0.02*y
0.23*y
0.02*y
0.00*y
1.20*y

0.92*y
0.00*y
0.00*y
0.02*y
0.23*y
0.02*y
0.00*y
1.20*y

Missed revenue +
total realized costs
Service level
Missed revenue

2.05*y

1.95*y

1.92

x+3.2%
0.68*y

x+3.3%
0.66*y

x+3.5%
0.65*y

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

0.94*y
0.00*y
0.00*y
0.02*y
0.23*y
0.02*y
0.00*y
1.22*y

0.94*y
0.00*y
0.00*y
0.02*y
0.22*y
0.02*y
0.00*y
1.20*y

0.94*y
0.00*y
0.00*y
0.02*y
0.21*y
0.02*y
0.00*y
1.20*y

Missed revenue +
total realized costs
Service level
Missed revenue

1.90*y

1.87*y

1.85*y

x+3.3%
0.67*y

x+3.3%
0.70*y

x+3.3%
0.69*y

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

0.94*y
0.00*y
0.00*y
0.02*y
0.24*y
0.02*y
0.00*y
1.22*y

0.94*y
0.00*y
0.00*y
0.02*y
0.17*y
0.02*y
0.00*y
1.15*y

0.94*y
0.00*y
0.00*y
0.02*y
0.16*y
0.02*y
0.00*y
1.14*y

1.89*y

1.85*y

1.83*y

Missed revenue +
total realized costs
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D.2. Cost distribution of two co-packer setup
Scenario
Service level
Missed revenue

2 low flexible
co-packers

1 flexible copacker, 1 low
flexible copacker

2 flexible copackers

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

Tolerated periodical capacity increase or decrease
10%/25%
10%/50%
25%/50%
x+3.4%
x+3.5%
x+3.6%
0.68*y
0.67*y
0.66*y

0.93*y
0.00*y
0.00*y
0.03*y
0.31*y
0.02*y
0.01*y
1.29*y

0.93*y
0.00*y
0.00*y
0.03*y
0.31*y
0.02*y
0.00*y
1.29*y

0.93*y
0.00*y
0.00*y
0.02*y
0.29*y
0.02*y
0.00*y
1.26*y

Missed revenue +
total realized costs
Service level
Missed revenue

1.97*y

1.96*y

1.93*y

x+3.3%
0.68*y

x+3.4%
0.67*y

x+34%
0.67*y

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

0.93*y
0.00*y
0.00*y
0.02*y
0.25*y
0.02*y
0.00*y
1.22*y

0.93*y
0.00*y
0.00*y
0.02*y
0.23*y
0.02*y
0.00*y
1.21*y

0.93*y
0.00*y
0.00*y
0.02*y
0.24*y
0.02*y
0.00*y
1.21*y

Missed revenue +
total realized costs
Service level
Missed revenue

1.91*y

1.88*y

1.88*y

x+3.4%
0.68*y

x+3.3%
0.68*y

x+3.2%
0.69*y

Realized costs:
Production costs
Overproduction costs
Underproduction cost
Inventory costs
Excess inventory costs
Batch deviation costs
Reallocation costs
Total realized costs

0.93*y
0.00*y
0.00*y
0.02*y
0.19*y
0.02*y
0.00*y
1.17*y

0.93*y
0.00*y
0.00*y
0.02*y
0.18*y
0.02*y
0.00*y
1.16*y

0.93*y
0.00*y
0.00*y
0.02*y
0.17*y
0.02*y
0.00*y
1.14*y

1.84*y

1.84*y

1.82*y

Missed revenue +
total realized costs
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