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Abstract  
Nowadays, customers have multiple channels to buy their products, either via a physical store, an online 

shop or directly at the supplier. From the viewpoint of the supplier, this changes the way of bringing their 

products to the customer and the corresponding expectations, which is also the case for the Company. 

They have a direct relation with the customer more frequently and want to improve the service towards 

these customers. For this reason, they consider to expand their supply chain network with a couple of 

satellite locations in order to guarantee a shorter lead time to the customer. 

The focus of this thesis is to construct a decision-support tool that determines the optimal flows of 

products and the role of the satellite locations. The focus of the decision-support tool is not on the optimal 

amount or location of the satellite locations, but on the optimal approach of using them in combination 

with the existing DCs. For this reason, the input for the decision-support tool is coming from a simulation 

of the supply chain, which enables us to evaluate the performance of the supply chain for multiple 

different input parameters. Therefore, the tool determines the optimal flows per products based on the 

total profit per product, but also reports other performance measures, such as realized CSL and average 

inventory levels.  

As a result, we are able to improve the service towards the customers without an immense increase in 

costs and inventory. The tool enables to select the optimal delivery location and the optimal service per 

product. Therefore, as contribution to the existing literature, this thesis presents a method of using a 

simulation-based decision-support tool in order to focus on the tactical and operational decisions of an 

inventory-location problem for a multi-channel supply chain.  
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Executive summary  
In this master thesis, a decision-support tool is developed that helps in determining the optimal flows of 

delivering products to customers in a supply chain consisting of distribution centers (DCs) and satellite 

locations.  

Problem statement 

This master thesis is executed in cooperation with a Dutch health technology company, focusing on the 

commercial supply chain of the consumer goods. This division of the company mainly deals with consumer 

goods, which are sold mainly via retailers. However, due to digitalization, consumers have multiple sales 

channels to choose from and products are sent more often to customer at home. This is also possible via 

the Company’s own online shop. For the supply chain, this results in a shift from less pallet deliveries to 

more parcel deliveries. In Europe, the Company considers to introduce a couple of satellite locations in 

order to meet the corresponding changes in customer expectations, without a substantial increase in 

costs. Although these locations have some more purposes, these locations are added to the current supply 

chain network, located close to the customer, to fulfil the demand of the online customers. This is a step 

towards an omni-channel supply chain. In this master thesis, we analyze the role of the satellite locations 

by constructing a decision-support tool. This tool determines the optimal method of improving the service 

to the customer in terms of lead time without an immense increase in costs. This is reflected in the 

research goal of this thesis: 

 Construct a decision-support tool that determines the optimal flows of products and the 

corresponding costs and inventory levels for a group of products in order to meet the lead time 

ambition, for different configurations of the network, based on a 92%, 95% and 98% service level 

to the customer. 

The decision-support tool 

The decision-support tool calculates, for each product individually, the total profit for three different 

scenarios. These three scenarios include delivering a product to the customer in two days via the DC, in 

one day via the DC or in one day from the satellite location. Based on this, we decide on offering a service 

of a one- or two-day delivery and, if applicable, select the most profitable flow of a one-day delivery. In 

fact, we determine whether it is more profitable to send a product via the DC in one day or via the satellite 

location in one day, after which we compare this outcome with the scenario of sending a product via the 

DC in two days. This results in the optimal flow to a customer of each product.  

By using a simulation, we calculate the total costs and total margin of a scenario over a long time, which 

results in the total profit on product-level. The customer demand is generated from the historical sales 

data of the previous month, while the availability of inventory at the DC is based on the historical 

availability rate. In the scenario DC, as shown in Figure 1.1 for the customers of the Company’s online 

shop, the products are delivered from the DC, for which costs are included for holding inventory, handling 

operations and transportation operations. These transportation costs change between the one- and two-

day delivery scenarios. Figure 1.2 shows the scenario satellite location, which included additional costs for 

replenishing the satellite location in addition to the costs of the scenario DC. For these locations, we apply 

a periodical review, fixed order quantity inventory policy. Based on the variance of the demand and the 

CSL target, we calculate a reorder level per product for this policy. The simulation is particularly valuable 

to evaluate the inventory policy and the corresponding design parameters of the satellite locations. All 
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results are summarized in the decision-support tool, which selects the optimal flow per product and 

reports the performance measures per scenario, including average inventory levels, cost structures and 

average replenishment volumes.  

 

  

Results of the analyses 

We have analyzed the functioning and outcomes of the decision-support tool by means of the base model. 

The base model focuses on the period October 2017 until December 2017, taking into account the 50 

most sold products in September 2017 of the Company’s online store of Spain, a CSL target of 92 percent, 

two replenishment possibilities per week and a service differentiation factor of 50 percent. For this base 

model, the decision-support tool shows the impact on the total profit per day for different delivery 

options. In Figure 0.3, we see an impact on the total profit by improving the lead time from two days to 

one day, as expected. However, especially by including the service differentiation, the total profit recovers 

until approximately 85 percent of the total profit of a two-day delivery for all product.  

  

  
In Figure 0.4, we see the optimal flows of the base model, which means that we should deliver 26 percent 

of the SKUs under consideration within one day via the satellite location, 22 percent within one day via 

the DC and 52 percent within two days via the DC. For every flow, we have determined whether there is 

a direct relation between the choice of the optimal flow and one of the product characteristics, including 

the product size, the ABC-classification, the availability rate of inventory at the DC, the coefficient of 

Figure 0.1: Scenario DC Figure 0.2: Scenario satellite location 
 

Figure 0.3: Total profit of the base model per option Figure 0.4: Optimal flows of SKUs 
for the base model 
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variation of the demand and the product margin. This analysis shows that products with a low product 

margin should be delivered via the DC within two days, since the addition costs for a one-day delivery are 

too high for these products. However, this is the only direct relation, which means that there are no clear 

indicators for the determination of the optimal flow. Besides the product characteristics, the total sales 

volume of a product neither influences the optimal flows directly. 

Based on the analysis of the base model, we see that the transportation costs represent the biggest part 

of the total costs, while the inventory costs represent less than 3 percent of the total costs. Furthermore, 

the average volume of the replenishment orders is very low. Therefore, we analyze the effect of the 

replenishment frequency on the total profit and the optimal flows. We have adjusted the replenishment 

frequency from two times per week to one time per week and one time per two weeks. As a result, the 

inventory costs increase, while the replenishment costs slightly decrease. However, this change hardly 

influences the total profit and the optimal flows, due to the small impact of the inventory costs. 

Nevertheless, a lower replenishment frequency results in less replenishment orders of higher average 

volume, which optimizes the fulfilment of these orders.  

Finally, we determine the effect of the CSL target for the satellite location on the total profit and the 

optimal flows. By increasing the CSL target, the average inventory level and the corresponding costs 

increase, but the total met demand increases as well. Since the inventory costs represent just a very small 

part of the total costs, a higher CSL target results in a higher total profit. In Figure 0.3, we show the total 

profit of a higher CSL target, just as a lower replenishment frequency, in relation to the results of the base 

mode.  

Recommendations 

Based on the constructing and the analysis of the decision-support tool, we have formulated six 

recommendations focusing on the use of the tool and the role of the satellite location. The main message 

of these recommendations is that differentiation in products is the answer to the question on how we 

could improve the service to the customer without an immense decrease in profit.  

 Use the decision-support tool to evaluate decisions concerning the supply chain in order to make 

underpinned decisions. 

 Differentiate the products in terms of location and service in order to minimize the impact on the 

total costs and total profit for an improvement in service.  

 Offer a two-day delivery service for products with a low product margin 

 Evaluate always the effect of new transportation cost tariffs on the role of the satellite location, 

since this cost factor has a big impact on the optimal flows.  

 Set a higher CSL target for the satellite locations in order to maximize the total met demand. 

 Replenish the satellite locations only once per week in order to optimize the fulfilment of the 

replenishment orders. 
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1. Introduction 
The first chapter of this thesis focuses on introducing the environment, content and approach of the 

project. We start with describing the company and department in scope, followed by the problem 

statement. The problem statement results in the goal of this project and the corresponding research 

questions. After that, the scope roughly describes the boundaries of the project, resulting in the purpose 

of the project and the approach towards reaching the goal of the thesis. We conclude the first chapter 

with a description of the outline of the rest of this thesis.  

1.1. Project environment 

1.1.1. Commercial supply chain of consumer goods 
This master thesis is executed in cooperation with a big health technology company. For confidentiality 

reasons, we call this the Company in the thesis. The commercial supply chain for the business of consumer 

goods is part of the global supply chain department of the Company. Since the products of this business 

are mainly consumer goods, consumers use them mainly at home. People can buy these products via 

different channels, such as at a physical store, an online shop or at a pharmacy. This means that the 

Company has to enable these different channels. The current supply chain of Europe has a backbone that 

consists of three distribution centers (DCs). These DCs function as a multi-purpose fulfilment site, which 

can process all types of products, both on pallets and in parcels. Each Market is assigned to one of the DCs 

wherefrom all products are delivered to the customers of this Market. 

1.2. Problem statement 
“Digitalization is one of the most significant on-going transformations of contemporary society, which is 

important for the retail sector” (Hagberg, Sundstrom, & Egels-Zandén, 2016). The fact that global e-

commerce sales doubled from 2008 to 2013 confirms the importance of digitalization for the retail sector 

(Hübner, Wollenburg, & Holzapfel, 2016). Because of this, nowadays consumers have multiple sales 

channels to choose from and their expectations regarding speed and convenience are increasing. 

Therefore, ‘omni-channel’ is one of the topics of the Company’s commercial supply chain of consumer 

goods strategy. In order to meet these speed and convenience expectations, the Company has the 

ambition of transforming their supply chain into a consumer centric eco-system; a flexible supply chain 

that is adaptive-by-nature and formed based on the expectations and data of the consumers. In this 

consumer centric eco-system, customers can be delivered from different inventory points, independent 

of the sales channel.  

As a next step to this future supply chain, a new concept is introduced at the Company, called a satellite 

location; a location that is particularly used to meet speed and convenience goals that cannot be fulfilled 

by the existing backbone of three DCs, which is designed based on efficiency and costs. the Company’s 

ambition is that the network of the three DCs and the satellite locations ensures two-day delivery for 90 

percent of the European population and one-day delivery for the top 20 metropolitan areas with the 

highest population of Europe, both by standard transport service. This is the starting point of the new 

supply chain network design. Another related topic of the supply chain strategy, called ‘Direct-2-

Consumer’, deals with deliveries of parcels to customers at home. Next to this, in line with a flexible supply 

chain, a collaboration with the retailers based on holding inventory could contribute to meet the speed 

and convenience goals. This collaboration could lead to a decrease of the total inventory and 
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transportation of the supply chain without violating the service levels, by sharing inventory for customers 

of the retailer and the Company’s own customers.  

However, there are many different ways of delivering products to the customer, but what is the optimal 

use of the supply chain network to meet the lead time ambition? Which part of the product demand 

should be delivered from a satellite location, from a DC of the Company? What is more beneficial, to store 

a product close to the customer or to have higher transportation costs in order to meet the speed and 

convenience goals? What is the impact on costs and inventories for ensuring the lead time ambition? It is 

not possible to answer these questions without a thorough analysis of the effects on the supply chain. 

Therefore, this project will conduct this analysis, resulting in a decision-support tool that helps to answer 

these questions.  

1.3. Research Goal 
Based on the problem statement of the Company, we defined the research goal: 

 Construct a decision-support tool that determines the optimal flows of products and the 

corresponding costs and inventory levels for a group of products in order to meet the lead time 

ambition, for different configurations of the network, based on a 92%, 95% and 98% service level 

to the customer.  

The decision-support tool is the main deliverable of this project. Based on the configuration of the 

network, the tool analyzes the historical sales data, determines the required inventory levels and 

calculates the costs of each possible flow of products. As described in the problem statement, the starting 

point for this analysis is the ambition to deliver 90 percent of the population within two days and the top 

20 metropolitan areas within one day. The lead time ambition corresponds to the time between the 

moments that a customer orders a product and the actual delivery at the customer. 

The tool selects the scenario of flows with the most cost-effective trade-off between the costs for a group 

of products, to prevent that each product is distributed via different flows. The costs included are holding, 

transportation and handling costs. Three different customer service levels are used in the calculation, 

based on the long-term ambitions of the Company, which represents the percentage of demand that is 

met within the lead time ambition. 

1.4. Research Questions 
In order to achieve the research goal, we should answer the following research question: 

 How can the optimal flows of products and the corresponding costs and inventory levels for a 

group of products be determined, in order to meet the lead time ambition, for different 

configurations of the network, based on a 92%, 95% and 98% service level to the customer?  

The focus of the research question is on the actual calculation of the decision-support tool and is divided 

into a couple of sub-questions. The first four sub-questions are concerned with the input for the 

calculation of the total costs. First, we calculate the inventory levels in order to meet the customer 

demand. Next, we determine the expected number of requested products, the resulting transportation 

movement and the resulting handling operations.  
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1. How can the inventory levels at the inventory points be determined for different scenarios of flows 

of products, in order to meet the lead time ambition for each demand segment, based on the three 

different service levels? 

2. How can the expected number of requested products be determined for each customer segment? 

3. How can the transportation movements be determined, based on the chosen inventory policy, for 

different scenarios of flows of products, in order to meet the lead time ambition for each demand 

segment? 

4. How can the handling operations be determined for different scenarios of flows of products, in 

order to meet the lead time ambition for each demand segment? 

After answering previous sub-questions, we can determine the total costs of each scenario. The inventory 

levels, transportation movements and handling operations are translated into costs and missing costs are 

added.  

5. How can the total costs be determined for different scenarios for the flows of products, in order to 

meet the lead time ambition for each demand segment, based on the three different service levels? 

The last sub-question focus on the results found during the analysis and development of the tool. These 

results highlight the main findings about the role of the satellite locations in the supply chain network.  

6. Which general guidelines can be derived in order to determine the optimal flows of products for 

different customer segments, based the analysis and the development of the decision-support 

tool? 

1.5. Scope 
The scope defines the boundaries of the project within the problem statement of the Company. Based on 

a number of topics, the scope is clarified.  

1.5.1. Decision level 
Decisions concerning the supply chain could be divided into three decision levels; the strategic level 

involves the design of the supply chain network, the tactical level involves the determination of flows and 

corresponding inventory levels in the supply chain and the operational level involves the scheduling of the 

operations for the actual delivery of the products (Schmidt & Wilhelm, 2000). The network of satellite 

locations is designed based on coverage criteria of the population. Therefore, this project does not 

concern strategic decisions. However, which flows to use in this network of DCs and satellite locations is 

unclear yet, corresponding to the tactical decision level. Therefore, the focus of this project is to construct 

a decision-support tool for these tactical decisions, which means that the optimal delivery flows are 

determined. Decisions regarding the actual delivery flows are not part of the scope, since these are 

decisions on the operational level. Thus, the tool does not support operational decisions and these are 

out of scope.  

1.5.2. Focus of the supply chain 
The locations of the satellite locations are selected based on the coverage criteria resulting from the lead 

time ambition. However, we assume that the satellite locations will be replenished via the existing DCs. 

These DCs are designed to receive and handle large amounts in an efficient way. This means that the costs 

of transporting and receiving the products at the DCs does not change in a scenario of an extra echelon 



 
4 

 

of satellite location. For this reason, we focus on the downstream part of the total supply chain, beginning 

at the outgoing activities at the DCs until the delivery at costumers.  

1.5.3. Optimization of inventory and transportation 
The management of and operations at the distribution centers is outsourced and the satellite locations 

will be outsourced. The Company uses existing space in the shared locations of the suppliers of these 

locations, which results in the assumption that there are no capacity constraints for this project. 

Therefore, the problem does not include an optimization of the use of space at the distribution centers 

and satellite locations, but the required inventory levels and total inventory costs are used.  

Next to this, the transportation of the products is outsourced as well. We assume that the capacity of a 

vehicle or the amount of vehicles is not constrained for this project. Therefore, the problem does not 

include an optimization of the routes of particular vehicles, but the total transportation costs are used in 

selecting the optimal flows of products. The transportation cost for each link could be differentiated based 

on the transportation time and the transportation unit. This differentiation is an important aspect of the 

decision-support tool, since the main trade-off is between the inventory and transportation costs.  

1.6. The purpose of the project 
The different elements of the scope narrow-down the problem as stated, resulting in the purpose of this 

project. As described in the goal of the research, we are looking for the optimal flows of products, 

particularly taking into account the satellite locations as part of the supply chain. This means that we want 

to compare different scenarios of delivering the products to the customers. However, there are different 

types of customers with their own characteristics, such as big retailers, pharmacies and customers of 

online shops. We think that the role of the satellite locations is particularly interesting for this last group 

of customers, since they order small quantities of products and expect a short lead time. For this reason, 

our first focus is on the optimal flows of products for this group of customers. As shown in Figure 1.1, the 

scenario DC calculates for each product individually the performance of delivering the customers via the 

DC, while the scenario satellite location does this based on delivering the customers via the satellite 

location, shown in Figure 1.2 conceptually. Subsequently, we compare the performances of both scenarios 

in order to support the decision-making process regarding the use of the satellite locations. Thus, the 

decision-support tool assists in determining the optimal flows of products, but could be used as well as an 

analysis tool by adjusting the input parameters and policies.  

 

  Figure 1.1: Scenario DC Figure 1.2: Scenario satellite location 
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1.7. Methodology 
The methodology describes the approach of satisfying the goal of the research, followed by a description 

of the customer segment, which we use for the development of the decision-support tool.  

1.7.1. Research design 
An important component of the decision-support tool is an inventory model of the supply chain. This 

inventory model determines, for each scenario of delivery flows, the inventory policy and the reorder 

levels at different inventory locations, required to ensure the lead time ambition for each customer 

segment. Based on this inventory model, the performance of a scenario is calculated through a simulation. 

A simulation is a method to analyze the behavior of a system as it evolves over time (Banks, Carson II, 

Nelson, & Nicol, 2014). The simulation results in the actual inventory levels, transportation movements 

and handling operations for each scenario, but also the realized customer service level. Since the decision-

support tool selects the optimal scenario of flows of products based on costs and profit, the output of the 

simulation is converted into costs to compare the different scenarios.  

We will develop the simulation and the tool by means of the online shop of one country, also known as 

the lead deployment. However, we strive for a decision-support tool that could be used generically for 

comparable groups of products and for each region, as long as the required input data is available. During 

the mass deployment, we can broader the usage of the tool. This means, for example, that during the lead 

deployment, we determine the methods for calculating the transportation costs, while during the mass 

deployment we just apply these methods. Nevertheless, this thesis just focuses on the lead deployment, 

after which we decide whether to proceed to the mass deployment.  

The input of the tool consists of the historical sales data, a complete overview of the possible scenarios of 

product flows and the different cost parameters. It is important that all customer segments, which 

possibly could be assigned to an inventory point, are taken into account simultaneously, since the total 

inventory for this product at an inventory point is the input for the cost calculation. The output of the 

decision-support tool are the optimal flows of a group of products for each customer segment and the 

corresponding costs and inventory levels in order to meet the lead time ambitions.  

1.7.2. Customer segment 
For the lead deployment, we focus on the online shop of Spain. We design the tool based on this sales 

organization, since we are quite sure that there will be a satellite location in Madrid. It is important to 

understand the demand pattern of this group of customers. By analyzing the demand pattern of the 

customers, we are interested in the customer demand per day per product. Based on the historical order 

data from September 2017, Table 1.1 shows the mean, standard deviation and coefficient of variation of 

three different products out of the 50 most sold products. First, this reveals that the mean of the products 

B and C is lower than one, which means that these products are ordered less frequent than daily. Another 

important insight for all products is that the coefficient of variation, the standard deviation divided by the 

mean, is bigger than one. This tells us that the amount of ordered products differs heavily from day to 

day. The histogram of amount of products ordered in Figure 1.3 confirms these insights, since often there 

are ordered zero products and the amount of products ordered can be very different.  
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Table 1.1: Characteristics of orders of the online shop of Spain in September 2017 

 Mean Standard deviation Coefficient of variation 

Product A 2.24 2.45 1.09 

Product B 0.52 0.85 1.63 

Product C 0.29 0.45 1.58 

 
Figure 1.3: Occurrences of orders of the online shop of Spain in September 2017 

1.8. Outline of the thesis 
This thesis describes the different parts of the decision-support tool in more detail, just as the main 

findings of the analysis of the problem. We start with a literature review regarding the topic of this 

research. All of us can see the developments of online sales in the society, but we would like to present 

the impact on the supply chain as discussed in the literature. After that, we discuss the conceptual model 

in Chapter 3, which gives the input for the decision support-tool. This chapter is structured based on the 

most first four research questions: the demand generation, the inventory policy, the transportation and 

the handling operations. Chapter 4 focuses on the decision-support tool, starting with describing what the 

simulation does. The second part of this chapter describes the actual tool, which presents the output of 

the simulation and reports the optimal flows. We finish this chapter with the verification and the 

validation of the tool and the corresponding simulation, which answers the fifth research question. In 

Chapter 5, we present the main findings resulting from analyzing the problem and building the tool. A 

sensitivity analysis is also part of this chapter, in order to test the effects of changing the input parameters 

on the output of the tool. This chapter answers the last research question. The last chapter, Chapter 6, 

concludes this thesis by presenting conclusions and recommendations of this research.  
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2. Literature Review 
As starting point of the master thesis, we review the existing scientific literature on this topic. The goal of 

this review is to determine the relevance of the topic, the methods and outcomes on this topic and the 

contribution of this master thesis to the existing literature. This corresponds to the structure of this 

chapter.  

As measured in 2017, 55 percent of the population of the European Union have bought products via the 

internet in the previous 12 months, from which 45.3 percent did this even in the previous three months, 

which is almost a doubling compared to 2007. This is an outcome of a recent report from the European 

Union. For countries such as the United Kingdom and Germany, these percentages are even 82.6 and 74.1 

respectively. However, only 20.4 percent of the European businesses were selling products online in 2015, 

which was 14.9 percent in 2009. This means that the amount of online customers has been increasing 

more rapidly than the amount of businesses that sell products online. Another important insight from this 

report is that 34.5 percent of the European online customers have experienced problems regarding the 

delivery of the products, where the most common problem is late delivery (European Union, 2017). This 

emphasizes the importance of investing in a supply chain that satisfies the customer expectations, which 

perfectly fits this thesis. Investing in a supply chain does not only mean extending a supply chain, but also 

the way of using a supply chain. In this chapter, we elaborate on the existing literature regarding this topic. 

Most literature is not focused particularly on online sales, but many of the standard models can be applied 

for them as well (Agatz, Fleischmann, & van Nunen, 2008).  

Alizadeh (2009) distinguishes two different purposes of network design models, which are where to locate 

the facilities in a supply chain and which customer demand to assign to existing facilities. The problem 

that corresponds to the first purpose is called a facility location problem. A facility location problem has 

two basic decision variables. The first output parameter is the decision whether to open a facility, the 

second is the decision whether to serve a customer from a facility. Many different factors could be 

included in a facility location problem, such as the capacity per facility, uncertainty in demand and 

unreliable supply (Alizadeh, 2009). These types of problems can be solved either by heuristics or by 

mathematical models, which can be classified as deterministic, stochastic, economic and simulation 

(Tsiakis, Shah, & Pantelides, 2001). In their article, they model the supply chain by a steady-state design, 

in order to determine the optimal flows in the supply chain. Two other distinctions in facility location 

problems are between static and dynamic, which determines whether problem is analyzed is over time or 

at one moment in time, and between the type of the objective function, which is either minimization (of 

costs, time, distance or risk), maximization (of profit or availability) or multi-criteria (Arabani & Farahani, 

2012).  

However, as described in the introduction of this thesis, we are focusing on the tactical decisions regarding 

the supply chain, for which the number and locations of facilities are known. This means that we want to 

focus on the second part of a facility location problem that determines the optimal assignments of 

customers to the facilities. However, the facility location problems tend to ignore the effect of reorder 

policies and the corresponding costs, while inventory models could result in a sub-optimal solution (Shen, 

Coullard, & Daskin, 2003; Kaviani, 2009). For this reason, Shen et al. apply an integration of a facility 

location and a location inventory model in their research, in which they determine which retailers should 

serve as a DC, instead of using a supply chain that just consists of retailers. Their model is solved based on 
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a nonlinear integer problem. The outcomes of their model show that, as the nonlinear costs for safety 

stock increase in relation to the other costs, the amount of assigned DCs decreases and the inventory is 

more centralized. Next to these outcomes, they state that more attention should be paid to models that 

combine a facility location model and an inventory model.  

Farahani, Bajgan, Fahimnia, & Kaviana (2015) also focus on the integration between facility location 

models and inventory models, in order to combine strategic, tactical and even operational decisions. They 

state that only more recent literature is focused on the opportunities of this integration. This article gives 

an overview of this recent literature, for which the characteristics are summarized. In these models, the 

focus is on analyzing and optimizing a complete supply chain network, for which the selection of the 

inventory locations is still the most important outcome. However, since the supply chain network is 

already determined in this thesis, there are only two possible remaining allocations of customers to 

inventory locations. Therefore, it is more beneficial to focus on the tactical and the corresponding 

operational decisions of the supply chain. By using a simulation, we can analyze the behavior of these two 

allocation methods and to select, based on these results, the optimal allocation of customers to inventory 

locations for each product.  

Köchel and Nieländer (2005) use a simulation optimization in order to define the optimal policies for very 

general multi-echelon inventory systems. Since a simulation is not able to find the optimal solution by 

itself, their approach includes an optimization part that iteratively gives input for the simulation part in 

order to come closer to the optimal solution. Their goal is to find optimal values for the reorder point and 

the order quantity for some variants of order policies and cost parameters, where the simulation 

calculates the performance for different combinations of these values. This results in the optimal 

combination of the reorder point and order quantity for different model variants. However, as future 

research for this article, they state that it would be interesting to deepen into the operations research 

direction, where the influence of input parameters on the outcome of the model is analyzed in more 

detail. This matches with the purpose of this thesis, for which we want to calculate what-if analyses and 

use the outcomes to optimize the values of the design parameters. Nevertheless, simulation plays an 

important role in these what-if analyses (Terzi & Cavalieri, 2004). 

Longo and Mirabelli (2008) focus on analyzing different supply chain configurations in order to support 

the decision-making process. They make these analyses by means of a simulation for a supply chain 

consisting of plants, DCs and stores. This simulation determines the effect of different input parameters 

on the fill rate, on hand inventory and inventory costs. Contrary to the discussed inventory-location 

problems, the aim of this paper is to show the potential benefits of using a simulation in the decision-

making process for supply chains instead of finding the optimal results of a supply chain. Therefore, they 

focus on building a flexible, time-efficient and parametric simulator for supply chains. Next to this, they 

develop a decision making tool which presents the outcomes of the simulation for different sets of input 

parameters. 

The choice between the scenario DC and the scenario satellite location corresponds to the choice between 

centralization and decentralization of stock. This choice corresponds to risk pooling and risk diversification 

respectively. In case of deterministic demand and the presence of supply disruptions, it turns out that risk 

diversification is the optimal approach, since the impact of each disruptions is reduced. Risk pooling is the 

optimal in case of stochastic demand and no supply chain disruptions. In most of the cases of stochastic 

demand and supply disruptions, the risk diversification, corresponding to stock decentralization, performs 
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better than a risk pooling strategy (Schmitt, Sun, Snyder, & Shen, 2015). These results are based on the 

assumption that the stock only could be at one echelon of the supply chain, where the relaxation is 

pointed out as an extension to this model. In this thesis, the stock level of the satellite location echelon is 

dependent of the stock level of the DC echelon, since the satellite locations are replenished from the DCs. 

Next to this, Schmitt et al. just focus on the inventory decision and do not include the effect of the 

transportation costs on the choice between risk pooling and risk diversification. Therefore, it is interesting 

to compare the outcomes of this paper and this master thesis.  

Concluding from the reviewed literature, the relevance of the topic is highlighted by the impact of online 

sales based on the results of the European Union (2017). In addition to this, Hübner, Holzapfel & Kuhn 

(2016) did a qualitative study to the distribution models for omni-channel supply chains and conclude that 

this topic should be investigated in more detail quantitatively. This review also shows that the facility-

location problem is researched extensively. However, the focus of most literature is on strategic decisions 

and the tactical and operational applications of these models are mentioned as future research, whereby 

the effect of inventory decisions, such as the reorder level, are evaluated. We have seen that a simulation 

could be the appropriate method for this (Longo & Mirabelli, 2008). Therefore, this thesis contributes to 

the current literature by using a simulation and a decision-support tool for solving an inventory-location 

problem. Finally, based on the outcomes of this thesis, we are able to determine the impact of the 

changing sales channel on the supply chain. This results in three conclusions about this master thesis in 

relation to the existing scientific literature, as shown below,  

 The topic of the master thesis is very relevant, since the sales channels are actually changing in 

multi-channel and omni-channel.  

 The tactical and operational applications of inventory-locations problems are often not 

considered, which we do by using a simulation.  

 The outcomes of this thesis show the impact of the changing sales channel on the supply chain.  
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3. The conceptual model 
In Chapter 3, we introduce the conceptual model. The conceptual model describes and explains the way 

of modelling the two different scenarios of Figure 1.1 and Figure 1.2. The design choices are based on the 

situation of the Company’s online shop of Spain, while the information of the other customers inside and 

outside Spain is taken into account as much as possible. We distinguish five different elements from the 

scenarios -customer demand, inventory policies, transportation operations, handling operations and 

holding inventory-, which we analyze in this order. After this, we conclude this part by elaborating on the 

calculation of the performance of each scenario.  

3.1. Customer demand 
In both the scenario DC and the scenario satellite location, the end of the supply chain consists of 

customers who demand products. The customer demand pattern highly influences the performance of a 

scenario, but also the design choices of the conceptual model. For this reason, we start with the modeling 

of the customer demand by describing the seasonality and the demand generation.  

3.1.1. Seasonality 
The analysis of the historical demand in Chapter 1 showed some characteristics of the demand pattern, 

but it does not show the effect of seasonality on the customer demand. However, the sales of the 

Company’s business of consumer goods have a strong seasonal pattern throughout the year. For many 

products, this means an increase in sales during the months November and December, because of the 

holidays. Nevertheless, the structure and the effect of the seasonal pattern could be highly differ per 

product, especially because of the wide portfolio of products. Next to the yearly seasonal pattern, there 

does exist a weekly seasonality. This means that the amount of products ordered differs from day to day, 

which is recognizable for customers of the online shop as well. Agatz, Fleischmann & van Nunen (2008) 

emphasize that the effect of seasonality is even stronger for online sales compared to traditional retailing, 

especially the weekly seasonal patterns. Therefore, it is crucial to take into account both forms of 

seasonality, since it will influence the inventory levels and the resulting performance of a scenario.  

3.1.2. Demand generation 
In order to calculate the performance of a scenario, we have to enter the expected customer demand into 

the simulation. Especially due to the weekly seasonal pattern, we are looking for an expected demand per 

day for the online shop customers. The existing demand forecasts are not for the customers of the 

Company’s online shop particularly and are generated on a monthly level per Customer Planning Group 

(CPG), which is a collection of customers. Therefore, the existing demand forecasts are not suitable for 

the simulation. For this reason, we resample the historical demand data based on the bootstrap method 

in order to generate the expected customer demand. This method resamples data by repeatedly taking a 

value from the population and putting it directly back into the data set (Good, 2006). As input for this, we 

take the demand data of the latest month available, in order to have the most recent demand pattern, 

which we adjust based on the seasonal patterns. After the resampling, we again make the seasonality 

adjustments. As a result, the two types of seasonality only affect the expected customer demand per day 

and not the frequency of customer demand. Nevertheless, the generated customer demand is based on 

the most recent historical order data, includes the level of variation and accounts for different types of 

the seasonality.  
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3.2. Inventory policies 
The focus of the second part of the conceptual model is on modelling the inventory levels and the 

replenishments of the inventory locations. An important remark regarding the inventory policies is that 

the satellite locations are replenished from the existing DCs. Therefore, the incoming flows of products at 

the three DCs do not change. Next to this, it is important to realize that the sales of the Company’s online 

shop are just a small part of the total sales, so the impact on the inventory levels at the DCs is relatively 

small.  

3.2.1. Inventory policy of the DC 
The three DCs are important elements of the supply chain, since the complete product portfolio is stocked 

at these locations and all customers are served from these locations. We model the inventory at these 

locations in a so-called a-box: a carton, containing one or more products, in which the products are 

stacked on pallets in the inventory location. For scenario satellite location, the a-boxes are sent to the 

satellite location, but for scenario DC, the a-boxes are converted into actual products at the DC. This 

results in two types of inventory per product, namely inventory of a-boxes and inventory of products. We 

start with analyzing the inventory policy for a-boxes and we continue with the inventory of products at 

the DC.  

Inventory of a-boxes 

Currently the inventory policy of the three different DCs is based on a push strategy. This means that 

products are ordered in advance, based on the long-term demand forecasts in combination with a safety 

stock level, and are pushed into the different DCs. One of the reasons for choosing this strategy is that 

most of the products have a long lead time, since the suppliers of these products are located in Asia. At 

the different DCs, the stock is partly assigned to the Markets, while the other part is available for all 

Markets. In the model, we decided to do not model the replenishments of the three DCs. Modelling the 

incoming products at the DCs will be very complex, because there are many different suppliers and we 

prefer to focus on the downstream part of the supply chain. However, we still have to model the inventory 

levels at the DCs, since an infinite inventory level is unrealistic. Therefore, we take the average availability 

rates per product of the last 12 months for each Market as input for calculating the inventory levels at the 

DCs. We model this by adding a virtual customer and a virtual supplier for a-boxes. Depending on the 

availability rate, the virtual customer orders a big amount of a-boxes more or less frequent at the 

beginning of a day, which results in an out-of-stock situation in the DC for that day. If this occurs, the DC 

receives a big amount of a-boxes from the virtual supplier at the end of the day. As a result, orders from 

the actual customers or the satellite locations cannot be fulfilled on that day.  

Based on the inventory policy for a-boxes at the DCs, the balance equations show the ingoing and outgoing 

flows and the resulting inventory level per product. Equation (Eq.) 3.1 represents the balance equation 

for the inventory on hand for the scenario DC, in which online shop customers are delivered from the DC, 

represented by 𝐼𝑑,𝑏,𝑡
𝑂𝐻  for DC 𝑑, a-box 𝑏 and day 𝑡. The possible order from the virtual customer of a-boxes, 

𝑂𝑏,𝑡 for a-box 𝑏 and day 𝑡, and the demand for a-boxes from the DC for converting them into products, 

𝐷𝑏,𝑡 for a-box 𝑏 and day 𝑡, are subtracted from the inventory level of previous day, 𝐼𝑑,𝑏,𝑡−1
𝑂𝐻 . However, the 

inventory on hand level could not be negative, since it represents a measure of physical stock. That is the 

reason that we take the maximum of the subtraction and zero. In case that the virtual customer places an 

order, the supplier supplies the DC with a big amount of a-boxes, represented by 𝑆𝑏,𝑡 for a-box 𝑏 and day 

𝑡. Eq. 3.2 shows the balance equation of the inventory level for the scenario satellite locations, in which 
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the online shop customers are delivered from a satellite location. In comparison to Eq. 3.1, the demand 

for a-boxes from the DC is changed into a replenishment of a-boxes to the satellite location, 𝑅𝑠,𝑏,𝑡 for 

satellite location 𝑠, for a-box 𝑏 and day 𝑡. Another difference between Eq. 3.1 and Eq. 3.2 is that, for 

scenario satellite locations, unmet replenishments to the satellite location are backordered, which 

influences the inventory on hand level of a-boxes at a DC. 𝐵𝑠,𝑏,𝑡 for satellite location 𝑠, a-box 𝑏 and day 𝑡 

represents a potential backorder.  

It is important to realize that, for both equations, the variables are placed in a chronological order. We 

start with the inventory on hand level from yesterday, followed by a potential order from the virtual 

customer. Then, only if there is no order from the virtual customer, either a potential demand from the 

DC or a potential backorder and replenishment to the satellite locations occurs, depending on the 

scenario. In case of an order from the virtual customer, a supply of a-boxes arrives from the virtual supplier 

at the end of the day. 

𝐼𝑑,𝑏,𝑡
𝑂𝐻 = max(𝐼𝑑,𝑏,𝑡−1

𝑂𝐻 − 𝑂𝑏,𝑡 − 𝐷𝑏,𝑡 ,0) + 𝑆𝑏,𝑡 (Eq. 3.1) 

𝐼𝑑,𝑏,𝑡
𝑂𝐻 = max(𝐼𝑑,𝑏,𝑡−1

𝑂𝐻 − 𝑂𝑏,𝑡 − 𝐵𝑠,𝑏,𝑡 − 𝑅𝑠,𝑏,𝑡 ,0) + 𝑆𝑏,𝑡 (Eq. 3.2) 

Inventory of products 

Before being able of delivering products to customers from a DC, the a-boxes have to be converted into 

actual products by unpacking them. This results in a small inventory of products in a DC, comparable to a 

piece-pick location. We fill up this piece-pick location just if a product is ordered. This corresponds to a 

pull inventory strategy, which pulls products from the upstream inventory location in case a customer 

orders a product (Nahmias, 2009). In this case, the upstream inventory location is the inventory of a-boxes 

at the DC. Practically this means that, when a customer orders a product and the piece-pick location is 

out-of-stock, an a-box is taken from the a-boxes inventory and converted into products. This kind of 

production step is represented in Eq. 3.3 by 𝑃𝐷𝑝,𝑡 for product p and day 𝑡. Besides this, Eq. 3.3 shows that 

the inventory on hand level, 𝐼𝑑,𝑝,𝑡
𝑂𝐻  for DC 𝑑, product p and day 𝑡, depends on the inventory on hand level 

of the previous day, 𝐼𝑑,𝑏,𝑡−1
𝑂𝐻  for DC 𝑑, product p and day 𝑡, and on the customer demand, 𝐷𝑝,𝑡 for product 

𝑝 and day 𝑡.  

𝐼𝑑,𝑝,𝑡
𝑂𝐻 = max(𝐼𝑑,𝑝,𝑡−1

𝑂𝐻 − 𝐷𝑝,𝑡 + 𝑃𝐷𝑝,𝑡  ,0) (Eq. 3.3) 

3.2.2. Inventory policy of the satellite location 
The satellite locations are not part yet of the supply chain, which means that inventory does not exist for 

these locations. Because of the short lead time between the satellite locations and the DCs, we decided 

to apply a pull inventory strategy for this inventory location as well. In order to prevent that the volume 

of the replenishments will be too small and inefficient, we choose to review the inventory on hand level 

periodically and with a fixed order quantity of an a-box. Therefore, the inventory policy corresponds to a 

(R,s,nQ) control system (Van Donselaar & Broekmeulen, 2014). Based on the weekly seasonal pattern, for 

the case of the Company’s online shop of Spain, we set the review moments of the inventory levels on 

Monday and Thursday morning, before the orders of that day arrive, and the corresponding delivery 

moments on Tuesday and Friday evening respectively. The replenishment orders, consisting of a-boxes, 

are converted into products as soon as they arrive at the satellite location. This results in the balance 

equation of Eq. 3.4 for the inventory on hand level at the satellite location, which is represented by 𝐼𝑠,𝑝,𝑡
𝑂𝐻  

for satellite location 𝑠, product p and day 𝑡.  
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The calculation of this level is equal to the inventory on hand level of day 𝑑 − 1 minus the customer 

demand plus the incoming, converted products, respectively 𝐷𝑝,𝑡 and 𝑆𝑝,𝑡 for product 𝑝 and day 𝑡.  

𝐼𝑠,𝑝,𝑡
𝑂𝐻 = max(𝐼𝑠,𝑝,𝑡−1

𝑂𝐻 − 𝐷𝑝,𝑡 + 𝑃𝑆𝑝,𝑡  ,0) (Eq. 3.4) 

3.2.3. Calculation of the reorder level for the satellite location 
In order to fulfill customer orders during the time between replenishments, the satellite locations need 

to have a certain level of inventory, which is the reorder level. The reorder level ensures that, in case that 

there is no replenishment order placed at the DC on Monday morning, the inventory level is sufficient to 

fulfill the customer orders until the arrival of the next possible replenishment order, which is Friday 

evening. Therefore, we calculate the expected customer demand during this time interval of five days, 

represented by 𝐸[𝐷𝑝,𝑚] for product 𝑝 and for month 𝑚 in Eq. 3.5. Since the expected demand differs per 

month due to the yearly seasonal pattern, the reorder level differs per month as well. Unless that the time 

between the review moment on Thursday morning and the arrival of the replenishment order on Tuesday 

evening, ignoring the days of the weekend, is only four days, we do not change the reorder levels within 

a week. In order to be sure of having sufficient inventory, we calculate the reorder level based on a lead 

time of 5 days (Silver, Pyke, & Peterson, 1998).  

𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝑙𝑒𝑣𝑒𝑙𝑝,𝑚 = 𝐸[𝐷𝑝,𝑚] + 𝑘𝑝,𝑓 ∗ 𝜎𝑑𝑒𝑚𝑎𝑛𝑑,𝑝  (Eq. 3.5) 

The demand analysis showed us that the standard deviation of the products is relatively high, which 

means that the actual demand could differ quite a lot from the expected demand. However, even if the 

actual customer demand seems to be higher than the expected customer demand, the customer demand 

has to be fulfilled. Therefore, the safety stock is part of the reorder level, in order to cover the variability 

of the customer demand with a predefined probability level. The second part of Eq. 3.5 represents the 

safety stock, consisting of the safety factor and the standard deviation of the demand.  

Safety factor 

The safety factor, 𝑘𝑝,𝑓 for product 𝑝 and customer service level (CSL) target 𝑓, is the first part of the safety 

stock. The CSL target corresponds to the percentage of the demand that should be fulfilled directly from 

the available stock. However, the value of the safety factor is dependent of the statistical distribution of 

the actual demand. For this reason, we determine the parameters of the gamma, Poisson, exponential 

and the normal distribution for the historical demand, based on the method of moments. This method is 

selected, instead of the least squares approach, since the historical data contains many values of zero. 

After this, we determine whether the predefined statistical distribution matches the historical data with 

a chi-square goodness-of-fit test. This test defines a couple of buckets, in which the historical data and 

the expected values from the different statistical distributions are grouped. The difference between both 

results in a test statistic, which should be smaller than the statistical chi-square value, based on the 

degrees of freedom and the p-value (Lefebvre, 2006). We execute these two tests sequentially for four 

different statistical distributions and choose the first matching distribution: In the end, we calculate the 

safety factor per product, based on the CSL target and the parameter of the fitted statistical distribution.  

Standard deviation of the demand 

Often the standard deviation of the forecast error, instead of the standard deviation of the actual demand, 

is used for the calculation of the safety stock, since the demand forecast takes already into account the 

variability of the actual demand. This means that the standard deviation of the forecast error is smaller 
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than the standard deviation of the actual demand, which results in lower required safety stock levels 

(Ganesan, 2015). Nevertheless, we generate the expected demand based on the bootstrap technique. The 

resulting standard deviation of the ‘demand forecast’ is, as long as the sample size is big enough, equal to 

the standard deviation of the demand. Therefore, we just use the standard deviation of the actual demand 

for calculating the safety stock. However, since we calculate the inventory levels needed to fulfill five days 

of customer demand, 𝜎𝑑𝑒𝑚𝑎𝑛𝑑,𝑝 in Eq. 3.5 represents the standard deviation of the actual demand over 

five days for product 𝑝.  

3.3. Transportation operations 
So far, we have defined that customers ask for products and that we ensure that these products are at 

the right place on the right time. However, we did not yet define how these products are sent to the 

satellite locations or the customers. Resulting from the two scenarios from Figure 1.1 and Figure 1.2, there 

are three transportation links: replenishments from the DC to the satellite location, home deliveries from 

the satellite location to the customers and the alternative home delivery from the DC to the customers. 

We split them up into freight and parcel transportation.  

3.3.1. Freight transportation 
The transportation of freight is applicable to the replenishment of the satellite locations. The total lead 

time of a replenishment, the time between placing and receiving an order, is deterministic. This means 

that it always takes a fixed amount of time. The transportation of a replenishment order is part of this 

fixed amount of time. This means that the actual transportation could vary, but we assume that this does 

not influence the total replenishment time. Next to this, we have to calculate the costs of this 

transportation link. A replenishment consists of a-boxes of multiple products consolidated on pallets, 

which are transported from the DC to the satellite location. We assume that the transportation of 

replenishment orders is combined with orders from other customers, such as retailers. For this reason, 

we calculate the transportation costs for freight based on a cost per cubic meter. As shown in Eq. 3.6, we 

sum the transportation of each replenishment order 𝑟, resulting in the total costs for the transportation 

of the replenishment orders.  

𝑇𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔ℎ𝑡𝑝 = ∑ 𝑣𝑜𝑙𝑢𝑚𝑒𝑝,𝑟 ∗ 𝑟
𝑟=1  (Eq. 3.6) 

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔ℎ𝑡 𝑝𝑒𝑟 𝑜𝑟𝑑𝑒𝑟 =    𝑡𝑟𝑎𝑛𝑠𝑝. 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑐𝑢𝑏𝑖𝑐 𝑚𝑒𝑡𝑒𝑟 

3.3.2. Parcel transportation 
The last mile delivery is concerned with delivering the products to the customers at home, either from 

the DC or from the satellite location. We assume that the total delivery time of customer orders, 

comparable to the replenishment orders, is deterministic, which is either one or two days. This means 

again that the actual transportation time could vary, but it always stays within the total deterministic 

delivery time. Regarding the costs of transporting parcels, we use a fixed cost level per parcel, assuming 

that each parcel consists of just one product. This fixed cost level is dependent of the origin, the 

destination and the transportation time, which is specified by the scenario under consideration. Next to 

this, the fixed cost level also depends on the weight of the product, whereby the cost level increases 

stepwise between ranges of weight values. Therefore, 𝑐𝑜𝑠𝑡 𝑙𝑒𝑣𝑒𝑙𝑝,𝑐 represents the fixed cost level for 

product 𝑝 and scenario 𝑐. Eq. 3.7 shows the calculation of the total transportation costs of parcels for 

product 𝑝 and scenario 𝑐.  

𝑇𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡𝑠 𝑝𝑎𝑟𝑐𝑒𝑙𝑠𝑝,𝑐 = 𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑖𝑒𝑠𝑝,𝑐 ∗  𝑐𝑜𝑠𝑡 𝑙𝑒𝑣𝑒𝑙𝑝,𝑐  (Eq. 3.7) 
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3.4. Handling operations 
Next to the transportation of the products, products also have to be packed and unpacked at the inventory 

points. We distinguish three different handling operations, which are outbound handling of freight, 

inbound handling of freight and outbound handling of parcels. 

3.4.1. Outbound handling freight 
Just as the transportation of the replenishments, we assume that the outbound handling operations are 

part of the total, deterministic lead time of a replenishment. Therefore, we model the time of the 

outbound handling operations of freight as a fixed amount of time. The outbound handling operations at 

the DC concerned with the replenishments of the satellite locations consist of picking and packing the 

orders. The picking activities are executed for each order and each a-box that is ordered, resulting in a 

fixed cost per order and a fixed cost per a-box, as shown in Eq. 3.8. Next to this, the packing activities are 

executed for each consolidated pallet, so the costs are divided over the products based on their volumes. 

Since we do not know yet the total volumes of the replenishments, we assume that the consolidated 

pallets have a fixed volume of 0.8 m3. Based on this assumption, we transform the packing costs per 

consolidated pallet into the packing costs per cubic meter. Ultimately, the total outbound handling costs 

replenishments for product 𝑝 are based on the sum of the fixed cost per order, the amount of a-boxes 

and the volume per replenishment, as depicted in Eq. 3.8.  

𝑇𝑜𝑡𝑎𝑙 𝑜𝑢𝑡𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔ℎ𝑡𝑝 =  ∑ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑜𝑟𝑑𝑒𝑟𝑟
𝑟=1   (Eq. 3.8) 

𝑂𝑢𝑡𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔 + 𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑎𝑏𝑜𝑥𝑒𝑠𝑝,𝑟 ∗ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑎𝑏𝑜𝑥   

𝑂𝑢𝑡𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔 + 𝑣𝑜𝑙𝑢𝑚𝑒𝑝,𝑟 ∗ 𝑝𝑎𝑐𝑘𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑐𝑢𝑏𝑖𝑐 𝑚𝑒𝑡𝑒𝑟  

3.4.2. Inbound handling freight 
At the satellite locations, the replenishment orders are received, unpacked and stored. The time needed 

for these operations is again part of the total, deterministic lead time of a replenishment, which results in 

a fixed duration for these activities. Furthermore, the costs for all inbound handling operations for freight 

are defined as a fixed cost per product that arrives at the satellite location. Eq. 3.9 shows that the total 

inbound handling costs of replenishments for product 𝑝 results from the summation of the costs per 

replenishment 𝑟.  

𝑇𝑜𝑡𝑎𝑙 𝑖𝑛𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔ℎ𝑡𝑝 = ∑ 𝑎𝑚𝑜𝑢𝑛𝑡 𝑖𝑛𝑐𝑜𝑚𝑖𝑛𝑔 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠𝑝,𝑟
𝑟
𝑟=1 ∗ (Eq. 3.9) 

𝑇𝑜𝑡𝑎𝑙 𝑖𝑛𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑟𝑒𝑝𝑙𝑒𝑛𝑖𝑠ℎ𝑚𝑒𝑛      𝑓𝑖𝑥𝑒𝑑 𝑖𝑛𝑏𝑜𝑢𝑛𝑑 𝑐𝑜𝑠𝑡 

3.4.3. Outbound handling parcels 
The last type of handling operations is concerned with the outbound handling operations for parcels. 

These operations could take place at both the DC as the satellite location, based on the corresponding 

scenarios. The time that these operations take, is part of the total, deterministic delivery time to the 

customer. For this reason, we do not model this time explicitly. The outbound handling operations for 

parcels are similar to the operations for freight, but we assume that each order consists of just one 

product. Therefore, we calculate the outbound handling costs for parcels based on a fixed cost per 

delivery. This cost structure is the same for shipments from the DC and from the satellite location, 

although the cost level differs between these locations. For this reason, the total outbound handling costs 

of parcels depend on the scenario under consideration 𝑐, as depicted in Eq. 3.10.  
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𝑇𝑜𝑡𝑎𝑙 𝑜𝑢𝑡𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑝𝑎𝑟𝑐𝑒𝑙𝑠𝑝,𝑐 =  𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑖𝑒𝑠𝑝,𝑐 ∗   (Eq. 3.10) 

𝑇𝑜𝑡𝑎𝑙 𝑜𝑢𝑡𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑝𝑎𝑟𝑐𝑒𝑙𝑠𝑝,𝑐 =  𝑓𝑖𝑥𝑒𝑑 𝑜𝑢𝑡𝑏𝑜𝑢𝑛𝑑 𝑐𝑜𝑠𝑡 𝑝𝑎𝑟𝑐𝑒𝑙𝑐    

3.5. Holding inventory 
Before being able to calculate the performance of a scenario, we have to add one remaining cost factor 

to complete the calculation of the total costs. This cost factor represents the costs for holding inventory 

at the satellite locations and the DCs. We calculate the inventory costs per product and per scenario based 

on the average inventory level, the inventory carrying cost percentage, the product value and the amount 

of simulated days, as depicted in Eq. 3.11. For the scenario satellite location, an additional type of 

inventory cost is added for the needed space, which is already included in the product margin for the 

scenario DC. As Eq. 3.12 shows, these additional costs are based on the volume of the products.  

𝑇𝑜𝑡𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠𝑝,𝑐 =  𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝑑𝑎𝑦𝑠 ∗ (Eq. 3.11) 

𝑇𝑜𝑡𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 =  𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑙𝑒𝑣𝑒𝑙𝑝,𝑐 ∗ 

𝑇𝑜𝑡𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 =  𝑐𝑎𝑟𝑟𝑦𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑝𝑒𝑟 𝑑𝑎𝑦 ∗ 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑣𝑎𝑙𝑢𝑒𝑝 

𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒𝑝 =  𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝑑𝑎𝑦𝑠 ∗ (Eq. 3.12) 

𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 =    𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑙𝑒𝑣𝑒𝑙𝑝 ∗ 

𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 =    ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑑𝑎𝑦 ∗ 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑣𝑜𝑙𝑢𝑚𝑒𝑝 

3.6. Calculation of performance 
So far, the conceptual model has described the way of modelling the supply chain. However, we want to 

use this model to calculate the performance of different scenarios in order to determine the optimal flows 

of products. Therefore, we simulate the working of the supply chain over a long period of time. Based on 

the described structures, the simulation results in the total costs, the total demand, the total lost demand, 

the average inventory levels and the amount of days simulated on product-level for each scenario.  

3.6.1. Total profit per day 
We determine the performance of a scenario by calculating the total profit per day. Since we expect that 

the total costs will increase by improving the customer service, we do not select the optimal flows based 

on the total costs only. We could also select the optimal flows based on the costs per product, since we 

know the total fulfilled demand. However, this approach does not take into account the effect of the 

product margin and the overall company profitability on the optimal flows. This means that we allow 

having higher total costs, as long as this results in a higher total profit as well.  

The total profit per day represents the actual amount of money that we earn after the deduction of all 

costs. We calculate the total profit per day based on the total costs, resulting from the simulation, and 

the total margin. The total margin represents an “intermediate” sales profit margin of a product, which 

includes all costs except for the costs of the fulfilment of order leaving from the DC. This means that, for 

example, the production costs are already subtracted from this profit margin, while the costs of 

transporting the products to the customers are not subtracted yet, since we calculate these costs in the 

simulation. Therefore, we calculate the total margin by multiplying the total amount of deliveries of a 

scenario and the intermediate product margin, as shown in Eq. 3.13.  

𝑇𝑜𝑡𝑎𝑙 𝑚𝑎𝑟𝑔𝑖𝑛𝑝,𝑐 =  𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑖𝑒𝑠𝑝,𝑐 ∗ 𝑖𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑚𝑎𝑟𝑔𝑖𝑛𝑝   (Eq. 3.13) 
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Eq. 3.14 and Eq. 3.15 show respectively the calculation of the total costs for both the scenario DC, 𝐷1, as 

the scenario satellite location, 𝑆1. These equations consists of the different cost types of transportation 

operations, handling operations and holding inventory, as defined in previous sections. Subsequently, we 

calculate the total profit as the total (intermediate) margin minus the total costs from the simulation. Eq. 

3.16 shows the calculation of the total profit per product 𝑝 and per scenario 𝑐.  

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡𝑠 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 𝐷𝐶 𝑓𝑜𝑟 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑝 =  𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡𝑠𝑝,𝐷1    (Eq. 3.14) 

= 𝑡𝑜𝑡𝑎𝑙 𝑜𝑢𝑡𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑝𝑎𝑟𝑐𝑒𝑙𝑠𝑝,𝐷1 + 

    𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡𝑠 𝑝𝑎𝑟𝑐𝑒𝑙𝑠𝑝,𝐷1 + 𝑡𝑜𝑡𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠𝑝,𝐷1    

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡𝑠 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒 𝑓𝑜𝑟 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑝 =  𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡𝑠𝑝,𝑆1    (Eq. 3.15) 

= 𝑡𝑜𝑡𝑎𝑙 𝑜𝑢𝑡𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑝𝑎𝑟𝑐𝑒𝑙𝑠𝑝,𝑆1 + 

    𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡𝑠 𝑝𝑎𝑟𝑐𝑒𝑙𝑠𝑝,𝑆1 +   

    𝑡𝑜𝑡𝑎𝑙 𝑜𝑢𝑡𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔ℎ𝑡𝑝 + 𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔ℎ𝑡𝑝 + 

    𝑡𝑜𝑡𝑎𝑙 𝑖𝑛𝑏𝑜𝑢𝑛𝑑 ℎ𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑓𝑟𝑒𝑖𝑔ℎ𝑡𝑝 +    

    𝑡𝑜𝑡𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠𝑝,𝑆1 + 𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡𝑠 𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒𝑝    

𝑇𝑜𝑡𝑎𝑙 𝑝𝑟𝑜𝑓𝑖𝑡𝑝,𝑐 =  𝑡𝑜𝑡𝑎𝑙 𝑚𝑎𝑟𝑔𝑖𝑛𝑝,𝑐 − 𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡𝑠𝑝,𝑐    (Eq. 3.16) 

3.6.2. Differentiation in location and service 
Based on the total profit per scenario, we select the optimal flow per product, which either is via the 

satellite location in one day, via the DC in one day or via the DC in two days, by means of two different 

trade-offs:  

 As a first trade-off, we determine whether it is more beneficial to deliver a product within one 

day from the satellite location or from the DC.  

 For the second trade-off, we determine the difference in total profit between the optimal scenario 

of one-day delivery and a two-day delivery from the DC.  

We calculate the total profit for a two-day delivery from the DC as the scenario DC with a different cost 

level for the transportation of the parcels. If this difference in terms of percentage is bigger than the 

service differentiation factor, the improvement in service in terms of lead time is too costly and it is better 

to deliver this product within two days instead of one day. In addition to this, as stated in the research 

goal, we want to determine whether there are groups of products that have the same optimal flows. 

Therefore, we sum up the total margin and the total costs of all products within the predefined groups, 

calculate the total profit per scenario for each group and select the optimal scenario per group. 

Subsequently, we can determine whether it is beneficial to select the optimal flows for groups of products. 

Herewith we finish the conceptual model, which we are going to implement in the Chapter 4. 
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4. The decision-support tool 
The focus of Chapter 4 is on the implementation of the conceptual model, in order to support the decision-

making regarding the use of the satellite locations. The implementation is split up into three parts: the 

preparation file, the simulation and the tool. Figure 4.1 highlights the input and output parameters of 

each part. The first three paragraphs of this chapter describe these three parts. After this, we evaluate 

the functioning of both the simulation and the tool in the sections verification of the results and validation 

of the results. This chapter is fully focused on the Company’s online shop of Spain, with DC South in France 

as the DC and a satellite location in Madrid as satellite location.  

 
Figure 4.1: Implementation of the conceptual model 

4.1. The preparation file 
As preparation for the simulation, we make a selection of products, we calculate the reorder points per 

month and we generate the customer demand in the preparation file. Figure B.1 in Appendix B shows the 

input dashboard of the preparation file, in which the user can enter or select the input parameters for the 

calculations. Besides these input parameters, the calculations are based on the data from a database of 

order information from October 2016 until September 2017 on order line level. We refer to this database 

as ‘the database’ from this point onwards. The input dashboard of Figure B.1 shows, on the top of the 

page, the last month of order data available in the database. This paragraph starts with the three 

calculations of the preparation file. The focus of the last part of the paragraph is on the calculation of the 

different cost parameters, unless this is not part of the actual preparation file. For this reason, we classify 

the cost factor as input for the simulation in Figure 4.1. 

4.1.1. Product tables 
First, we have to select the products that we want to analyze. The user can enter the amount of products 

in the input dashboard. Starting from the product that is sold most during the last month, based on the 

data from the database, the right amount of products is selected. However, we can select an addition 

condition for the selection of products, which is the amount of sold pieces of a product in the last month. 

By adding this condition, we want to avoid analyzing products without meaningful total sales. The 

selection of products is the basis of the calculations in the preparation file, but also results in an overview 

of product with characteristics that are used in the simulation and the decision-support tool, such as the 

volume of a product, the product value and the allocation to the differentiation groups. We also make 

this overview for the a-boxes of the corresponding products, as well as an overview of bills of materials 

to connect a product to its a-box.  

Input: Output: Input: Output: Input: Output:

- Historical order data - Customer demand - Customer demand - Total costs - Total costs - Total profit per option

- Forecast horizon - Reorder levels - Reorder levels - Total margin - Total margin - Optimal flows

- Product characteristics - Product characteristics - Total met demand - Total met demand - Cost structure

- Inventory policy

- Amount of products - Cost factors

- CSL target - Lead times

- Realized CSL levels

- Average inventory 

levels

- Average inventory 

levels

- Average inventory 

levels

- Average replenishment 
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- Average replenishment 
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- Average 
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4.1.2. Customer demand tables 
Based on the description in the conceptual model, we generate a demand table for the customer demand 

per day per product. In the input dashboard, the user has to select the month of historical data, the 

starting month of the forecast and the forecast horizon time for the analysis. Figure B.1 shows an analysis 

from October 2017 until December 2017, since the start month is October 2017 and the forecast horizon 

is three months, based on the historical order data from September 2017. However, first we have to 

calculate the seasonality factors, which gives the customer demand the characteristics of the selected 

months.  

Calculation of the seasonal pattern 

First, we look to the yearly seasonal patterns. An analysis of these patterns on Multiple Article Group-level 

(MAG) exists already and is used for the demand forecasts. This analysis takes into account the seasonal 

pattern of the previous years, unless the values of a year differ too much from the other years. However, 

the yearly seasonal pattern is not measured for the sales organization for the customers of the Company’s 

online shop of Spain, called ES24, but it is measured for the sales organization of regular customers in 

Spain, called ES10. For that reason, we calculated the yearly seasonality based on the database and 

compared this with the patterns of ES10. Figure 4.2 shows that the pattern heavily differ, while Figure 4.3 

shows two similar patterns. This suggests that the patterns taken from the database are inconsistent. 

Therefore, we assume that the stable, yearly seasonal patterns of ES10 also could be applied to the 

customers of the Company’s online shop of Spain. Now that we have the yearly seasonal patterns, we 

have to apply them correctly. Based on the input dashboard, we are looking to the month September for 

the historical data and the months October, November and December for the demand generation. This 

means that we have to take into account just the seasonality in relation to each of these months, instead 

of the seasonality of these months over a full year. 

The weekly seasonal patterns also influence the customer demand. However, this type of seasonality is 

not measured yet, because they mainly forecast on a monthly basis. For this reason, we use the data from 

the database to calculate the weekly seasonality for customers of the Company’s online shop of Spain. 

Instead of for the yearly seasonality, we do not distinguish different levels of weekly seasonality for each 

MAG, because we do not expect big differences between the ordering patterns of different MAGs. The 

weekly seasonality factors that are used for the generation of demand are shown in Table 4.1.  

  

  
Table 4.1: Weekly seasonality factors of the Company’s online shop of Spain 

Monday Tuesday Wednesday Thursday Friday 

1.73 0.92 0.83 0.77 0.75 

Figure 4.2: Comparison of seasonality MAG 1  

 

Figure 4.3: Comparison of seasonality MAG 2 
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Calculation of the customer demand 

In the input dashboard, we select the month from which we want to generate the customer demand. In 

Figure B.1 September 2017 is selected, which means that we resample the historical order data of this 

month based on the bootstrap technique. However, before resampling the data, we clean the historical 

data by subtracting the seasonal patterns. After the resampling, we add the appropriate seasonal patterns 

to the generated data and round off the data to integers. In order to test the performance of a scenario 

over a long period of time, we do a simulation until December 2025, while we still apply the yearly 

seasonal patterns of the moths in consideration. This means that, based on the input dashboard, we apply 

the seasonal factor of October 2017 on many other months, such as January 2018, January 2020 and 

October 2022. The weekly seasonal patterns are continuously applied on the resampled demand, based 

on the workday of a date.  

Next to the generation of customer demand, we generate a demand table for the virtual customer as well, 

in order to model the availability of a-boxes at the DC. For this table, we assign a demand of either 0 or 

1000 to every day, independent of any seasonality. The choice between 0 and 1000 is based on the 

average availability rate per product of the last 12 months.  

4.1.3. Reorder point tables 
The last part of the preparation file is calculating the reorder points per product per month, based on Eq. 

3.5. Before we can do this, we have to create a number of periods. Each period connects the months from 

the Gregorian calendar to the corresponding month as selected for the analysis. This means that the 

current settings of the input dashboard result in three periods, in which October 2017, April 2018 and 

October 2022, amongst others, belong to period 1. This is caused by the fact that we neglect any trend 

for the customer demand. Based on the resulting table of periods, the simulation software package knows 

when to apply the correct reorder level. Next to this, the expected demand for each month is calculated 

based on these periods. For each period, we sum up the expected demand and the amount of working 

days based on the customer demand table as generated. Depending on the review time and 

transportation time of a replenishment, which also could be entered in the input dashboard, the expected 

demand per the corresponding amount of days per period can be calculated.  

The safety stock, the second part of Eq. 3.5, does not change between months, since it is based on the 

selected historical sales data. As explained in the conceptual model, we determine the statistical 

distribution of the historical sales data. Before determining the statistical distribution and the 

corresponding parameters, we enlarge the sample of historical sales data based on the bootstrap 

technique as well. In this way, the determination of the statistical distribution is more robust. The 

standard deviation of the demand per the amount of days between a review moment and the delivery of 

the next review cycle is the second part of the safety stock. For the example of the input dashboard, we 

copy the historical sales data and determine the total demand per five days. Based on these values, we 

calculate the standard deviation of the historical data per product per five days.  

Eq. 4.1 shows the calculation of the reorder level for product A for the month October, based on the 

values of the input dashboard, resulting in a reorder level of 51 products. This month corresponds to 

period 1. The safety stock represents the biggest part of the reorder level, caused by the high variability 

of the actual demand. Besides that, the safety factor represents the upper limit of 92 percent of the values 

of the expected demand, based on the selected statistical distribution.  
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𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝑙𝑒𝑣𝑒𝑙𝐴,𝑂𝑐𝑡 = 𝐸[𝐷𝐴,𝑂𝑐𝑡] + 𝑘𝐴,0.92 ∗ 𝜎𝑑𝑒𝑚𝑎𝑛𝑑,𝐴 (Eq. 4.1) 

𝑅𝑒𝑜𝑟𝑑𝑒𝑟 𝑙𝑒𝑣𝑒𝑙𝐴,𝑂𝑐𝑡 = 15.84 + 8.55 ∗ 4.02 = 50.22 ≈ 51 

4.1.4. Cost calculations 
The cost parameters are the final input data that we need for the simulation. The costs are related to 

holding inventory and the operations in the supply chain, which are the transportation and handling 

operations, as described in the conceptual model. In this paragraph, we describe the way of implementing 

these costs in the simulation. It is important to realize that the satellite locations do not exist yet, so most 

of the cost parameters are estimated based on the current cost structures. However, the simulation and 

decision-support tool just could have an important role in testing and evaluating the actual costs. First, 

we describe the implementation of the cost parameters for transportation, followed by the cost 

parameters for the handling operations and for holding inventory.  

Transportation cost 

The first cost parameter is concerned with the transportation of the replenishment orders between DC 

South and the satellite location in Madrid. In the current supply chain network, the customer orders 

destined for Spain are sent from DC South to a hub in Spain, in which the complete customer orders are 

overloaded to smaller trucks. This means that there exists a transportation link of freight between DC 

South and two locations in Spain. We use the transportation link between DC South and one of these 

locations in Spain as the basis for the replenishments of the satellite location. A couple of times a day, 

trucks drive from DC South to Spain in approximately 20 hours. The costs for this link are fixed per truck, 

but the replenishments to the satellite location are not filling a full truck. Therefore, we calculate a cost 

per cubic meter, based on the total volume and the total costs of last year. For this, we assume that the 

replenishments could be combined with the current flow of customer orders to one of the hubs in Spain. 

The second cost parameter of transportation is focused on the transportation of parcels. Currently, the 

Company uses a parcel carrier for these flows, but only for products sent from DC North in the 

Netherlands. This means that the parcel transportation flows, both for the scenario DC and the scenario 

satellite location, do not exist yet. Therefore, we have to estimate these transportation costs. For the 

scenario satellite location, we calculate the transportation costs based on the quotation of one of the 

potential service providers. These costs are based on a one-day delivery from the satellite location to the 

customers. For the transportation flows from the DC, we use the information of and agreements with the 

current parcel carrier as a starting point. The carrier ensures a delivery of one day from DC South to the 

customers of the Company’s online shop of Spain by using an express service, for which Spain is not 

divided into two parts. For the scenario of a two-day delivery from DC South, we can use the standard 

transportation service. This service splits up Spain into two parts, so we take the average of both tariffs, 

because we assume that the customers are equally spread over these regions. We adjust these calculated 

tariffs with a discount level, based on the current applied discount levels for DC North, resulting in the 

cost parameters for sending products of different weights.  

Handling costs 

In the conceptual model, we have defined three types of handling operations: outbound handling of 

freight, inbound handling of freight and outbound handling of parcels. Currently, all operations at the DCs 

are outsourced, which results in cost tariffs for the defined handling operations. Therefore, we use these 

tariffs for the outbound handling costs for both freight and parcels at the DC. As described in the 
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conceptual model, the packing activities are executed per pallet. We still use the tariff of packing a pallet, 

assuming that the pallets for the replenishments of the satellite locations have an average volume of 0.8 

cubic meter. The costs of the inbound handling operation and the outbound handling operations of 

parcels at the satellite location are calculated based on the quotation of one of the potential service 

providers.  

Inventory holding costs 

As described in Eq. 3.11 of the conceptual model, the inventory holding costs depend on the average 

inventory level, the amount of simulated days, the product value and the carrying cost percentage per 

day. The inventory carrying cost percentage per day is retrieved from a yearly percentage, which is equal 

to 20 percent for all scenarios. For the scenario satellite location, there are additional costs, which are 

based on the holding cost per day. This cost factor is calculated based on the quotation of one of the 

potential service providers of the satellite locations.  

4.2. The simulation 
The software package that we use for the simulation is LLamasoft’s Supply Chain Guru, which has been 

used at the Company for other projects formerly. LLamasoft, an international company found in the 

United States, focuses on the development of a software package to model, optimize and simulate supply 

chain operations. For this project, we only use the simulation module of Supply Chain Guru.  

Before the simulation could start to run, we have to enter the correct input data into the software 

package. The input data is divided over different types of tables, which are connected to each other, such 

as a table for the customers, the inventory locations and the transportation links. The sourcing policies 

define which customers or locations could be delivered from where, while the inventory policies define 

the methods of replenishing the inventory locations. The distinction between product and a-boxes makes 

it possible to model the inventory levels and to calculate the costs based on the characteristics of an a-

box, instead of a product itself. However, this means that the a-boxes have to be converted into the actual 

products before sending them to the customers. The make policies and the bills of materials define where 

and how this conversion can take place.  

After we have entered all the input data from preparation file, the characteristics of the inventory policy, 

the lead times and the cost parameters, as depicted in Figure 4.1, the actual simulation could start. Since 

the simulation software package is not able to generate customer demand based on a gamma distribution, 

while the demand pattern of many products is gamma distributed, we generate the demand in advance 

in the preparation file. Therefore, each simulation runs only once. For the scenario DC, the simulation 

starts with one converted a-box. This means that the initial inventory of products is equal to the amount 

of products in an a-box. The initial inventory of products in the satellite location for the corresponding 

scenario is equal to the reorder point. We made this choice, since, in the simulation, we do not take into 

account the costs for installing or removing a product at the satellite location.  

4.3. The tool 
The goal of this thesis is to construct a decision-support tool that determines the optimal flows of products 

in a supply chain consisting of DCs and satellite locations. In the conceptual model, we have explained the 

way of processing the results of the simulation and determining the performance of a scenario. Figure 4.4 

shows this decision-support tool partly, which presents the performance of the scenarios, while an 

overview is included in Appendix C  



 
23 

 

 
Figure 4.4: A part of the decision-support tool 

Figure 4.4 shows the overview of the performances, starting with the values of the input parameters for 

the scenarios in scope, which are the customers, the products, the time period, the target CSL and the 

service differentiation factor. Below these values, the overview is split up into three parts. Since we are 

determining the optimal flows for groups of products, we have to select the groupings in scope for the 

optimization in the first part, represented by the differentiation levels. ‘No differentiation’ means that all 

products need to have the same flow. No grouping of products is represented by ‘Full differentiation’, 

which result in the selection of the optimal flow for each product individually. Other included groupings 

are the product size, the ABC-classification of a product and a combination of both. Products are classified 

as either A-, B-, C- or ‘No Class’-product, based on the profitability of the product. We retrieve the ABC-

classification per product from an existing product analysis. If a product is not part of this analysis, we 

classify this product as ‘excl.’. For the grouping product size, we have identified four different sizes, as 

depicted in Table 4.2.  

Table 4.2: Overview of product sizes 

 Product volume 

Small < 500 cm3 

Medium 500 cm3 ≤ volume < 1500 cm3 

Large 1500 cm3 ≤ volume < 3500 cm3 

X-large ≥ 3500 cm3 

Below the selection of the differentiation levels in scope, the option of service differentiation could be 

turned on or off, as discussed in the conceptual model. The second part shows the total profit per day for 

each differentiation level. As described in the conceptual model, we compare the total profit per day for 

each differentiation level with the profit per day of the baseline, which corresponds to delivering the 

products from DC South in two days. The second bar of the graph shows the second baseline, which is the 

profit per day for the scenario of sending all products via DC South in one day to the customer. The next 

bars of the graph, corresponding to the different differentiation levels, show whether and how we could 

make the difference between the two baselines smaller. The profit per day of the differentiation level that 

ends up the closest to the first baseline is selected as the optimal level of differentiation, as shown at the 

top of this section.  

Customer: Online Spain Products: Top 50 most sold Forecast: October 2017 until December 2017 CSL target: 92% Replenishment: 2 times a week Service differentiation: -50%

Optimal differentiation out of selection: Full differentiation

Effects on total profit:

From '2-day delivery from DC' to '1-day delivery from DC' -38.52%

From '1-day delivery from DC' to '1-day delivery based on optimal differentiation' -99.64%

From '2-day delivery from DC' to '1-day delivery based on optimal differentiation' -99.78%

Effect of differentiation
Highest overall differentiation opportunity: Highest differentiation increase: Highest differentiation decrease: Manually:
28.92% ↑ 0.39% ↑ -22.13% ↓ 28.42% ↑

No differentiation -> Full differentiation Full differentiation -> Full differentiation Full differentiation -> No differentiation ->

Decision-support tool

No differentiation Full differentiation

Define differentiation-levels to test Optimal differentiation - characteristics
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The most right part shows the characteristics of the optimal differentiation level, starting with the 

differences in percentage between the two baselines, between the optimal differentiation level and the 

second baseline and between the optimal differentiation level and the first baseline. The pie charts 

summarize the optimal flows of products. The first pie chart shows the amount of Stock Keeping Units 

(SKUs) for which the optimal flow has changed compared to the previous situation. The second and third 

pie chart show respectively the amount of SKUs and the total sales volume that is either sent via the DC, 

via the DC in two days or via the satellite location for the optimal level of differentiation. The next 

horizontal part of Figure C.1 shows the differences in percentage between the levels of differentiation. 

The first percentage shows the biggest differences in profit between all levels of differentiation, while the 

second and the third percentage show respectively the biggest increase and the smallest decrease in profit 

from the optimal differentiation level. The user could analyze the differences in profit between different 

levels of differentiation manually at the most right side of this section. The bottom part of the tool, only 

showed in Appendix C, partly presents the results of the optimal levels of differentiation out of the 

selected levels. The left table shows the optimal flow for each group, based on the groups of the optimal 

level of differentiation, while the right table shows this per product.  

4.4. Verification of the results 
After implementing the conceptual model into the preparation file, the simulation and the decision-

support tool, we have to verify whether all parts are working correctly. The verification of the results 

consist of three parts: the verification of the simulation, the verification of the CSL and verification of the 

decision-support tool.  

4.4.1. Verification of the simulation 
In order to verify the correct functioning of the simulation, we execute a manual simulation and compare 

the behavior and the results with the simulation. For both the scenario DC and the scenario satellite 

location, we focus on January 2018, starting with the scenario satellite location.  

Scenario satellite location 

As a small recap, the scenario satellite location represents fulfilling customer orders from the satellite 

location, while the DC replenishes the satellite location. Figure D.1 and Figure D.2 in Appendix D show the 

manual simulation for product D. Below the dates, we show the demand of a-boxes of the virtual customer 

and the resulting inventory level of a-boxes at the DC, representing the availability of stock at the DC. 

Next, we show the inventory level at the satellite location at the start of the day, the customer demand 

and the inventory level at satellite location at the end of the day. After showing the met and lost demand, 

the manual simulation shows the replenishment orders placed and the arrival day of these orders, 

depending on the inventory level of the DC. The simulation starts with an initial inventory equal to the 

reorder level of the first period. In this case, the first day of the simulation has a customer demand of 7 

products, which is, by accident, equal to the full inventory available at the satellite location. After fulfilling 

this customer demand, the satellite location is out-of-stock, while the next review moment is just on 

Thursday morning. Until that moment, the incoming customer demand is lost, which occurs on the next 

Tuesday and Wednesday. On Thursday morning, a replenishment order is placed, consisting of a multiple 

of the amount of products in a-box that raises the inventory level to the reorder level or above. In case of 

product D, the a-box quantity is 24 products, which means that a replenishment order of 24 products is 

placed. However, there is no stock available at the DC at the time of placing the replenishment order. As 

soon as there is stock available at the DC, the replenishment order is sent to the satellite location, which 
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is on Friday for this example. Unless we do not model any operations on the days of the weekend, delayed 

replenishment order could arrive on Saturday. After receiving the replenishment order, the arriving a-box 

is directly converted into actual products and the inventory level at the satellite location increases to 24. 

This seems to be enough to cover all customer demand of January 2018, which visualizes the effect of a 

relatively high replenishment quantity compared to the customer demand. In the end, the manual 

simulation of January 2018 for product D results in a customer demand of 14 products, a lost customer 

demand of 2 products and 1 replenishment order of 1 a-box. The associated costs of the manual 

simulation are shown at the bottom of Figure 4.6. However, all costs are scaled, which means that these 

costs do not represent the costs in reality.  

The manual simulation shows the functioning of the inventory control policy. We have implemented this 

in the simulation software package and Figure 4.5 and Figure 4.6 show the output of the simulation. The 

first figure shows the inventory on hand level of product at the satellite location. As in the manual 

simulation, we start with an inventory level of 7, which is consumed completely on the first day. 

Subsequently, it takes a couple of days before the inventory on hand level increases to 24, corresponding 

to the order quantity, which decreases stepwise during the rest of the month. The inventory on hand level 

of a-boxes at the satellite location is shown in Figure 4.6. Corresponding to the conceptual model, the 

satellite location does not hold a-boxes in stock, so we see that 1 a-box arrives and directly disappears by 

converting it to actual product. Unless the figures would suggest that these moments are not at the same 

time, this is untrue and just a matter of the layout of the labels of the x-axis.   
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Table 4.3 summarizes the results of January 2018 from the simulation. These values match the results 

from the manual simulation, except for one values. The total costs for the products differ from the first 

cost calculation of the manual simulation, because the simulation assigns costs to a product when it is 

delivered to the customer, while the manual simulation assigns the costs when it leaves the satellite 

location. Next to this, the total demand of a-boxes of the simulation does also include the demand of the 

virtual customer, which is not important to us.  

  

  

  

Figure 4.5: Inventory on hand level of product 
D at the satellite location 

 

Figure 4.6: Inventory on hand level of a-boxes of 
product D at the satellite location 
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Table 4.3: Results of scenario satellite locations for product D from simulation 

Product Total cost Total demand Lost demand Average 
inventory 

Period length Total order 
quantity 

D €230.87 14.00 2.00 16.57 31.00 24.00 

D_ABOX €4.84 2000.00 1.00 0 31.00 1.00 

Scenario DC 

We have made a manual simulation for the scenario DC as well, based on product E and January 2018, as 

shown by Figure D.3 and Figure D.4 in Appendix D. The main difference between the scenario DC and the 

scenario satellite location is that there are no replenishments to the satellite locations, but there are 

conversions of a-boxes at the DC. The initial inventory of products at the DC is equal to the amount of 

products in an a-box, which is 6 for product E. The inventory on hand level at the end of the day is equal 

to the inventory on hand level at the beginning of the day minus the customer demand plus the products 

resulting from converting a-boxes. However, it is only possible to convert an a-box into products when 

there is stock available. As an example, 1 a-box should be converted on 29 January, but there is no stock 

of a-boxes. This results in 1 lost customer order. The manual simulation shows that the customer demand 

per month is low, so the inventory on hand level decreases slowly over the month. This corresponds to 

the layout of the graph of the inventory on hand level at the DC from the simulation, as shown in Figure 

4.7. Figure 4.8 shows that the inventory on hand level of a-boxes at the DC is either 0 or 1000, resulting 

from modeling the product availability. In conclusion, the summary of results from the simulation in Table 

4.4 matches with the results from the manual simulation, unless the same exception as the scenario 

satellite location regarding the costs of the last customer order applies to the total costs. These costs are 

scaled as well, which means that these costs do not correspond to the real costs.  

  

  

Table 4.4: Results of scenario DC for product E from simulation  

Product Total cost Total demand Lost demand Average 
inventory 

Period length 

E €244.94 8.00 1.00 3.92 31.00 

E_ABOX €0.00 14000.00 1.00 586.02 31.00 

Figure 4.7: Inventory on hand level of product E 
at the DC 

 

Figure 4.8: Inventory on hand level of a-boxes of 
product E at the DC 
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4.4.2. Verification of the CSL 
After ensuring that the simulation functions correctly according to the conceptual model, we are able to 

evaluate the output, such as the realized CSL. An important part of the conceptual model is the calculation 

of the reorder level for the satellite locations, for which the target CSL is one of the input parameters. By 

comparing the target CSL and the realized CSL, we can verify both the calculation of the reorder level and 

the simulation. For this reason, we do a simulation of the scenario satellite location for January 2018 until 

March 2018 based on the top 50 most sold products of the Company’s online shop of Spain customers, 

two review moments a week and a target CSL of 92 percent. The base model always runs until December 

2025 at the latest, which corresponds to 33 replications. However, we have executed the simulation 

multiple times, while adjusting the amount of replications. Figure 4.9 shows the total realized CSL of the 

simulation runs, whereby two test cases per amount of replications are included. There is a gap between 

the realized CSL values of both test cases with one replications, which shrinks while the amount of 

replications decreases. In the end, the simulation with 33 replications results in a stable realized CSL, 

which indicates that the amount of replications is sufficient to get stable results.  

The realized CSL corresponds to 96.6 percent, which is a notable difference with the target CSL of 92 

percent. We would even expect a realized CSL that is lower than the target CSL, since we do not take into 

account any supply disruptions, due to the availability at the DC, for the calculation of the reorder levels. 

Nevertheless, the Minimal Order Quantity (MOQ) of a product is equal to the amount of products in an a-

box, but could be higher than the reorder level. The verification of the scenario satellite locations in 

previous paragraph showed this, since the reorder level is equal to 7, while the MOQ is 24. This results in 

an average inventory level higher than the reorder level, which results in a higher realized CSL than 

targeted. However, since the inventory holding costs are calculated based on the average inventory level, 

the output of the tool will reveal the effect of this on the total profit and the optimal flows.  

 
Figure 4.9: Realized CSL values for different amounts of replications 

4.5. Validation of the tool 
After the verification of the tool and the results, we have to validate the tool. During the validation, we 

determine whether the results from the tool match with the reality. However, since we are analyzing a 

new supply chain, it is very hard to validate the results of the tool. Both the flow from the DC in France as 

the flow from the satellite location in Spain to the customers in Spain do not exist yet. Therefore, we apply 

the model on a flow of products that already exists, which is the flow from the DC in the Netherlands to 

the customers in Spain. For the top 10 most sold products, we analyze this flow for September 2017 by 
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applying the costs tariffs corresponding to this flow. We compare the total demand and the total costs of 

this model with the data from the database, which also includes the costs per order line. 

Table 4.5 shows that the total demand resulting from the model is quite lower than the actual demand. 

This means that the actual demand in September 2017 was higher than we model in the model. The total 

costs per product are drastically higher in the model. However, it turns out that the transportation costs 

are missing for most of the products in the database. Therefore, we do a second validation based on the 

month June. As shown in Table 4.6, the results of this month look much better, since the total demand is 

almost the same for the database and the model. The difference between the actual and the realized total 

costs is as well more realistic for the month June.  

Based on these results, we conclude that the model determines the total demand correctly, although the 

difference between the actual and simulated total demand is quite large for the month September. For 

this reason, it is useful to test the impact of the historical order data on the results of the tool, which we 

do in the sensitivity analysis. The difference in total costs suggests that the total costs of the model are 

higher than in reality. Therefore, it is important to evaluate the cost calculations and the cost inputs before 

using the decision-support tool in practice.  

Table 4.5: Results of the validation of the model for the month September 

 The database The model 

Total demand per day Base -49.43% 

Total costs per product Base +545.87% 
Table 4.6: Results of the validation of the model for the month June 

 The database The model 

Total demand per day Base -3.42% 

Total costs per product Base +41.59% 
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5. Analysis of the results  
After implementing, verifying and validating the decision-support tool, we analyze of the outcomes of the 

tool in this chapter. As a reminder, the tool compares the scenario DC and the scenario satellite location, 

as depicted in Figure 5.1 and Figure 5.2. Based on the results, we select the optimal flow per product, 

which is either via the DC in one day, via the satellite location in one day or via the DC in two days.  

We start this chapter with a sensitivity analysis for three different input parameters: the transportation 

costs of parcels within one day from the DC, the service differentiation factor and the historical order 

data. Since we are not sure about the correctness of these parameters, we want to know their impact on 

the outcomes of the tool. After the sensitivity analysis, we start the scenario analysis with a thorough 

analysis of the base model. The base model is a simulation of October 2017 until December 2017 for the 

top 50 most sold products of the customers of the Company’s online shop of Spain, with a target CSL of 

92 percent and two review moments per week. In this analysis, we pay attention to the performance of 

each scenario, the drivers of the selecting an optimal flow, the cost structure and the replenishment 

volumes. The base model focuses just on the 50 most sold product of the Company’s online shop of Spain 

of September 2017, since these products already cover approximately half of the total sales of the 

Company’s online shop of Spain and it makes the calculations faster and the analyses easier to interpret. 

After this, we analyze the effects on the outcomes of the total sales volume of a product, the 

replenishment frequency and the CSL target.  

 

  

5.1. Sensitivity analysis 
A method for determining the impact of the model factors, such as values of parameters, on the output 

of the model is the sensitivity analysis (Law, 2007). By using the sensitivity analysis, we calculate the 

performance of a model for different values of input parameters, in order to identify the impact of these 

input parameters. First, we analyze the sensitivity of the transportation costs of a one-day delivery from 

the DC, followed by the sensitivity of the service differentiation factor and the sensitivity of the historical 

order data. Since we are not sure about the correctness of these input parameters in particular, we want 

to know the importance of these parameters by mapping their impact on the outcomes of the tool. Based 

on the results of this analysis, we decide whether these parameters have to be reconsidered.  

Figure 5.1: Scenario DC Figure 5.2: Scenario satellite location 
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5.1.1. Transportation costs of one-day delivery from the DC 
By comparing the scenario DC and the scenario satellite location, additional operations are needed for 

the scenario satellite location. These operations, which are outbound handling operations at the DC, 

transportation from the DC to the satellite location and inbound handling operations at the satellite 

locations, result in additional costs. The difference in the transportation costs of parcels between sending 

from the DC or from the satellite location is the most important saving, which should compensate most 

of the additional costs. This emphasizes the importance of these costs for the outcomes of the tool. 

However, as discussed in the paragraph ‘Cost calculations’ in Chapter 4, we estimate the transportation 

costs of parcels from the DC based on the information and agreement of the current carrier, which results 

in very rough estimations. Therefore, we analyze the effects of these costs by keeping the transportation 

costs from the satellite location the same, but adjusting the costs from the DC for a one-day delivery.  

As a starting point, we make a simulation of the base model based on the initial values of the 

transportation tariffs of parcels. The initial tariffs for a one-day delivery from the DC are more expensive 

than a one-day delivery from the satellite location, ranging from an increase of 171.8 to 216.3 percent. 

The first circle diagram of Figure 5.3 shows that the scenario satellite location is optimal for 78 percent of 

the SKUs based on the initial values, without taking into account the service differentiation. However, we 

would like to see how much the tariffs have to change in order to have more optimal flows via the DC. 

Therefore, we decrease the transportation tariffs and determine the impact on the distribution of optimal 

flows. The second, third and fourth circle diagram of Figure 5.3 show respectively the outcomes of a 

decrease of 10, 20 and 30 percent in transportation costs of parcels from the DC in one day. This reveals 

that the scenario satellite location is optimal just for 6 percent of the SKUs for a decrease of 20 percent of 

the transportation costs, which does not change by decreasing further to 30 percent.  

 
Figure 5.3: Differentiation of SKUs based on the initial tariffs, a decrease of 10, of 20 and of 30 percent 

In Figure 5.4 and Figure 5.5, we can see the effect of the transportation tariffs respectively on the total 

costs and the total profit. In the first figure, we look to the total costs for sending all products via the DC 

in one day, which increase almost in proportion with the decrease in transportation costs. This means that 

the transportation costs represent a big part of the total costs. Figure 5.5 shows that the effects of the 

decrease in transportation tariffs on total profit for sending all products via the DC in one day. This shows 

that the decrease in transportation tariffs directly affects the total profit, since the profit increases almost 

proportional with the decrease in transportation tariffs.  

In conclusion, the analysis shows that both the distribution of optimal flows, as the total costs and the 

total profit are very sensitive to the tariffs for the transportation of parcels from the DC within one day. 

This emphasizes the impact and the importance of the transportation costs for the selection of the optimal 

flows. As we estimate these tariffs currently, because this transportation flow does not exist yet, it is 



 
32 

 

important to reconsider these values before making final decisions based on the decision-support tool. 

However, the decision-support tool could actually be used as well to evaluate different offers of 

transportation cost tariffs.  

  

  

5.1.2. Service differentiation factor 
Next to the sensitivity of the transportation tariffs for sending products within one day from the DC, we 

analyze the sensitivity of the service differentiation factor as well. As a reminder, if the difference in total 

profit for a product between the optimal scenario for a one-day delivery and the scenario of a two-day 

delivery is bigger than the service differentiation factor, the tool concludes that this product should be 

delivered within two days instead of one day. Therefore, we want to know the impact of the service 

differentiation factor on the optimal flows and the total profit.  

  

  
Figure 5.6 shows for different values of the service differentiation factor the percentage of SKUs for which 

the tool apply the differentiation in service. This means that, for a service differentiation factor of 30 

percent, 74 percent of the SKUs have an optimal lead time of two days. By increasing the service 

differentiation factor, we allow to have a bigger difference in total profit between delivering a product 

within one day instead of two days. As a result, the amount of optimal flows via the DC in two days 

decreases, while the amount of optimal flows within one day increase. In Figure 5.7, we see the resulting 

total profit as a percentage of the baseline, in which all products are sent from the DC in two days. This 

figure shows that a decrease in total profit per product of at most 20 percent results in 97.33 percent of 

Figure 5.4: Effect of transportation costs on the 
total costs of the scenario DC 

 

Figure 5.5: Effect of transportation costs on the 
total profit  

Figure 5.6: Amount of SKUs for different 
service differentiation factors  

 

Figure 5.7: Total profit per service 
differentiation factor  
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the total profit of the baseline. However, as seen in Figure 5.6, only a few products are delivered within 

one day for this factor value.  

 

This analysis shows that the service differentiation factor has a big impact on both the optimal flows as 

the total profit, which means that the outcomes are very sensitive to the service differentiation factor. 

We already expected this, since this factor directly affects the choice for the optimal flow. However, this 

analysis shows how big this impact is. We see that the impact of the factor decreases from a value of 50 

percent onwards, since the optimal flows and the total profit do not change much for higher percentages. 

Based on this insight, we decide to apply a service differentiation factor of 50 percent on the base model. 

Nevertheless, this analysis emphasizes the importance of the service differentiation factor for the 

outcomes of the tool.  

5.1.3. Historical data 
Since the results of the validation of the tool in Chapter 4 show some differences in the total demand 

between different months, we want to analyze the sensitivity of the historical order data. As described in 

the conceptual model in Chapter 3, we use the most recent historical order data in order to generate 

demand for the simulation based on the bootstrap technique. This means that we use the historical order 

data from September 2017 for the base model, which starts in October 2017. However, since we apply 

the seasonal patterns to both the historical order data and the generated demand, the demand of October 

2017 can also be generated based on the historical order data from August 2017. This should result in 

approximately the same results, assuming that the effects of a possible trend in customer demand and of 

the product lifecycles are negligible. Since the results of the validation of the tool in Chapter 4 show some 

differences 

In order to test the sensitivity of the historical data on the results, we test the base model based on the 

historical order data of three different months, which are September 2017, August 2017 and July 2017. It 

is remarkable that not all products of the top 50 most sold products in September 2017 are sold in August 

2017 or July 2017. This means that we have to take into account a different product portfolio, otherwise 

there are some products without demand. Therefore, we choose the top 50 most sold product in these 

three months for this analysis, on the condition that these products are sold in all three months. Table 5.1 

shows the effects of different historical order data as input on the total demand and the reorder level for 

product A for October 2017, which are different from expected. The total demand for product A is much 

lower by generating it based on the historical order data from August 2017 and July 2017 then from 

September 2017. This results in lower reorder levels for these months, while the demand for this product 

represents a lower percentage of the total demand.  

Table 5.1: Reorder levels and total demand for product A for different historical data as input 

 September 2017 August 2017 July 2017 

Total demand Base -69.13% -49.79% 

Reorder level  Base -78.85% -57.69% 

Part of total demand 10.01% 3.84% 6.75% 
Table 5.2: Output of the decision-support tool for different historical data as input 

 September 2017 August 2017 July 2017 

Total demand Base -19.46% -25.61% 

Total profit Base +25.49% +35.63% 
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Total costs Base -18.60% -19.56% 

Total margin Base +9.17% +15.20% 

Changes in optimal flow  Base 16% 20% 

 

In Table 5.2, we see the differences in performance for all 50 products under consideration. The total 

demand for October 2017 is still lower based on August and July. However, while the total demand 

decreases, the total margin increases. Since the total margin is calculated based on the product-specific 

margins, the proportion of demand between the products differs between the different months, as turned 

out to be true for product A, since the demand for product A represents 10.01 percent of the total demand 

based on September, while this is just 3.84 percent based on August. Therefore, the total demand for 

products with a high margin is relatively higher in case that this demand is generated from August 2017 

or July 2017 then from September 2017. The increase in total margin, in combination with a decrease in 

the total costs, results in a higher total profit, while we only change the historical order data used as input 

for the demand generation. The optimal flows are impacted as well, since the optimal flows change for 

16 and 20 percent of the SKUs.  

The conclusion of this sensitivity analysis is that the outcomes of the decision-support are very sensitive 

to the historical order data used as input for the demand generation. The analysis shows that the total 

demand decreases and the total profit increases by generating the demand based on August or July 

instead of September. Furthermore, the structure of the total demand changes as well, since the demand 

per product as part of the total demand is different per month of historical order data. A reason for this 

could be that the historical order data of September is measured differently compared to the other 

months, which means that we have to assure that the correct data is applied. Another possible reason is 

that the actual demand of September deviates from the usual customer demand or the demand differs a 

lot per month, which means that the decision-support tool should be consulted more frequent to react 

on the changes in demand. For this moment, we focus on the development and functioning of the 

decision-support tool. Therefore, we assume that the historical order data of September 2017 is correct 

and we base all remaining analyses on the historical order data of this month. However, it is important to 

find the cause of the differences in historical order data before using the tool in practice.  

5.2. Scenario analysis 
After analyzing the sensitivity of the decision-support tool, we want to evaluate the influence of the design 

parameters on the performance. Since the satellite locations are not part of the current supply chain, it is 

interesting to test different methods of using them and to determine what affects the choice of the 

optimal flow. It is noteworthy to mention that all calculation are still based on estimations of the costs, 

which means that the conclusions could actually turn out differently. We analyze the effects of the total 

sales, the replenishment frequency and the CSL target on the performance of a model. However, we start 

with an analysis of the outcomes of the base model.  

5.2.1. Base scenario 
As stated earlier, the base model focuses on the performance of October 2017 until December 2017 for 

the top 50 most sold products of September 2017 of the online shop of Spain, based on a CSL target of 92 

percent, two times a week replenishments and a service differentiation factor of 50 percent. Figure C.1 in 

Appendix C shows the results of this model in the decision-support tool. Based on these results, we 
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analyze the outcomes in terms of total profit and optimal flows, the product characteristics of each flow, 

the replenishment volumes and the cost structure.  

 

 

Outcomes of the base model 

In Figure 5.8, the output of the tool shows the differences in total profit for different strategies. The 

baseline corresponds to sending all products within two days from the DC. The total profit drops 38.52 

percent in case that we guarantee a one-day delivery for all products without using a satellite location, 

while sending all products from the satellite location results in a decrease of 33.99 percent. The option 

‘Optimal scenario’ shows the effect of the product differentiation where for each product individually to 

optimal scenario is chosen. As an addition to this, we could enable the option of differentiating in service, 

which means that products that have a big difference in total profit between a one-day and a two-day 

delivery will have a two-day delivery as optimal flow. By including the service differentiation (ServDiff), 

we can see that still 84.76 percent of the total profit of a two-day delivery for all products is remained.  

Figure 5.9 shows the distribution of the optimal scenarios, respectively without and with service 

differentiation included. The left figures show that 22 percent of the SKUs, corresponding to 11 out of 50 

SKUs, are sent via the DC in one day, while for 78 percent of the SKUs a one-day delivery from the satellite 

location is optimal. The two right circle diagrams of Figure 5.9 show the characteristics of the optimal 

scenario including service differentiation. For a service differentiation factor of 50 percent, 52 percent of 

the SKUs should be sent within two days from the DC, which only affects the amount of SKUs that had the 

scenario satellite location as optimal flow in the model without service differentiation. The amount of 

optimal flows via the DC within one day does not change. In the next paragraph, we determine whether 

one of the product characteristics causes this. 

The outcomes of the base model in Figure 5.8 clearly show the impact of the differentiation in location 

and service. The total profit increases from 66.01 to 67.35 percent by selecting the optimal flow per 

product individually, which is not a very big increase. Nevertheless, the increase in total profit by enabling 

the differentiation in service is very big, since it increases from 67.35 to 84.76 percent.  

   

  

Figure 5.8: Total profit of the base model per option Figure 5.9: Optimal flows of SKUs and in 
sales volume, without and with ServDiff 
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Product characteristics 

In this paragraph, we determine whether there are product characteristic that directly affect the choice 

of the optimal flow of a product. The bottom circle diagrams of Figure 5.9 show the total sales volume in 

cubic meters per optimal flow. It is remarkable that, as shown in the right circle diagrams, 52 percent of 

the SKUs that are optimally sent via the DC in two days corresponds to only 14 percent of the total sales 

volume in cubic meters. This could mean either that these SKUs represent just a small part of the total 

sales quantity or that these SKUs have a small product size. We have checked that these SKUs represent 

54.8 percent of the total met demand in products, so we can conclude that this flow mainly consists of 

SKUs that have a small product size, which results in a small total sales volume in cubic meters for these 

flows. The right part of Table 5.3 confirms that 76 percent of the products of the category ‘Small’ and 75 

percent of the category ‘Medium’ have a two-day delivery from the DC as optimal flow. However, we see 

that the relation between the product size and the optimal flow is not always valid, since approximately 

25 percent of the ‘Small’ and ‘Medium’ flows have another optimal flow. 

In Table 5.3 and Figure 5.10, we see some other product characteristics per optimal flow in more detail. 

Based on these outcomes, we want to determine whether there is direct relation between a product 

characteristic and the optimal flow. The distribution of optimal flows based on the ABC-classification does 

not any clear differences, as depicted in Table 5.3. Figure 5.10 shows the distribution of the product 

characteristics product margin, availability rate and coefficient of variation. It turns out that there is no 

overlap between the optimal flow DC 2day and the others for the product margin. This means that, based 

on these outcomes, products with a low margin always have DC 2day as optimal flow. This makes sense, 

since the increase in costs for improving the service has a bigger impact on products with a small product 

margin. For product with a higher margin, the increase in costs is relatively lower. Besides this indicator 

of the optimal flow, the other product characteristics do not show a clear, direct relation between the 

characteristic and the optimal flow. This means that these results do not confirm that, in case of stochastic 

demand and supply disruptions, decentralization of stock is the best approach, since there is no clear 

relation between the product availability and the optimal flow (Schmitt, Sun, Snyder, & Shen, 2015). 

Based on the analysis of the relation between the product characteristics and the optimal flows for the 

top 50 most sold product, we conclude that a big part of the ‘Small’ and ‘Medium’ product have a two-

day delivery from the DC as optimal flow, although this is not the case for all these products. Furthermore, 

we see that the products with a small product margin have as well a two-day delivery from the DC as 

optimal flow, since the impact of the additional costs of a one-day delivery is too big.  

Table 5.3: Optimal flows based on ABC-classification and product size 

ABC-classification Product size 

 DC 2day DC Satellite  DC 2day DC Satellite 

A 38% 15% 46% Small 76% 18% 6% 

B 40% 27% 33% Medium 75% 0% 25% 

C 50% 0% 50% Large 46% 31% 23% 

No Class 75% 25% 0% X-large 8% 33% 58% 
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Excl. 67% 25% 8% 

 
Figure 5.10: Optimal flows based on the product margin, the availability and the CoV per product 

Cost structure 

It is interesting to see the impact of the costs of the different operations on the total costs. Figure 5.11, 

Figure 5.12 and Figure 5.13 show respectively the cost structures of flows via the satellite location, via the 

DC in one day and via the DC in two days. Apparently, the replenishment costs of the last two are zero, 

since there are no replenishments for these scenarios. For both the scenario via the DC, the transportation 

costs of the last mile delivery to the customers represent the biggest part of the total costs, which 

corresponds to the results of the sensitivity analysis. However, this is not the case for the scenario satellite 

location. This is partly due to the shorter distance to the customer, but also due to the relatively high costs 

of the outbound handling operations at the satellite location. For all scenarios, the inventory costs are 

very small. The replenishment costs, applicable to the flows via the satellite location, turn out to be just a 

small part of the total costs. The cost structures per flow type are accumulated into the cost structure of 

the total flows, based on the optimal flows of the base model, as depicted in Figure 5.14. This figure again 

emphasizes the importance and the impact of the transportation costs on the total costs.  

Replenishment volume 

Another import outcome of the tool is the average volume per replenishment. Since the tool calculates 

the transportation costs of replenishments based on a price per cubic meter, there are no economies of 

scale in these costs for larger replenishments. However, on the long term, the size of the replenishments 

could affect the price per cubic meter, which indirectly results in economies of scale. Table 5.4 shows the 

average volume per replenishment per day of arrival at the satellite location. The base model is based on 

two review moments per week, which actually results in four replenishments per week. This is caused by 

the fact that unfulfilled replenishment orders, due to out-of-stock situations at the DC, are backordered 

and arrive a day later. Concluding from this table, the average volumes of the replenishments are quite 

small. Besides this, the tool shows that there are almost as much backorders as actual replenishment 

orders. In reality, the backorders probably could not be fulfilled the next day, but it is still valuable to see 

that a significant part of the replenishment orders have to be backordered.  

Overall, the analysis of the base model shows that the differentiation in service has a big impact on the 

total profit, products with a small product margin should be delivered within two days via the DC, the 

importance of the transportation costs and that the average replenishment volumes are quite small.  
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Table 5.4: Characteristics of the replenishments of the base model 

 Tuesday Wednesday Friday Saturday 

Total amount 430 315 430 397 

Average volume 0.095 m3 0.060 m3 0.210 m3 0.111 m3 

5.2.2. Effect of total sales  
In the second part of the scenario analysis, we determine the effect of the total amount of delivered 

products, called the total sales, on the optimal flows and the total profit. First, we determine whether the 

optimal flow of a product changes in line with a change in total sales of a product due to the seasonality. 

A second method of determining the effect of the total sales is to analyze the base model for a bigger 

product portfolio, which includes also products with lower total sales.  

Different periods under consideration 

The base model calculates the performance for the months October 2017 until December 2017. For this 

analysis, we calculate the performance for different periods of the year. We still look to a time period of 

three months, but the starting month is different per model, which results in the periods January until 

March, April until June and July until August. It is important to realize that we still use September 2017 as 

input for the historical order data, but we apply different yearly seasonal patterns according to the months 

under consideration, resulting in different total demand values per period.  

Table 5.5 shows that the total demand is the highest in the period October until December, while the total 

demand for other months show a large decrease in total demand. We could link this to an increase in 

purchases during the holidays. We can see that the decreases in total margin, total costs and total profit 

Figure 5.11: Cost structure of the base model – 
satellite flow 

 

Figure 5.12: Cost structure of the base model – 
DC in 1 day flow 

 

Figure 5.13: Cost structure of the base model – 
DC in 2 days flow 

 

Figure 5.14: Cost structure of the base model – 
Total flows 
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more or less match the decreases in total demand. There are some difference, since we apply the yearly 

seasonal patterns per MAG, which means that the impact of the seasonality differs per product. Figure 

5.15 shows that the distribution of optimal flows only slightly changes for the different starting months. 

This means that approximately the same amount of SKUs are sent via each flow during the year. However, 

this still could mean that the optimal flow per SKU changes throughout the year. Therefore, we map the 

amount of SKUs for which the optimal flow changes between the different starting months in Table 5.6. 

It turns out that for maximal 12 percent of the SKUs the optimal flows change between the different 

starting months. Since the optimal flow changes for 12 percent of the SKUs between October and January, 

while the total demand decreases more than 30 percent, we state that the total sales do not really affect 

the optimal flow per products.  

Table 5.5: Output of the decision-support tool for different periods under consideration 

 October January April July 

Total profit Base -40.24% -39.12% -45.17% 

Total margin Base -37.06% -38.02% -40.80% 

Total costs Base -32.36% -36.41% -34.36% 

Total demand Base -31.57% -34.59% -31.75% 

 
Figure 5.15: Optimal flows of SKUs for the starting month October, January, April and July 

Table 5.6: Changes in optimal flows of SKUs between different months 

Start 
October January April July 

October X 12% 10% 8% 

January - X 10% 12% 

April - - X 6% 

July - - - X 

A bigger product portfolio 

The base model includes the top 50 most sold products. By extending this selection with products with 

less total sales, we want to determine whether there is a turning point in the optimal flows for a certain 

level of total sales. Therefore, we range the top 150 most sold products based on their total sales of 

September 2017. Based on this range, we outline for each product whether the optimal flow is via the 

satellite location or the DC and whether the optimal flow is a one-day or a two-day delivery, respectively 

depicted in Figure 5.17 and Figure 5.18. Both these figures do not show a turning point in the optimal 

flows, which means that the optimal flow of a product is not selected just based on the total sales per 

product. Next to this, the output from the decision-support tool in Figure 5.17 shows that the optimal 

flows of SKUs slightly change between taking into account 50 or 150 products. However, this change could 

also be caused by other product characteristics. Therefore, we conclude that the optimal flow of a product 

are not directly affected by the total sales of a product.  
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Figure 5.18: Overview of the service differentiation for the 150 most sold products 

After above analysis, we conclude that the optimal flow of a product is not directly influenced by the total 

sales of that product. The analysis shows that the optimal flow of a product just changes for a couple of 

cases by adjusting the total sales of the product. Next to this, the analysis of the bigger product portfolio 

shows that the optimal flows per product still differ for products with less total sales. There is no turning 

point in total sales from which the optimal flow is the same for each product. In the end, it makes sense 

that the total sales of a product does not directly affect the optimal flow, since most types of costs are 

calculated per product and decrease linear with a decrease in total sales. The inventory costs are most 

impacted by changes in the total sales, but we have seen that these costs represents just a very small part 

of the total costs. Therefore, a product with very low total sales could still have the scenario satellite 

location, the scenario DC within one day and the scenario DC in two days as the optimal flow.  

5.2.3. Effect of the replenishment frequency 
The next effect under consideration is focused on the frequency of replenishments. In the base model, 

we assume that there are two review moments per week, one on Monday morning and one on Thursday 

morning. However, we could also choose for only one review moment per week or one review moment 

per two weeks, resulting in maximal one replenishment per week or one replenishment per two weeks 

respectively. In this analysis, the weekly and biweekly review moments are always on Monday morning, 

which means that the review moment on Thursday morning disappears. The result of this is a higher 

inventory level at the satellite location, since this location needs stock for a longer period. However, the 

standard deviation of the demand per day is lower, since it is calculated over a longer time period. Figure 

5.19 shows the decrease of the standard deviation per day towards the days between the review 

Figure 5.17: Overview of the optimal location for the 150 most sold 
products 

 

Figure 5.16: Optimal flows 
of SKUs for the 50 and 150 
most sold products 
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moments. This decrease in standard deviation influences the safety stock and the corresponding reorder 

point. This means that the reorder level does not increase linear with the decrease in replenishment 

frequency, as depicted in Figure 5.20 for product A. In order words, halving the replenishment frequency 

does not result in doubling the reorder level. In Table 5.7, we see comparable results in the outcomes of 

the decision-support tool. The average inventory level of product A just slightly increases by a weekly 

replenishment instead of a biweekly replenishment.  

  

  
Table 5.7: Average inventory level for product A based on the output of the decision-support tool 

 2 reviews per week 1 review per week 1 review per 2 weeks 

Average inventory level 43.23 46.14 59.15 

Next to this, a lower replenishment frequency results in an increase in the total volume of the 

replenishments on average, which could optimize the transportation between the DC and the satellite 

location. Therefore, Table 5.8 shows the amount and the average volumes of the replenishments for 

different replenishment frequencies, based on the same group of products. This group of products 

represents the products that are optimal via the satellite locations in the base model. The results in this 

table show that changing the replenishment frequency directly affects the average volume of the actual 

replenishments and the backorders. In Table 5.9, we can see the impact on the inventory costs and the 

replenishment costs for the same group of products. As expected, the inventory costs increase and the 

replenishment costs decrease. The total of these costs are the same for two reviews and one review per 

week, but slightly increase for one review per two weeks. However, we do not take into account the effect 

of small replenishment volumes on the transportation costs on the long term. This current model only 

included very limited economies of scale, since it includes a cost per replenishment order, which relatively 

decreases in case of bigger orders. The total profit for the products under consideration just slightly 

changes, which confirms the small impact of the inventory and replenishment costs on the total costs.  

Table 5.8: Characteristics of the replenishments for a group of products for different replenishment frequencies 

 Tuesday Wednesday Friday Saturday 

2 reviews per week  

Total amount 430 315 430 397 

Average volume 0.095 m3 0.060 m3 0.210 m3 0.111 m3 

1 review per week  

Total amount 430 421 - - 

Average volume 0.496 m3 0.158 m3 - - 

Figure 5.19: Std. dev. per day for product A for 
different replenishment frequencies 

 

Figure 5.20: Reorder level for product A for 
different replenishment frequencies 
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1 review per 2 weeks  

Total amount 215 213 - - 

Average volume 0.973 m3 0.353 m3 - - 
Table 5.9: Output of decision-support tool for a group of products for different replenishment frequencies 

 2 reviews per week 1 review per week 1 review per 2 weeks 

Inventory costs satellite Base +10.60% +39.35% 

Replenishment costs Base -1.76% -3.95% 

Inventory costs + 
replenishment costs 

Base 0.05% 2.38% 

Total profit Base -1.61% +0.74% 

So far, we have seen that decreasing the replenishment frequency leads to just a small increase in costs 

for the scenario satellite location. However, we wonder whether the optimal flows per product will change 

with the replenishment frequency. In Figure 5.21, we see that the amount of optimal flows via the satellite 

location slightly decreases for one review moment per week and for one review moment per two weeks. 

By analyzing the changing optimal flows, we conclude that the change is caused by the availability of 

products, since the total met demand is higher for the scenario DC compared to the scenario satellite 

location. This automatically reveals a disadvantage of less review moments, which is that an out-of-stock 

situation could last for a longer time. This means that the replenishment frequency has just a small effect 

on the differentiation of products. The increase of profit between the different models is very small as 

well, as shown in Table 5.10.  

Consequently, the analysis of the effect of the replenishment frequency shows that the replenishment 

frequency does not have a big impact on the optimal flows and the total profit. Nevertheless, it is 

important to keep in mind the small volumes of the replenishment orders for the base model. This does 

not influence the outcomes of the tool, but there are no economies of scale in transportation possible in 

the long term.  

Table 5.10: Output of the decision-support tool for different replenishment frequencies 

 2 reviews per week 1 review per week 1 review per 2 weeks 

Total profit Base +0.53% +1.20% 

 
Figure 5.21: Optimal flows of SKUs for 2 reviews per week, 1 review per week and 1 review per 2 weeks 

5.2.4. Effect of the CSL target 
So far, we have used a target CSL level of 92 percent. However, in the coming years, the CSL target is going 

to increase, since customers expect a better service in terms of availability of products. Another advantage 

of a higher CSL target is that the total met demand will increase, resulting in an increase sales. For this 

reason, we want to evaluate the output of the decision-support tool for higher CSL targets, in particular 

for 95 percent and 98 percent. By increasing the CSL target, the safety factor increases, resulting in a 



 
43 

 

higher safety stock and reorder level for the satellite locations. Table 5.11 shows this effect for product A. 

However, by further increasing the CSL target, the safety stock will increase very rapidly (Axsäter, 2015). 

Figure 5.22 shows this effect for product A. In Table 5.12, we see that the decision-support tool indeed 

reports an increase in the average inventory level by increasing the CSL target, in this case for product A.  

Table 5.11: Reorder levels of product A for period 1 for different CSL targets 

 92% 95% 98% 

Safety factor 8.55 10.44 14.21 

Safety stock 34.37 41.96 57.11 

Reorder level 51 59 74 

Table 5.12: Output of the decision-support tool for product A for different CSL targets 

 92% 95% 98% 

Average inventory level 43.23 50.77 66.35 

 
Figure 5.22: Reorder level per CSL target for product A 

By looking again to the same group of products that are optimal via the satellite location in the base 

model, we can make an equal comparison for the effect of the CSL target level on the inventory costs. For 

these products, the inventory costs indeed increase, as shown in Table 5.13. However, the increases in 

the total costs of these flows are much lower, since the inventory costs only represent a very small part 

of the total costs. In the end, the total profit of these flows even increases by increasing the CSL target. 

This is caused by the fact that a higher availability level results in a bigger part of the demand that is met, 

resulting in more sales. Therefore, unless the total costs increase, it is more profitable to set a higher CSL 

target for these products.  

Table 5.13: Output of decision-support tool for a group of products for different CSL targets 

 92% 95% 98% 

Inventory costs satellite Base +17.12% +57.48% 

Total costs satellite flows Base +4.16% +4.83% 

Total profit satellite flows Base +4.08% +8.44% 

Next, we analyze the effect of increasing the CSL target on the total profit and the optimal flows of all 

products of the base model. As shown in Table 5.14, the overall realized CSLs at the satellite locations 

meet the targets. This verifies the working of the decision-support tool. An important remark of this 

analysis is that the CSL target at the DC does not change, which means that total met demand for the 

scenario satellite location will exceed the total met demand of the scenario DC. As a result, we see that a 
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CSL target of 98 percent leads for some products to a shift towards the satellite location as optimal flow, 

as shown in Figure 5.23. Nevertheless, not all the products for which the optimal flow changes, have a low 

availability of inventory at the DC. The output of the decision-support tool in Table 5.15 shows that, as 

expected, the total inventory costs increase with the target CSL. This is partly due to the higher safety 

stock levels and partly due to the increase of products with the satellite location as the optimal. 

Nevertheless, the total costs just slightly increase, mainly because the inventory costs just have a very 

small impact, while the table depicts a bigger increase in total margin, due to the increase in met demand. 

This results in an increase of the total profit by increasing the CSL target.  

Therefore, this analysis shows that it is more beneficial to apply a higher CSL target for the satellite 

location, which results in a higher profit and more products that are optimal via the satellite location. 

However, it is important to mention that a higher CSL target at the satellite location means that more 

products are pulled from the DC, which could have a negative impact on the availability of inventory for 

the other customers at the DC.  

Table 5.14: Realized CSL for different CSL targets 

 92% 95% 98% 

Overall realized CSL 94.81% 96.31% 98.58% 

Table 5.15: Output of the decision-support tool for different CSL targets 

 92% 95% 98% 

Total inventory costs Base +15.50% +67.24% 

Total costs Base +0.68% +0.24% 

Total margin Base +2.03%% +2.35% 

Total profit Base +2.95% +3.79% 

 
Figure 5.23: Optimal flows of SKUs for a CSL target of 92%, 95% and 98%  
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6. Conclusions and recommendations 
In the last chapter, we conclude this thesis by analyzing the realization of the decision-support tool and 

by discussing the outcomes of the analyses. The first part focuses on the development of the tool, based 

on the research goal and research questions, followed by the conclusions resulting from the analyses. 

After concluding on these, the second part describes the recommendations regarding the use of the 

decision-support tool and the use of the satellite locations as part of the supply chain.  

6.1. Conclusions 
This thesis is fully focused on the development of a decision-support tool in order to determine the 

optimal flows of products to the customers for a supply chain consisting of both DCs and satellite 

locations. Therefore, we start with answering the research questions, which focus on the development of 

the decision-support tool. After this, we conclude on the research goal. The focus of the second part of 

the conclusions is on the outcomes of the analysis/  

6.1.1. Conclusions on the decision-support tool 
In Chapter 3, we have developed the conceptual model based on the customers of the Company’s online 

shop. After this, we have implemented the conceptual model in Chapter 4 based on the Company’s online 

shop of Spain in order to construct the decision-support tool. Figure 6.1 shows the different elements of 

conceptual model and how these elements are implemented in the three parts of the tool. Often, the 

output of a part is often the input of the next part. Based on the research questions, we describe most of 

the elements in this paragraph.  

 
Figure 6.1: Implementation of the conceptual model 

In order to answer the first research question, as repeated below, we have elaborated on the chosen 

inventory policies for the different inventory locations and the resulting required inventory levels in the 

conceptual model. The current inventory policy of the DCs is based on a push mechanism, where orders 

are placed at the suppliers in advance based on the demand forecasts. We have applied this policy in the 

model as well, because other customers are served from the DC and the total demand of products at the 

DC does not change, since the satellite locations are replenished from the DCs. This means that we do not 

calculate a reorder level for the DCs, but, instead of taking an infinite level of inventory at the DCs, we use 

the historical availability rates per product for modeling the inventory level. Since the transportation time 

between the DC and the satellite location is relatively short and since the satellite location should respond 

rapidly to customer demand, we selected an inventory policy based on the pull mechanism for these 

locations. This inventory policy is based on a periodical review and on a fixed order quantity. For that 

reason, we calculate a reorder level per product per month in the preparation file, consisting of the 

expected demand and the safety stock. The safety stock depends on the CSL target and the standard 
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deviation of the historical demand. We have verified that the inventory policies at both the satellite 

location as the DC are working correctly in the simulation.  

1. How can the inventory levels at the inventory points be determined for different scenarios of flows 

of products, in order to meet the lead time ambition for each demand segment, based on the three 

different service levels? 

2. How can the expected number of requested products be determined for each customer segment? 

As shown above, the second research question is focused on the expected number of requested products, 

since we have to generate customer demand for products in order to simulate the supply chain. The 

historical order data has shown that the customer demand of the Company’s online shop of Spain has a 

high variability and seasonality. It is important to include this in the simulation, since it could influence 

the inventory levels and, possibly, the choice for the optimal flow for a product. For this reason, we have 

decided to resample the historical order data of latest month, based on the bootstrap technique, while 

we adjust this data with the yearly and weekly seasonal patterns. In the preparation file, it is possible to 

select the historical order data, just as the starting month and the length of the period under consideration 

for the analysis, resulting in a daily customer demand per product. However, this means that this approach 

does not incorporate historical or future promotions or a trend in the customer demand.  

The third and fourth research question are focused on the transportation movements and handling 

operations of the model. We have identified four different possible flows, for which transportation 

movements and handling operations are required. The replenishment of the satellite locations is the first 

flow, in which a-boxes of products are sent from the DC to the satellite location. This flow contains of 

outbound handling operations of freight at the DC, freight transportation and inbound handling 

operations of freight at the satellite location. The other flows are defined to deliver the products to the 

customers, either from the satellite location in one day, from the DC in one day or from the DC in two 

days. These flows are parcel flows, for which we assume that each parcel consists of one product. For this 

reason, the outbound handling operations and transportation movements are executed per parcel. For all 

handling and transportation operations, we assume that their durations are deterministic, in order to 

simplify the model and the analyses of the outcomes.  

The decision-support tool selects the optimal flow per product based on the total profit, which results 

from the difference between the total margin and the total costs. The focus of the fifth research question 

is on the determination of the total costs. Most of the costs result from the transportation and handling 

operations. Each handling operation has a fixed cost, but an operation could be executed for one or 

multiple products simultaneously. Therefore, we have formulate cost equations for each handling 

operation as part of the conceptual model. Next to this, the transportation costs of the replenishments 

are based on an average costs per cubic meter, which excludes any economies of scale. The costs of 

transporting parcels are calculated based on a fixed cost per parcel that increases stepwise with the 

weight of the parcel. However, the fixed cost per parcel also depends on the distance and the type of 

service. The last type of costs concerns the costs for holding inventory. We base the inventory holding 

costs at both the satellite location as the DC on the average inventory level, the holding cost percentage 

and the value of a product. The inventory holding cost per product for the satellite location consist of an 

additional element, which accounts for the fixed costs for using the satellite location. This additional 

element is based on the average inventory level, the holding cost per cubic meter and the volume of a 

product.  
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Herewith we have described all types of costs, from which we calculate the total costs per product in the 

simulation, as shown in Figure 6.1. In the decision-support tool, these costs are split per flow into 

inventory holding costs, replenishment costs, outbound handling costs of parcels and transportation costs 

of parcels.  

3. How can the transportation movements be determined, based on the chosen inventory policy, for 

different scenarios of flows of products, in order to meet the lead time ambition for each demand 

segment? 

4. How can the handling operations be determined for different scenarios of flows of products, in 

order to meet the lead time ambition for each demand segment? 

5. How can the total costs be determined for different scenarios for the flows of products, in order to 

meet the lead time ambition for each demand segment, based on the three different service levels? 

The focus of the last research question is on the general guidelines resulting from the development and 

analysis of the decision-support tool. Since the focus of the research goal is just on the development of 

the tool, we discuss the research goal before discussing the results and answering the sixth and last 

research question.  

 Construct a decision-support tool that determines the optimal flows of products and the 

corresponding costs and inventory levels for a group of products in order to meet the lead time 

ambition, for different configurations of the network, based on a 92%, 95% and 98% service level 

to the customer.  

The goal of this thesis, as stated above, is to construct a decision-support tool for determining the optimal 

flow for each product in the European supply chain consisting of DCs and satellite locations. This means 

that we calculate the total costs, total profit and performance per product, which we use the select 

whether a product should be delivered via the DC in two days, via the DC in one day and via the satellite 

location in one day. It is also possible to determine the optimal flow for a group of products. Ultimately, 

the decision-support tool helps to find the optimal way of fulfilling the lead time ambition, without an 

immense impact on the total costs or the total profit. Next to determining the optimal flow per product, 

the tool is very suitable to test the behavior of the supply chain in order to test different configuration of 

the network, such as the service level to the customer. Below overview shows all output measures of the 

tool, which can be used to evaluate different scenarios of the supply chain.  

 
As shown in Figure 6.1, the decision-support tool consists of three different parts: the preparation file, the 

simulation and the decision-support tool itself. The preparation file prepares all data for the simulation, 

whereby many design parameters easily could be adjusted. These design parameters are listed below. 

The simulation executes the actual calculations of the performance of the supply chain over a long time, 

from which the results are imported into the decision-support tool. The decision-support tool reports out 

the performance of different scenarios and advices the user for the optimal flow per product. The 
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structure of three separate components enables us to adjust easily the characteristics of the supply chain, 

which makes it easy to apply the tool to other countries or different configurations of the network.  

 

By constructing the decision-support tool and meeting the research goal, we fulfill the expected 

contributions to the existing literature on this topic. We have shown that a simulation is a flexible and 

appropriate method of determining the effect of different input parameters on the performance of a 

supply chain (Longo & Mirabelli, 2008), which can be used to solve an inventory-location problem. As a 

result, the tool focuses on finding the optimal allocations of customers to facilities based on different 

tactical and operational decisions, while the existing literature mainly bases their conclusions on strategic 

decisions. Therefore, we have explicitly included and analyzed the effect of inventory decisions, such as 

the reorder level, while we also include the effects of transportation and handling operation. Finally, this 

thesis contributes to the existing literature by investigated the distribution models for omni-channel 

supply chains in a quantitative way, since the addition of the satellite locations is a next step towards an 

omni-channel supply chain (Hübner, Holzapfel, & Kuhn, 2016).  

In summary, we meet the research goal by constructing a decision-support tool that determines the 

optimal flows of products in order to determine the role of the future satellite locations.  

6.1.2. Conclusions on the analyses 
In this paragraph, we conclude on the analyses regarding the use of the decision-support tool and the use 

of the satellite locations as part of the supply chain. This answers as well the sixth and last research 

question of this thesis.  

6. Which general guidelines can be derived in order to determine the optimal flows of products for 

different customer segments, based the analysis and the development of the decision-support 

tool? 

We start with defining the general guidelines and the conclusions regarding the use of the decision-

support tool. The analyses show that the decision-support tool is very robust, since the tool works for 

many different input parameters. However, the sensitivity analysis revealed that the outcomes of the tool 

are very sensitive to the transportation cost tariffs, the service differentiation factor and the historical 

order data. Therefore, it is important to ensure the correctness of these input parameters, resulting in the 

first conclusion.  

1. The outcomes of the decision-support tool are very sensitive to the transportation cost level, the service 

differentiation factor and the historical order data.  

Next to the conclusions regarding the use of the decision-support tool, the development and analysis of 

the tool have resulted in meaningful insights regarding the use of the satellite locations and the 

corresponding design parameters. In our analysis, we have extensively evaluated the performances of the 

base model. The base model determines the optimal flows for October until December 2017 for the 50 

most sold products of the Company’s online shop of Spain in September 2017, based on two review 

moments per week, a target CSL of 92 percent and a service differentiation factor of 50 percent. The 

outcomes of this model show the benefit of differentiating products in terms of location and service, since 
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we still are able to realize approximately 85 percent of the total profit of a two-day delivery for all 

products. The optimal flows show that 26 percent of the SKUs should be sent via the satellite location 

within one day, 22 percent via the DC within one day and 52 percent via the DC within two days.  

2. The outcomes of the base model show that we still are able to realize 85 percent of the total profit 

resulting from a two-day delivery for all products, while improving the service by means of lead time, by 

differentiating products in terms of location and service.  

Based on the outcomes of this model, we have examined whether there are product characteristics that 

have a direct impact on the optimal flow. The product characteristics that we have tested are the product 

size, the ABC-classification, the coefficient of variation, the product margin and the availability at the DC. 

Although that approximately 75 percent of the small and medium products are optimal via the DC in two 

days, this is not the case for all of these products. Therefore, we cannot conclude that the product size 

directly influences the selection of optimal flow. However, the margin per product turned out to be a clear 

indicator for applying the service differentiation, since products with a low margin should optimally be 

sent via the DC in two days, because it is too costly for these products to make additional costs. Besides 

this, none of the product characteristic directly influences the choice of the optimal flow, as depicted in 

Table 6.1.  

3. Products with a low product margin have an optimal flow of a two-day delivery from the DC.  

Table 6.1: Product characteristics that directly influences the selection of the optimal flow 

 One-day delivery Two-day delivery 

DC No product characteristics Low product margin 

Satellite location No product characteristics - 

The analysis of the base model maps as well the structure of the total costs and the characteristics of the 

replenishments. The structure of the total costs shows that the transportation costs represent a very big 

part of the total costs, while the inventory and replenishment costs represent a very small part of the total 

costs. This emphasizes the importance and the impact of the transportation costs on the outcomes of the 

tool, just as shown in the sensitivity analysis. The characteristics of the replenishment show the amount 

and average volume in cubic meters of the replenishments. In case of two replenishment per week, the 

average volume in cubic meters of the replenishments is very low and there are many backorders of 

replenishments.  

4. The transportation costs represent a very big part of the total costs, while the inventory costs represent 

a very small part of the total costs. 

5. In case of two review moments per week, the average volume in cubic meters of the replenishments is 

very small.  

Subsequently, we have analyzed the effect of the total sales on the optimal flows, based on two different 

approaches. First, we tested whether the optimal flow of a product changes in case of lower total sales. 

For this reason, we determined the optimal flows per product for different periods of the year, which 

influences the total sales because of the yearly seasonal patterns. However, the optimal flows change only 

for a very small part of the SKUs between the different periods. This suggests that the total sales do not 

have a direct impact on the optimal flows. Next to this, we analyzed the base model for a product portfolio 

of the 150 most sold products. Based on this, we want to see whether the optimal flows are prescribed 
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from a certain level of total sales onwards. However, the analysis does not show this, which also suggests 

that the choice for the optimal flow is not influenced by the total sales of a product. This makes sense, 

since almost all costs increase linear with the amount of products delivered.  

6. The total sales of a product do not influence the choice for the optimal flow. 

For the base model, we assume that there are two possible replenishments per week. In our analyses, we 

have tested the effect on the optimal flows and the total profit in case of less replenishments. This results 

in higher inventory levels and higher corresponding costs. However, since the inventory costs only 

represent a very small part of the total costs, the results show that there are no big changes in the optimal 

flows or in the total profit for models with one replenishment possibility per week or one replenishment 

possibility per two weeks. However, this analysis also mapped the impact on the amount and the average 

total volumes of the replenishment orders. In the end, it would be better to have less replenishment 

possibilities, since the total profit is not affected and it could result in economies of scale in the long term 

due to more efficient replenishments.  

Another investigated effect that only affects the performance of the scenario satellite location, is the CSL 

target of this location. A higher CSL target results in a higher inventory level and higher corresponding 

costs. However, due to the higher availability of products at the satellite location, the total met demand 

increases as well. This results in a higher total profit and more products for which the satellite location is 

the optimal flow. Therefore, this is a good example of an increase of the total profit together with an 

increase in the total costs. Concluding from both analyses, we formulate the seventh and eighth 

conclusion.  

7. The replenishment frequency hardly influences the total profit and the optimal flows, but a lower 

replenishment frequency could result in economies of scale in the long term.  

8. A higher CSL target for the satellite location results in higher total costs, but also in an increase of total 

profit and the amount of products that are optimal via the satellite location.  

 
Figure 6.2: Summary of the total profit per analysis 

In Figure 6.2 and Figure 6.3, we see the results of all analyses summarized for respectively the total profit 

and the corresponding optimal flows. There are quite big decreases in total profit for the analyses two, 

three and four, since these analyses include periods with a low customer demand due to the yearly 

seasonal patterns. Next to this, we see the biggest increase in total profit by changing the CSL targets. This 
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results as well in the biggest change in the optimal flows, as depicted in Figure 6.3. The last two analyses, 

focused on the replenishment frequency, do not reveal any big changes. However, these analyses still 

gave us important insights in the volumes of the replenishments and the consequences of this. Based on 

these figures, we conclude that the outcomes of the decision-support tool are very robust, since there are 

no big changes in the total profit and the optimal flows.  

The last conclusion is focused on the interpretation of the results. First, we conclude that the total profit 

per day is an appropriate evaluation measure, since it takes into account the effect of the total met 

demand and the product margin. However, product characteristics that could not be expressed in costs, 

such as environmental requirements, are not included in the tool. Therefore, the output of the decision-

support tool should be evaluated from additional requirements.  

9. The outcomes of the decision-support tool are very robust, since they are quite similar for different 

scenarios.  

10. The total profit per day is an appropriate evaluation measure, although special product requirements, 

which cannot be expressed in costs, are not considered in the determination of the optimal flows.  

 
Figure 6.3: Summary of the optimal flows of SKUs per analysis 

6.2. Recommendations 
Based on the evaluation of the decision-support tool and the 10 conclusions of the analyses, we would 

like to conclude this thesis with the recommendations for the decision-support tool, the role of the 

satellite locations and the future research.  

Figure 6.4 summarizes the benefit of using a decision-support tool that determines the optimal location 

and service per product. By differentiating products individually, we could increase the total profit with 

28 percent compared to one general strategy of delivering all products within one day via the satellite 

location. This is mainly caused by the decision to offer a two-day delivery from the DC for products with a 

low product margin. For these products, the profit is impacted too much by the additional costs for 

improving the service. As a result, compared to the current situation in which all products are sent from 

the DC within two days, we still could realize 85 percent of the total profit while improving the service. 

We expect that this improvement of service will lead to an increase of the total customer demand, which 

further increases the total profit. However, the transportation costs have a big impact on these outcomes, 

since these costs represent a big part of the total costs. Therefore, it is important to evaluate the role of 

the satellite location in case that the transportation cost tariffs change.  
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Figure 6.4: Total profit per option 

We have used the decision-support tool to analyze different settings of the supply chain and the impact 

on the optimal flows. By increasing the CSL target of the satellite location, the flow via the satellite location 

becomes more profitable, although the inventory costs increase. However, since the inventory costs only 

represents a very small part of the total costs, we recommend to set a higher CSL target for the satellite 

location in order to optimize the use of satellite location. Another recommendation is to replenish the 

satellite location at most once a week. The tool does not reveal big changes for different replenishment 

frequencies, since the tool does not account for big economies of scale and the increasing inventory costs 

do not really affect the total costs. Nevertheless, the fulfilment of the replenishment orders is optimized 

in this way, which results in economies of scale in the long term.  

Regarding the future, we recommend to use the decision-support tool for the Company’s online shops of 

every country for determining the optimal flows, but also for evaluating related supply chain decisions. 

Next to this, we recommend to evaluate the outcomes of the tool and to make decisions together with 

the Markets and the global team, because the outcomes of the tool both affects the operations of Markets 

as the operations of the global-managed the DCs. Besides this, we should also include the customer 

demand resulting from other channels, such as direct deliveries from the Company to customers of 

retailers. This brings the supply chain another step closer to an omni-channel supply chain. Enabling the 

possibility of including promotions or trends in the customer demand, backordering customer demand 

and opening additional satellite locations are extensions to the current model that could contribute to the 

benefits of the tool.  

In conclusion, we conclude this section with the main recommendations as result of this master thesis.  

 Use the decision-support tool to evaluate decisions concerning the supply chain in order to make 

underpinned decisions. 

 Differentiate the products in terms of location and service in order to minimize the impact on the 

total costs and total profit for an improvement in service.  

 Offer a two-day delivery service for products with a low product margin 

 Evaluate always the effect of new transportation cost tariffs on the role of the satellite location, 

since this cost factor has a big impact on the optimal flows.  

 Set a higher CSL target for the satellite locations in order to maximize the total met demand. 

 Replenish the satellite locations only once per week in order to optimize the fulfilment of the 

replenishment orders.  



 
53 

 

Bibliography 
 

Agatz, N. A., Fleischmann, M., & van Nunen, J. A. (2008). E-fulfillment and multi-channel distribution - a 

review. European Journal of Operational Research, 187, 339-356. 

Alizadeh, M. (2009). Facility Location in Supply Chain. In R. Farahani, & M. Hekmatfar, Facility Location - 

Concepts, Models, Algorithms and Case Studies (pp. 473-504). Berlin: Springer-Verlag. 

Arabani, A., & Farahani, R. (2012). Facility location dynamics: An overview of classifications and 

applications. Computers & Industrial Engineering, 62, 408-420. 

Axsäter, S. (2015). Inventory Control (3rd ed.). Springer. 

Banks, J., Carson II, J., Nelson, B., & Nicol, D. (2014). Discrete-event system simulation (5th ed.). Essex: 

Pearson Education Limited. 

European Union. (2017). Consumer Conditions Scoreboard - Consumers at home in the Single Market. 

Luxembourg: Publications Office of the European Union. 

Farahani, R., Bajgan, H., Fahimnia, B., & Kaviana, M. (2015). Location-inventory problem in supply chains: 

a modelling review. International Journal of Production Research, 53(12), 3769-3788. 

Ganesan, R. (2015). The profitable supply chain - A practitioner's guide. New York: Apress. 

Good, P. I. (2006). Resampling methods - A practical guide to data analysis (3rd ed.). Boston: Birkhäuser. 

Hagberg, J., Sundstrom, M., & Egels-Zandén, N. (2016). The digitalization of retailing: an exploratory 

framework. International Journal of Retail & Distribution Management, 44(7), 694-712. 

Hübner, A., Holzapfel, A., & Kuhn, H. (2016). Distribution systems in omni-channel retailing. Business 

Research, 9(2), 255-296. 

Hübner, A., Wollenburg, J., & Holzapfel, A. (2016). Retail logistics in the transition from multi-channel to 

omni-channel. International Journal of Physical Distribution & Logistics Management, 46(6/7), 

562-583. 

Kaviani, M. (2009). Location-Inventory Problem. In R. Farahani, & M. Hekmatfar, Facility Location - 

Concept, Models, Algorithms and Case Studies (pp. 451-472). Berlin: Springer-Verlag. 

Köchel, P., & Nieländer, U. (2005). Simulation-based optimisation of multi-echelon inventory systems. 

International Journal of Profuction Economics, 93-94, 505-513. 

Law, A. M. (2007). Simulation Modeling and Analysis (4th ed.). New York: McGraw-Hill. 

Lefebvre, M. (2006). Applied probability and statistics. New York: Springer. 

Longo, F., & Mirabelli, G. (2008). An advanced supply chain management tool based on modeling and 

simulation. Computers and Industrial Engineering, 54(3), 570-588. 

Nahmias, S. (2009). Production and Operations Analysis (6th ed.). New York: McGraw-Hill. 



 
54 

 

Schmidt, G., & Wilhelm, W. E. (2000). Strategic, tactical and operational decisions in multi-national 

logistics networks: a review and discussion of modelling issues. International Journal of Production 

Research, 38(7), 1501-1523. 

Schmitt, A., Sun, S., Snyder, L., & Shen, Z. (2015). Centralization versus decentralization: Risk pooling, risk 

diversification, and supply chain disruptions. Omega, 52, 201-212. 

Shen, Z. M., Coullard, C., & Daskin, M. (2003). A Joint Location-Inventory Model. Transportation Science, 

37(1), 40-55. 

Silver, E. A., Pyke, D. F., & Peterson, R. (1998). Inventory Management and Production Planning and 

Scheduling (3rd ed.). New York: Wiley. 

Terzi, S., & Cavalieri, S. (2004). Simulation in the supply chain context: a survey. Computers in Industry, 53, 

3-16. 

Tsiakis, P., Shah, N., & Pantelides, C. (2001). Design of Multi-echelon Supply Chain Networks under 

Demand Uncertainty. Industrial & Engineering Chemistry Research, 40(16), 3585-3604. 

Van Donselaar, K., & Broekmeulen, R. (2014). Stochastic inventory models for a single item at a single 

location - Lecture notes and toolbox for the course Stochastic Operations Management. 

Eindhoven: Technische Universiteit Eindhoven. 

 

 

  



 
55 

 

Appendix A List of Abbreviations 
 

CPG  Customer Planning Group 

CSL Customer Service Level 

DC Distribution Center 

Eq. Equation 

ES10 Sales organization Spain (excluding customers of the Company’s online shop) 

ES24 Sales organization of the Company’s online shop of Spain 

MAG Multiple Article Group 

MOQ Minimal Order Quantity 

ServDiff Service differentiation 

SKUs Stock Keeping Units 

Std. dev. Standard deviation 
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Appendix B Preparation file 

 

Figure B.1: The input dashboard of the preparation file 

 

  

Historical data available until: September 2017

Historical data 

Select month September 2017

Forecast data 

Select start month October 2017

Forecast horizon 3 months

Amount of replications 33

Lead time from DC to Satellite Location 2 days

Review time at Satellite Location 3 days

Total 5 days

Amount of unique products 50

Mimimum amount of products sold 4

Products found 50

Target safety level 0.92
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Appendix C The decision-support tool 
 

 
Figure C.1: The decision support tool - overview 

Customer: Online Spain Products: Top 50 most sold Forecast: October 2017 until December 2017 CSL target: 92% Replenishment: 2 times a week Service differentiation: -50%

Optimal differentiation out of selection: Full differentiation

Effects on total profit:

From '2-day delivery from DC' to '1-day delivery from DC' -38.52%

From '1-day delivery from DC' to '1-day delivery based on optimal differentiation' -99.64%

From '2-day delivery from DC' to '1-day delivery based on optimal differentiation' -99.78%

Effect of differentiation
Highest overall differentiation opportunity: Highest differentiation increase: Highest differentiation decrease: Manually:

28.92% ↑ 0.39% ↑ -22.13% ↓ 28.42% ↑

No differentiation -> Full differentiation Full differentiation -> Full differentiation Full differentiation -> No differentiation ->

Detailed output for optimal differentiation

Product group Optimal flow Product Optimal flow

Product A Satellite 885252020040 885252020040Product A Satellite

Product B DC 2day 885200043020 885200043020Product B DC 2day

Product C DC 2day 882670000010 882670000010Product C DC 2day

Product D DC 2day 885030250010 885030250010Product D DC 2day

Product E DC 2day 884722050040 884722050040Product E DC 2day

Product F DC 2day 882690300010 882690300010Product F DC 2day

Product G DC 2day 881904207020 881904207020Product G DC 2day

Product H DC 2day 889000200010 889000200010Product H DC 2day

Product I DC 2day 884722055040 884722055040Product I DC 2day

Product J DC 884352001030 884352001030Product J DC

Product K DC 2day 885080004010 885080004010Product K DC 2day

Product L Satellite 883219500010 883219500010Product L Satellite

Product M DC 2day 882670460010 882670460010Product M DC 2day

Product N Satellite 885520016010 885520016010Product N Satellite

Product O Satellite 885545080030 885545080030Product O Satellite

Decision-support tool

No differentiation Full differentiation

Define differentiation-levels to test Optimal differentiation - characteristics

24
26

Approach towards 
previous period per SKU

Changes Unchanges

100.00%

61.48%
66.01%

75.15%

83.36% 84.76%

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

70.00%

80.00%

90.00%

100.00%

Profit per day
DC 2-day

DC 1-day

No differentiation

Product size

ABC-classification

Size-ABC combi

Full differentiation

59%
27%

14%

Differentiation of volume

Satellite DC DC 2day

26%

22%

52%

Differentiation of SKUs

Satellite DC DC 2day

Exclude service differentiation

Include service differentiation
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Appendix D Verification of the simulation – manual simulation 
 

 
Figure D.1: Manual simulation of product D for scenario satellite location (I/II) 

 

 
Figure D.2: Manual simulation of product D for scenario satellite locations (II/II) 

Period 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Date 1-Jan-18 2-Jan-18 3-Jan-18 4-Jan-18 5-Jan-18 6-Jan-18 7-Jan-18 8-Jan-18 9-Jan-18 10-Jan-18 11-Jan-18 12-Jan-18 13-Jan-18 14-Jan-18 15-Jan-18

Workday Monday Tuesday Wednesday Thursday Friday Saturday Sunday Monday Tuesday Wednesday Thursday Friday Saturday Sunday Monday

Demand virtual customer 0 0 0 1000 0 0 0 1000 0 0 0 0 0 0 0

Inventory of a-boxes at DC 1000 1000 1000 0 999 999 999 0 1000 1000 1000 1000 1000 1000 1000

Inventory satellite location start of the day 7 0 0 0 0 0 24 24 24 24 24 24 24 24 24

Demand customer FSS Spain 7 1 1 0 0 0 0 0 0 0 0 0 0 0 1

Inventory satellite location end of the day 0 0 0 0 0 24 24 24 24 24 24 24 24 24 23

Demand met 7 0 0 0 0 0 0 0 0 0 0 0 0 0 1

Demand lost 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0

Replenishment order 0 24 0 0 0

Arrival of replenishment 0 0 0 0 0 24 0 0 0 0 0 0 0 0 0

Input Reorder level:   7 Results Total demand 14

Order quantity: 24 Total met demand 12

Total lost demand 2

Total replenishment orders 1

Total replenishment quantity 1

Period 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Date 16-Jan-18 17-Jan-18 18-Jan-18 19-Jan-18 20-Jan-18 21-Jan-18 22-Jan-18 23-Jan-18 24-Jan-18 25-Jan-18 26-Jan-18 27-Jan-18 28-Jan-18 29-Jan-18 30-Jan-18 31-Jan-18

Workday Tuesday Wednesday Thursday Friday Saturday Sunday Monday Tuesday Wednesday Thursday Friday Saturday Sunday Monday Tuesday Wednesday

Demand virtual customer 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Inventory of a-boxes at DC 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000

Inventory satellite location start of the day 23 23 22 22 22 22 22 22 22 21 21 21 21 21 21 20

Demand customer 0 1 0 0 0 0 0 0 1 0 0 0 0 0 1 1

Inventory satellite location end of the day 23 22 22 22 22 22 22 22 21 21 21 21 21 21 20 19

Demand met 0 1 0 0 0 0 0 0 1 0 0 0 0 0 1 1

Demand lost 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Replenishment order 0 0 0 0

Arrival of replenishment 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Costs Costs of a-boxes € 4.84

Costs of products € 251.86

Adjusted costs of products € 230.87
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Figure D.3: Manual simulation of product E for scenario DC (I/II) 

 

 
Figure D.4: Manual simulation of product E for scenario DC (II/II) 

 

Period 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Date 1-Jan-18 2-Jan-18 3-Jan-18 4-Jan-18 5-Jan-18 6-Jan-18 7-Jan-18 8-Jan-18 9-Jan-18 10-Jan-18 11-Jan-18 12-Jan-18 13-Jan-18 14-Jan-18 15-Jan-18

Workday Monday Tuesday Wednesday Thursday Friday Saturday Sunday Monday Tuesday Wednesday Thursday Friday Saturday Sunday Monday

Demand virtual customer 0 1000 1000 1000 0 0 0 1000 0 0 1000 1000 0 0 1000

Inventory of a-boxes at DC 1000 0 0 0 1000 1000 1000 0 1000 1000 0 0 1000 1000 0

Inventory satellite location start of the day 6 6 6 6 6 6 6 6 6 4 4 4 4 4 4

Demand customer FSS Spain 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0

Converted a-boxes 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Inventory satellite location end of the day 6 6 6 6 6 6 6 6 4 4 4 4 4 4 4

Demand met 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0

Demand lost 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Input Order quantity: 6 Results Total demand 8

Total met demand 7

Total lost demand 1

Total converted a-boxes 1

Period 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Date 16-Jan-18 17-Jan-18 18-Jan-18 19-Jan-18 20-Jan-18 21-Jan-18 22-Jan-18 23-Jan-18 24-Jan-18 25-Jan-18 26-Jan-18 27-Jan-18 28-Jan-18 29-Jan-18 30-Jan-18 31-Jan-18

Workday Tuesday Wednesday Thursday Friday Saturday Sunday Monday Tuesday Wednesday Thursday Friday Saturday Sunday Monday Tuesday Wednesday

Demand virtual customer 0 0 1000 1000 0 0 0 0 1000 1000 1000 0 0 1000 1000 0

Inventory of a-boxes at DC 1000 1000 0 0 1000 1000 1000 1000 0 0 0 1000 1000 0 0 1000

Inventory satellite location start of the day 4 4 4 4 3 3 3 3 2 2 1 1 1 1 0 0

Demand customer FSS Spain 0 0 0 1 0 0 0 1 0 1 0 0 0 2 0 1

Converted a-boxes 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

Inventory satellite location end of the day 4 4 4 3 3 3 3 2 2 1 1 1 1 0 0 6

Demand met 0 0 0 1 0 0 0 1 0 1 0 0 0 1 0 1

Demand lost 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0

Costs Costs of products € 285.77

Adjusted costs € 244.94


