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Abstract 
In this thesis we investigate a joint replenishment policy with full truckloads for Spar Netherlands. Spar 

is considering to take over transportation from small suppliers towards their DC. If Spar arranges 

transport from the suppliers to their DC, the replenishment costs are mainly determined by transport 

costs. We investigate two policies that can reduce transport costs: increasing the review period and 

applying a joint replenishment policy with full truckloads. Both policies provide significant costs 

savings. A new policy is designed that can effectively reduce transport costs by increasing the review 

period and filling the trucks. This policy is a practical version of a full truck policy and is based on order 

software Slim4. The designed policy is the best performing policy and can decrease total replenishment 

costs with 35% compared to Spar’s current policy. 
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Management summary 

Introduction 
Spar Netherlands is a Dutch retailer which mainly focuses on convenience stores. These stores are 

typically located in rural areas and holiday locations. Spar serves 400 stores, because this are mainly 

small stores, Spar usually delivers small quantities to the stores.  

Problem statement 
Because Spar is characterized by small order sizes, numerous suppliers deliver small batches to Spar’s 

Distribution center (DC). Transporting these small batches is costly for a supplier. Therefore, Spar is 

considering to take over the logistics from suppliers. The idea is that Spar hires a truck that picks up 

the goods at several small suppliers, see figure 1. We refer to this idea as a ‘transport takeover’.  

 

 

 Figure 1, schematic representation of the new transport plan 

For Spar it is vital to know if such an operation would be profitable. However, the profitability highly 

depends on the order policy Spar uses. Results have shown that if Spar would alter its order policy, 

total replenishment costs can be reduced over 35%. We examine the financial consequences of such a 

‘transport takeover’ by investigating three different order policies. Based on the simulation results for 

each policy, we designed an optimal policy for Spar. We formulated the following research question: 

How can Spar minimize the associated transport and inventory costs after a transport takeover? And 

will this provide financial benefits for Spar? 

Method 
We investigated three policies, based on the results an optimal policy for Spar was designed. 

 Policy 1:  Spar maintains the current inventory logic after a transport takeover. Spar currently 

uses an (R,s,nQ) policy. In an (R,s,nQ) policy products are ordered with a multiple of their 

minimum order quantity (MOQ) until the inventory position is larger or equal to the reorder 

level. 

 Policy 2: Spar maintains the current inventory logic, but doubles the review period. Half of the 

available review points is not used to dispatch a truck, but still available for urgent orders. If 

there is such an urgent order at a non-used review point, a logistic service operator is 

contacted to deliver the order. 
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 Policy 3: Spar only transports with full truckloads. This is based on a Joint Replenishment Policy 

(JRP) with full truckloads (Kiesmüller, 2009). In this policy orders are enlarged or reduced to 

ensure that the total order sizes equals full trucks. This policy is used as an approximation of 

the situation at Spar and cannot actually be used in practice because it is based on a policy 

without MOQ’s. However, it provides useful insights of the cost effect of increasing the truck 

utilization. 

Results 
We selected 8 suppliers for a numerical analysis. The performance of the three proposed policies was 

investigated via simulation. The results of the analysis are stated in figure 2. We determined that policy 

2 and 3 provide good results in terms of total costs. This is mainly due to the reduction in transport 

costs.  

We know that transport costs can be approximated by an hourly rate of €55. Each stop takes about 

half an hour and a truck drives on average 64 km per hour. If the required load is larger than the size 

of one truck (26 pallets), we need two trucks. Because these trucks can divide the suppliers, the costs 

per truck are reduced with approximately 30%.  

In policy 1, Spar maintains the current inventory and one trucks stops at all suppliers each week. In 

policy 2 the review period is doubled. So the two trucks combined will stop at all suppliers every two 

weeks. When two trucks are dispatched, the costs per truck are lower. This explains why transport 

costs are reduced when the review period is doubled. Next, the full truck policy also reduces transport 

costs. When all trucks are full, simply less trucks are needed.  

Designed order policy (policy 4) 
The results showed that filling each truck can lead to significant costs reductions. Increasing the review 

period can lead to an even larger reduction in total costs. Therefore, we designed a policy that is a 

combination of both features. The policy is based on the filling procedure of Slim4. In the proposed 

filling algorithm, an initial order is placed by using an (R,s,nQ) policy with a review period of two weeks. 

Next the order is enlarged to attain full truckloads. An order is enlarged by increasing the cover period. 

For example, orders are made based on a cover period of 2 weeks. However, the order size needs to 

be increased with 10% to fill the trucks. Therefore we increase the cover period with approximately 2 

days until the trucks are filled.   

 There are two improvements necessary to increase the performance of this algorithm:  

1) If there is more than one truck dispatched, the total order volume should be divided between 

both trucks such that no supplier has to be visited by two trucks. See chapter 8.2.1. 

2) Outdating can increase when trucks are filled, so Slim4 should manage outdating properly. A 

possible method is suggested in chapter 8.2.2. In this method, each item has a specific 

maximum inventory level. This maximum level is based on the desired maximum outdating 

percentage.  

Figure 2 shows that the designed policy is the best performing policy. It provides the lowest transport 

costs and total costs. In figure 3, the aggregate inventory level for policy 4 is compared to policy 1. This 

figure gives a good insight in the order behavior of the designed policy. Two full trucks are ordered 

every two weeks. By filling the trucks, more is ordered than actually needed for most products. This 

process continues until there is a review period where only one truck is needed and inventory levels 
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drop. This process is repeated throughout the simulation. In this way the average number of trucks is 

decreased and transport costs are lowered. Figure 3 also shows that policy 4 requires 50% more 

inventory in the DC. For 8 supplier the extra space is equal to 0,45%. However, if a transport takeover 

is executed for more suppliers, the DC can become too full. 

  

Figure 2 cost structure resulting from the simulation 

 

Figure 3, inventory locations needed for the designed policy (4) and the current policy (1) based on 150 days 

Conclusion 
Based on the analysis, we have determined the following conclusions: 

 If Spar maintains their inventory logic transport costs are relatively high. There are potential 

costs savings by filling the trucks and/or increasing the review period. 

 Increasing the review period can effectively decrease total costs.  

 The full truck policy (Kiesmüller, 2009) significantly reduces transport costs, especially when 

combined with a larger review period. However, this policy cannot be used in practice. 

 The designed optimal policy provides a combination of full trucks and a double review period. 

This is the best performing policy and can reduce total costs with 35% compared to policy 1. 

However, it requires 50% more space in the DC and an investment can be required to update 

the Slim4 filling algorithm. 
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Next, to answer the research question we determined whether the selected best policy will lead to a 

financial benefit for Spar. Because suppliers are not willing to share information on their transport 

costs, we cannot conclude for certain that a transport takeover is profitable for Spar. However, we 

know that each supplier incurs waiting costs when delivering to Spar’s DC. When Spar arranges 

transportation, the waiting costs are reduced. First, because the Spar truck does not have to wait for 

the acceptance of the goods. Second, because remaining waiting costs can be divided by all suppliers 

that use transportation by Spar. We have approximated the waiting time costs for each supplier. This 

approximation showed that total waiting costs are merely 10% lower than total transport costs for 

policy 4. Most suppliers incur additional transport costs besides waiting costs at the DC. Therefore, it 

is highly likely that a transport takeover is financially beneficial if the designed optimal policy (policy 4) 

is used. If a more costly policy is used (see figure 2), the probability of success will decrease.  

Recommendations 
Based on the analysis and results, we provide the following recommendations for Spar:  

 Spar has to find the right suppliers for the project. To increase the probability of success it is 

important that the selected suppliers incur relatively high transport costs. Transport costs are 

generally high for suppliers that deliver just a few (the lesser the better) pallets per week. A 

way to determine the supplier costs is to track waiting times at the DC. Waiting costs can be 

used to estimate a part of the suppliers transport costs. Furthermore, to prevent large 

outdating costs, suppliers that deliver products with high shelf life are the best option. 

 When Spar has found the suppliers, Spar can minimize transport costs by applying the filling 

algorithm designed in this thesis (policy 4). Note that this policy requires 50% more space in 

the DC. If it is only used for 8 suppliers, the required extra space is 0,45% of the total DC. 

However, there should be enough space in the DC when applying this policy for more suppliers. 

If this is a problem, doubling the review period is an easier -yet more expensive (+10%)- 

alternative. However, it is not sure if this policy can lead to a clear cost advantage for Spar.  

There are more options that could potentially decrease transport and/or inventory costs. We 

shortly present these options: 

 Backhauling could be a valuable option for Spar. Spar trucks that replenish the stores are 

designed such that 2 pallets can fit on the back of a truck. At the end of a trip a Spar truck could 

visit a small supplier that delivers 2 pallets or less each week and pick up the goods. Afterwards 

this truck has to drop the empty bottles and crates from the stores and could also drop the 

pallet(s). Thus, these trucks almost incur no extra stopping time at the DC. This makes 

backhauling one of the most effective solutions. However, it should fit within the tight 

schedule of the driver. 

 Spar should look for synergy solutions. For example, find a logistic service operator that is 

located near a group of small suppliers. The suppliers should outsource their delivery and 

inventory to the logistic service operator. The operator can deliver large transports to the 

retailer’s DCs, since the products of multiple suppliers are transported simultaneously. 

Furthermore the supplier can deliver with a higher truck utilization rate to the logistic service 

provider, because the delivery for multiple retailers can be grouped. This type of synergy 

solution was proved to be effective in the BRAVO project in 1995 (Brockhuis et al., 1995). 

 Overall it might be a good idea for Spar to critically reflect on the currently used review periods. 

There are some products with much higher MOQ’s than the average demand during one 
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review period.  Increasing the review periods could be a good idea even when Spar does not 

arrange transportation. Suppliers might be willing to give a price reduction if the number of 

delivery moments reduces. Because a lower review period provides suppliers with less 

transport costs. 

 Slim4 is not able to handle perishable products correctly. An update on outdating could help 

the inventory planners to prevent outdating. The results in chapter 8 showed that sound 

inventory maxima can decrease outdating. 

 Once Spar implements a transport takeover, Spar should make sure the conditions are solid. 

Errors by suppliers could be costly for Spar. 

 Spar should keep track of each product’s expiration date when delivered at the DC. This data 

can be used to determine accurate inventory limits to reduce outdating. 

 Spar already uses the filling algorithm of Slim4 for some large suppliers that only deliver with 

full trucks. The Slim4 algorithm can be improved by applying the suggestions presented in 

chapter 8.2 .  
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1. Introduction 
In this thesis we will investigate the possibility of a Joint Replenishment Policy (JRP) at Spar 

Netherlands. A simulation study is used to investigate the cost effects of several policies. Based on the 

results we design an optimal policy for Spar. In this chapter we briefly introduce Spar and its 

operations. Thereafter we elaborate on the problem statement, the research design and the research 

questions.  

1.1 Company information and background 

1.1.1 History 

Spar Holding Netherlands is a Dutch supermarket chain. Although Spar is an international brand, only 

the brand name and some sponsor activities are internationally organized. This is done by Spar 

International which is located in Amsterdam and has no direct links to Spar holding. The brand Spar 

was founded in 1932 by Adriaan van Well, he saw an opportunity in the collaboration of suppliers and 

stores. He named his concept De Spar (Door eendrachtig samenwerking profiteren allen regelmatig), 

which is a Dutch abbreviation and translates to: All benefit through active collaboration. Soon, De Spar 

began to grow in the Netherlands, which resulted in the expansion to other countries. This expansion 

went hand-in-hand with a change of name: De Spar became Spar. Later Spar grew to be one of the 

largest retailer brands worldwide. Spar operates independently in each country. 

1.1.2 Company profile 

Spar Netherlands currently has 2 Distribution Centers (DCs), located in Alkmaar and Waalwijk. 

However, the DC in Alkmaar is closing in March 2016. After the shutdown, all the DC activities and 

overhead will be centered in Waalwijk, where the main office of Spar is currently located. After the 

transition, there are approximately 150 employees working for main office and 200 at the DC. Spar’s 

DC serves stores based on a franchise model. Spar serves approximately 400 stores: 200 Spar stores, 

100 Attent stores and 100 independent stores. Spar is owned by three parties: 45% is owned by Sligro 

Food Group, 45% is owned by Sperwer group and the store owners have 10% of the shares. Sligro Food 

Group is also a player in the Dutch retail market. Sligro owns the supermarket brand Em-te and has a 

food wholesale named Sligro. Sperwer group owns Plus supermarkets, which is also active in the Dutch 

retail market.  

1.1.3 Position in the market 
Spar Netherlands is a small player in the Dutch retail market. The Dutch retail market is characterized 

by strong competition and currently has two large players: Jumbo and Albert Heijn, who possess a 

significant market share. Besides Jumbo and Albert Heijn, Lidl is a rising player in the retail market. Lidl 

and Aldi focus on budget conscious consumers. The remaining retailers are united in one purchase 

organization: Superunie. Within Superunie retailers have a stronger bargaining position, which helps 

them to close better deals with their suppliers. In total, Superunie has a market share of 29%, where 

Em-te (Sligro), Plus (Sperwer) and Spar have market shares of respectively 2,7%, 5,9% and 1,7% 

(Distrifood, 2014). An overview of the market is given in figure 4. 

Spar’s market position is different from other retailers. Whereas other retailers focus on family 

shopping trips, Spar is focused on the convenience trips. Therefore Spar is mainly located in rural areas 

or neighborhoods with small convenience stores. In small villages with few facilities, a Spar 

supermarket provides consumers the opportunity to make a quick shopping trip. Additionally, the 
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stores offer extra facilities such as cash withdrawal, dry cleaning and a liquor store. A Spar store should 

also be concerned with the community and support local initiatives. To increase customer loyalty, the 

store aims to be the center of the village. This loyalty is necessary to compensate the limited 

assortment and the higher price level. Based on this market position Spar’s operations are 

characterized by low quantities, compared to other retailers. 

 

 

Figure 4, market shares in 2014 of the current retail market (Distrifood, 2014). 

1.2 Operations 
Spar holding is responsible for the assortment, quality and supply of all its stores. These stores are 

replenished from the central DC in Waalwijk. Most of the products are stored and picked in the DC, 

but some (perishable) products are directly delivered at the stores by the supplier. Spar is responsible 

to ensure timely and correct replenishment. Regarding the replenishment, the store owners and Spar’s 

logistic department have agreed upon a service level of 98%. In the next part the DC’s operations and 

Spar’s current order policy are explained. 

1.2.1 DC operations 
Spar’s DC is responsible for replenishing the stores with the correct orders in a timely manner. The 

operations of the DC are concisely presented in figure 5. 

In figure 5 we see that the process starts when a batch of goods is delivered at the DC. First the 

incoming goods are checked on expiration date, quantity, broken parts and temperature (for cooled 

products). If a product is rejected, the driver will return the products to the supplier. Therefore, the 

driver has to wait at the DC until all products are checked. If the delivery meets the required standards, 

the products are processed further. Some products have a smaller case pack size when delivered to 

the stores than the case pack size provided by the supplier. These products are re-packed from the 

original box and transferred into crates. This is necessary because Spar stores have insufficient demand 

to sell one original case pack during the shelf life of some products. Next, the items are stored in 

inventory. If there is enough space at the pick locations, the item is directly stored at the pick location 

by a forklift truck. If the pick location is full, the item is stored elsewhere in the DC and brought to the 

pick location when there is enough space. This is done via a FIFO policy.  
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Figure 5, process diagram of the operations in the DC of Spar 

To deliver the products to the stores, an order picker will collect the ordered products on a container. 

This is the most labor intensive part of the process. When the order is completely collected, the 

container is placed at a docking station. From here a driver will load the containers into the truck and 

drive it to the stores. The DC processes are managed by the central Warehouse management system 

(WMS) Locus.  

1.2.2 Replenishment policy 

Spar’s current replenishment policy is an (R,s,nQ) policy. This implies that after a fixed review period 

(𝑅), the current inventory is checked. If the inventory is below the reorder level (s), an order is placed. 

The order size is based on the amount needed to increase the inventory equal to or above the reorder 

level. However, the suppliers set a minimum order quantity (MOQ) and an incremental order quantity 

(IOQ) for their products. MOQ is the minimal number of products that needs to be ordered if an order 

is placed and IOQ is the increment in which this order can be enlarged. So for example, a MOQ of 12 

and an IOQ of 6 implies a potential order size of: {12, 18 ,24 ,12 + 6𝑛}. If a product’s inventory is below 

reorder level, an order size subject to the MOQ and IOQ is made to raise the inventory equal to or 

above the reorder level. Note that for the main part of the products the MOQ and IOQ are equal. 

Therefore we will assume MOQ and IOQ are equal and refer only to MOQ in this thesis. 

The supplier has to deliver the order after an agreed lead time to Spar’s DC. The orders are placed 

using Slim4, the order software that can automatically set orders and maintain a reasonable service 

level. The exact mechanics behind Slim 4 are explained in the next part. 
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1.2.3 Slim4 

Slim4 is automatic ordering software created by Slimstock. The program is used by Spar since 2012 and 

suitable for an (R,s,nQ) policy. Slim4 is designed to automatically order replenishments and minimize 

the inventory on hand for Spar. This is done by calculating the optimal reorder level for each product, 

which is based on expected demand during lead time, review period and safety stock.  

𝑠 = 𝑠𝑠 + 𝐸[𝐷(𝐿 + 𝑅)] (1) 

As described, the optimal reorder level is equal to the safety stock and the expected demand during 

L+R. Slim4 analyzes historical demand of each product to identify a product’s demand distribution. It 

is not clear how Slim exactly identifies this demand distribution. Furthermore, Slim uses historical 

demand to identify any seasonal patterns. To do this, slim uses an F-test to compare the forecasts 

accuracy with and without seasonality. Based on the defined distribution and an optional seasonal 

pattern, Slim4 uses exponential smoothing to create a monthly demand forecast per product (Nolten, 

2014; Slimstock, 2012). 

By using the demand forecast and the desired P2-service level the safety stock is calculated. At Spar, 

there are three categories for the service level. Category A: high service level (98%); B: medium service 

level (95%); and C low service level (92%). Slim4 calculates the safety stock to reach the desired service 

level based on its forecast.  

The inventory levels that Slim4 uses are based on Locus (WMS). Locus manages the pick locations, 

inventory locations and the inventory levels of each item in the warehouse. At midnight, the inventory 

levels from Locus are transferred into Slim4.  

A downside of Slim4 is that the program does not take outdating into account. It allows perishable 

items to be ordered in large quantities, even though the items will probably not be sold during the 

shelf life of the product. Therefore, Slim 4 needs to be corrected and controlled manually. This is done 

by the inventory management department (Nolten, 2014; Slimstock,2012). 

1.3 Problem definition and research questions 
In this part we will elaborate on the research project and introduce the research questions. The scope 

concerns the stream of goods from the suppliers towards the DC, as visible in the blue circle in figure 

6.  

This thesis concerns the logistics from the suppliers towards the DC of the retailer. Currently, this is 

the responsibility of the supplier. But what if the retailer takes control of this part of the supply chain 

and controls the logistics towards their DC? The retailer can then benefit from the fact that he can 

control the order sizes. He can adjust these sizes to gain a good fill rate of the trucks and reduce 

transport costs. But this also has an effect on his inventory and backorder costs. The scope of the 

project is on this tradeoff, the tradeoff between transport costs and inventory costs when the retailer 

controls the logistics. In contrary to the current situation in which the retailer only orders and leaves 

transportation to the supplier. In the next part the initial problem is defined. 
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Figure 6, overview of the research area 

 

1.3.1 Problem definition  

In this section we shortly introduce this thesis’ problem statement. The problem concerns Spar’s 

supply chain. Compared to other retailers, Spar has low turnovers both in the stores and the DCs. As 

described, only the DC in Waalwijk will be utilized from March 2016. The research project concerns the 

logistics from the suppliers towards Spar’s DC in Waalwijk. Every week, a large number of small 

suppliers visits the DC to deliver a small amount of pallets. These suppliers deliver by using their own 

trucks, a logistic service provider or vary these two methods of transportation. Spar believes there are 

potential efficiency gains as the small suppliers incur relatively high transport costs per item. The small 

suppliers also occupy docking stations and require higher handling costs per item at the DC. Therefore, 

Spar wants to investigate whether it is beneficial for Spar to arrange the transportation of the products 

from the suppliers to Spar’s DC. The idea is that Spar sends truck(s) to several small suppliers to pick 

up all the goods in one trip (see figure 7) , this idea will be referred to as ‘transport takeover’. In this 

way transport costs can be decreased for the supplier. In exchange for the transportation Spar will 

demand a price reduction or a fee for the ordered products. It is important for Spar to have insight in 

the costs of such an operation. These costs depend largely on the policy that will be used. For example, 

if Spar decides to alter their orders and aim for a good truck utilization rate, transport costs will be 

lower. To test this, a range of policies is investigated to provide Spar with a custom solution which 

allows them to efficiently transport goods from the suppliers.  

 

Research area 
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Figure 7, schematic representation of the new transport plan 

 

1.3.2 Research design  
As described in the problem definition, this thesis will examine the profitability of a transport takeover 

by Spar. However, this thesis goes beyond this examination: the main goal is to find the ideal policy for 

Spar after a transport takeover. To find the optimal policy, a test group of suppliers is used and 4 

different policies are simulated.  

When Spar applies a transport takeover, they are starting a Joint replenishment policy. In a JRP 

products are replenished simultaneously and fixed order costs such as transport costs can be divided 

among several products. But the dynamics of such a JRP can differ. Therefore we investigate several 

versions of the JRP in this thesis: 

First we examine a policy in which Spar starts transporting goods while maintaining the current 

inventory policy. In this policy Spar does not take the fill rate of the trucks into account. To determine 

the associated transport costs, the current inventory policy is reproduced. This policy does not change 

the current inventory logic of Spar, is easy to implement and can potentially provide reasonable results.  

Next, another simple policy is investigated. This policy entails the increase of the review period. If the 

order review period is increased, Spar can decrease transport costs and maintain the current inventory 

system. However, Inventory uncertainty will be increased and Spar is not able to react quickly to 

fluctuations in demand. 

Third, a policy is investigated in which transport costs are reduced by increasing the truck utilization 

rate. Kiesmüller (2009) designed an optimal policy for a JRP with full trucks. In a full truck policy, the 

order up to levels will be increased or decreased each week to arrange full trucks. This could reduce 

transport costs while marginally increasing inventory costs. 

However the policy of Kiesmüller is designed for an (R,S) policy and Spar uses an (R,s,nQ)1 policy. 

Therefore an alternative version of the Kiesmüller policy that approaches an (R,s,nQ) policy will be 

derived. This policy only approaches the results of an (R,s,nQ) policy, but is not suitable for the software 

that Spar currently uses. The optimization in the policy of Kiesmüller can only be used if each order can 

                                                           
1 Spar does not perfectly follow a (R,s,nQ) policy: for a minimal number of products the IOQ is not equal to the 
MOQ. Because this is a negligible number of products it can be approached as a (R,s,nQ) policy (Nolten, 2014). 
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be increased or decreased by one unit. So once orders are subject to an MOQ, the optimization will 

not work properly. This concept is explained in detail in chapter 4.3. 

Based on the performance of the three proposed policies, we will design a policy that fits the software 

of Spar and is able to reduce the total inventory and transportation costs incurred by Spar.  

1.3.3 Research questions 

Based on the described policy, a simulation will be conducted to compare the cost effects of each 

policy to the current situation. Next,  the results of the different policies will be compared to determine 

the optimal policy for Spar. We formulated the following research questions used to investigate the 

potential costs of a transport takeover: 

Main question: How can Spar minimize the associated transport and inventory costs after a transport 

takeover? And will this provide financial benefits for Spar?  

This question is answered by making use of the following sub questions: 

R1: How can the current situation of Spar be modeled? Can this be improved without changing the order 

behavior?  

R2: How can the policy of Kiesmüller be altered to suit a (R,s,nQ) policy? 

R3: How can we design a policy to decrease transport costs and still fit the current software? 

R4: How do the costs of the obtained policies compare to the potential benefits of a transport takeover? 
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2. Background information on control of transportation 
In the previous chapter we discussed the idea of a transport takeover by Spar. In this chapter we 

discuss the practical issues when Spar arranges transport towards their DC. We will show the set of 

suppliers used for the study and calculate the transport costs towards these suppliers. We start with 

the costs of hiring a truck. 

2.1 Costs of hiring a truck 
Spar orders most of its trucks at Peter Appel. Peter apple stated that the transport costs can be 

approximated by using an hourly rate of €55,-. The average time a truck spends on a trip can be 

calculated by using the following rules:  

 For each truck there is a fixed start time equal to 45 minutes. 

 Each stop at a supplier takes 30 minutes. 

 The final stop at the DC takes 30 minutes plus one minute per pallet. 

 The average speed of a truck is 64 km/h. 

Because a driver’s salary is the highest cost factor, the costs of a truck can be estimated by an hourly 

rate. For this reason the costs of a smaller truck are almost equal to a standard truck. A standard truck 

can carry up to 26 pallets.  

2.2 Supplier selection 
If Spar implements a JRP, it is important that the right suppliers are chosen for the project. A supplier 

should be interested in transport by Spar because it is financially beneficial. However, it is difficult to 

obtain insight in a suppliers’ transport costs, mainly because sharing information could potentially 

influence a suppliers’ bargaining position. Although we do not have information about the suppliers’ 

transport costs, we do know that each supplier has to pay for waiting at Spar’s DC. So less cargo means 

higher waiting costs per pallet. The receiving department of Spar was contacted to identify small 

suppliers that deliver less than 8 pallets per week to Spar’s DC and don’t transport in combination with 

other suppliers. 

Only suppliers that deliver dry groceries are selected for the project, since these products have a longer 

shelf life and are more easily transported. This resulted in 20 suppliers that met the described 

requirement. Selected suppliers were contacted to determine the location of their inventory. Figure 8 

and 9 provide an overview of location and average quantity per supplier. Note that not all these 

suppliers have the same order and delivery schedule. For a JRP to work, the management of Spar needs 

to set specific order and delivery schedules for the group of suppliers.  
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Figure 8, overview of the suppliers available for transport by Spar, light bars are the selected suppliers 

The selected suppliers are located throughout the BeNeLux: 

 

 

 

 

 

 

 

 

 

 

 

Next, we need to select a set of suppliers for the simulation study. This group should have enough 

demand to obtain a n acceptable fill rate of the truck in one week. Also, Spar’s trucks should be able 

to drive within the opening times of the suppliers, which is usually between 8:00 AM and 16:00 PM. 

One truck can maximally carry 26 pallets. Because Peter Appel has a large truck network in The 

Netherlands, the truck can visit the suppliers through a one way route. It is hard to find a route that 

provides enough quantity to fill a truck and is still drivable within the opening times of the suppliers. 

In figure 9, a potential route for the JRP is suggested. There are 8 suppliers in the suggested route that 

have an aggregate turnover of 25 pallet places per week. Note that pallet places are calculated by 

taking the average weekly pallet volume per supplier and rounding this number up to the closest 

integer. We opted for this calculation because we cannot assume that a truck driver stacks the 

products of different suppliers on one pallet. Appendix A shows that the suggested route has an 

optimal quantity when transporting under the current inventory policy. 
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2.3 Transport costs 
In this section we determine the transport costs. Transport costs are based on the rules presented in 

chapter 2.1. If there is only one truck needed, the costs are 492,42 plus the costs of unloading at the 

DC. If an extra truck is incurred, the additional costs of the second truck are lower, because two trucks 

can now divide the locations. However, when there are two trucks, the load needs to be divided 

correctly to prevent that two trucks need to visit the same supplier. When there are two trucks that 

are completely filled, the first truck always takes the first part of the route. At the point where the first 

truck is full, the second truck starts. This can occur at the same supplier. For example, if supplier 1,2,3 

and 4 all have 8 pallets and suppliers 5, 6,7,8 all have 5 pallets, there are 52 pallets to be divided over 

two trucks. The first truck starts at supplier 1 and is full at supplier 4, but not all pallets of supplier 4 fit 

in the truck. So the second truck also has to visit supplier 4 and then continue to suppliers 5 to 8. In 

this situation the load is not divided correctly and there is overlap in the suppliers visited. In table 1 

the load is correctly divided, so two trucks do not visit the same supplier. In table 2 the trucks have to 

visit the same supplier.  

 

No overlap in suppliers visited Truck 1 drives up to and including supplier (truck 2 starts at next supplier) 

Supplier # 1 2 3 4 5 6 7 8 

distance truck 1 133 141 193 211 214 221 225 237 

distance truck 2 192 153 110 106 69 24 17  

Total distance 325 294 303 317 283 245 242 237 

# of stops truck 1 (incl. DC) 2 3 4 5 6 7 8 9 

# of stops truck 2 (incl. DC) 8 7 6 5 4 3 2  

Extra time one-way route 1,5 1,5 1,5 1,5 1,5 1,5 1,5 0,75 

Total Time 11,58 11,09 11,23 11,45 10,92 10,33 10,28 8,95 

costs (Excluding pallet load) €636,80 €610,16 €617,89 €629,92 €600,70 €568,05 €565,47 €492,42 

Table 1,  transport costs when suppliers are correctly divided among trucks 

Overlap in suppliers visited Truck 1 drives up to and including supplier (truck 2 starts at same supplier) 

Supplier # 1 2 3 4 5 6 7 8 

distance truck 1 133 141 193 211 214 221 225 254 

distance truck 2 237 192 153 110 106 69 24 17 

Total distance 370 333 346 321 320 290 249 271 

# of stops truck 1 (incl. DC) 2 3 4 5 6 7 8 9 

# of stops truck 2 (incl. DC) 9 8 7 6 5 4 3 1 

Extra time one-way route 1,5 1,5 1,5 1,5 1,5 1,5 1,5 1,5 

Total Time 12,78 12,20 12,41 12,02 12,00 11,53 10,89 10,73 

costs (Excluding pallet load) €702,97 €671,17 €682,34 €660,86 €660,00 €634,22 €598,98 €590,39 

Table 2, transport costs when suppliers are not correctly divided among trucks 

The tables show that there is a severe difference in transport costs with and without overlap. So it is 

important to prevent overlap. Note that the transport costs in table 1 and 2 are excluding unloading 

time at the DC. 
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2.4 Practicalities of controlled transports 
A transport takeover can lead to some practical problems for Spar. The first practical issue concerns 

the suppliers, as the success of the plan depends on the cooperation of the suppliers. Most suppliers 

are reticent towards a potential transport takeover. This has the following reasons: 

 Some suppliers backhaul products from their suppliers after delivery at Spar’s DC. 

 The drop at Spar is generally part of a larger route. For example, some suppliers deliver to 

other customers after delivery at Spar. 

 Some suppliers own the trucks they use for transport. These trucks are bought to deliver to 

retailers like Spar. A transport takeover can lead to inefficiency for this group of suppliers.  

Furthermore, there are situations in which good terms and conditions are necessary: 

 The receiving process changes. Normally when a products’ batch does not match the required 

standards, it is not accepted and returned to the truck driver. This is not possible when the 

products are picked up by Spar. If a delivery contains errors, the supplier has to pay for 

returning the goods. This is implies more potential costs for the supplier.  

 If Spar sends a truck to a supplier and the goods are not ready, Spar incurs higher transport 

costs. In these kind of situations the supplier has to reimburse the costs for Spar. 

These terms and conditions can lead to extra costs for a supplier. Furthermore it requires a behavioral 

change for suppliers. Therefore, suppliers are generally not eager to participate. Though, a transport 

takeover can in fact be more cost-effective for the suppliers and for Spar. Spar’s management is 

responsible to convince suppliers of the possible win-win scenario.  
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3. Literature 
In this part, we wrap up the most important models in the JRP literature. Thereafter, we shortly 

describe the literature on the JRP with full truckloads. We end with the gap in the literature that this 

thesis will fill.  

3.1 JRP research 
As described, Spar is indirectly implementing a JRP when executing a transport takeover. An extensive 

literature review on the JRP has been conducted in preparation for this research project. In this chapter 

a concise overview of the literature is provided.  

The goal of a JRP is similar to the goal of the Economic order quantity (EOQ). However, in the JRP the 

objective is to minimize the associated order cost for a group of products, instead of one product. The 

literature on the JRP is not as extensive as the literature on the EOQ, though the JRP it is becoming 

more important for companies. We distinct three versions of the JRP, which differ in their assumptions 

about demand. The classical JRP, in which the demand is deterministic and stationary; the stochastic 

JRP where demand is stochastic and stationary and the dynamic JRP where demand is deterministic 

and not stationary. The classical and the stochastic JRP are the most heavily researched. 

The JRP literature is mainly focused on finding heuristics and algorithms to solve the JRP. At first the 

literature focused on improving the solutions for a JRP, later this focus shifted to achieving accurate 

results with little calculation time (Goyal & Satir, 1989; Khouja & Goyal, 2008). 

3.2 Classical JRP 

The most basic variant of the JRP is the classical JRP, which is focused on finding the ideal 

replenishment period per product that minimizes the associated replenishment costs. In the classical 

JRP demand is assumed to be deterministic and stationary. The goal is to find the optimal 

replenishment period for each item, where each replenishment period is an integer multiple of the 

smallest replenishment period. There are several solutions to the classical JRP. Among these solutions, 

the RAND-algorithm and evolutionary computing provide good results. The RAND-algorithm is a 7-

steps algorithm that is capable of calculating the optimal replenishment period for each product. In 

evolutionary computing genetic algorithms are used to solve the multi-item optimization problem. A 

genetic algorithm mimics the process of evolution to find the best fitting solution. (Olsen, 2005; Khouja 

& Goyal, 2008) 

3.3 Stochastic JRP 

In the stochastic JRP literature we distinct continuous review policies and periodic replenishment 

policies. For continuous review policies the focus is on increasing the total order size of all products 

once one products needs to be ordered. This can be done by using a can-order point. A can-order policy 

was introduced by Balinfty (1964) and implies that all products have a reorder point and a can-order 

point. The can-order point is higher than the reorder point, and only used to increase order sizes. When 

an item is below the reorder level, all items are checked and the items that are below the can order 

point are filled to their can-order point. There is a wide range of possible algorithms and heuristic to 

calculate the optimal can-order point. 

 

A periodic replenishment policy is similar to the classical JRP, only demand is stochastic. The goal is to 

determine a replenishment period that minimizes the associated replenishment costs. Eynan and 
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Kropp (1998) developed an algorithm similar to the RAND algorithm that can approach the optimal 

review period for a stochastic JRP.  

3.4 Dynamic JRP 

The dynamic JRP (DJRP) is the least heavily researched version of the JRP. In a DJRP demand is assumed 

to be deterministic and non-stationary. The DJRP can be solved by implementing a linear program over 

the desired time period. The optimal replenishment periods are determined over this period (Boctor, 

Laporte, & Renaud, 2004). 

3.5 Extensions 

There are several extensions for a JRP, among these extensions are: The JRP with full truckloads, 

budget constraints, quantity discounts, vehicle routing and carbon emissions. From these extensions, 

the JRP with full truckloads is explored in this thesis. The extension is not heavily researched. However, 

increasing the utilization rate of trucks is getting more important for practitioners in the field 

(Slimstock, 2015). The first extension for a JRP with full truckloads is researched by Van Eijs (1994). He 

investigated the JRP with full truckloads for a continuous review policy. In his proposed policy, orders 

could be enlarged if the costs of enlarging were lower than the associated transport cost reduction. 

Later, Chacon (2001) introduced the minimum quantity policy, in which a truck is only dispatched if a 

certain quantity is ordered. In this way the fill rate of the trucks could be improved. Kiesmüller (2009) 

combined the ideas of Chacon and van Eijs to create a new policy for a JRP with full truckloads. Her 

policy allows for lowering and enlarging orders. Orders are rounded to full truckloads based on the 

total order size. Next, a Lagrange multiplier is used to include the full truck restriction in the total costs 

equation. Based on the value of the Lagrange multiplier, individual orders are lowered/enlarged to 

attain full trucks. In this thesis we will use a slightly altered version of the policy of Kiesmüller (see 

chapter 4.3). 

3.6 Literature gap 

This thesis addresses the literature concerning the JRP with full truckloads. The classical JRP is quite 

extensively studied in the literature. However, the full truckload extension is not widely studied. 

Furthermore, the articles concerning this extension are mostly based on a (R,S) or continuous review 

policy (Van Eijs 1994; Cachon, 2001; Kiesmüller 2009), which is contradicting to the (R,s,nQ) policy 

generally used in retail. This can be seen as a gap in the literature. In this thesis this gap will be 

addressed and the policy of Kiesmüller will be converted to make it applicable for an (R,s,nQ) policy. 

However, this only approaches the results and cannot actually be used in practice. Furthermore the 

JRP is tested by using historical data at a retailer. Which allows us to investigate the feasibility of the 

JRP with full truckloads in the daily operations of a retailer. Next, the JRP is almost in all cases suited 

for products from one supplier. In this thesis we investigate the effects when multiple suppliers are 

considered.  

Based on the JRP logic we will design a policy that fits the software of Spar and can deal with multiple 

suppliers. This new algorithm provides a practical option for a JRP with full truckloads in a (R,s,nQ) 

environment. Overall, this thesis contributes to the practical implementation of a JRP with full 

truckloads for retailers. 

 



14 
 

4. Method 
In this chapter we introduced the policies Spar can use after a transport takeover. By deriving the 

policies, the answers on research questions 1 and 2 are provided. There are three order policies 

considered: first, we investigate a normal (R,s,nQ) policy; second we investigate a (R,s,nQ) policy with 

doubled review period; third, we investigate a JRP with full truckloads based on the work of Kiesmüller 

(2009). However, the full truck policy is altered to approach an (R,s,nQ) policy and cannot be used in 

practice. This will be explained in chapter 4.3. We will describe each policy and present the main 

properties. 

4.1 Policy 1, joint replenishment using current inventory logic 
Policy 1 will reproduce the situation in which Spar applies a transport takeover and does not change 

the inventory policy. In this case products are jointly replenished and the current inventory system is 

retained. The current inventory system is based on Slim 4 and the logic behind Slim 4 is replicated in 

the simulation.  

4.1.1 Properties 

The obtained policy is very easy to implement because Spar can maintain the current inventory logic. 

So inventory and backorder costs will stay at the current level. However, there are some downsides to 

this policy. The first disadvantage concerns the flexibility to demand fluctuations. For example, if Spar 

faces a sudden demand or drop, the set of suppliers should be altered to maintain a reasonable fill rate 

of the trucks. Also short disruptions in demand could affect the inventory costs. Second, the policy is 

not optimal with respect to transport costs, because a truck is always dispatched even when the truck 

utilization rate is low. This will increase total transport costs.  

4.2 Policy 2, larger review period 
In policy 2 the review period is doubled. The policy is easy to implement and can reduce transport 

costs. These gains follow from the characteristics of the transport costs function: It is more cost 

effective to dispatch two trucks every two weeks than to dispatch one truck every week. Two trucks 

can divide the stops, so the costs per truck fall when more trucks are dispatched. 

We have the option to increase the review period to two weeks, or even to a multiple of two weeks 

for some products. Potentially, some suppliers could even be visited every four weeks. However, in 

our sample, 75% of suppliers have at least one product with an expiration date below 31 days, so 

products that face severe outdating risks. Also the remaining 25% of suppliers have at least one 

relatively fast moving item. So using a review period larger than two weeks is not be beneficial for total 

costs. 

If Spar would increase the review period, it is recommended that Spar does not cancel half of the 

review periods. But simply doesn’t use half of the review period. If an unforeseen peak in demand 

occurs and an extra order is urgent, Spar can order de needed products at an unused review point. We 

estimate the costs of such an unexpected transport at €100,-. In the simulation we assume that an 

unforeseen demand peak occurs once in every 5 unused review period. 

4.2.1 Properties 

Doubling the review period is easy to implement and will probably lead to lower transport costs. This 

because the average weekly stops and transport miles are reduced sharply. However, the policy can 
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increase inventory costs. Because Spar must order for a larger period, inventories will rise and 

outdating risk increases.  

4.3 policy 3, JRP with full truckloads for (R,s,nQ). 
To check if transport costs can be reduced without altering the review period, we introduce the JRP 

with full truckloads for an (R,s,nQ) environment. This is an extension to the JRP in which only full trucks 

are dispatched. This policy is based on the work of Kiesmüller (2009). She describes an approach where 

the review period is given and the trucks are always full. First is decided how many trucks to dispatch, 

then the order up to levels of the products are altered to fill the truck(s). The policy of Kiesmüller is 

designed for an (R,S) environment. Because Spar uses an (R,s,nQ) system, the policy of Kiesmüller has 

to be altered. In the next part we derive the method used in Kiesmüller (2009). Next these derivations 

will slightly be altered to approach an (R,s,nQ) policy with full truckloads. However, the policy can only 

be used to approach the results of an (R,s,nQ) policy and cannot be used in practice. This will be 

explained in section 4.3.3.   

4.3.1 The policy of Kiesmüller (2009) 

For the derivations we introduce the following variables: 

𝑁 Number of different items. 
𝑉 Capacity of the truck. 
𝐴 Costs per truck. 
𝑇𝐶 Total transport costs. 
𝑃𝑡 Total driving distance to the suppliers. 
𝑀𝑡 Number of trucks dispatched for period t. 

𝐷0 (𝑇) Demand for product i at during T periods. 𝐷0 (𝑇) =  ∑ 𝐷𝑖 (1)𝑤𝑖 
𝑁
𝑖=1 . 

𝑌𝑖,𝑡  Inventory position for item i at t. 

𝐼𝑖,𝑡  Net-stock of item i at end of period t. 

𝐼𝑖,𝑡
+  Average positive inventory of product i in period t. 

𝐼𝑖,𝑡
−  Average negative inventory of product i in period t. 

𝑂𝑖,𝑡 Outdating on product i in period t 
𝑆𝑖,𝑡 Adapted order-up-to level for product i in period t.  

𝑤𝑖  The volume of item i.  
ℎ𝑖  Holding costs for item 𝑖.  
𝑏𝑖  Backorder costs for item 𝑖. 
𝐿𝑖 Lead-time for a replenishment for product i. 
𝑅𝑖 Review period for product i. 
𝑝𝑖  Price of one case pack of product i. 
 

The Kiesmüller policy is based on minimizing the total ordering costs, while maintaining full truckloads 

throughout the replenishment. The total costs of the policy can be calculated using the following 

formula: 

𝑇𝐶 =∑(𝐴𝐸[𝑀𝑡] +∑(ℎ𝑖 𝐸[𝐼𝑖,𝑡
+ ] + 𝑏𝑖𝐸[𝐼𝑖,𝑡

− ])

𝑁

𝑖=1

)

𝑡

𝑡=1

     (2) 

Where the fixed ordering costs depends on the number of trucks dispatched. 

And the number of trucks is equal to the total order volume, divided by the truck space, rounded to 

the closest integer: 
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𝑀𝑡 = [
𝑆0 − ∑ 𝑌𝑖,𝑡𝑤𝑖

𝑁
𝑖=1

𝑉
]       (3) 

 

To determine the total number of trucks, the total reorder volume  𝑆0 has to be determined. This is 

done by taking the sum of the individual optimal reorder levels purely based on the individual products. 

𝑆0 = ∑𝑆𝑖
∗

𝑁

𝑖=1

𝑤𝑖      (4) 

The reorder levels are determined by minimizing the total unconstrained cost function without 

transportation costs (equation 5). This is a typical newsboy equation, so the individual reorder levels 

can be calculated by taking the cumulative demand function in equation 6. 

min
 
𝐺(𝑆1, … , 𝑆𝑁) =∑ℎ𝑖𝐸

𝑁

𝑖=1

[(�̂�𝑖,𝑡 − 𝐷𝑖(𝐿𝑖 + 1))
+
] + 𝑏𝑖𝐸 [(𝐷𝑖(𝐿𝑖 + 1) − �̂�𝑖,𝑡)

+
]     (5) 

𝐹𝐷(𝐿𝑖+1)(𝑆𝑖
∗) =

𝑏𝑖
𝑏𝑖 + ℎ𝑖

      (6) 

Individual orders are made when the order up to level is higher than the inventory.  

𝑄𝑖,𝑡 = max{0, �̂�𝑖,𝑡 − 𝐼𝑖,𝑡}     (7) 

Now the total reorder volume 𝑆0 is determined and the number of trucks can be calculated by using 

equation 3. Next, the individual reorder levels (�̂�1,𝑡
∗ , … , �̂�𝑁,𝑡

∗ ) should be optimized. For this a myopic 

approach is used. The following optimization problem is formulated: 

min
(�̂�1,𝑡
∗ ,…,�̂�𝑁,𝑡

∗ )
∑ℎ𝑖𝐸

𝑁

𝑖=1

[(�̂�𝑖,𝑡 − 𝐷𝑖(𝐿𝑖 + 1))
+
] + 𝑏𝑖𝐸 [(𝐷𝑖(𝐿𝑖 + 1) − �̂�𝑖,𝑡)

+
]     (8) 

s.t. 

∑(�̂�𝑖,𝑡 − 𝑌𝑖,𝑡)𝑤𝑖 = 𝑀𝑡𝑉

𝑁

𝑖=1

    (9) 

�̂�𝑖,𝑡 − 𝐼𝑖,𝑡 ≥ 0      (10) 

The Lagrange multiplier 𝜆 is used to include the full truck restriction into the total costs equation when 

optimizing the reorder levels. This results in the following equation:  

 

ℒ(�̂�1,𝑡
 , … , �̂�𝑁,𝑡

 ) =∑(ℎ𝑖 + 𝑏𝑖)∫ (�̂�𝑖,𝑡 − 𝑥)𝑓𝐷(𝐿𝑖+1)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

+ 𝑏𝑖(𝐸[𝐷(𝐿𝑖 + 1)] − �̂�𝑖,𝑡)

𝑁

𝑖=1

− 𝜆 (∑(�̂�𝑖,𝑡 − 𝑌𝑖,𝑡)𝑤𝑖 −𝑀𝑡𝑉

𝑁

𝑖=1

)       (11) 

This can be optimized by taking the first derivative over the individual reorder level �̂�𝑖,𝑡: 
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𝜕ℒ(�̂�1,𝑡
 , … , �̂�𝑁,𝑡

 )

𝜕�̂�𝑖,𝑡
= (ℎ𝑖 + 𝑏𝑖)∫ 𝑓𝐷(𝐿𝑖+1)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

− 𝑏𝑖 − 𝜆𝑤𝑖       (12) 

The second derivative will then be: 

𝜕2ℒ(�̂�1,𝑡
 , … , �̂�𝑁,𝑡

 )

𝜕�̂�𝑖,𝑡
2

= (ℎ𝑖 + 𝑏𝑖)𝑓𝐷(𝐿𝑖+1)(�̂�𝑖,𝑡)        (13) 

Since 𝑓𝐷(𝐿𝑖+1)(𝑥)  ≥ 0 𝑎𝑛𝑑 ℎ𝑖, 𝑏𝑖 ≥ 0. The second derivative is always larger than 0 and therefore the 

function is convex. This indicates that the optimal value of the reorder level �̂�𝑖,𝑡
∗  can be found by setting 

the first derivative to zero. 

(ℎ𝑖 + 𝑏𝑖)∫ 𝑓𝐷(𝐿𝑖+1)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

− 𝑏𝑖 − 𝜆𝑡𝑡 𝑤𝑖 = 0  (14) 

∫ 𝑓𝐷(𝐿𝑖+1)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

=
𝑏𝑖 + 𝜆𝑡𝑤𝑖
ℎ𝑖 + 𝑏𝑖

     (15) 

𝐹𝐷(𝐿𝑖+1)(�̂�𝑖,𝑡
∗ ) =

𝑏𝑖 + 𝜆𝑡𝑤𝑖
ℎ𝑖 + 𝑏𝑖

       (16) 

In this way the problem is reduced to the calculation of the Lagrange multiplier. An iterative bisectional 

algorithm can calculate the optimal value of this multiplier. This is done by using equations 9 and 16.  

4.3.2 Change to the (R,s,nQ) policy 

In this section the policy of Kiesmüller will be altered to fit a (R,s,nQ) environment. Since the original 

policy uses an (R,S) policy, we have to add a minimum order quantity (MOQ). One way to do this is by 

altering the review period. For instance, a large MOQ -compared to weekly demand- can be 

approached by taking a relatively long review period. This is based on the approach used in Chainscope. 

The relation between MOQ and 𝑅𝑖 can be stated by the following formula, where 𝜇𝑖  represents the 

average demand during one review period: 

𝑅𝑖 = [
𝑀𝑂𝑄𝑖
𝜇𝑖

]        (17) 

The value of  𝑅𝑖 is rounded to power of two values. This is done to make sure each item is replenished. 

For example if an item has a high MOQ, the review period could become 19. So after 19 weeks the 

product is replenished. But if in this week a lot of other products are not reviewed, it could be that 

there is no transport at all that week. Though it takes 19 weeks before the product is reviewed again. 

This could lead to high backorders. By classifying the review periods in power of two values we prevent 

this from happening and avoid high backorders. 

Now the policy is translated to an (R,S) policy. However, this transition causes another problem: it 

allows products to have different review periods. This is contradicting with the policy of Kiesmüller 

(2009) in which all the review periods are equal. Therefore an alteration to the policy of Kiesmüller is 

introduced that makes it suitable for items with different review periods.  
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As a start, the variable 𝑣𝑖,𝑡 is introduced. This variable is a binary variable which indicates if a product 

is reviewed that period or not. For example, when there are five products and we are in week 3, the 

value of 𝑣𝑖,3 is equal to {1,1,0,1,0}, thus 𝑣1,3,𝑣2,3, 𝑣4,3 =1. So product 1, 2 and 4 are reviewed that period 

and product 3 and 5 are not reviewed at that instant.  

Now equation (4) can be altered to control for the products that are not reviewed. To determine the 

total number of trucks, now the individual 𝑣𝑖,𝑡’s are taken into account. This alters the formula: 

𝑆0,𝑡 = ∑𝑣𝑖,𝑡𝑆𝑖
∗

𝑁

𝑖=1

𝑤𝑖     (18) 

Thus the number of trucks is now only dependent on the products that are reviewed that period. 𝑀𝑡 

and 𝑆𝑖,𝑡
∗  are calculated using equations 3 and 6 respectively. Where in equation 3 𝑆0 is replaced by 𝑆0,𝑡 

from (18) 

Next, the total costs function is altered by implementing 𝑣𝑖,𝑡 and 𝑅𝑖. At every review instant the 

following minimization problem is defined: 

min
(�̂�1,𝑡
∗ ,…,�̂�𝑁,𝑡

∗ )
∑𝑣𝑖,𝑡ℎ𝑖𝐸

𝑁

𝑖=1

[(�̂�𝑖,𝑡 − 𝐷𝑖(𝐿𝑖 + 𝑅𝑖))
+
] + 𝑣𝑖,𝑡𝑏𝑖𝐸 [(𝐷𝑖(𝐿𝑖 + 𝑅𝑖) − �̂�𝑖,𝑡)

+
]     (19) 

s.t. 

∑𝑣𝑖,𝑡((�̂�𝑖,𝑡 − 𝑌𝑖,𝑡)𝑤𝑖 = 𝑀𝑡𝑉

𝑁

𝑖=1

    (20) 

�̂�𝑖,𝑡 − 𝑣𝑖,𝑡𝐼𝑖,𝑡 ≥ 0      (21) 

Note that the cost function is zero for all products that are not reviewed that period. Equations 19 and 

2 can be combined by adding the Lagrange multiplier. 

ℒ(�̂�1,𝑡
 , … , �̂�𝑁,𝑡

 ) =∑𝑣𝑖,𝑡(ℎ𝑖 + 𝑏𝑖)∫ (�̂�𝑖,𝑡 − 𝑥)𝑓𝐷(𝐿𝑖+𝑅𝑖)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

+ 𝑣𝑖,𝑡𝑏𝑖(𝐸[𝐷(𝐿𝑖 + 𝑅𝑖)] − �̂�𝑖,𝑡)

𝑁

𝑖=1

− 𝜆(∑𝑣𝑖,𝑡(�̂�𝑖,𝑡 − 𝑌𝑖,𝑡)𝑤𝑖 −𝑀𝑡𝑉

𝑁

𝑖=1

)       (22) 

In this way, the Lagrange function will become 0 if 𝑣𝑖,𝑡 is 0.The first order derivative can also be derived 

from this function: 

𝜕ℒ(�̂�1,𝑡
 , … , �̂�𝑁,𝑡

 )

𝜕�̂�𝑖,𝑡
= 𝑣𝑖,𝑡(ℎ𝑖 + 𝑏𝑖)∫ 𝑓𝐷(𝐿𝑖+𝑅𝑖)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

− 𝑣𝑖,𝑡𝑏𝑖 − 𝑣𝑖,𝑡𝜆𝑤𝑖       (23) 

And the second derivative shows that the function is convex: 

𝜕2ℒ(�̂�1,𝑡
 , … , �̂�𝑁,𝑡

 )

𝜕�̂�𝑖,𝑡
2

= 𝑣𝑖,𝑡(ℎ𝑖 + 𝑏𝑖)𝑓𝐷(𝐿𝑖+𝑅𝑖)(�̂�𝑖,𝑡) ≥ 0        (24) 

Next, the optimum of this function follows from setting the derivative to 0: 
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𝑣𝑖,𝑡(ℎ𝑖 + 𝑏𝑖)∫ 𝑓𝐷(𝐿𝑖+𝑅𝑖)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

− 𝑣𝑖,𝑡𝑏𝑖 − 𝑣𝑖,𝑡𝜆𝑤𝑖 = 0    (25) 

𝑣𝑖,𝑡

(

 
 
(ℎ𝑖 + 𝑏𝑖)∫ 𝑓𝐷(𝐿𝑖+𝑅𝑖)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

− 𝑏𝑖 − 𝜆𝑤𝑖

)

 
 
= 0    (26) 

𝑣𝑖,𝑡 = 0 𝑜𝑟 ∫ 𝑓𝐷(𝐿𝑖+𝑅𝑖)(𝑥)𝑑𝑥

�̂�𝑖,𝑡

0

=
𝑏𝑖 + 𝜆𝑤𝑖
ℎ𝑖 + 𝑏𝑖

       (27) 

So if 𝑣𝑖,𝑡 = 0, �̂�𝑖,𝑡 can be any value to be optimal. Since that product is not reviewed that period, �̂�𝑖,𝑡
∗  is 

set equal to 0. This to prevent any orders of that particular product. If 𝑣𝑖,𝑡=1, the order is reviewed and 

the critical fractile is used to optimize that order given the restriction. 

𝐹𝐷(𝐿𝑖+𝑅𝑖)(�̂�𝑖,𝑡
∗ ) = {

0,                             𝑖𝑓 𝑣𝑖,𝑡 = 0               

𝑏𝑖 + 𝜆𝑤𝑖
ℎ𝑖 + 𝑏𝑖

,                𝑖𝑓 𝑣𝑖,𝑡 = 1      (28)  
 

For the products that are reviewed, the optimal value for the value of the Lagrange multiplier can be 

calculated by using a bisection algorithm and equations 20 and 28.  

4.3.3 Properties 

The full truck policy will provide an optimal allocation over the available truck space and therefore will 

be optimal in terms of transport costs if transport costs are fixed. However transport costs are not 

fixed so it is questionable if the full truck policy outperforms policy 2 (double review period). 

Furthermore there are some other deficiencies of the full truck policy: 

 Outdating is not included. Leaving this out could be very costly, because the full truck extension 

can sharply increase the order size of a single product. Therefore a limit is set to the reorder level 

�̂�𝑖,𝑡
∗ . This limit follows from the expected demand during the shelf life in the DC. By setting these 

upper inventory levels, the outdating costs should remain within bounds. This is necessary 

because outdating cost are not optimized by the policy, but are included in the analysis. 

 The policy approaches the full truck policy by altering the review period. However, it cannot 

actually be used in practice. The policy cannot be used in practice since the policy is not capable 

of handling MOQ’s. The orders are increased with the fractile in equation 28. So orders should 

be able to be increased or decreased with one unit. One could argue that the full truck policy 

could be optimized by in terms if MOQs or by altering the cover period. However this is not 

sustainable because reorder levels and demand should also be modeled in terms of MOQs or 

cover periods. Furthermore, the bisectional algorithm will not converge completely when items 

are not able to be increased or decreased by one. 
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4.4 Conclusion 
Here we give a short wrap up of the proposed policies, also the expectations and properties of each 
policy is shortly presented, see table 3. 

  

policy description Properties/expectations 

Policy 1 Transport using the current inventory 
logic. 

-High transport costs 
-Low inventory 

Policy 2 Double the Review period, retain current 
logic 

-Low transport costs 
-Uncertainty is increased, this can lead to 
increasing holding costs, backorder costs 
and outdating costs. 
-High inventory 

Policy 3 Transport only with full trucks, based on 
the policy of Kiesmüller (2009) altered 
for a (R,s,nQ) policy. 

-Low transport costs 
-Can lead to extra holding, outdating and 
backorder costs 
-Outdating costs can increase 
-High inventory 

Table 3, overview of the investigated policy 
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5 Simulation Settings  
Because we cannot use an analytical method to compare the performance of each policy, a simulation 

study will be conducted. In this chapter the input variables for the simulation analysis will be explained 

and derived. There are several input variables for the simulation, some are available at Spar, and some 

have to be calculated and estimated. In this chapter we will explain how the critical input values for 

the simulation are derived. First we explain how demand distributions are derived from historical 

demand. Thereafter, we explain how the reorder levels are  determined. In the end we discuss the 

KPI’s and the corresponding assumptions and formulas. 

5.1 Demand generation 
In this section we determine how each product’s demand is distributed. We start with a year of 

historical demand which contains the SKU’s delivered to the Spar stores. This data only gives 

information about the demand that is actually met by Spar, so lost orders are not included in the data. 

Therefore, the distribution average is slightly increased to compensate for the lost sales.  

We have access to the historical data of one year for all 90 products. Based on the mean and variance 

of the historical demand data, an appropriate distribution is selected to model demand. In the next 

part is shown how the appropriate distribution is selected, but first we check the data for seasonality 

and a week pattern.  

5.1.1 Seasonality 

Demand for Spar’s products is typically higher in summer than in winter, because a significant part of 

Spar’s stores is located near touristic areas. Not all products are subject to this demand pattern. Animal 

care products for example, are usually not bought in touristic areas. To check if the products in our 

sample show seasonality, we model the aggregated demand of all products in the sample. The 

aggregate demand pattern is shown in figure 10. The three products with the highest demand are 

shown in appendix B. 

 

Figure 10, aggregated demand of the products in our sample over time 

Seasonality would imply a demand lift in summer months, however this is not visible in the figure. 

Furthermore, aggregated demand shows some peaks on Christmas, new-year and before the holiday 

“Bevrijdingsdag” (Liberation day). Besides some peaks, the main part of the product does not show 

any signs of seasonality. The time plot the three products that face the highest demand is given in 

aggregated demand over time

Demand
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appendix B. Appendix B also shows no clear sign of a summer lift. Therefore, we assume each product 

has a stationary demand distribution. 

5.1.2 Week pattern 

To make sure that demand is modeled correctly, we check if there is a strong week pattern in the data. 

In retail products are typically ordered prior to the busiest days, which are Friday and Saturday. So 

demand at the DC is typically larger on Thursday and Wednesday. However, Spar stores have 2 

restricted delivery days per week, which could counter this week pattern. Figure 11 shows the 

aggregated demand on each day of the week.  

 

Figure 11, aggregated weekly demand per day 

In figure 11 we observe an indication of a week pattern: there is a small peak on Tuesday and a low 

point on Friday. However, this cannot be linked to the expected week pattern. Furthermore, only the 

difference between Friday and the other days of the week is higher than one standard deviation. 

Between the other weekdays there is no significant difference. Because only Friday differs from the 

rest of the week and this is the opposite of the expected week pattern, we assume that there is no 

strong week pattern. 

5.1.3 Demand distributions 
In this part we derive the demand distribution for each product. Because there is no clear week 

pattern, the demand is modelled on a daily level. There are several options for a distribution: 

Continuous distributions like normal, uniform or Gamma distribution. But also discrete distributions 

like Poisson or binominal distributions. To find the optimal distribution we look at different 

characteristics of a distribution. Since demand of most products is quite low, a discrete distribution is 

a better option (Ramaekers & Janssens, 2008). The knowledge of Adan et al. (1995) is used to 

determine the correct distribution. Adan et al. state that the ideal distribution can be determined by 

looking at the variance to mean (VTM) ratio of the observed data. A VTM of one will indicate a Poisson 

distribution. Furthermore, if the VTM is below one, a binomial distribution is a best option; if the VTM 

is above one and below𝜇 + 1, the negative binomial distribution is the best option. For all products 

with a VTM above 𝜇 + 1, a geometric distribution is the best option. Based on the VTM ratios the 

optimal distributions will be chosen, but first the data had to be cleaned. The following observations 

were deleted from the data: 

 

Weekpattern of observed demand

Average

Stdev
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1) Promotional data  

2) Demand for export products 

3) Cross dock transports between DC Waalwijk and DC Alkmaar  

4) Sudden fall/rise in demand. 

5) Seasonal peaks (e.g. Christmas) 

The VTM ratios and means were calculated. The results of 90 products from 8 suppliers are stated in 

appendix D. Items with low demand typically have a VTM ratio close to one. The products with a higher 

mean should be modeled with care. Because these products have a major impact on the stochastics in 

the simulation. Though, for larger means, the VTM’s are higher. So for means larger than five and a 

VTM larger than one, a negative binomial distribution is used.  

The parameter of a Poisson distribution is quite straightforward, since Poisson has only one parameter 

which is equal to the mean of the distribution: 𝜆. 

To determine the optimal value of the NB distribution, Adan et al. (1995) provide the following rule. 

𝑖𝑓 
1

𝑘 + 1
≤ 𝑎 ≤

1

𝑘
 𝑓𝑜𝑟 𝑎 𝑐𝑒𝑟𝑡𝑎𝑖𝑛 𝑘 = 1,2,3,… 

𝑤ℎ𝑒𝑟𝑒 𝑎 =  𝑐𝑥
2 −

1

𝐸[𝑋]
 (29) 

The first two moments of Y are: 

{
𝑁𝐵(𝑘, 𝑝)                          𝑤. 𝑝.  𝑞,      

 𝑁𝐵(𝑘 + 1, 𝑝)                   𝑤. 𝑝.  1 − 𝑞
 

With: 

𝑞 =
(1 + 𝑘)𝑎 − √(1 + 𝑘)(1 − 𝑎𝑘)

1 + 𝑎
  (30),         𝑝 =

𝐸[𝑋]

𝑘 + 1 − 𝑞 + 𝐸[𝑋]
  (31)  

Based on this rule, the parameters k and p can be determined. The overview of the given demand 

distributions for the 90 products in the sample are given in appendix C. 

5.1.4 Export products 

Spar has growing export sales. Most of these export products are shipped from Spar’s DC to Asia, 

Suriname and Curacao. The main part of these export products is ordered before an order is placed at 

the supplier. In this way, there is no extra uncertainty for Spar. However, these export orders have to 

be transported with the normal orders. Thus an export order requires space in the truck. Therefore, 

export demand is modeled as a continuous variable that is subtracted from the total truck space. 

The export quantities for the sample suppliers are shown in appendix E, figure 24. The average export 

quantity is about half a pallet each week, but the variance is higher than this average.  Since export 

products are delivered by several suppliers, an export order is not rounded to whole pallets. Therefore, 

the amount of pallets is modeled as a continuous variable which is always greater than zero. Given this 

restriction and the high variance a Gamma distribution is the best option. The data is fitted on the first 

two moments of the Gamma distribution. The obtained distribution will be used to lower the available 

truck space in the simulation. 
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5.1.5 Demand generation 

The simulation contains negative binomial distributed variables and Poisson distributed variables. The 

Poisson random variables are generated using the random number generator in excel. Negative 

binomial variables are generated using the approach described in Law and Kelton (1991). First a 

random uniform [0,1] variable U is generated, based on this variable a geometric variable is calculated 

with: 𝑋 = ⌊ln(𝑈) /ln (1 − 𝑝)⌋. A negative binomial distribution (k,p) is the sum of 𝑘 geometric variables. 

Based on the fitting procedure of Adan (1995), a fraction 𝑞 is modeled as 𝑁𝑒𝑔. 𝐵𝑖𝑛~(𝑘, 𝑝) and a fraction 

1 − 𝑞 is modeled as 𝑁𝑒𝑔. 𝐵𝑖𝑛~(𝑘 + 1, 𝑝).  

5.2 Reorder levels 
Slim4 uses an (R,s,nQ) policy, based on this policy the correct reorder levels need to be determined. 

We have the target service level for each product. Therefore, we can calculate the correct reorder 

levels based on this target service level.  

We have to calculate which reorder level gives the desired 𝑃2-fill rate. This 𝑃2-fill rate is equal to the 

service level and is the fraction of demand fulfilled directly from inventory. The calculation of the 𝑃2-

fill rate is quite tricky. This because at Spar we assume a lost sales inventory system. A lost sales system 

implies that unmet demand is lost and thus not backordered. It is questionable if Spar really has lost 

sales system, because if a store does not get the product, the next order is enlarged. However, the 

data on demand is only on products that are delivered to the stores. Note that because the average 

service level is quite high, the difference between a backorder and a lost sales system is small.  

Van Donselaar and Broekmeulen (2013) have developed an approximation for determining the reorder 

level using a target fill rate in a lost sales environment. For the calculations we used the method of Van 

Donselaar and Broekmeulen (2013). They developed an improvement for the iterative method of Van 

Donselaar and Broekmeulen (2011). In this iterative method, the 𝑃2-service level of a backorder system 

(𝑃2
𝐵𝑂) is translated to a 𝑃2-service level for a lost sales system (𝑃2

𝐿𝑆). Van Donselaar and Broekmeulen 

derived the following formula for the service level in a backorder system: 

𝑃2
𝐵𝑂 =

1

𝑄𝜇𝑅
∑ ∑ [𝑃(𝐷𝐿+𝑅 = 𝑑) − 𝑃(𝐷𝐿 = 𝑑)](𝑑 − 𝑖 − 𝑠)

∞

𝑑=𝑖+𝑠

𝑄

𝑖=1

 (32) 

Equation 32 is used in an iterative method to approach a lost sales system. In this method the mean 

and variance of the lost sales system (D) can be approached by a backorder system with mean and 

variance D’. At each iteration the mean and variance of D’ are equal to the mean and variance of D 

times the fill rate for the lost sales system in the previous iteration. In the first iteration D = D’(Van 

Donselaar & Broekmeulen, 2011). 

�̂�2,𝑖+1
𝐿𝑆 (… , 𝐷,… ) = 𝑃2

𝐵𝑂(… , 𝐷𝑖
′, … )   (33) 

This approximation could still be improved. Van Donselaar and Broekmeulen (2013) state that the 

precision is determined by the coefficient of variation, 𝑐𝐿+𝑅, and the number of orders outstanding, 

𝑛𝑂𝑂. When the 𝑛𝑂𝑂 is below five (which is the case for all the products in the sample), the new 

improved 𝑃2
𝐿𝑆 has a linear relation to the old approximation for 𝑃2

𝐿𝑆(𝐷𝑜𝐵𝑟).  

𝑃2
𝐿𝑆(𝑛𝑒𝑤) =

𝑃2
𝐿𝑆(𝐷𝑜𝐵𝑟) − 𝛼(𝑛𝑂𝑂)

𝛽(𝑛𝑂𝑂)
 (34) 
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𝛽(𝑛𝑂𝑂) = 0.062𝑛𝑂𝑂 + 0.87  

𝛼(𝑛𝑂𝑂) = 0.9980 −  𝛽(𝑛𝑂𝑂)  

With: 

𝑐𝐿+𝑅 =
𝜎

𝜇√𝐿 + 𝑅
 (35) 

𝑛𝑂𝑂 =
𝐿𝜇

max (𝑄, 𝑅𝜇)
 (36) 

Based on this procedure the reorder levels are calculated to reach the target service levels for each 

product. 

5.3 Key performance indicators 
In this part we explain how the key performance indicators are calculated. The method of calculation 

and the assumptions made for some of the cost functions are stated. We start with the KPI’s associated 

with inventory, thereafter the cost parameters are derived. 

5.3.1 Inventory performance indicators 

5.3.1.1 Service level 

The service level is based on a P2 service level and is calculated as the percentage of demand that is 

directly met from inventory. 

5.3.1.2 Average inventory 

The average inventory is calculated in terms of the required DC space. There are 23 different location 

sizes in the DC, but we take the most common location sizes. We assume that for every product, a full 

pallet is 2 meters high and the pick location is equal to the size of one MOQ. Based on this assumption 

we calculated the following location sizes: 

Pallet fill rate (𝑭𝒑) Location size 

𝑭𝒑 > 𝟕𝟓%  2 meter 

𝟓𝟎% < 𝑭𝒑 ≤ 𝟕𝟓%  1,5 meter 

𝟐𝟓% < 𝑭𝒑 ≤ 𝟓𝟎%  1 meter 

𝑭𝒑 < 𝟐𝟓%  0,5 meter 
Table 4 overview of the location sizes used to store the pallets  

5.3.1.3 Peak inventory 

The peak inventory is consists of the maximum inventory locations needed throughout the simulation. 

This is measured in the same unit as average inventory 

5.3.2 Cost parameters 

In this part the cost parameters associated with inventory, handling and transportation are derived. 

We consider three different kind of inventory costs: backorder costs, holding costs and outdating costs. 

Next handling and transport costs are derived. 

5.3.2.1 Backorder costs 

Backorder costs relate to the obtained loss when an item cannot be delivered by Spar to the stores. 

Spar does not allow backorders, but induces lost sales when an item is not available. Note that we will 

further in this thesis use the term backorder to refer to a lost sale. The costs of these lost sales are a 
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combination of the lost margin on potential sales and lower consumer/store-owner satisfaction. 

Especially this satisfaction is hard to capture in a value, therefore we will use three values of backorder 

costs in the simulation. 

To calculate the lost margin, we use the average margin at Spar. A product’s unique margin alone is 

not sufficient because in retail some margins are negative. This negative margin is the result of the 

critical role of the product in consumer satisfaction and price perception. To compensate for the 

negative margin we chose to model backorder costs as a percentage of the average margin of all 

products. The average margin is given in percentages. 

We calculate the backorder costs as the potential profit loss due to a lost sales. However, the question 

is does a backorder at the DC directly lead to a lost sale at the store? Lot sales occur if product X is not 

delivered by Spar to the store. And the store has no more inventory of product X. Then customers are 

facing an out of stock (OOS) and will spend less at the supermarket. Because stores also holds some 

inventory, a backorder at the DC does not directly lead to an OOS in the store. Furthermore, an OOS 

at the store does not directly lead to a lost sale, because consumers are often willing to substitute. 

Overall, we need to know the probability that an OOS at the DC leads to a lost sale at the supermarket. 

We name this the probability of lost sales (𝐿𝑆%). 

First we determine the probability that a backorder leads to an OOS at the store. At Spar there is data 

on the OOS in 2012 is available. From this data we could conclude that around 50% of the backorders 

at the DC resulted in an OOS in the store.  

To determine if an OOS at the store leads to a lost sale we use the work of Corsten and Gruen (2003). 

Corsten and Gruen (2003) collaborated on consumer behavior when facing an in store OOS2. They 

stated that on average 40% of the OOS cases in store leads to a lost sale. However, consumers are 

dissatisfied when facing an OOS and customers could switch to other retail chains. Therefore we 

multiply the lost sales by the estimated factor 1, 2 and 4 representing the loyalty of the customers. The 

underlying assumption is that a part of consumers will prefer another retail chain when facing to many 

OOS occasions.  

Concluding, backorder costs (𝑏) can be captured by equation 37. Based on the average margin in 

percentages (�̅�), the probability of a backorder at the DC leading to a lost sales in the store (𝐿𝑆%) and 

the price of the product (𝑝) 

𝑏𝑖 = 𝐿𝑆% ∗ �̅� ∗ 𝑝𝑖  (37) 

𝑇𝐵𝐶 =∑𝑏𝑖 ∗ 𝐴𝐵𝑖

𝑛

𝑖=1

 (38) 

Where TBC presents the total yearly backorder costs and 𝐴𝐵𝑖  present the average yearly backorders 

of product i. 

The average probability of lost sales at the store is set at 20% of the average margin. This 20% follows 

from the assumption of 40% OOS to lost sales conversion. Which implies that if a product is OOS in the 

store, it leads to a lost sale (so no substitution or delay of purchase) 40% of the time. Next, a backorder 

at the DC leads to an OOS in the store 50% of the time. Multiplying 40% with 50% gives us a probability 

                                                           
2 Note that the reserach of Corsten and Gruen was also on promotional data. 
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that a backorder at the DC leads to a lost sale at the store of 20% (𝐿𝑆%). Since backorder costs are 

hard to define, the simulation is executed for multiple values of the backorder costs. The loyalty 

multiplier is set at {1,2,4}. Based on these findings we estimate the average backorder costs: 

[0.2*�̅� ∗ 𝑝𝑖, 0.4*�̅� ∗ 𝑝𝑖,0.8*�̅� ∗ 𝑝𝑖] 

This allows us to check the sensitivity of the model for the assumptions on backorder costs. 

5.3.2.2 Holding costs 

The holding costs, or costs of carrying inventory depend the costs of capital. Because only cost of 

capital varies when inventory increases or decreases. The total holding costs are calculated using the 

following function: 

𝑇𝐻𝐶 = ∑ℎ ∗ 𝑝 ∗ 𝐴𝐼𝑖 (39)

𝑛

𝑖=1

 

Where THC are the yearly total holding costs, p is the products price, 𝐴𝐼𝑖  is the average inventory for 

product i and h is the costs of capital per year. The yearly costs of capital are set to 2% of the 

inventory value.  

5.3.2.3 Outdating costs 

Outdating costs are also straightforward: it are the cost associated with perished products. Spar 

receives a fixed percentage (𝑜) of the original price from an external buyer for each expired product. 

Total outdating cost are therefore equal to:  

𝑇𝑂𝐶 = ∑𝑝𝑖 ∗ 𝑜 ∗ 𝐴𝑂𝑖

𝑛

𝑖=1

 (40) 

Where TOC present the average yearly outdating costs, 𝐴𝑂𝑖 presents the average outdating of 

product 𝑖. 

Average outdating is based on the minimum shelf life contracted between retailer and supplier. 

However, in most cases the actual shelf life is a lot higher. But it would be naïve too assume that each 

product has a higher shelf life than contracted. Therefore, outdating costs are based on the minimum 

shelf life, this is assumed to be the true value of shelf life for each product. 

5.3.2.4 Handling costs 

Handling costs are the costs associated with handling the goods in Spar’s DC. Among handling activities 

are, storing, receiving and picking of the goods. Since the scope of this project is on the incoming part 

of the supply chain, the picking process is left outside of handling costs calculation. Note that this will 

cause handling costs to be a lot lower than typically reported in research, since picking is the most 

labor intensive part of the process. For handling costs we consider receiving and storing the goods. An 

incoming batch of goods is placed in the DC by the truck driver. Next the receiving department scans 

and checks the products. After scanning, the WMS then sends a message to one of the forklift 

operators, which will store the goods. The costs of these operations were determined by Nolten 

(2014). Handling costs only depend on the number of MOQ’s and not on the pallet’s fill rate. Therefore 

the handling costs can be approached by the following formula for calculating the yearly total handling 

costs: 
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𝑇𝐴𝐶 = ∑ℎ ∗ 𝐴𝑃𝑖

𝑛

𝑖=1

 (41) 

Where TAC, presents the total yearly handling costs, ℎ presents the fixed handling costs per pallet, and 

𝐴𝑃𝑖 is the average number of MOQ’s ordered per year. Spar stores the products on its MOQ. Note that 

throughout the simulation the MOQ’s stay constant. However, if Spar constantly orders multiple MOQs 

of the same product, the size of the MOQ can be increased to reduce handling costs. 

5.3.2.5 Transport costs 

The transport costs are calculated using table 1 and 2 in section 2.3. The size of the truck is 26 pallets, 

this is a standard truck and has the best price given its volume. The driver of the truck is responsible 

for loading the truck, but there are some restrictions: 

 The suppliers stack all products on pallets, for each product is given how much can fit on one 

pallet. There can be multiple products on one pallet. For example, if there can fit 6 pallet layers 

on 1 pallet. There can be 6 different products stacked on 1 pallet by using pallets in between.  

 An order of a supplier is always stacked on at least one pallet. 

 There is no inter stacking between suppliers. We cannot expect that a truck driver perfectly 

loads the pallets in the truck. Therefore, the amount of pallets at every supplier is rounded up 

to integers. In the simulation of policy 3, stacking cannot be rounded up given the optimization 

algorithm. Therefore, we assume that the stacking of goods costs on average 
1

2
 pallet per 

supplier visited. So in the full truck policy of Kiesmüller (2009), the effective space of a truck 

is reduced with 4 pallets.  

5.3.3 Utilization rates 

Lastly, we consider utilization rates of trucks and pallets. The truck utilization rate depends on the 

average number of pallet places that is used per truck. Pallet utilization rate consists of the average fill 

rate of each pallet. Not all pallets are completely filled, because only the products from one supplier 

are stacked on a pallet. Note that the policy of Kiesmüller is not able to round the order volume per 

supplier. Therefore, the pallet fill rate is not applicable for this policy. 
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6 Simulation and verification 
In this chapter we will shortly explain the simulation settings. In the first part we explain how the warm 

up period is determined. Next we discuss the simulation length and confidence intervals. In the second 

part the verification is done per policy. In policy 1 and 2 are verified by using the desired service level, 

policy 3 is verified by comparing each products average order size with its MOQ. 

6.1 Simulation 
The simulation is performed making using excel. Each run contains 4998 days, which corresponds to 

833 weeks. This number is chosen because excel has trouble handling larger simulations. Each week 

contains 6 days because Spar’s DC and almost all the Spar stores are closed on Sunday. In the 

simulation a warm up period is determined by applying the method of Welch described by Law and 

Kelton (1991). Furthermore there are five runs per value of backorder costs. 

6.1.1 Warm-up period. 

The starting inventory is equal to the reorder level, therefore the system takes some time to converge 

to a stationary state. The data of this converging period should not be used when calculating the KPI’s, 

so a warm up period is used. 

We use the method of Welch to determine the appropriate warm up period. This is a rather simple 

method to determine the average time the system takes to converge to a stationary state. We chose 

to observe the aggregate inventory level. In the method of Welch a moving average after 𝑛 replications 

is used. The ‘size’ of the moving average is determined by the chosen window. A window of 2 implies 

a moving average of 2 steps back in time and two steps ahead. The window should be chosen such 

that the graph is smooth. The warm up period can be determined using the obtained graph. The system 

is in converged when the moving average is constant (Law and Kelton, 1991). 

We made 5 replications of the simulation and use a window of 60 days for the moving average. We’ve 

modeled the aggregated inventory level to check how long it takes the system to converge to a 

stationary level. The results are visible in figure 12 

 

Figure 12, visual determination of the warm up period 
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From figure 12 can be concluded that the system seems to be converged around 70 days. To be sure 

we take a warm up period of 80 days. 

6.2.2 Confidence intervals 

Based on the computational time of policy 3, the full truck policy, we decided to limit the number of 

runs to 5. Each run contains 5000 days. 

Law and Kelton (1991) describe a method to determine confidence intervals for the KPI’s, these 

intervals are calculated using equation 42: 

𝛿(𝑛, 0.95) = 𝑡
𝑛−1,1−

𝛼
2

√
𝑆2(𝑛)

𝑛
,        𝛾′ =

𝛾

1 + 𝛾
 (42) 

 

6.2 Verification 
The simulation results are verified in two steps. In the first step we verify the results by searching for 

unrealistic values. Such as order sizes below zero, greater than the truck size and larger than the 

maximum inventory. These values were not present in any of the results. The second step consists of 

an individual approach for the different policies. For policy 1 and 2 we compare the resulting service 

levels to the desired service level. For policy 3 we compare the average order sizes with the MOQ of a 

product.  

The service levels resulting from the simulation should be equal to the desired service levels. The 

desired service levels are chosen in Slim4. We use an aggregated service level for all products 

combined. This is calculated by calculating the total fulfilled demand relative to total demand: 

𝑃2 =  
∑ 𝑃2𝑖𝐷𝑖
𝑛
𝑖=1

𝐷𝑖
 (43) 

The desired P2 service level is equal to 94,76%. The simulated service level is slightly higher: The 95% 

confidence interval for the service level is between 94,93% and 95,14% for policy 1.  For policy 2 the 

service levels differ a little bit more, the 95% confidence interval is between 95,12% and 95,24%. This 

marginal difference can be declared by the fact that service levels are set to be greater or equal to the 

desired service level. Based on these results we can verify the numerical analysis for policy 1 and 2. 

To verify the JRP with full truckloads, policy 3, we compare each product’s average order size (AOS) 

with the corresponding MOQ. We altered the full truck policy of Kiesmüller (2009) to approach an 

(R,s,nQ) policy. If this approach was successful, the AOS should be equal or greater than the MOQ. The 

relation between MOQ and AOS is given in figure 13.  
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Figure 13, overview of the observed average order sizes in the simulation, compared to the actual MOQ 

The figure shows that most values are above the AOS=MOQ line. 9 products have an AOS that is more 

than 20% lower than its MOQ. These products fall below this line because we used power of two review 

periods. As described in chapter 4.3, products were divided into power of two review periods and the 

closest review period was chosen. For example if a product has an MOQ of 66 and a daily demand of 

1, the review period to approach this would be: 
66

6∗1
= 11 weeks. However, 11 is not a power of two, 

hence the product is divided into the review period 8. Because the review period is lowered, the AOS 

is lower than the corresponding MOQ.  

Next, the trend line in figure 12 indicates a one-to-one relationship between AOS and MOQ. These 

findings indicates that the full truck policy with alternative review periods approaches a policy with 

MOQs. Also the full truck simulation showed an average truck utilization rate of 99,7%. There are no 

negative order sizes and no infinite inventories. So we can assume the simulation model concerning 

policy 3 is valid. 
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7. Results 
In this section we present the simulation results for the polices presented in chapter 4. For 

confidentiality purposes, the results are presented relative to policy 1. In policy 1 Spar arranges 

transportation while maintaining the current inventory logic. The results show that increasing the 

review period and filling the trucks can reduce total costs. We first provide a short overview of the 

results. Next we zoom in on the cost structure per policy. 

7.1 General results 

In this section we discuss the general results. The results for total costs and service levels are shown in 

table 5 and 6. Total costs are presented as index numbers with the results for policy 1 as basis. Next to 

the index numbers, the relative 95% confidence intervals are given. 

b Policy 1 95% CI Policy 2 95% CI Policy 3 95% CI 

low 100,00 ±0,26 72,05 ±0,16 77,92 ±0,94 

middle  100,00 ±0,24 72,44 ±0,49 81,73 ±1,76 

high 100,00 ±0,27 73,54 ±0,31 84,23 ±0,43 

Table 5, total costs resulting from the simulation 

b Policy 1 95% CI Policy 2 95% CI Policy 3 95% CI 

low 95,04% 0,06% 95,21% 0,10% 92,38% 0,18% 

middle  95,07% 0,02% 95,23% 0,04% 93,89% 0,30% 

high 95,12% 0,08% 95,24% 0,05% 95,31% 0,12% 

Table 6, service levels resulting from the simulation 

The total costs and the 95% confidence intervals in table 5 and 6 show a significant difference between 

all three policies. Policy 2 and 3 provide a great improvement to policy 1 in terms of total costs, while 

service levels all stay on an acceptable level. Only for policy 3, the full truck policy of Kiesmüller (2009), 

the service levels fall below 95% when backorder costs are not high.  

The value for backorder costs slightly influences the results. Only policy 3 performs better under low 

values of backorder costs. Besides these differences, the results are not highly sensitive to the 

assumptions of backorder costs. Therefore we zoom in on the cost structure of each policy using the 

median value of backorder costs.  

7.2 Results per policy 
In this section, the results will be discussed per policy. We will elaborate on the different cost drivers 

and dynamics of each policy. We have found the following cost structure and KPI’s per policy: 
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KPI Policy 1 Policy 2 Policy 3 

Total cost (year) 100,00 -27,6% -18,3% 

Transport costs 83,54 -36,3% -26,6% 

Holding cost 1,14 +38,4% +35,5% 

Backorder cost 4,22 -2,9% 6,2% 

Outdating cost 1,66 +226,3% +148,1% 

Handling costs 9,45 -14,2% +9,2% 

Average inventory 100,00 +21,5% +32,4% 

Peak inventory 136,91 +34,% +57,1% 

Truck utilization rate 0,814 0,875 0,997 

Pallet utilization rate 0,830 0,918 N.A. 

Table 7, cost structure and kpi’s for b=middle, with policy 1 as basis 

 

  

Figure 14, observed cost structure per policy for b=middle 

The results for low and high values of backorder costs are given in appendix F, the confidence 

intervals are given in appendix G.  

7.2.1 Results for policy 1 
Policy 1 replicates the situation in which Spar uses the current inventory logic after a transport 

takeover. In this situation a truck is dispatched every week independently of the fill rate. In table 7 

policy 1 is taken as a basis and the total costs are shown as index numbers. These numbers are based 

on the contribution to total costs. At first sight we can see that transport costs make up the largest 

part of the total costs: 83,45%. So reducing transport costs has a major effect on total costs. Figure 15 

shows that inventory levels stay low for policy 1. Overall, we can conclude that policy 1 is good for 

maintaining low inventory levels, but is too expensive in terms of transport costs.  

Policy 1, regular
policy

Policy 2, double
review period

Policy 3, full truck
policy

Total costs 

Handling costs

Outdating cost

Backorder cost
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Transport costs
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Figure 15, Inventory locations needed for policy 1 and 2, based on 300 days, blue line represents the two weekly floating 
average 

7.2.2 Results for policy 2 

From figure 14 and table 7 we conclude that implementing policy 2 (R=2) leads to a significant decrease 

in total costs. Doubling the review period causes transport costs to drop significantly. Transport costs 

are lowered because two reasons. First, the costs of two trucks are only marginally higher than the 

costs of one truck. In policy 2, two trucks are dispatched every two weeks. Second, the pallet utilization 

and truck utilization is increased. Pallet utilization increases because the loss of space due to rounding 

is only incurred once every two weeks. So there is relatively more stacked on each pallet.  

Furthermore, the average service level remains roughly constant. By maintaining this service level the 

average inventory rises and will take up more space at the DC (figure 15, policy 2). These higher 

inventories will increase outdating and holding costs. However, outdating and holding costs are still 

relatively small cost drivers. Note that the extra inventory requires more space at the DC, which can 

cause a problem once the policy will implemented for many suppliers. 

7.2.3 Results for policy 3  

Also policy 3, the full-truck policy of Kiesmüller, leads to significant costs savings compared to policy 1. 

Overall, the full truck policy decreases total costs with 15% up to 22%. However, the full truck policy 

was still outperformed by a simple policy with a double review period (policy 2). This can be 

determined by the fact that the policy of Kiesmüller is optimized given the assumption of fixed 

transport costs per truck. This assumption does not hold in our study, which allows policy 2 to 

outperform the full truck policy.  

When designed for a double review period, the full truck policy is highly likely to outperform policy 2. 

Due to computation times, we were limited to one run for policy 3 with a double review period. The 

results are visible in figure 16. This figure shows that doubling the review period can sharply reduce 

transport costs in a full truck setting. When backorders and outdating are managed better, the policy 

gives the lowest costs. Thus the best results will be provided by a combination of increasing the review 

period and filling the trucks. In the next part we shortly explain the observed features of the full truck 

policy. 
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Figure 16, cost structure including the full truck policy with a double review period 

In the policy of Kiesmüller, order-up-to levels are set optimally considering the backorder and holding 

costs. Each week, the total order volume is calculated to decide how many trucks to use. Next, all the 

trucks are filled by enlarging or decreasing each product’s initial order. Orders are altered relative to 

their volume, backorder costs and holding costs, see equation 28. The inventory effects of the full truck 

policy can are shown figure 17. The figure shows that once there are two full trucks, there is a high 

chance of having no order next week. Furthermore we observe that the replenishment pattern seems 

to switch between an R=2 and an R=1 policy. One could expect that the order-up-to levels approximate 

an R=2 policy, however due to the different review periods this is not the case and each week the 

order–up-to levels differ greatly. The review periods were altered to approximate an (R,s,nQ) policy 

and divided into power of two categories. This implies that at most review points, a different set of 

products is reviewed. This causes the large fluctuation in order size visible in figure 17. The blue line 

shows the floating average with period 12, this average gives the indication that there are some 

fluctuations in average demand. If all products would have the same review period, the full truck policy 

would be more stable.  

A drawback of the full truck policy concerns the initial decision on the number of trucks. The number 

of trucks is based on the initial order size in trucks, which is rounded to the closest integer. This is 

optimal when the costs per truck are fixed. However, the costs per truck decrease once more trucks 

are dispatched. So if an order is larger than one truck it is always more profitable to order 2 full trucks 

instead of 1 full truck. This finding is used when designing an optimal order policy for Spar in chapter 

8. 
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Figure 17, inventory locations needed for policy 3 based on 300 days, blue line indicates the floating average for two weeks 

7.3 Conclusion 

The results showed that total costs highly depend on transport costs. Two policies were investigated 

that can effectively reduce transport costs: increasing the review period (policy 2) and transporting 

with full trucks (policy 3). Filling the trucks provided significant costs savings, between 15% and 18%. 

Increasing the review period provided even larger costs savings, between 27% and 28%. We focus on 

designing a policy for Spar based on a review period of two weeks in which the trucks are filled. This 

combination should lead to an optimal policy for Spar. 
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8. Optimal order policy for Spar  
In this part we answer the third sub-question and design an optimal order policy for Spar. The goal is 

to design a policy that fits Spar’s software and will reduce total costs. The results in chapter 7 showed 

that filling the trucks and doubling the review period can decrease transport costs. In this chapter we 

combine both ideas. We start with a filling algorithm of Slim4. Next we propose three improvements 

which make the algorithm more cost efficient. In the end we verify the simulation model and present 

the results of the designed policy. 

8.1 Slim4 filling algorithm 
As described before we design an algorithm that can fill the trucks using a review period of two weeks. 

Since Spar is not using each review period, we add a budget of €100,- to deal with unexpected peaks 

in demand once in every 5 unused review periods. This policy is highly likely to reduce total 

replenishment costs compared to the policies previously investigated in this thesis. By filling the trucks 

inventory is stored in small steps, until in the future there is a review period in which only less trucks 

are needed. Although the savings of one truck are not spectacular, it will still reduce transport costs by 

some percentages.  

In the full truck policy of Kiesmüller (2009) the total order size is rounded to determine the number of 

trucks. However, the second truck is relatively inexpensive. It will be more cost efficient to dispatch 

two full trucks once the initial order volume is larger than 26 pallets. Therefore, we design an algorithm 

that only fills truckloads. The number of trucks is determined via the following equations: 

𝑀𝑡 = ⌈
𝑂�̂�0,𝑡
26

⌉ (44)    

Where 𝑂�̂�0,𝑡 presents the initial order volume. This is equal to the sum of the up-rounded order sizes 

for supplier 1 to 8. Note that multiple products from the same supplier are stacked on one pallet. 

However, each pallet always contains products from a single supplier. 

𝑂�̂�0,𝑡 =∑⌈∑ 𝑤𝑖 ∗ �̂�𝑖,𝑡

𝑥𝑗

𝑖=𝑦𝑗

⌉

8

𝑗=1

 (45) 

Where j represents the supplier, 𝑦𝑗  and 𝑥𝑗 represent respectively the first and last product of supplier 

j and  𝑤𝑖 is the volume of one unit of product i. 

An initial order of product i in period t:  �̂�𝑖,𝑡is determined by taking: 

�̂�𝑖,𝑡 = ⌈
𝑠𝑖 − 𝐼𝑖,𝑡
𝑀𝑂𝑄𝑖

⌉ ∗ 𝑀𝑂𝑄𝑖   (46) 

After the initial number of trucks is determined, the orders are increased to full truckloads. The filling 

algorithm is based on the inventory software Slim4 (Slimstock, 2015). Slim4 has a built in option that 

can enlarge the orders until the trucks are full. All orders are enlarged by increasing the cover period 

until the required truck volume is reached. So all products are ordered for a slightly larger period to fill 

the total truck volume. Based on this approach, every order can be increased, also if there was no 

initial order before filling. Spar already uses this feature of Slim4 to fill the trucks containing several 

suppliers from the same logistic service provider. (Slimstock, 2015). 
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At every review instant each product’s inventory is checked and if necessary, an order is placed. Next, 

the orders are increased using expected daily demand over additional period 𝑝𝑡. The cover period is 

increased until the order for cover period 𝑝𝑡 + 1 is larger than the available space.  

So increase orders with period 𝑝𝑡 until: 

𝑂𝑉0,𝑡 =∑⌈∑ 𝑤𝑖 ∗ 𝑂𝑖,𝑡

𝑥𝑗

𝑖=𝑦𝑗

⌉

8

𝑗=1

= 𝑀𝑡 ∗ 26 (47) 

The final order size of product 𝑖 in period t is equal to: 

𝑂𝑖,𝑡 = ⌈
𝑠𝑖 − (𝐼𝑖,𝑡 − 𝑝𝑡 ∗ 𝐸[𝐷𝑖])

𝑀𝑂𝑄𝑖
⌉ ∗ 𝑀𝑂𝑄𝑖  (48) 

Where 𝐸[𝐷𝑖] is the expected daily demand of product i, 𝑠𝑖 is the reorder level and 𝐼𝑖,𝑡  is the inventory 

of product i in period t. The enlargement period 𝑝𝑡 can be found by calculating all order sizes between 

[0, 12] days with a precision of 0,05. There is a range of algorithms that can be used to calculate the 

value of p for which the truck is full in pallet places. However, an overview of all options is needed to 

calculate the division of suppliers used in the next part.  

8.2 Improvements to the basic algorithm 
We have found three improvement opportunities when applying the filling algorithm of section 8.1. 

The first concerns the filling process. The orders are increased until the total volume is equal to full 

trucks. But this often leads to two trucks visiting one supplier as described in chapter 2.3. This is costly 

and should be prevented. Second, outdating costs rise because the system does not take outdating 

into account. Finally, we noticed that not all pallets are full. Because orders are enlarged until the truck 

is full in terms of pallet places, there is often still place on one pallet per supplier. Based on the 

described deficiencies we present three improvements to the original slim4 filling algorithm. 

8.2.1 Prevention of overlap between suppliers 

The first improvement considers the filling process of the truck. If the truck is filled only on total order 

volume, it could be that two trucks have to visit the same supplier. When advancing the orders, the 

algorithm stops once there is a division of suppliers for which both trucks are full without overlap. 

When orders are advanced, not the total order size, but the order size for each possible combination 

of suppliers is determined. We assume suppliers are visited in order of location, so there are seven 

possible combinations, see table 8. Orders are advanced until there is a truck division for which both 

trucks are full or larger than full. Next, orders from the truck that is larger than full are lowered until 

the truck is exactly full. So it could be that orders from truck 1 are advanced with a larger period than 

orders from truck 2. In this way we avoid the overlapping of trucks and therefore decrease transport 

costs.  

Truck division 1 2 ……. 7 

Truck # 1 2 1 2 ……. 1 2 

Visits supplier(s) 1 2 to 8 1,2 3 to 8 ……. 1 to 7 8 

Table 8, possible combinations of suppliers per truck 
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So 𝑝𝑡 now changes to 𝑝𝑗(𝑖),𝑡 as the advancement period now depends on the supplier from which the 

product is ordered. The order size per product changes to: 

𝑂𝑖,𝑡 = ⌈
𝑠𝑖 − (𝐼𝑖,𝑡 − 𝑝𝑗(𝑖),𝑡 ∗ 𝐸[𝐷𝑖])

𝑀𝑂𝑄𝑖
⌉ ∗ 𝑀𝑂𝑄𝑖   (49) 

8.2.2 Outdating limits 

To prevent outdating we set a limit to the inventory level. A straightforward inventory maximum that 

is used in policy 3 is not possible, because products are now subject to their MOQ. Increasing order 

sizes with MOQ’s which will ‘push’ some products to their maximum, which will increase the risk of 

outdating. Therefore, we derive a new inventory limit for each product. We determine this limit by 

choosing a maximum for the expected outdating. Outdating occurs if the inventory of a product is 

higher than the sales during the shelf life. The expected outdating per product can be calculated by 

the following formula: 

𝐸[𝑂𝑈𝑖] = ∑(𝐿𝑖 −𝑚) ∗ 𝑃(𝐷𝑖(𝑆ℎ𝑒𝑙𝑓𝑙𝑖𝑓𝑒) = 𝑚)

𝐿𝑖

𝑚=1

(50) 

Where 𝐿𝑖, is the inventory limit and 𝑃(𝐷(𝑆ℎ𝑒𝑙𝑓𝑙𝑖𝑓𝑒) = 𝑚) is the probability that demand during DC 

shelf life date of product i is equal to m. Note that equation 50 represents maximum outdating because 

we assume that inventory after delivery is always equal to inventory limit 𝐿𝑖. Actually, the actual 

inventory after delivery is usually lower.  

We consider relative outdating as the fraction of demand that is lost due to outdating. (Van Donselaar 

& Broekmeulen, 2015) The outdating ratio or outdating percentage can be calculated via: 

𝐸[𝑂𝑈𝑖]

𝐷𝑖(𝑆ℎ𝑒𝑙𝑓𝑙𝑖𝑓𝑒)
  (51) 

We want to know what the optimal maximum outdating ratio is, therefore we test the performance 

of several target ratios. Equations 50 and 51 can be used to calculate the order limit that fits a certain 

target ratio. If the calculated inventory limit was below the MOQ, the MOQ is taken as the inventory 

limit. Otherwise the product will never be ordered.  

We used simulation to investigate the effect of each outdating ratio on total costs. Low ratios will lead 

to many backorders, since products are generally not ordered. While high ratios can lead to high 

outdating costs. The following values for the outdating ratio were used in the simulation: 

{0.5%, 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%} 

The results are given in Appendix H, appendix I contains the 95% confidence intervals. An overview of 

the development of total costs is given in figure 18, note that the vertical axis of this figure starts at 

95% of total costs. 
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Figure 18, total costs per policy for various levels of outdating ratio, vertical axis starts at  

Based on figure 18 and appendix H we can conclude that total costs are minimized at a ratio of 0.5% 

when backorder costs are low. Note that for a low value of backorders we also calculated 0.25% 

outdating ratio to check if this could be an improvement. An outdating ratio of 3% is minimal when 

backorder costs are middle, and 4% when backorder costs are high. To see where this cost variance 

comes from, we zoom in on the cost structure. In figure 19 the cost structure without transportation 

costs is shown. Transportation costs do not change much for each level of the outdating ratio, so are 

left out of the figure. Furthermore, transport costs make up 80% of the total costs and can blur the 

image. The figure including transport costs is given in Appendix J. 

 

Figure 19, overview of the inventory cost for different values of the maximum outdating percentage, based on b=middle 

Figure 19 shows that total costs are mainly influenced by backorder and holding costs. If Spar is too 

careful and sets low outdating limits, it may cause backorders. If outdating limits are too high, 

backorders are reduced but outdating costs will increase. 
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With the chosen inventory limits above, the order sizes can now be calculated using the formula: 

𝑂𝑖,𝑡 = Min(⌈
𝑠𝑖 − (𝐼𝑖,𝑡 − 𝑝𝑗(𝑖),𝑡 ∗ 𝐸[𝐷𝑖])

𝑀𝑂𝑄𝑖
⌉ ∗ 𝑀𝑂𝑄𝑖 + 𝐼𝑖,𝑡    , ⌊

𝐿𝑖 − 𝐼𝑖,𝑡
𝑀𝑂𝑄𝑖

⌋𝑀𝑂𝑄𝑖)  (52) 

Where 𝑝𝑗(𝑖),𝑡 is determined using the most efficient allocation of suppliers in each truck and 𝐿𝑖 is the 

inventory limit for each product. This algorithm can give good results, but we present one extra 

improvement that might further reduce the transport costs. 

8.2.3 Pallet filling improvement 

In this part we present the last improvement. Note that this improvement is not used in this thesis, 

because it is not able to provide a cost advantage for the current set of suppliers. The reason behind 

this is explained at the end of this section. However, we still present the solution, because it is highly 

likely to provide a cost advantage in many other situations.  

The algorithm of 8.1 is only capable of filling the order sizes until the total space is equal to 26 pallet 

places per truck. This space is calculated in pallet places, so often there is still some space on one pallet 

per supplier. Our improvement is able to fill the excess space per supplier, if possible, and thus increase 

the fill rate of the pallets. So if supplier X orders 2,5 pallets, the goal of our algorithm is to increase the 

order of some products of supplier X, such that the total order size is 3 pallets.   

To fill this space on the pallets, we advance orders per supplier with an extra factor 𝑞𝑗(𝑖),𝑡. This factor 

increases the order size with respect to each MOQ. For example, if product X and product Y have an 

MOQ equal to 1 pallet layer, and 4 pallet layers are stacked on 1 pallet. We can assume that half a 

pallet space can be filled by increasing the order of product X and Y with 1 MOQ. 

The excess space per supplier can be calculated using the following formula: 

𝑆𝑝𝑎𝑐𝑒𝑗 = ⌈∑ 𝑤𝑖 ∗ 𝑂𝑖,𝑡(𝑝𝑖,𝑡)

𝑥𝑗

𝑖=𝑦𝑗

⌉ − ∑ 𝑤𝑖 ∗ 𝑂𝑖,𝑡(𝑝𝑖,𝑡)  

𝑥𝑗

𝑖=𝑦𝑗

(53) 

Where 𝑦𝑗  and 𝑥𝑗 represent respectively the first and last product of supplier j.  𝑤𝑖 represents the 

volume of one unit of product i. 

For all products from a single supplier, advance orders further by using 𝑞𝑗(𝑖),𝑡 MOQ until maxima are 

reached, the order is full, or there are no MOQ’s small enough to fill the available space.  

𝑂𝑖,𝑡 = Min(⌈
𝑠𝑖 − (𝐼𝑖,𝑡 − (𝑝𝑗(𝑖),𝑡 + 𝑞𝑗(𝑖),𝑡) ∗ 𝐸[𝐷𝑖])

𝑀𝑂𝑄𝑖
⌉ ∗ 𝑀𝑂𝑄𝑖  , ⌈

𝐿𝑖 − 𝐼𝑖,𝑡
𝑀𝑂𝑄𝑖

⌉ ∗ 𝑀𝑂𝑄𝑖) (54) 

Where 𝑞𝑗,𝑡  is determined by calculating all options on the interval [0,12] with a precision of 0,05. 

We tested if pallet filling is an actual improvement in our sample. It turned out that transport costs will 

drop with 1-2% and the service level will be slightly higher. However, the pallet filling policy pushes the 

products with low MOQs constantly to their maximum levels even with outdating limits. This arises 

because products with low MOQs can be used to fill small spaces on a pallet. MOQs are generally 

chosen by Spar subject to average demand. So products with low MOQs generally have low demand. 

This gives problems with products with a relatively low shelf life and low demand. The algorithm 

constantly pushes these products to their maximum, causing outdating risk to increase. Hence, 
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outdating costs rise beyond the fall in transport costs. So this extension performs worse than the 

original filling algorithm. Therefore, we will not use this improvement in this case. However, if a retailer 

has products with a small MOQ and high demand or longer shelf life the pallet filling improvement 

provides a useful contribution to diminish transport costs. 

8.3 Properties 
The designed filling policy fits in Spar’s software. The policy is aimed at reducing transport costs by 

filling the trucks. Also outdating costs should be low because the inventory limits prevent large 

outdating costs. 

8.4 Results 
We’ve simulated the policies using the simulation settings presented in chapter 5 and 6. First we will 

shortly verify the simulation results, thereafter the results will be discussed and compared with the 

obtained results from chapter 7. The filling algorithm that was used is based on the basic procedure 

presented in chapter 8.1 and the improvements of 8.2.1 and 8.2.2. 

8.4.1 Verification 

The results showed no negative or infinitely high numbers. Furthermore, orders are generally equal to 

26 pallets or 52 pallets. Since the orders are advanced, the average fill rate in pallet places should be 

close to 1. It could be slightly lower because in some rare cases the order is not exactly filled to 26 

pallets, because the precision factor for the advancement period p, was set at 0,05. The average truck 

utilization rate was 0,999. So overall we can assume that the simulation works properly and provides 

reliable results. 

8.4.2 Results 
In this part the simulation results for the designed order policy are presented. We label this policy as 

policy 4. To see the improvements obtained by the new policy, the results are compared to the results 

of chapter 7. The results for the total costs are presented in table 9 and 10. These indicate that applying 

the new order policy results in a 35% reduction compared to policy 1 (current order policy). These cost 

savings are accompanied by a higher service level. Furthermore the new policy provides more than 

10% costs reduction compared to policy 2.  

b Policy 1 95% CI Policy 2 95% CI Policy 3 95% CI Policy 4 95% CI 

low 100,00 ±0,26 72,05 ±0,16 77,92 ±0,94 63,83 ±0,07 

middle  100,00 ±0,24 72,44 ±0,49 81,73 ±1,76 64,59 ±0,11 

high 100,00 ±0,27 73,54 ±0,31 84,23 ±0,43 64,93 ±0,15 

Table 9, total costs and 95% confidence intervals resulting from the simulation 

b Policy 1 95% CI Policy 2 95% CI Policy 3 95% CI Policy 4 95% CI 

low 95,04% 0,06% 95,21% 0,10% 92,38% 0,18% 95,16% 0,03% 

middle  95,07% 0,02% 95,23% 0,04% 93,89% 0,30% 96,90% 0,05% 

high 95,12% 0,08% 95,24% 0,05% 95,31% 0,12% 97,12% 0,03% 

Table 10, service levels and 95% confidence intervals resulting from the simulation 

 

 



43 
 

To get an indication of the costs savings we compare the cost structures per policy. The cost structures 

are given in figure 20 and table 11. In table 11, costs are relative to policy 1. In appendix K the cost 

structure for low and high values of backorder cost are given. 

 

 

Figure 20, cost structure for each policy, based on b=middle 

 

KPI Policy 1 Policy 2 Policy 3 Policy 4 

Total cost (year) 100,00 -27,6% -18,3% -35,4% 

Transport costs 83,54 -36,3% -26,6% -39,8% 

Holding cost 1,14 +38,4% +35,5% +79,9% 

Backorder cost 4,22 -2,9% 6,2% -27,2% 

Outdating cost 1,66 +226,3% +148,1% -35,4% 

Handling costs 9,45 -14,2% +9,2% -14,3% 

Average inventory 100,00 +21,5% +32,4% +48,0% 

Peak inventory 136,91 +34,% +57,1% +78,9% 

Truck fill rate 0,814 0,875 0,997 0,999 

Pallet fill rate 0,830 0,918 N.A. 0,928 
Table 11, cost structure and kpi’s for b=middle, policy 1 is basis, policy 2 and 3 are given in percentage change 

 

There is a sharp reduction in outdating costs and a small reduction in transport costs. The reduction in 

outdating costs can be declared by the newly set inventory limits. It shows that if Slim4 handles 

outdating correctly, outdating can be reduced. The fall in transport costs is caused by the increased 

truck utilization rate. However inventories rise with almost 50% on average, this is visible in figure 21. 

We can see that inventories build up gradually until there is enough to order one truck instead of two.  
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Figure 21, inventory locations needed for the designed policy (4) and the current policy (1) based on 150 days 

Overall this policy provides the best results, transport costs are almost 40% lower compared to policy 

1 and outdating costs are 35% lower. This results in a total costs decrease of 35,4%. Furthermore, 

compared to policy 2 total costs decrease with 10,4%. This is mainly due to the reduction in outdating 

and transport costs. However, the obtained policy requires on average 50% more space in the DC. For 

the current set of suppliers this is not an issue because the extra space is less than 0.5% of the total DC 

space. But when executed for more suppliers DC space can become a serious problem.  
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9. Conclusions and recommendations 
In this part the most important conclusions and recommendations are stated. We start with the 

conclusion in which the research question is answered. Next, recommendations are stated and we end 

with limitations and further research. 

9.1 Conclusion  
Spar is considering a transport takeover for small suppliers. This thesis investigated whether this leads 

to financial benefits. The financial consequences of this plan largely depend on the chosen order policy. 

The following research question was stated:  

How can Spar minimize the associated transport and inventory costs after a transport takeover? And 

will this provide financial benefits for Spar?  

We start with answering the first part of the research question. To find the ideal policy when Spar 

implements a transport takeover, four different order policies were investigated. We first investigated 

the performance of the current inventory policy after a transport takeover (policy 1). Thereafter, we 

tested the effect of doubling the review period (policy 2). The simulation results indicate that doubling 

the review period has a positive effect on transport costs. Next, we simulated the full truck policy based 

on the work of Kiesmüller (policy 3). This policy was also an improvement to the first policy. Therefore, 

we chose to design an order policy with the full truck restriction and a double review period (policy 4). 

We based our policy on the filling algorithm of Slim4 and improved this algorithm. The first 

improvement prevented two trucks from visiting the same supplier. The second improvement entailed 

setting smart outdating limits. This leads to a decrease in outdating costs. In policy 4 transport costs 

are reduced with 40% compared to policy 1. In total, the designed policy (policy 4) leads to a 35% 

decrease in total costs, which makes it the best performing policy. However, this policy takes up 48% 

more space in the DC. This increase is equal to 0,45% of the total space in Spar’s DC. For the test group 

of 8 suppliers this is manageable. However, if this policy is used for 80 suppliers, extra space in the DC 

is required. 

The simulation results indicated that policy 4, our designed policy, is the best performing policy. Next 

we determine if this policy will lead to a financial benefit for Spar. After a transport takeover, Spar will 

ask a price reduction at the suppliers. However, the suppliers are not willing to give information about 

this potential price reduction. To decide if the new policy could be profitable for Spar, we look at the 

incurred transport costs of suppliers. Suppliers will only grant a sufficient price reduction if the costs 

of transport by Spar are lower than their current transport costs. The transport costs for suppliers are 

not known and have to be estimated. 

Because the small suppliers were selected by the receiving department, we know that each supplier 

delivers just a couple of pallets at the DC. There is some waiting time at the DC, so the supplier has to 

pay for this waiting time. When Spar arranges transport, the costs for the waiting time at the DC are 

smaller. First, because a Spar truck does not have to wait on the receiving process. Second, because 

waiting costs can be divided by all suppliers that participate in the transport plan. In appendix L we 

have made an estimation on the waiting costs each supplier incurs at Spar’s DC. Because Spar has no 

data on the waiting times at the DC this is estimated. The approximation shows that the costs of waiting 

are only 10% lower than transport costs in the designed policy (policy 4). 

Alternatively, we could reverse the question: when is there no financial benefit for Spar? Since 

suppliers incur waiting costs close to transport costs in policy 4, this is only the case if the suppliers 
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have highly efficient ways of transportation. Such efficiency can be due to backhauling or combining a 

delivery for more retailers in one truck. However, Spar also combines suppliers in a truck and the trucks 

of Peter Appel are used for another job directly after delivery to the DC. Furthermore, by adapting the 

designed order policy, truck utilization is maximized. It is highly unlikely that all suppliers gain a 

comparable level of truck utilization when delivering to Spar.  

Based on appendix L and the reasons presented above we can state that applying the filling policy as 

designed in this thesis, is highly likely to provide financial benefits for Spar and the suppliers. However, 

Spar should consider that the policy will take up extra space in the DC. 

Most important conclusions: 

 If Spar applies a transport takeover using their current inventory logic it will be costly (policy 

1). 

 Increasing the review period can decrease total costs with 27-28% (policy 2). 

 Also the full truck policy of Kiesmüller can decrease total costs by 15-22% (policy 3). 

 The designed filling policy (policy 4), which is a combination of the double review period and 

the full truck policy, provides the best results. A filling algorithm based on the software Slim4 

and some improvements can effectively fill the trucks and decrease transport costs when Spar 

uses a double review policy. Compared to the current inventory logic, the designed policy 

decreases total costs by 35%. However, this policy requires almost 50% extra space at the DC. 

If the policy is only used for 8 suppliers, it will take up an extra 0,45% space of the total DC. If 

this is implemented for more suppliers, Spar should make sure there is enough space in the 

DC. 

 Suppliers are not willing to give information on their transport costs. Therefore, we aren’t 

100% certain that transport by Spar leads to a cost advantage for Spar. However, it is 

reasonable to believe that there is an efficiency gain if Spar implements the designed filling 

policy. Because suppliers incur waiting costs at Spar’s DC and transporting under policy 4 is 

very efficient. It is very unlikely that Spar’s suppliers can transport more efficient to Spar’s DC. 

9.2 Recommendations 
During the research process, we formulated several recommendations for Spar. In this part the most 

important recommendations are presented: 

 Spar has to find the right suppliers for the project. To increase the probability of success it is 

important that the selected suppliers incur relatively high transport costs. Transport costs are 

generally high for suppliers that deliver just a few (the lesser the better) pallets per week. A 

way to determine the supplier costs is to track waiting times at the DC. Waiting costs can be 

used to estimate a part of the suppliers transport costs. Furthermore, to prevent large 

outdating costs, suppliers that deliver products with high shelf life are the best option. 

 When Spar has found the suppliers, Spar can minimize transport costs by applying the filling 

algorithm designed in this thesis (policy 4). Note that this policy requires 50% more space in 

the DC. If it is only used for 8 suppliers, the required extra space is less than 0,5% of the total 

DC. However, there should be enough space in the DC when applying this policy for more 

suppliers. If this is a problem, doubling the review period is an easier -yet more expensive 

(+10%)- alternative. However, it is not sure if this policy can lead to a clear cost advantage for 

Spar.  
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There are more options that could potentially decrease transport and/or inventory costs. We 

shortly present these options: 

 Backhauling could be a valuable option for Spar. Spar trucks that replenish the stores are 

designed such that 2 pallets can fit on the back of a truck. At the end of a trip a Spar truck could 

visit a small supplier that delivers 2 pallets or less each week and pick up the goods. Afterwards 

this truck has to drop the empty bottles and crates from the stores and could also drop the 

pallet(s). Thus, these trucks almost incur no extra stopping time at the DC. This makes 

backhauling one of the most effective solutions. However, it should fit within the tight 

schedule of the driver. 

 Spar should look for synergy solutions. For example, find a logistic service operator that is 

located near a group of small suppliers. The suppliers should outsource their delivery and 

inventory to the logistic service operator. The operator can deliver large transports to the 

retailer’s DCs, since the products of multiple suppliers are transported simultaneously. 

Furthermore the supplier can deliver with a higher truck utilization rate to the logistic service 

provider, because the delivery for multiple retailers can be grouped. This type of synergy 

solution was proved to be effective in the BRAVO project in 1995 (Brockhuis et al., 1995). 

 Overall it might be a good idea for Spar to critically reflect on the currently used review periods. 

There are some products with much higher MOQ’s than the average demand during one 

review period.  Increasing the review periods could be a good idea even when Spar does not 

arrange transportation. Suppliers might be willing to give a price reduction if the number of 

delivery moments reduces. Because a lower review period provides suppliers with less 

transport costs. 

 Slim4 is not able to handle perishable products correctly. An update on outdating could help 

the inventory planners to prevent outdating. The results in chapter 8 showed that sound 

inventory maxima can decrease outdating. 

 Once Spar implements a transport takeover, Spar should make sure the conditions are solid. 

Errors by suppliers could be costly for Spar. 

 Spar should keep track of each product’s expiration date when delivered at the DC. This data 

can be used to determine accurate inventory limits to reduce outdating. 

 Spar already uses the filling algorithm of Slim4 for some large suppliers that only deliver with 

full trucks. The Slim4 algorithm can be improved by applying the suggestions presented in 

chapter 8.2 .  
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9.3 Limitations and future research 
We have investigated the JRP with full truckloads (Kiesmüller, 2009) and altered it to approach an 

(R,s,nQ) policy. Furthermore we designed a full truck algorithm that can actually be used by retailers 

and other companies that follow an (R,s,nQ) policy. These policies are investigated using a realistic 

situation at a retailer. This thesis fills a literature gap by making the JRP with full truckloads more 

practical for retailers. However, there are several limitations and recommendations for further 

research. The most important limitations and recommendations are discussed. 

A limitation of this study concerns the assumption of stationary demand. The simulation and the 

proposed policies are based on stationary demand, while in retail demand is typically more seasonal 

and has some unexpected peaks. For a broader application, the JRP should be designed for stochastic 

and dynamic demand. The performance of different policies under such conditions should also be 

investigated. 

Next, this thesis has been focused one unique group of suppliers. These suppliers provide products 

with specific expiration dates and demands. The results can differ once a different group of suppliers 

with for example higher demand and less products is investigated.  

We did not know the transport costs a supplier incurs. Therefore we made an estimation on waiting 

times at the DC. A study concerning the transport costs of suppliers could would be a valuable 

contribution. In this way retailers get a better idea of the costs drivers for suppliers and can help to 

reduce these costs. 

Lastly, the full truck policy of Kiesmüller is based on a single supplier situation. In a single supplier JRP 

the transportation costs are fixed. Once the JRP with full truckloads is designed for multiple suppliers, 

it should be able to deal with variable costs. Since transport costs are the largest cost driver, this 

assumption is vital. Furthermore, the JRP with full truckloads could provide great contributions for 

companies that face high transport costs. Countrywide, environment and traffic can also benefit from 

such an improvement. Future research should focus on providing practical solutions to enable 

companies to effectively and easily apply a JRP.  

  



49 
 

References 
 

Adan, I., van Eenige, M., & Resing, J. (1995). Fitting discrete distributions on the first two  

moments. Probability in the Engineering and Informational Sciences, 9(04), 623-632. 

Aksoy, Y., & Selcuk Erenguc, S. (1988). Multi-item inventory models with co-ordinated replenishments: 

a survey. International Journal of Operations & Production Management, 8(1), 63-73. 

Amaya, C. A., Carvajal, J., & Castaño, F. (2013). A heuristic framework based on linear programming to 

solve the constrained joint replenishment problem (C-JRP). International Journal of Production 

Economics, 144(1), 243-247. 

Atkins, D. R., & Iyogun, P. O. (1988). Periodic versus “can-order” policies for coordinated multi-item 

inventory systems. Management Science, 34(6), 791-796. 

Balintfy, J. L. (1964). On a basic class of multi-item inventory problems. Management science, 10(2), 

287-297. 

Boctor, F. F., Laporte, G., & Renaud, J. (2004). Models and algorithms for the dynamic-demand joint 

replenishment problem. International Journal of Production Research, 42(13), 2667-2678. 

Brockhuis, J.B., Croon, F., Diepeveen, R., van Donselaar, K., & Janssen P. (1995) Hoe een verlader en 

een vervoerder flexibel inspelen op de eisen van het grootwinkelbedrijf, Retrieved from: purl.tue.nl/ 

Cachon, G. (2001). Managing a retailer's shelf space, inventory, and transportation. Manufacturing & 

Service Operations Management, 3(3), 211-229. 

Cha, B. C., & Moon, I. K. (2005). The joint replenishment problem with quantity discounts under 

constant demand. OR Spectrum, 27(4), 569-581. 

Chan, C. K., Cheung, B. K. S., & Langevin, A. (2003). Solving the multi-buyer joint replenishment problem 

with a modified genetic algorithm. Transportation Research, 37(3), 291-299. 

Corsten, D., & Gruen, T. (2003). Desperately seeking shelf availability: an examination of the extent, 

the causes, and the efforts to address retail out-of-stocks. International Journal of Retail & Distribution 

Management, 31(12), 605-617. 

Deb, K. (1999) An introduction to Genetic Algorithms. Sadhana, 293-315 

Dijkhuizen, B. (2015, June 09). “Detailresult en Sligro eindwinnaars NK Speed Docking”. Retrieved from: 

http://www.logistiek.nl/supply-chain/artikel/2015/6/detailresult-en-sligro-eindwinnaars-nk-speed-

docking-101134602 

Distrifood (2014). Retrieved from: http://www.distrifood.nl/service/marktaandelen. 

Eynan, A., & Kropp, D. H. (1998). Periodic review and joint replenishment in stochastic demand 

environments. IIE transactions, 30(11), 1025-1033. 

http://www.logistiek.nl/supply-chain/artikel/2015/6/detailresult-en-sligro-eindwinnaars-nk-speed-docking-101134602
http://www.logistiek.nl/supply-chain/artikel/2015/6/detailresult-en-sligro-eindwinnaars-nk-speed-docking-101134602
http://www.distrifood.nl/service/marktaandelen


50 
 

Federgruen, A., & Tzur, M. (1994). The joint replenishment problem with time-varying costs and 

demands: Efficient, asymptotic and ε-optimal solutions. Operations Research, 42(6), 1067-1086. 

Fogarty, D. & Barringer, R., (1987), Joint order release decisions under dependent demand. Production 

and Inventory Management Journal, 28, 55–61. 

Goyal, S. K., & Satir, A. T. (1989). Joint replenishment inventory control: deterministic and stochastic 

models. European journal of operational research,38(1), 2-13. 

Hoque, M. A. (2006). An optimal solution technique for the joint replenishment problem with storage 

and transport capacities and budget constraints. European journal of operational research, 175(2), 

1033-1042. 

Iyogun, P. (1991). Heuristic methods for the multi-product dynamic lot size problem. Journal of the 

Operational Research Society, 889-894. 

Jackson, P., Maxwell, W., & Muckstadt, J. (1985). The joint replenishment problem with a powers-of-

two restriction. IIE transactions, 17(1), 25-32. 

Johansen, S. G., & Melchiors, P. (2003). Can-order policy for the periodic-review joint replenishment 

problem. Journal of the Operational Research Society, 54(3), 283-290. 

Khouja, M., & Goyal, S. (2008). A review of the joint replenishment problem literature: 1989–

2005. European Journal of Operational Research, 186(1), 1-16. 

Khouja, M., Michalewicz, Z., & Satoskar, S. S. (2000). A comparison between genetic algorithms and 

the RAND method for solving the joint replenishment problem. Production Planning & Control, 11(6), 

556-564. 

Kiesmüller, G. P. (2009). A multi-item periodic replenishment policy with full truckloads. International 

Journal of Production Economics, 118(1), 275-281. 

Law, A. M., & Kelton, W. D. (1991). Simulation modeling and analysis, McGraw-Hill. New York. 

Lee, F. C., & Yao, M. J. (2002). A global optimum search algorithm for the joint replenishment problem 

under power-of-two policy. Computers & Operations Research, 30(9), 1319-1333. 

Li, Q. (2004). Solving the multi-buyer joint replenishment problem with the RAND method. Computers 

& Industrial Engineering, 46(4), 755-762. 

Mahajan, P. S., & Ingalls, R. G. (2004, December). Evaluation of methods used to detect warm-up 

period in steady state simulation. Proceedings of the 36th conference on Winter simulation. 663-671  

Melchiors, P. (2002). Calculating can-order policies for the joint replenishment problem by the 

compensation approach. European Journal of Operational Research, 141(3), 587-595. 

Moon, I. K., Goyal, S. K., & Cha, B. C. (2008). The joint replenishment problem involving multiple 

suppliers offering quantity discounts. International Journal of Systems Science, 39(6), 629-637. 



51 
 

Nolten, L.W.H (2014). Inventory replenishment and optimization of the pick locations at SPAR’s 

distribution centers (master’s thesis). Retrieved from library.tue.nl 

Olsen, A. L. (2005). An evolutionary algorithm to solve the joint replenishment problem using direct 

grouping. Computers & Industrial Engineering, 48(2), 223-235. 

Pantumsinchai, P. (1992). A Comparison of Three Joint Ordering Inventory Policies. Decision Sciences, 

23(1), 111-127. 

Ramaekers, K., & Janssens, G. K. (2008). On the choice of a demand distribution for inventory 

management models. European Journal of Industrial Engineering, 2(4), 479-491 

Renberg, B., and R. Planche. (1967) "Un modele pour la gestion simultanee des n articles d’un 

stock." Revue Francaise d’Informatique et de Recherche Operationelle, 6, 47-59. 

Robinson, E. P., Narayanan, A., & Gao, L. L. (2007). Effective heuristics for the dynamic demand joint 

replenishment problem. Journal of the Operational Research Society, 58(6), 808-815. 

Schaefer, B., & Konur, D. (2014, January). Joint Replenishment Problem with Carbon Emissions 

Constraint. Proceedings of the 2014 industrial and systems engineering research conference. p.1950 

Silver, E., (1976) A simple method of determining order quantities in joint replenishments under 

deterministic demand. Management Science 22, 1351–1361. 

Silver, E. A., & Kelle, P. (1988). More on ‘Joint order release decisions under dependent demand’. 

Production and Inventory Management Journal, 29(2), 71-72. 

Silver, E. A., & Meal, H. C. (1973). A heuristic for selecting lot size quantities for the case of a 

deterministic time-varying demand rate and discrete opportunities for replenishment. Production and 

inventory management, 14(2), 64-74. 

Sindhuchao, S., Romeijn, H. E., Akçali, E., & Boondiskulchok, R. (2005). An integrated inventory-routing 

system for multi-item joint replenishment with limited vehicle capacity. Journal of Global Optimization, 

32(1), 93-118. 

Shu, F. T. (1971). Economic ordering frequency for two items jointly replenished. Management 

Science, 17(6), 406. 

Slimstock (2015) Via telephonic communication and www.slimstock.nl 

Starr, M. K., & Miller, D. W. (1962). Inventory control: theory and practice. Prentice-Hall. 104-109 

Van Donselaar, K. H., & Broekmeulen, R. A. (2011). Fill Rate Approximations for a Perishable Inventory 

System with Positive Lead Time and Fixed Case Pack Size Using a Modified (R, S, Nq)-Replenishment 

Policy in a Lost Sales Environment. Available at SSRN: /http://ssrn.com/abstract=1861157S.. 

Van Donselaar, K. H., & Broekmeulen, R. A. (2013). Determination of safety stocks in a lost sales 

inventory system with periodic review, positive lead-time, lot-sizing and a target fill rate. International 

Journal of Production Economics, 143(2), 440-448. 

http://www.slmstock.nl/


52 
 

Van Donselaar, K.H., & Broekmeulen, R.A.C.M. (2015) Stochastic inventory models for a single item at 

a single location. (lecture notes for the course stochastic operations management TU Eindhoven) 

Van Eijs, M. J. G., Heuts, R. M. J., & Kleijnen, J. P. C. (1992). Analysis and comparison of two strategies 

for multi-item inventory systems with joint replenishment costs. European Journal of Operational 

Research, 59(3), 405-412. 

Viswanathan, S. (1997). Note. Periodic review (s, S) policies for joint replenishment inventory 

systems. Management Science, 43(10), 1447-1454. 

Viswanathan, S., & Mathur, K. (1997). Integrating routing and inventory decisions in one-warehouse 

multiretailer multiproduct distribution systems. Management Science, 43(3), 294-312. 

Wang, L., He, J., Wu, D., & Zeng, Y. R. (2012). A novel differential evolution algorithm for joint 

replenishment problem under interdependence and its application. International Journal of Production 

Economics, 135(1), 190-198. 

Zaiontz, C. (2013-2016) realstats Retrieved from: http://www.real-statistics.com 

 

  

http://www.real-statistics.com/


53 
 

Appendix A Optimal quantity by suppliers 
The group of suppliers that is selected for the simulation study is presented in Chapter 2.2. Here we 

will show that this group has an optimal quantity for a JRP. There is a tradeoff between the average fill 

rate of the first truck, and the probability that a second truck is needed. On the other hand, a too low 

fill rate of the truck is also not beneficial because there was the opportunity to transport more. Based 

on these conditions, the optimal aggregated demand of the group of suppliers has to be determined. 

The route presented in figure 8 is about 240 km long and has 8 suppliers. The suppliers have an average 

demand of 25 pallet places per week.  

The costs of transport for this route are approximated using the rules presented in the previous 

section. For this route, one truck is estimated at €500,-. This follows from the average stopping time 

(4,5 hour) the average driving time (3,75 hour) and the time for a one way route (0,75 hour), see 

appendix A, table 10. Furthermore we assume the extra cost of a second truck with low fill rate (or 

another option to transport the ordered pallets) is on average €100,-. This price of the second truck is 

low because the first truck becomes less expensive when a second truck picks up some other goods. 

Since stopping time is a large cost driver, the total stopping time for two trucks only increases by one 

stop at the DC when the fill rate is low. Also the total driving time does not rise sharply. Thus the total 

costs for one and two trucks do not differ that much. If a truck is not filled completely, the opportunity 

costs are about 
500

26
≈ €19,23 per pallet.  

The aggregated demand at the suppliers has a smaller variance than its mean, based on the data we 

assume the coefficient of variation is about 
1

11
. So based on Adan et al. (1995) we can model the 

demand in pallets as binomial distributed variable with mean �̅� and coefficient of variation 
1

11
. The 

objective is to find out at which average aggregated demand in pallet places (�̅�) the transport costs 

are minimized in terms of fill rate and number of trucks. This aggregate demand is calculated by taking 

the average demand per supplier and round this number up to the closest integer for all suppliers. To 

find for which average aggregate demand the costs are close to minimal, the expected transport costs 

are calculated as a function of �̅� . Where the probability that one truck and the probability that two 

trucks are needed are determined, given the expected fill rate. The formula used is:3 

𝐸[𝑇𝐶] =∑(26 − 𝑖) ∗ 𝑃(𝑋 = 𝑖)

26

𝑖=1

∗ 19,23 + ∑ 100 ∗ 𝑃(𝑋 = 𝑖)

∞

𝑖=27

    (1) 

𝑊𝑖𝑡ℎ 𝑋 ~ 𝐵𝑖𝑛𝑜𝑚(𝑘, 𝑝) 

Where the Binomial distributions are fitted as described in Adan et al (1995):  

𝑌 = {
𝐵𝐼𝑁(𝑘, 𝑝)         𝑤. 𝑝.  𝑞,       

𝐵𝐼𝑁(𝑘 + 1, 𝑝)  𝑤. 𝑝.  1 − 𝑞,
   (2) 

𝑞 =
1 + 𝑎 + (1 + 𝑘) + √−𝑎𝑘(1 + 𝑘) − 𝑘

1 + 𝑎
, (3)       𝑝 =

𝐸𝑋

𝑘 + 1 − 𝑞
  (4) 

                                                           
3 Note that this is an approximation of the extra transport costs and only used as an indicator for calculating the 
optimal demand to transport. 
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For each different value of  �̅� the expected extra transport costs are calculated according to equation 

1. 

The results for different values of the mean demand in pallet places (�̅�) are stated in the table below: 

 

 

 

From table 12 can be derived that the transport costs are minimized when average demand is around 

24-25 pallets per week. In our route, the average demand was 25 pallets so we can say that demand is 

sufficient. Note that a pallet takes up space in the truck even if it is not completely full, so the average 

demand at each supplier was rounded up. It is important that these suppliers are a mix of small and 

somewhat larger suppliers. The larger suppliers are needed to get an acceptable fill rate to the trucks 

within the accepted driving time of the driver and the opening times of the suppliers; the smaller 

supplier should be visited because they incur high transport costs, so there are more efficiency gains. 

We’ve selected a sample of 8 suppliers that provides an aggregate demand of 25 pallets.  

Among these suppliers is one with high demand (>4 pallets per week) , four with medium demand 

(2<D<4 pallets per week), one with low demand (1<D<2 pallets per week) and two with very low 

demand (<1 pallets per week). The suppliers deliver dry groceries that range from food to non-food. 

The shortest DC shelf life is 14 days. The smallest supplier delivers four products, and the largest 

supplier delivers 23 products. There are in total 90 products in the sample. 

 

 

 

 

 

 

�̅� Expected 
extra costs 

23 60,5 

24 54,2 

25 54,2 

26 58,2 

27 70,0 

28 80,5 
Table 12, results for the extra costs per different value of lambda 
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Appendix B Demand overview 
Overview of demand for the three products with the highest demand. 

 

Figure 22, time plot of demand for three fast moving products 

  

1-10-2014 1-11-2014 1-12-2014 1-1-2015 1-2-2015 1-3-2015 1-4-2015 1-5-2015 1-6-2015 1-7-2015 1-8-2015 1-9-2015

Time plot for three products with highest demand 
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Appendix C Demand distributions 
Overview of the distributions per product in the sample. 

Product VAR  VTM Average Distribution coefficient of 
variation 

a k q p Distribution 

1 5,2  1,4 3,8 POISSON 0,608     POISSON(3,75) 
2 3,8  1,1 3,6 POISSON 0,546     POISSON(3,58) 
3 7,4  1,1 6,9 NEG.BIN 0,392 0,009 105 0,14 0,06 NEG.BIN(105 , 0,06) 

4 6,4  1,3 5,1 NEG.BIN 0,499 0,052 19 0,39 0,21 NEG.BIN(19 , 0,21) 

5 6,9  1,7 4,1 POISSON 0,647     POISSON(4,06) 
6 82,8  2,5 33,6 NEG.BIN 0,271 0,044 22 0,09 0,59 NEG.BIN(22 , 0,59) 

7 3,0  1,1 2,8 POISSON 0,628     POISSON(2,75) 

8 1,3  1,1 1,2 POISSON 0,963     POISSON(1,17 

9 0,7  1,1 0,6 POISSON 1,345     POISSON(0,61) 
10 0,9  1,0 1,0 POISSON 1,001     POISSON(0,95) 
11 5,4  1,2 4,5 POISSON 0,519     POISSON(4,48) 
12 11,3  1,1 10,5 NEG.BIN 0,320 0,007 135 0,29 0,07 NEG.BIN(135 , 0,07) 
13 1,5  0,9 1,7 POISSON 0,745     POISSON(1,66) 

14 1,5  0,9 1,7 POISSON 0,736     POISSON(1,68) 

15 3,1  1,2 2,7 POISSON 0,660     POISSON(2,68) 

16 25,7  4,1 6,3 NEG.BIN 0,808 0,494 2 0,86 0,75 NEG.BIN(2 , 0,75) 

17 11,7  2,0 5,8 NEG.BIN 0,592 0,177 5 0,20 0,50 NEG.BIN(5 , 0,5) 

18 89,1  6,7 13,3 NEG.BIN 0,712 0,432 2 0,46 0,84 NEG.BIN(2 , 0,84) 

19 139,
1 

 7,3 19,0 NEG.BIN 0,619 0,331 3 0,88 0,86 NEG.BIN(3 , 0,86) 

20 8,4  1,4 6,2 NEG.BIN 0,466 0,057 17 0,22 0,26 NEG.BIN(17 , 0,26) 

21 4,4  1,5 3,0 POISSON 0,697     POISSON(3,02) 

22 1,3  1,7 0,8 POISSON 1,480     POISSON(0,77) 

23 1,2  1,1 1,0 POISSON 1,067     POISSON(1,01) 

24 0,8  0,8 1,1 POISSON 0,845     POISSON(1,07) 

25 5,8  2,1 2,7 POISSON 0,891     POISSON(2,7) 

26 3,8  1,4 2,6 POISSON 0,740     POISSON(2,64) 

27 2,4  1,6 1,5 POISSON 1,061     POISSON(1,45) 

28 16,1  1,3 12,8 NEG.BIN 0,313 0,020 49 0,02 0,20 NEG.BIN(49 , 0,2) 

29 3,8  1,6 2,4 POISSON 0,815     POISSON(2,4) 

30 9,6  2,2 4,4 POISSON 0,710     POISSON(4,36) 

31 5,3  1,8 3,0 POISSON 0,783     POISSON(2,95) 

32 2,4  1,5 1,7 POISSON 0,950     POISSON(1,65) 

33 7,5  1,4 5,3 NEG.BIN 0,521 0,081 12 0,45 0,30 NEG.BIN(12 , 0,3) 

34 14,9  1,9 7,8 NEG.BIN 0,494 0,116 8 0,22 0,47 NEG.BIN(8 , 0,47) 

35 18,8  2,1 9,1 NEG.BIN 0,476 0,117 8 0,25 0,51 NEG.BIN(8 , 0,51) 

36 2,0  1,8 1,1 POISSON 1,261     POISSON(1,11) 

37 1,9  1,0 1,9 POISSON 0,717     POISSON(1,92) 

38 24,5  4,4 5,6 NEG.BIN 0,880 0,596 1 0,18 0,76 NEG.BIN(1 , 0,76) 

39 1,6  1,4 1,1 POISSON 1,124     POISSON(1,12) 

40 15,1  2,7 5,5 NEG.BIN 0,705 0,316 3 0,61 0,62 NEG.BIN(3 , 0,62) 

41 14,6  3,5 4,2 POISSON 0,921     POISSON(4,16) 

42 6,7  1,1 6,0 NEG.BIN 0,433 0,020 50 0,71 0,11 NEG.BIN(50 , 0,11) 

43 4,9  1,4 3,5 POISSON 0,626     POISSON(3,54) 

44 35,0  3,3 10,6 NEG.BIN 0,558 0,217 4 0,23 0,69 NEG.BIN(4 , 0,69) 

45 0,5  1,2 0,4 POISSON 1,782     POISSON(0,38) 

46 0,3  1,2 0,3 POISSON 2,046     POISSON(0,29) 

47 0,3  1,1 0,3 POISSON 1,834     POISSON(0,31) 

48 0,2  1,1 0,2 POISSON 2,459     POISSON(0,18) 

49 0,2  1,4 0,2 POISSON 2,812     POISSON(0,17) 

50 0,2  1,0 0,2 POISSON 2,138     POISSON(0,22) 

51 0,6  1,0 0,6 POISSON 1,275     POISSON(0,59) 

52 0,3  1,0 0,3 POISSON 2,039     POISSON(0,25) 
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53 0,2  1,1 0,2 POISSON 2,774     POISSON(0,15) 

54 0,5  1,1 0,4 POISSON 1,594     POISSON(0,44) 

55 0,7  1,1 0,7 POISSON 1,286     POISSON(0,66) 

56 0,2  0,8 0,3 POISSON 1,802     POISSON(0,26) 

57 0,2  1,0 0,2 POISSON 2,466     POISSON(0,17) 

58 0,2  1,2 0,1 POISSON 3,007     POISSON(0,13) 

59 1,1  1,3 0,9 POISSON 1,223     POISSON(0,85) 

60 0,5  1,2 0,4 POISSON 1,681     POISSON(0,43) 

61 0,4  1,1 0,4 POISSON 1,717     POISSON(0,38) 

62 0,2  1,2 0,2 POISSON 2,402     POISSON(0,2) 

63 0,6  1,1 0,5 POISSON 1,473     POISSON(0,51) 

64 0,4  1,9 0,2 POISSON 2,988     POISSON(0,21) 

65 0,1  1,0 0,1 POISSON 2,738     POISSON(0,13) 

66 0,2  1,0 0,2 POISSON 2,302     POISSON(0,19) 

67 0,3  1,0 0,4 POISSON 1,690     POISSON(0,35) 

68 0,3  1,0 0,3 POISSON 1,921     POISSON(0,28) 

69 6,4  1,0 6,4 POISSON 0,396     POISSON(6,37) 

70 6,5  1,3 4,9 POISSON 0,520     POISSON(4,92) 

71 2,6  1,0 2,6 POISSON 0,608     POISSON(2,64) 

72 4,1  1,5 2,8 POISSON 0,724     POISSON(2,8) 

73 3,7  2,0 1,9 POISSON 1,033     POISSON(1,87) 

74 4,5  1,1 3,9 POISSON 0,540     POISSON(3,92) 

75 10,7  1,6 6,6 NEG.BIN 0,496 0,095 10 0,25 0,38 NEG.BIN(10 , 0,38) 

76 4,9  1,3 3,7 POISSON 0,602     POISSON(3,66) 

77 19,6  2,0 9,6 NEG.BIN 0,461 0,108 9 0,52 0,50 NEG.BIN(9 , 0,5) 
78 2,0  1,1 1,9 POISSON 0,736     POISSON(1,94) 
79 31,6  1,5 20,5 NEG.BIN 0,274 0,026 37 0,00 0,35 NEG.BIN(37 , 0,35) 

80 1,2  1,4 0,9 POISSON 1,237     POISSON(0,89) 

81 0,7  0,9 0,8 POISSON 1,103     POISSON(0,75) 

82 0,9  1,1 0,8 POISSON 1,151     POISSON(0,82) 

83 0,7  1,1 0,7 POISSON 1,222     POISSON(0,71) 

84 13,0  1,4 9,3 NEG.BIN 0,390 0,044 22 0,21 0,29 NEG.BIN(22 , 0,29) 

85 53,5  4,3 12,4 NEG.BIN 0,589 0,266 3 0,13 0,76 NEG.BIN(3 , 0,76) 

86 30,7  1,7 17,9 NEG.BIN 0,311 0,041 24 0,17 0,42 NEG.BIN(24 , 0,42) 

87 1,6  0,8 1,3 POISSON 0,977     POISSON(1,31) 

88 2,9  0,8 2,3 POISSON 0,754     POISSON(2,26) 

89 3,0  0,6 1,9 POISSON 0,912     POISSON(1,89) 

90 1,8  0,8 1,4 POISSON 0,962     POISSON(1,39) 

Table 13, specified demand distribution per product 
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Appendix D VTM ratios 
 

 

 

 

Figure 23, VTM ratios based on the figure from Adan et al. (1995) 
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Appendix E Export sales 
Weekly demand from export. 

 

Figure 24, observed demand for exported products 
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Appendix F Costs structures chapter 7 
Cost structure for low and high values of backorder costs 

b=low Policy 1 Policy 2 Policy 3 

Total cost (year) 100,00 -28% -22% 

Transport costs 85,33 -36% -31% 

Holding cost 1,16 +39% +33% 

Backorder cost 2,16 -1% +33% 

Outdating cost 1,69 +232% +145% 

Handling costs 9,67 -14% +6% 

Average inventory 100,00 -21,6% +30,4% 

Peak inventory 137,17 -33,3% +52,0% 

Table 14, cost structure for b=low, with policy 1 as basis 

 b=high Policy 1 Policy 2 Policy 3 

Total cost (year) 100,00 -26% -16% 

Transport costs 80,25 -36% -25% 

Holding cost 1,09 +38% +39% 

Backorder cost 7,98 +0% -18% 

Outdating cost 1,59 +212% +258% 

Handling costs 9,08 -14% +13% 

Average inventory 100,00 +21,5% +35,7% 

Peak inventory 138,16 +32,4% +53,8% 

Table 15, cost structure for b=high, with policy 1 as basis 

The results for average truck and pallet utilization rate do not vary when backorder costs change  
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Figure 25, the observed cost structure per policy for b=low 

 

Figure 26, the observed cost structure per policy for b=high 
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Appendix G 95% confidence intervals of the results 
95%-confidence intervals for the results presented in Appendix F and chapter 7. The intervals are 

given for each index number in policy 1 and in percentage point for policy 2 and 3 

 

 
95% confidence interval b=low 

b=low Policy 1 Policy 2 Policy 3 

Total cost (year) ±0,00 ±0,00% ±0,01% 

Transport costs ±0,00 ±0,00% ±0,01% 

Holding cost ±0,00 ±0,00% ±0,00% 

Backorder cost ±0,01 ±0,00% ±0,04% 

Outdating cost ±0,06 ±0,14% ±0,12% 

Handling costs ±0,00 ±0,00% ±0,01% 

Average inventory ±0,00 ±0,00% ±0,00% 

Peak inventory ±0,01 ±0,01% ±0,01% 

 

 

   

    

95% confidence interval b=middle 

b=middle Policy 1 Policy 2 Policy 3 

Total cost (year) ±0,00 ±0,00% ±0,02% 

Transport costs ±0,00 ±0,00% ±0,02% 

Holding cost ±0,00 ±0,00% ±0,01% 

Backorder cost ±0,01 ±0,00% ±0,06% 

Outdating cost ±0,05 ±0,21% ±0,05% 

Handling costs ±0,00 ±0,00% ±0,01% 

Average inventory ±0,00 ±0,00% ±0,00% 

Peak inventory ±0,01 ±0,02% ±0,04% 

      

    

95% confidence interval b=middle 

b=high Policy 1 Policy 2 Policy 3 

Total cost (year) ±0,00 ±0,00% ±0,00% 

Transport costs ±0,00 ±0,00% ±0,01% 

Holding cost ±0,00 ±0,01% ±0,00% 

Backorder cost ±0,02 ±0,02% ±0,02% 

Outdating cost ±0,03 ±0,08% ±0,07% 

Handling costs ±0,00 ±0,00% ±0,00% 

Average inventory ±0,00 ±0,00% ±0,00% 

Peak inventory ±0,01 ±0,01% ±0,01% 

Table 16, overview of the 95% confidence intervals resulting from the simulation 
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Appendix H Outdating analysis 
 

Index numbers for the outdating analysis 

Relative 

results 

(b=low 

0,25% 0,5% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 

Total cost 97,03 100,00 100,37 100,74 100,95 101,52 102,02 102,28 102,88 103,57 103,82 104,31 

Transport 

cost 

79,97 79,80 80,27 80,54 80,53 80,71 80,80 80,46 80,65 80,94 80,73 80,85 

Holding cost 3,22 3,05 3,19 3,24 3,28 3,32 3,34 3,36 3,37 3,40 3,40 3,41 

Backorder 

cost 

5,00 4,43 3,19 2,74 2,46 2,24 2,14 2,02 1,95 1,83 1,83 1,78 

Outdating 

cost 

1,00 0,17 0,84 1,26 1,71 2,25 2,72 3,39 3,85 4,32 4,79 5,19 

Handling 

cost 

12,83 12,55 12,87 12,95 12,97 13,01 13,02 13,05 13,05 13,07 13,07 13,07 

Peak 

Inventory 

104,12 100,00 103,73 104,37 107,41 104,97 104,16 105,31 107,38 107,17 108,08 107,06 

Average 

inventory 

107,45 100,00 106,34 108,78 109,14 110,25 110,70 110,61 112,15 111,73 111,42 113,35 

Table 17, results for various outdating percentages, using 0.5% as a basis, b=low 

 

Relative 

results 

(b=middle) 

0,5% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 

Total cost 100,00 99,16 99,09 99,02 99,35 99,73 99,87 100,38 100,93 101,16 101,59 

Transport 

cost 

76,41 76,87 77,13 77,11 77,28 77,37 77,04 77,23 77,50 77,31 77,42 

Holding 

cost 

2,92 3,05 3,10 3,14 3,18 3,20 3,22 3,23 3,26 3,26 3,27 

Backorder 

cost 

8,49 6,11 5,25 4,70 4,28 4,09 3,87 3,74 3,51 3,50 3,41 

Outdating 

cost 

0,16 0,81 1,21 1,64 2,16 2,61 3,25 3,68 4,14 4,58 4,97 

Handling 

cost 

12,02 12,33 12,40 12,42 12,46 12,47 12,49 12,50 12,52 12,52 12,52 

Peak 

Inventory 

100,00 103,73 104,37 107,41 104,97 104,16 105,31 107,38 107,17 108,08 107,06 

Average 

inventory 

100,00 106,34 108,78 109,14 110,25 110,70 110,61 112,15 111,73 111,42 113,35 

Table 18, results for various outdating percentages, using 0.5% as a basis, b =middle 
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Relative 

results 

(b=high) 

0,5% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 

Total cost 100,00 97,04 96,18 95,60 95,53 95,70 95,63 95,97 96,27 96,47 96,61 

Transport 

cost 

70,43 70,85 71,09 71,08 71,24 71,32 71,01 71,19 71,44 71,26 71,36 

Holding cost 2,69 2,81 2,86 2,89 2,93 2,95 2,97 2,98 3,00 3,00 3,01 

Backorder 

cost 

15,65 11,27 9,68 8,67 7,90 7,54 7,14 6,89 6,47 6,45 6,28 

Outdating 

cost 

0,15 0,74 1,11 1,51 1,99 2,40 2,99 3,40 3,81 4,22 4,58 

Handling 

cost 

11,08 11,36 11,43 11,45 11,48 11,49 11,52 11,52 11,54 11,54 11,54 

Peak 

Inventory 

100,00 103,73 104,37 107,41 104,97 104,16 105,31 107,38 107,17 108,08 107,06 

Average 

inventory 

100,00 106,34 108,78 109,14 110,25 110,70 110,61 112,15 111,73 111,42 113,35 

Table 19, results for various outdating percentages, using 0.5% as a basis, b=high 
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Appendix I 95% Confidence intervals outdating analysis 
Confidence intervals for outdating analysis 

95% CI 

(b=low) 

0,5% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 

Total cost ±0,30 ±0,47 ±0,20 ±0,23 ±0,31 ±0,31 ±0,24 ±0,18 ±0,22 ±0,47 ±0,10 

Transport 

cost 

±0,33 ±0,25 ±0,22 ±0,15 ±0,32 ±0,24 ±0,19 ±0,19 ±0,24 ±0,25 ±0,18 

Holding cost ±0,02 ±0,02 ±0,02 ±0,02 ±0,01 ±0,02 ±0,01 ±0,01 ±0,02 ±0,04 ±0,02 

Backorder 

cost 

±0,03 ±0,05 ±0,02 ±0,05 ±0,01 ±0,03 ±0,03 ±0,01 ±0,02 ±0,02 ±0,03 

Outdating 

cost 

±0,02 ±0,21 ±0,05 ±0,02 ±0,10 ±0,07 ±0,05 ±0,10 ±0,18 ±0,24 ±0,33 

Handling 

cost 

±0,01 ±0,01 ±0,01 ±0,02 ±0,01 ±0,02 ±0,01 ±0,01 ±0,01 ±0,01 ±0,01 

Peak 

Inventory 

±0,82 ±0,68 ±0,62 ±1,96 ±1,99 ±0,70 ±0,82 ±3,70 ±0,88 ±2,21 ±0,70 

Average 

inventory 

±0,43 ±0,45 ±±0,45 ±0,61 ±0,11 ±0,29 ±0,24 ±0,40 ±0,44 ±0,58 ±0,24 

Table 20, confidence intervals of the outdating analysis, using the results for 0.5% as a basis, b= low 

95% CI 

(b=middle) 

0,5% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 

Total cost ±0,29 ±0,45 ±0,19 ±0,22 ±0,29 ±0,29 ±0,23 ±0,17 ±0,21 ±0,45 ±0,10 

Transport 

cost 

±0,32 ±0,24 ±0,21 ±0,14 ±0,31 ±0,23 ±0,19 ±0,19 ±0,23 ±0,24 ±0,18 

Holding cost ±0,01 ±0,02 ±0,02 ±0,02 ±0,01 ±0,01 ±0,01 ±0,01 ±0,01 ±0,03 ±0,02 

Backorder 

cost 

±0,06 ±0,10 ±0,03 ±0,09 ±0,03 ±0,06 ±0,05 ±0,03 ±0,05 ±0,04 ±0,05 

Outdating 

cost 

±0,02 ±0,20 ±0,04 ±0,02 ±0,10 ±0,07 ±0,05 ±0,10 ±0,17 ±0,23 ±0,32 

Handling 

cost 

±0,01 ±0,01 ±0,01 ±0,02 ±0,01 ±0,01 ±0,01 ±0,00 ±0,01 ±0,01 ±0,01 

Peak 

Inventory 

±0,82 ±0,68 ±0,62 ±1,96 ±1,99 ±0,70 ±0,82 ±3,70 ±0,88 ±2,21 ±0,70 

Average 

inventory 

±0,43 ±0,45 ±0,45 ±0,61 ±0,11 ±0,29 ±0,24 ±0,40 ±0,44 ±0,58 ±0,24 

Table 21, confidence intervals of the outdating analysis, using the results for 0.5% as a basis, b=middle 

95% CI 

(b=high) 

0,5% 1% 2% 3% 4% 5% 6% 7% 8% 9% 10% 

Total cost ±0,26 ±0,42 ±0,17 ±0,20 ±0,27 ±0,27 ±0,22 ±0,15 ±0,20 ±0,42 ±0,09 

Transport 

cost 

±0,29 ±0,22 ±0,20 ±0,13 ±0,28 ±0,21 ±0,17 ±0,17 ±0,21 ±0,22 ±0,16 

Holding cost ±0,01 ±0,02 ±0,02 ±0,02 ±0,01 ±0,01 ±0,01 ±0,01 ±0,01 ±0,03 ±0,02 

Backorder 

cost 

±0,11 ±0,18 ±0,06 ±0,17 ±0,05 ±0,11 ±0,10 ±0,05 ±0,08 ±0,08 ±0,09 

Outdating 

cost 

±0,02 ±0,18 ±0,04 ±0,02 ±0,09 ±0,06 ±0,04 ±0,09 ±0,16 ±0,21 ±0,29 

Handling 

cost 

±0,01 ±0,01 ±0,01 ±0,02 ±0,01 ±0,01 ±0,01 ±0,00 ±0,01 ±0,01 ±0,01 

Peak 

Inventory 

±0,82 ±0,68 ±0,62 ±1,96 ±1,99 ±0,70 ±0,82 ±3,70 ±0,88 ±2,21 ±0,70 

Average 

inventory 

±0,43 ±0,45 ±0,45 ±0,61 ±0,11 ±0,29 ±0,24 ±0,40 ±0,44 ±0,58 ±0,24 

Table 22, confidence intervals of the outdating analysis, using the results for 0.5% as a basis, b=high 
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Appendix J Costs structure with transport costs, outdating analysis 
Overview of the costs structure for different ratios of outdating. Including transport costs 

 

 

Figure 27, total costs per outdating percentage, b=middle 
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Appendix K Cost structures chapter 8 
Simulation results for low and high values of backorder costs. 

  

Figure 28, Cost structure for b=low 

KPI Policy 1 Policy 2 Policy 3 Policy 4 

Total cost (year) 100,00 -27,9% -22,1% -36,2% 

Transport costs 85,33 -36,2% -30,7% -40,3% 

Holding cost 1,16 38,8% 32,5% 67,7% 

Backorder cost 2,16 -1,1% 32,8% 31,0% 

Outdating cost 1,69 232,0% 145,4% -93,7% 

Handling costs 9,67 -14,3% 6,0% -17,1% 

Average inventory 100,00 21,6% 30,4% 36,0% 

Peak inventory 137,17 33,3% 52,0% 66,9% 

Table 23, cost structure for b=low, with policy 1 as basis 

 

 

 

 

Figure 29, cost structure for b=high. 
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KPI Policy 1 Policy 2 Policy 3 Policy 4 

Total cost (year) 100,00 -26,5% -15,8% -35,1% 

Transport costs 85,39 -36,1% -24,9% -39,7% 

Holding cost 1,16 38,2% 39,4% 82,1% 

Backorder cost 8,49 0,4% -18,0% -32,8% 

Outdating cost 1,69 212,2% 257,5% -15,2% 

Handling costs 9,66 -14,2% 12,6% -14,1% 

Average inventory 100,00 21,5% 35,7% 49,7% 

Peak inventory 138,16 32,4% 53,8% 75,0% 

Table 24, cost structure for b=low, with policy 1 as basis 
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Appendix L Approximated supplier costs 
Suppliers are not willing to communicate their incurred transport costs. They will provide a shortage 

when the goods are picked, but this is a really small shortage. To get an idea of these cost we construct 

a lower bound for the extra costs a supplier incurs for delivering goods to Spar’s DC. This costs are only 

based on the time a truck spends at Spar’s DC. Suppliers spend more time at the DC than Spar trucks, 

because the load of the suppliers needs to be checked by the receiving department. At Spar there is 

no data on the average time a truck spends at the DC. However, there is a Dutch competition to reduce 

the time a truck spends at a DC. The winning retailer reported an average of almost 50 minutes 

(Logstiek.nl, 2015). Since Spar is probably less efficient, we assume that each small supplier spends 

approximately 45 minutes at the DC plus one minute per pallet. This will lead to the following waiting 

costs for each supplier: 

 

Supplier Waiting time 

costs 

Avg nr of 

weekly pallets 

Waiting costs  

1 € 33,75 7 € 40,17 

2 € 33,75 4 € 37,42 

3 € 33,75 4 € 37,42 

4 € 33,75 3 € 36,50 

5 € 33,75 3 € 36,50 

6 € 33,75 2 € 35,58 

7 € 33,75 1 € 34,67 

8 € 33,75 1 € 34,67 

 

Table 25, estimated minimum supplier costs 

The results support the initial thought that small suppliers face high waiting transport costs per pallet 

when delivering to Spar. Furthermore we observe that waiting costs are equal to 90% of the 

transport costs of policy 4. 

 

Figure 30, comparison of transport costs and waiting costs at the DC using b=middle 
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