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i. Abstract 

This Master Thesis describes the development of a method how an automated store replenishment 
system can make forecasts in a controlled way when using sales figures. Methods are proposed which 
take into account outliers and sales figures possibly affected by reduced product availability. A 
simulation setting was constructed in order to simulate the customer demand process, and to test the 
proposed methods. Several methods have been tested, and a selection was made based on minimized 
costs. This method was then optimized. The selected method was tested in practice, and an 
implementation plan was provided how to implement this in the examined automated store 
replenishment system. 

 

 

Subject headings: sales forecasting, shops, stock models, retail, retail trade;food stores(BIK5211)  
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iii. Management Summary 

This research project was conducted at Delta. Delta is a retail organization which has been active in 
the retail sector for more than 100 years. The focus of this retail organization is the exploitation of 
Delta’s store formula. The Store Logistics department of Delta has the task to provide helpful tools to 
store managers to enhance logistics between DC and stores. One of these tools is the Ordering Module 
(OM) which aids the store manager in making replenishment decisions for a large selection of 
products in the store. Since the introduction of OM shelf out-of-stock rates declined and average 
inventory levels have dropped. 

Problem situation 
OM uses registered sales figures for making forecasts. These forecasts are used for creating 
replenishment orders. Non representative sales figures are present among the figures OM currently 
uses for making forecasts. These non representative sales figures can cause OM to order either too 
much or too less products. This in turn could lead to higher costs than when these figures are not used. 
A controlled way of using sales figures when making forecasts within the OM should lead to lower 
costs. 

This led to the research assignment to provide a method to Delta how OM should deal with sales 
figures to minimize costs. The performance of this method should then be tested in practice. In the end 
an implementation plan of the selected method should be provided. 

The research project consisted of three parts; the proposal of methods with their evaluation by 
simulation, the practical verification of the proposed method in practice, and the development of an 
implementation plan to incorporate the selected method in OM. 

Proposed methods dealing with non representative sales figures 
OM is currently able to deal with sales figures which are known to be unrepresentative by excluding 
them from making forecasts. However there are still a number of occasions when registered sales 
figures are not representative.  

This research project judged sales figures on two criteria. For both criteria two methods were proposed 
on how OM could deal with sales figures. The following criteria along with the methods how OM 
could deal with not representative sales figures were proposed: 

1) A sales figure is considered as not representative when the probability of the observed sales 
figure is unlikely high or low; when a figure is judged as unlikely high or low one of the 
following can be applied: 

a. The observed sales figure is omitted; it is not used for making forecasts, or 

b. The observed sales figure is Winsorized; the likely value of the sales figure is used to 
make forecasts 

2) A sales figure is considered as not representative when limited product availability could have 
caused the demand not to be completely realized; when no products were left after demand 
took place: 

a. The sales figure is not used for making forecasts, or 

b. The sales figure is only not used when the observed sales figure was lower than 
expected 

A combination was also proposed which takes into account limited product availability and considered 
whether a sales figure is likely. The combination does not use sales figures for making forecasts when 
no products were left after demand took place and the observed sales figure is lower than expected. 
Observed sales figures are Winsorized when it is considered unlikely high or low. 
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Evaluation of proposed methods 
Simulations were used to evaluate the proposed methods. Demand characteristics were determined to 
simulate customer demand since these characteristics were not available within Delta. During the 
analysis of demand data it was established that the standardized shifted demand takes place Gamma 
distributed. A Gamma distribution was used to simulate customer demand. 

Performances of the proposed methods were measured with simulations. A set of representative 
products was used to measure performances. These performances were used to calculate costs for a 
store’s assortment. 

The following conclusions could be drawn from the evaluation: 

• Winsorizing unlikely sales figures is preferred over Omitting unlikely sales figures 

• If the store for which OM creates replenishments has a high service level one should not have 
to deal with sales figures possibly affected by limited product availability. However, when 
there is a possibility of sales figures being affected by limited product availability: 

o not using all these sales figures leads to higher Lost Profit, 

o not using just sales figures which are lower than expected demand leads to lower Lost 
Profit. 

• The proposed combined method dealing with the two criteria led to lower costs than both 
methods individually 

The evaluation of the proposed methods showed that no proposed method had significantly lower 
costs than the currently used method. The simulation setting in which performances were measured 
considered an ideal environment, where stationary demand was simulated for customer demand. In 
practice it is perceived that the method currently used would result into higher costs because it is not 
able to deal with non representative sales figures. The proposed combination is less likely to result in 
higher costs because it is able to deal with non representative sales figures. Therefore the selected 
combined method was favoured and chosen for OM to deal with sales figures such that costs are 
minimized. 

A value for the parameter, which determines sales figures being unlikely, was sought to minimize 
costs. No optimal value was found for which costs were significantly lower. During the search for an 
optimal value the following was established: 

• A larger used parameter value results in higher Lost Profit  

• A smaller used parameter value results in higher Backroom Costs  

• Within the simulation setting costs were considered to be comparable until the parameter 
value exceeded certain value 

This value was used to test in practice.  

Practical verification 
The selected method was tested in practice together with the obtained value for the parameter which 
determines if sales figures are unlikely. It was not able to test the impact of the selected method on 
costs. During the practical verification it was measured how many times it would have been used. It 
was also tested whether the indication made by the method was shared by experts. The practical 
verification led to the following conclusions: 

• It is desired to check if sales figure are likely; during the verification it was provided that there 
are sales figures present among registered sales figures which are unlikely high or low, 72% of 
all unlikely sales figures indicated by experts would have been dealt with by the method 

• The need for product availability is not established. It is however required for products which 
are unavailable for a longer period.  
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Implementation plan 
The implementation plan provides the steps and actions required within OM. Not all necessary 
information is available within OM.  

The database used by OM is not possible to determine whether sales figures should be considered 
unlikely. The combination of an Excel tool, a table implemented in OM, with the use of a heuristic 
allows OM to indicate whether sales figures are unlikely.  

Daily product availability information is required to fully implement the selected method in OM. It is 
necessary to manually register OOS within stores. Relying on system inventory level is risky, because 
system inventory records tend to be unreliable. 

Recommendations 
The following is recommended to further optimize OM: 

• Use variances within OM only in a right way:  

• Establish the relationship between product characteristics and service level: The effect of 
products characteristics increases service level of products. This effect is higher for products 
selling less. When this relationship is known OM could compensate products selling more 
such that their service levels are relatively equal to products selling less. 

• Register a longer history of daily sales figures within OM: OM is not always able to make 
optimal forecasts when forecasts are recalculated. Enlarging the registered sales history allows 
OM to select optimal forecasts more likely when forecasts are recalculated. 

• Assess the impact of promotions on demand just before and after the promotion period: 
Promotion can affected demand just before and after the promotion period. Products being 
promoted might have lowered performances after these demands are observed.  

• Keep customer order out of the history OM: Sales figures which are not representative 
because they are affected by customer orders are not always excluded when making forecasts. 
Customer orders are known by the store and should be excluded. OM should not have to take 
into account these sales figures when making forecasts for normal demand. 

General recommendations: 

• The selected method was developed for products with one item within a consumer unit: If the 
same method is used for products with a high amount of items (>1) within a consumer unit, 
one must first assess what consequences this might have for determining whether a sales 
figure is considered unlikely. 

• Try combining daily product availability measurement with a method to increase record 
accuracy: If product availability information is obtained one should try to compare this 
information with the system inventory level. In this way record accuracy increases and 
additional benefits will be gained. 

• Use information provided by the Distribution Center to indicate limited product availability: 
The Distribution Center provides information about products which were ordered but not 
delivered. Products which were ordered but not delivered have a larger probability of 
becoming unavailable. Especially when products are not delivered for a longer period this 
information should be used to prevent worse service level for this product. 
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v. Symbols and Abbreviations 

Symbols 

sesα    Smoothing parameter used within forecast mechanism 

*sesα    Optimal smoothing parameter 

α    Shape parameter used for determining Gamma distribution 

AWS   Average weekly sales volume 

β    Spread parameter used for determining Gamma distribution 

cp2    Lost Profit cost parameter  

cpb    Backroom cost parameter 

cpv    Average product value 

jδ    Variation variable 

kdD    Observed average demand, for product k on day d 

D[Rt,Rt+1+Lt+1]  Expected demand between Rt and Rt+1+Lt+1 

kdwe    Standardized sales figure of product k on day d in week w 

E(Ddk)   Expected demand for product k on day d 

E(Di)   Expected demand on a day i 

E(Dt)   Expected demand for time period t 

E(Dwk)   Expected weekly demand for product w  

Eses(Dt)   Expected demand for time period t when using smoothing parameter ses 

Ipos   Inventory position 

storeI    Average recorded inventory 

Lt   Lead time belonging to order placed at day t  

)( dkDLn   Log Normal transformation of kdD  

)( dksLn   Log Normal transformation of  kds

MSSEses;t  Error term used with forecast mechanism 

P2    The fraction of satisfied demand  

P3    The amount of time while stock was positive  

Pback   Probability that a replenished casepack is first stored in the backroom 

Q    Casepack size 

Rt    Review moment on time period t 

S   Order-up-to level 

kds    Observed standard deviation of demand, for product k on a day d 
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kdwS    Observed sales figure of product k on day d in week w 

kdwS '    Adjusted  by the week index kdwS

V(Di)   Variance of demand on a day i 

V(Ddk)   Variance of demand for product k on day d 

V(Dt)   Variance of demand for time period i 

Vses(Dt)   Expected demand for time period t when using smoothing parameter ses 

dw    Fraction of weekly sales occurring on weekday d 

⎡ ⎤x    Variable x rounded up 

⎣ ⎦x    Variable x rounded down 

wφ    Seasonal week index 

minχ    Parameter to determine negative outlier 

maxχ    Parameter to determine positive outlier 

totχ    Parameter to determine outliers 
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Abbreviations: 
 

ASR  Automatic Store Replenishment System 

CE  Consumer Unit 

DC  Distribution Centre 

ELI  Electronic Delivery Information 

OM  OrderingModule 

OOS  Out-Of-Stock 

POS  Point-Of-Sale 

PVV  Presentatie Voorraad 

SES  Simple Exponential Smoothing 
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1 Company Description 

This chapter introduces the company where the Master Thesis was conducted, and specifically the 
department where the problem is present.  

After this short introduction of the company and the department, the problem will be introduced in the 
next chapter. 

Retail organization Delta 
The company at which the Master Thesis was conducted is Delta. Delta has been active in the retail 
sector for more than 100 years. Delta is a strong customer-focused retail organisation, providing fast-
moving consumer goods by retailers. Every store is supplied daily by regional Distribution Centres 
(DC). The focus of Delta is the exploitation of Delta’s store formula. Delta is a national player in the 
fast-moving consumer goods market within the Netherlands.  

Store Logistics department  
The head office is located in the center of The Netherlands. Within the head office the Store Logistics 
department takes care for improving logistics, on aspects where the store takes part of the logistic 
chain. One task of this department is to provide and assist the store managers with helpful tools, in 
order to enhance logistics between DC and store.  

One of the tools provided by the Store Logistics department is the Ordering Module (OM). OM aids 
the store manager in making replenishment decisions for a large selection of products in the store. 
Since the introduction and the use of OM, average inventory levels have dropped, and shelf out-of-
stock1 (OOS) rates declined significantly. But since the introduction of OM, Delta also noticed 
problems that are not yet solved and need attention. Delta has contacted TU/e to solve one of these 
problems.  

 

 

 
1 Out-Of-Stock: A stockout occasion, no more products are left on the shelf 
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2 Introduction 

This chapter will describe the problem situation present within the Store Logistics department at Delta. 
After the problem situation is presented along with its potential the research assignment will follow 
with the scope of the research. Then the research design is described with the structure of the report. 
The scientific and practical relevance of this project is presented in the end. 

2.1 Problem Situation 
In this section the problem situation is presented, where at first the automatic replenishment system 
used within stores of Delta is introduced. Then the problem of Delta will be discussed which concerns 
the presence of registered normal sales figures while not knowing whether all these sales figures are 
representative for normal demand. Then the potential of solving this problem will be given. 

The automatic replenishment system for stores 
Within the Store Logistics department at Delta the automatic replenishment system for stores is 
maintained. This system takes care of the replenishment of goods to the store. This Automatic Store 
Replenishment System (ASR) (Angerer, 2005) is known as the Ordering Module within Delta. The 
positioning of the ASR, within the information system of Delta is given in Figure 1. 

 
Figure 1: Graphical representation of replenishment of store of Delta  

The first main advantage of the implementation of the ASR within Delta was a decreased average rate 
of shelf out-of-stocks (OOS), while having a reduced average inventory level. Another advantage was 
the decreased time needed for generating replenishment orders for the store.  

By the implementation of an electronic inventory record system, inventory visibility increased; 
products on shelves as well as products in the backroom are considered. This lead to a lower average 
inventory level because the system inventory level is considered.  

Based on registered sales figures, forecasts are made. These forecasts are used to calculate the 
expected demand during a period for each product. Replenishments orders generated by this ASR are 
based on fulfilling with a certain probability expected demand during the replenishment period. 
Because the forecast mechanism bases its decision on registered sales figures, it is able to calculate 
forecasts more accurately. This resulted into a decreased average rate of OOS within Delta compared 
to the situation before. 

The increased automation of the ASR of Delta involved the calculation of forecasts for the demand of 
products. Delta chose to create a system to forecast demand for each single product on a daily basis 
using time-series based forecasts, with as input the registered daily sales figures. The forecast 
mechanism is designed such that it adapts on changing demand characteristics for a product.  

 2
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Not every observed sales figure is representative for normal demand 
It is known within Delta that not each sales figure is representative for normal demand; regular 
replenishment orders are based on forecasts of this normal demand. Therefore the automatic generated 
forecasts are only based on sales figures which are typed in the system as “normal”.  

The distinction is made within the system, because it is known that registered sales figures can deviate 
from the normal demand pattern. For instance, demand for a product which is promoted has a great 
probability of deferring from the expected demand. Because it would be unwise to base new forecasts 
on the observed sales figure belonging to a promoted product; these sales figures are not typed as 
normal. For the same reason, sales figures which are registered during a special period (e.g. 
Christmas) can also be typed as not normal, when it is known that these sales figures are not 
representative.  

Besides the previously mentioned effects which can cause increased or decreased observed sales 
figures, there are various effects which cause an increased or a decreased demand for products 
(Wagner, 2002) which the system does not yet deal with. These effects can result into a registered 
sales figure which is not representative to normal demand. Therefore registered sales figures typed as 
normal should not always be considered as normal demand. E.g. sometimes a registered sales figure 
can be unusually high because a customer placed a large order.  

Within the Store Logistics department it is perceived that the combination of the forecast mechanism 
together with the occurrence of not representative sales figures lead to higher costs as opposed to 
forecasts based on normal demand. The underlying reason for this is that the forecast mechanism 
allows emphasizing on sales figures. This mechanism needs to be able to adapt in accordance with 
product demand. When product demand changes, emphasis is required on recent sales figures.  

Potential of the assignment 
In the current state the ASR is able to emphasize either on positively or negatively affected sales 
figures, which could result into higher costs than when only normal demand figures are used.  

The emphasis on negatively affected sales figures could lead to a lower service level and therefore to 
increased costs due to lost profit on missed sales. Also the emphasis on positively affected sales figure 
can lead to higher costs. The emphasis on positively affected sales figures will increase operating costs 
due to an increased probability of relatively expensive backroom activity, and holding costs are higher 
because of an increased average inventory level. The emphasis on either negatively affected or 
positively affected sales figures increase the observed variance of demand, and therefore will result in 
a higher average inventory level, leading to higher operating costs and higher holding costs. 

The potential within this research is that when checking sales figures, if they are representative of 
normal demand, and dealing with sales figures which are not representative can lead to less cost.  

2.2 Research assignment 
The current ASR used by the stores of Delta uses sales figures without regarding whether they are 
representative for normal demand, which can result in higher costs for the stores.  

The research assignment is to provide guidelines for the ASR how to deal with sales figures 
minimizing costs; check the performance of the developed method in practice; and check how the 
selected and tested method should be implemented in the ASR of Delta. 

1) In what way should the Automatic Store Replenishment System deal with sales 
figures in order to minimize costs? 

2) Check how the selected way of dealing with sales figures performs in practice. 

3) Provide an implementation plan to incorporate the selected method of dealing 
with sales figures in the Automatic Store Replenishment System. 
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Terms within the research assignment which need further explanation: 

• The costs which will be minimized are the following costs: 

o Costs of item storage  

o Operating costs for the store due to backroom activity 

o Costs representing lost profit related to unsatisfied demand 

Scope of the research: 
- Within this research only the dry-food assortment of a store is considered; products which 

might have higher holding and disposal costs due to perishability will not be included, 
therefore holding costs are only based on lost interest 

- Only items with stationary demand are considered; a reduced performance due to reduced 
reaction on seasonal influences is avoided in this way  

- Current forecasting procedure is considered as given; other forecasting procedures which 
might lead to lower costs will not be considered 

- Other costs, besides the fore mentioned costs will not be considered; methods will only be 
judged on the costs mentioned above  

- Only the regular forecast mechanism is used for measuring performances; performances are 
not affected by the procedure normally used for new products 

2.3 Research Design 
In the beginning it was found that proposed methods would be tested with simulations. Simulations 
were necessary because the impact of non representative sales figures could only be measured by 
doing simulations. Because of the lack of demand characteristics within Delta, an important part of the 
research was to establish demand characteristics. A simulation tool was constructed such that a store 
setting is recreated.  

A research design was developed using Verschuuren and Doorewaard (1995). One can see in Figure 2, 
that the currently used automatic store replenishment system will be analysed along with the definition 
of demand characteristics. Then a simulation tool will be constructed in which a store setting is 
recreated. Simulation will be done using the proposed methods for dealing with sales figures not 
representative of normal demand. Based on results obtained from the simulation, the best method will 
be selected. Depending on the characteristics of the selected method, this method could then be further 
optimized. The selected method will be tested in practice, and an implementation plan will be 
provided in the end. 

 
Figure 2: Research model (Verschuuren and Doorewaard, 1995)  
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2.4 Structure of the report 
In chapter one an introduction is given in which the company and the department, where the Master 
Thesis has been conducted, was described. In chapter two the problem situation was presented, 
resulting in the research assignment, and how this research assignment will be dealt with. In chapter 
three the problem analysis is discussed; the current used ASR within Delta is analysed and demand 
characteristics about customer demand at stores is derived. In chapter four, methods are proposed how 
to deal with sales figures, having in mind the several criteria which were found in chapter three why 
sales figures could deviate from normal demand. In chapter five the simulation setting is given in 
which performances of the proposed methods are measured, also costs of the different proposed 
methods are given, leading to a choice for the best method. In chapter six optimization of the selected 
method is discussed. Chapter seven elaborates on the analysis how the optimized method performs in 
practice. In chapter eight an implementation plan is given how the selected method can be 
implemented in the ASR of Delta. In chapter nine the overall conclusions and recommendations are 
given to Delta, and in the end a reflection will be given on the conducted Master Thesis.  

2.5 Relevance of the project 
The conducted research is practical relevant as well as scientifically relevant.  

Scientific relevance 
The Master Thesis Project is scientifically relevant because: 

• Nothing was found within literature about the impact of non representative sales figures on 
costs of a store when the automatic replenishment system takes into account all registered 
sales figures2. This research will give a contribution about the impact of non representative 
sales figures on the costs of a store. This is done by comparing costs of the currently used 
method with the proposed methods (presented in section 5.2).  

• A contribution to the literature will be given proposing methods which filter retail sales data; 
in this thesis, methods are proposed how sales figures, which are not representative for normal 
demand, could be dealt with within a retail environment (presented in Chapter 4).  

Practical relevance 
The Master Thesis Project will be practical relevant for Delta because: 

• Guidelines will be provided to Delta how the automatic replenishment system of the stores 
within Delta could deal with sales figures such that costs are lowered, compared to the costs 
stores currently have (presented in section 5.3). 

• It will be tested how the method performs in practice (given in Chapter 7). 

• During the master thesis project an implementation plan will be given, describing how the 
provided guidelines can be implemented into the current store’s automatic replenishment 
system of Delta (provided in Chapter 8). 

 

 
2 Used keywords for existing searching literature: non representative, extreme, outlier, abnormal, out 
of stock, figure, sales, retail, store, bad, POS, forecast, ARS, impact, demand, handling, detection, 
detecting,  
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3 Problem Analysis 

In this chapter, first the ASR used within Delta will be analysed with relevant issues concerning this 
research. Then secondly, demand characteristics for products within a store of Delta will be derived, 
such that demand can be simulated. 

3.1 Analysis on the ASR within Delta 
The ASR of the stores take cares of the replenishment of a large part of the store’s assortment. In this 
part an analysis will be done on the ASR used within stores of Delta, a schematic representation is 
given in Figure 3.  

 
Figure 3: Graphical representation of Delta’s ASR within stores  

At first the replenishment logic (Order heuristic) used within the ASR of Delta will be examined. Then 
the forecast mechanism used within this ASR is discussed. When having examined the forecast 
mechanism, it will be evaluated how the current ASR deals with sales figures not representative for 
normal demand. Afterwards the potential effect of these sales figures (not representative for normal 
demand) on the ASR will be described. 

3.1.1 Replenishment logic 
The replenishment policy used within the ASR of Delta is a (R,S,nQ)-policy (Silver, Pyke & Peterson, 
1998). For the assortment replenished by the ASR, for each product, each review moment, determined 
by R, the current inventory position Ipos

(3) is compared to the order-up-to level S. Then a replenishment 
order of an n amount of casepacks Q, nQ, is placed of sufficient magnitude to raise the inventory 
position to or above the order-up-to level S. 

Point-of-Sale4 (POS) data is obtained daily from cash registers, then system inventory levels are 
adjusted with the registered sales figures, the POS data.  

Differing review moments 
The review period for products is given by R. This review period is not constant, since the 
replenishment schedule of DC to the store varies; also different product categories can have a different 
replenishment schedule. The review period and the lead time of replenishment are used for 
determining the order-up-to level (Silver, Pyke & Peterson, 1998). Within the ASR of Delta, because 
of the varying length of review periods, the period covering review period and lead time is calculated. 

                                                      
3 Inventory position: The inventory position is equal to the amount of inventory present in the store 
plus inventory on order (Silver, Pyke & Peterson, 1998). 
4 Point-Of-Sale (POS) Data: Data obtained from cash registers within the store 
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The calculated period is achieved by measuring the time from the current review moment Rt until the 
delivery moment of the order belonging to the next review moment Rt+1, delivered with leadtime Lt+1. 
Using the information about the possible delivery moments belonging to the different review 
moments, the order-up-to level S is calculated. The calculation of S will be explained next. 

Computation of order-up-to level S 
The calculation of order-up-to level S is only used when products are not promoted within the period 
covered by S. 

Given moment Rt and the delivery moment of orders belonging to review moment Rt+1 (i.e. Rt+1+Lt+1), 
the ASR calculates at first the needed amount of products to fulfil demand during the period 
[Rt,Rt+1+Lt+1] for a certain probability. This certain probability is determined by the so-called safety 
factor (Silver, Pyke & Peterson, 1998), within Delta given by λ . The calculation of D[Rt,Rt+1+Lt+1] is 
done using forecasts (expected demands and variances of demand) obtained from the forecast 
mechanism tool, which will be explained in 3.1.2. The needed demand D[Rt,Rt+1+Lt+1] is calculated by 
( 1 ). E(Di) represents the expected demand on day i and V(Di) represents the corresponding variance 
belonging to E(Di). 

∑∑
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S is calculated by summing D[Rt,Rt+1+Lt+1] with the minimum needed amount of products which 
should be present for commercial reasons. This amount is named “PresentatieVoorraad” (PVV). So: 
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The current version of the ASR provides an option of calculating S using variances in a – wrong – way 
other than given in ( 2 ). This option sums the square roots of the variances of each day for calculating 
the variance during the wanted period. This research will only consider the ASR, using formula ( 2 ), 
with a correct usage of variances. 

Creation of replenishment orders 
Every review moment the systems inventory position Ipos is tested with the order-up-to-level S. If S is 
equal or higher than the current inventory position, n casepacks Q are ordered such that the new 
inventory position exceeds S. This result in the following ordering rule, note that  and ⎣ ⎦x  
represent the rounding of x respectively up and down to the nearest integer, a notation also used in 
Van Donselaar and Broekmeulen (2008): 
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Point of critique on the current order heuristic  
As can be seen, the computation of the order-up-to level is based on the PVV and the rounding of 
amounts to the nearest higher integer. Furthermore in literature (Silver, Pyke & Peterson, 1998) it can 
be seen that a safety-factor of 0.8 with normal distributed demand is able to fulfil expected demand for 
78%. In practice the service level within stores of Delta is around 98%. The use of PVV and the 
rounding of amounts to whole casepacks, when calculating S and the advised amount of casepacks, 
result in higher service than the theoretical determined 78%. The exact effect of these factors is 
unknown; it might be interesting to investigate this effect. The PVV and rounding of casepacks has a 
great effect on products which on average sell very few. This effect might be very low when 
considering products with a very high average demand. The effect can be that low that products with 
small casepacks, low PVV and a high average demand will have a service level towards this 78%.  
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3.1.2 Forecast mechanism 
In this section the procedure how demand parameters are calculated will be discussed. In an ideal 
environment, where demand is exactly known and stable, base reorder levels can be calculated using 
the registered demand. However, in a retail environment demand characteristics tend to vary. In order 
to adapt on varying demand characteristics, Delta has developed a forecast mechanism which is able to 
adapt on changing demand characteristics. This forecast mechanism will be discussed in this section. 

The forecast mechanism updates statistics, i.e. forecasts for expected demand and variance of demand, 
with new observed sales figures. Statistics are only updated if a new observed sales figure is qualified 
as a standard sales figure (further elaborated on in 3.1.4). The mechanism calculates forecasts for the 
next period based on time-series, using the registered sales figure. This means that a new observed 
sales figure, e.g. on Monday, will be added to the time-series of observed “Monday-sales”, and is used 
to calculate forecast for the Monday next week. Forecasts are made for each day separately to be able 
to cope with the week pattern (i.e. demand is assumed to have different characteristics on different 
weekdays). The forecasts generated by this mechanism are of the expected demand, and of the 
variance belonging to this expectation. The forecast mechanism is schematically given in Figure 4: 

Forecast 
Mechanism

Cash 
Register / 

POS

Sales 
figures

(Qualified 
as normal)

Expected 
demand

Variance of 
demand

 
Figure 4: Forecast mechanism used within ASR 

With the daily observed sales figures (qualified as normal) the forecast mechanism generates new 
forecasts about expected demand and variance of demand. The heuristic used in the forecast 
mechanism is based on time-series analysis; the technique used is called simple exponential smoothing 
(Chatfield, 2004).  

Simple exponential smoothing 
Exponential smoothing is the name given to a general class of forecasting techniques that rely on the 
simple updating of forecasts using equations. The most basic form, within this class, is called simple 
exponential smoothing (SES). In literature (Chatfield, 2004) it is recommended that this method 
should only be used for non-seasonal time series with no systematic trend. The observed time-series 
for each product for each day within the ASR could contain trends, because products can have 
seasonal influences. However, Dekker and Van Donselaar (2002) state that giving a relative high 
weight to the most recent observed demand information lead to better results when seasonal influences 
are present, so an ASR with a relative high weight is able to deal with seasonal demand. Because the 
ASR within Delta uses a large range of possible weights (smoothing parameters), the SES based 
technique used in the ASR of Delta is able to react on seasonal influences. 

By calculating forecasts for expected demands and variances of demands for a range of smoothing 
parameters, the ASR has the possibility of selecting a different expected demand corresponding to a 
different smoothing parameter. The selection of the smoothing parameter within the ASR of Delta is 
based on a registered error term; the smoothing parameter which has the lowest registered error term 
will be used to calculate new forecasts. The selection of a smoothing parameter based on this criterion 
takes place when 16 observations have been registered. 

Regular forecast updating mechanism 
For each product, for each day, for each smoothing parameter sesα , with the sesα  value ranging from 
0.01 to 0.79, expected demands E(Dt), variances of demand V(Dt) and error terms MSSEt are 
registered. With each daily observed sales figure Dt+1 belonging to a product on a certain day, the 
corresponding expected demands E(Dt+1), and variances of demand V(Dt+1) are calculated by using the 
following SES-based equations: 

11 *)(*)1()( ++ +−= tsestsessestses DDEDE α α  ( 4 )
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( )2
11 ))((*)(*)1()( ++ −+−= ttsessestsessestses DDEDVDV αα  ( 5 )

The error terms MSSEses;t+1, registered per smoothing parameter sesα , are updated using: 

2
1;1; ))((**)1( ++

−+−= ttsestsestses DDEMSSEMSSE ηη  ( 6 )

This form of updating is also used in Silver, Pyke & Peterson (1998). Silver, Pyke & Peterson (1998) 
advise that normally a small value for smoothing parameter η  should be used, namely between 0.01 
and 0.10. Within the ASR of Delta a value of 0.10 is used for η . When all MSSEses;t+1-terms are 
updated using the new observed sales figures, *sesα  is selected, being the sesα  with the lowest 
MSSEses;t+1. The E(Dt+1) and V(Dt+1) computed with *sesα  are then used as E(Dt) and V(Dt).  

Initial statistics heuristic 
Before the regular forecast updating mechanism can take place, initial statistics are computed using a 
heuristic. After 16 sales figures are registered and dealt with using this heuristic, the regular forecast 
mechanism is used. The quality of the heuristic could affect the performances of products, measured 
during the period in which this heuristic is used. Performances should therefore not be based including 
the period in which the initial heuristic is used for making forecasts. 

Point of critique on forecast mechanism within ASR of Delta 
Whenever it is decided to recalculate the expected and variance of demand for whatever reason, the 
forecast mechanism uses the initial statistics heuristic. The recalculation of expected and variances of 
demand is done using the registered sales history, which is held for 16 weeks maximum. As mentioned 
before, an optimal smoothing parameter is chosen after 16 observations are registered. Given that 
within the sales history, sales figures are present which are not qualified as normal, therefore unusable 
for computing forecasts with, it will usually take a number of weeks before the heuristic has the 
desired minimum number of sales figures. If the ASR of Delta is able to register a longer (daily) sales 
history, one will more likely always be able to select an optimal smoothing parameter when 
recalculating expected and variance of demand. A longer sales history increases the probability that at 
least 16 usuable sales figures are present in the sales history.  

3.1.3 Non-representative sales figures within the ASR of Delta 
In chapter 2 it was mentioned that when a sales figure belonging to a product is not typed as normal, 
all statistics (expected demands, variances of demand, and MSSE’s) belonging to that product for that 
day are not updated. The reason for not updating the statistics for such a product is that the registered 
sales figure has a great probability of not being representative for normal demand. Silver, Pyke & 
Peterson (1998) indicated that temporary changes in the demand pattern should be filtered out prior to 
updating forecasts. In the ASR of Delta this is done by excluding products from updating statistics 
which are affected by temporary changes, such as promotions. 

The ASR of Delta already takes care of non-representative sales figures when sales figures are affected 
by the following two causes (leading to temporary changes in the demand pattern):  

1. Promotion related sales figures: In the ASR it is registered whether products are on promotion 
or not. Because it is known that these promoted products show a different demand pattern than 
normal, sales figures registered during a promotion period are not used for updating statistics.  

2. Unrepresentative period: When it is known before hand by a store or by Delta that the demand 
pattern will be unrepresentative for normal demand, it can be indicated not to use the sales 
figures for calculating new forecasts. The used period can vary from a single day or more, and 
the affected product group can vary from a single product to the complete assortment. For 
instance: Christmas could affect for a larger period the whole assortment, while a specific 
order from a single customer could only affect a single product for a day.  

 9
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The procedure how the ASR indicates sales figures as not-representative is graphically represented in 
Figure 5: 

 
Figure 5: Graphically representation of indication of sales figures within ASR 

The ASR of Delta also allows corrective actions on the sales history: 

- If there are, for some reason, still non-representative sales figures present in the history of the ASR 
which are considered as normal (and are thus used for the calculation of forecasts) there is an 
option within the ASR to correct this. The ASR provides the opportunity to indicate an already 
registered sales figure as being not representative. The system then recalculates forecasts with the 
remaining sales figures, using the initial forecast heuristic. This is usually done when a product 
needed examination due to an error (when there is either too much stock or the product is 
frequently observed OOS), the sales history of that product is then examined.  

As previously mentioned, the ASR allows corrective action to indicate observed sales figures as being 
not representative. This implies that within the system the observed sales figure need not always be 
representative. This can be caused by a lot of effects resulting in an increased or decreased intention to 
buy a product; these effects can either result in a higher or smaller demand for a product. The effects 
are rarely noticed within the ASR of Delta and if the effect is known to be present the size of it is 
unknown. This research was not conducted to identify the possible causes of not representative sales 
figures, but to provide guidelines on how to deal with sales figures not being representative. Therefore 
the increasing or decreasing effects are considered as given. There is little existing work about 
estimating the substitution behaviour (Kök and Fisher, 2007). Assessing the exact substitution 
behaviour within a Delta store would be a research project itself. 

The process how the observed demand can deviate from normal demand is given in Figure 6. One can 
see that the normal demand (1) can be affected by increasing or decreasing effects (2). This leads to 
the resulting demand from customers for a product (3). The resulting demand is dependent on the 
availability of the product (4) (which could be affected: e.g. replenishment of products was too late). 
The realised demand (5) is then registered and is used by the ASR as demand (6) for generating 
forecasts. 
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Figure 6: Effects causing observed demand to deviate from normal demand  
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Wagner (2002) mentioned typical examples causing observed sales figures to be different from normal 
demand. Following are a few causes from his list: 

• Supplier failed to ship orders and consequently the product was out of stock, the resulting 
sales figures observed during the period then understate demand 

• A product received special promotions; weekly sales show spikes (already incorporated in the 
ASR of Delta) but also subsequent valleys 

• Several times demand was unusually large due to unexpected orders of a few large customers, 
this observed demand should not be used to calculate forecasts 

• Customers’ return are netted out of a current week’s sales, so raw sales may overstate demand 
in one time period and understate it later 

• Some holidays fall on different days and weeks from one year to the next, so sales data have to 
be adjusted from one year to obtain comparability 

• Weather impacts demand; historic sales reflect special conditions that may not recur 

• A new product was introduced and thereby cannibalized the sales of several other products 

The list Wagner (2002) provided is incomplete; for instance several situations can be given in which 
observed demand is different from normal demand:  

• Due to promotion of complementary products, demand for the observed product was higher; 
E.g. the cross-category sales promotion effect has been examined by Hruschka et al. (1999) 

• Due to promotion of competing products; demand for the observed product was lower; 
Walters (1991) assessed the impact of retail price promotion on product substitution 

• Because of OOS of a competing product, demand for the observed product is higher. This 
issue of product substitution is covered by Campo et al. (2003) 

• Extern factors caused a temporal hype for the product, resulting in higher demand 

The current forecast mechanism used within the ASR of Delta is already able to deal with situations 
resulting in a changed demand pattern. The ability of the forecast mechanism to select an optimal 
smoothing parameter allows the forecast mechanism to react on changes of the demand pattern. But 
there are still aspects (temporary effects) which are not dealt with within the ASR. Sales figures 
affected by these temporary effects will be dealt with during this research. 

In this research it will be investigated how a controlled way of using sales figures will lead to lower 
costs. This controlled way of using sales figures is done by checking if observed sales figures are 
representative for normal demand and deal with them when not.  

In this research, sales figures can be indicated as non-representative for normal demand on two 
criteria: 1) an observed sales figure is unlikely high or low, or 2) a sales figure was realized while 
product availability was limited. 

A sales figure could be unlikely high or low due to an increasing or decreasing effect; Checking 
for an increasing or decreasing effect can be done by calculating the probability of the observed sales 
figure. With the known forecasts of demand (expectation and variance) it is possible to calculate the 
probability whether a new observed sales figure is representative to the registered history. When an 
observed sales figure deviates too much, i.e. the probability of an observed sales figure is too low, it is 
considered as not representative to normal demand. 

Due to limited product availability, it could be possible that demand was not completely 
realized; Product availability can be checked by verifying whether the product was OOS at the end of 
the day and therefore could result in unsatisfied demand. OOS can only have a negative effect on the 
realization of demand. 

The exact method how sales figures are checked, if they are considered as not representative for 
normal demand because of the previously mentioned reasons, will be explained in chapter 4. In this 
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report sales figures which are not representative to normal demand, are further referred to as non-
normal sales figures. 

3.1.4 Effect of non-normal sales figures on regular forecast update mechanism  
In this section the effect of non-normal sales figures on forecasts generated by the forecast update 
mechanism is shown. As mentioned in the scope of the research, the forecast mechanism currently 
used within the ASR of Delta is considered as given.  

The regular update forecast mechanism is used to show the effect. At first the short term effect will be 
shown. Then the effect for long term will be given. It will be shown that the effect of non-normal sales 
figures is unwanted for short and long term; therefore it is perceived that they need to be dealt with.  

It will only be checked what the effect of a non-normal sales figure is, when the regular forecast 
update mechanism is used. The effect of non-normal sales figures present in the observed sales figures 
used for calculating initial statistics will not be discussed.  

The impact of non-normal sales figures on forecasts will be shown with the use of a sales figure 
pattern for 19 observed days i for a product d. At least 16 observed days are required to use the regular 
forecast mechanism. The used pattern for 19 observed days i for a product d is given by 
[6,7,8,10,7,8,9,6,7,8,9,8,10,8,9,7,9,9,7]. Based on this demand pattern, forecast E(Dd) for product d 
next period on day 20 was calculated at 8.1. The effect a sales figure can have on short as well as long 
term will be explained in the following paragraphs. 

Short term effect 
In this part it will be discussed what effect a non-normal sales figure can have on the forecast for day 
t+1, given a new observed demand sales figure at day t.  
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The short term effect will be shown given the demand pattern for product d on 19 observed days by 
[6,7,8,10,7,8,9,6,7,8,9,8,10,8,9,7,9,9,7].  If the new observed demand sales figure at day 20 was 0, due 
to e.g. OOS of the product d or a very low intention of buying product d at day 20. A new forecast 
E(Dd) for product d for day 21 was calculated at 1.6. The lower forecast E(Dd) (from 8.1 for day 20, to 
1.6 for day 21) is the result of the selection of smoothing parameter α  with value 0.79, therefore the 
most recent observation (i.e. 0) is weighted 79% for calculating next forecast. When on day 22 a 
normal sales figure (e.g. 7, 8, 9, or 10) is observed, the new forecast for day 22 is again calculated at 
7.6, close to the original forecast for day 20.  

When on day 20 an observed sales figure of 20 was observed, due to an increasing effect of normal 
demand. Then a new forecast E(Dd) for product d for day 21 was calculated at 10.4. The new forecast 
resulted in a slight increase (from 8.1 for day 20, to 10.4 for day 21) due to the selection of a ‘small’ 
smoothing parameter sesα  of 0.19. But if the observed sales figure on day 19 for product d was 9 
instead of 7, the new expected forecast for day 21 was calculated at 16.7, due to the high emphasis on 
the most recent observation because of the selection of smoothing parameter sesα  of 0.70.  

Therefore, stated in aforementioned paragraphs, it can be seen that non-normal sales figure can have 
such an effect on the calculated forecast, when a high emphasis is placed on the most recent 
observation. This results that only 21% of the most recent forecast is used. When this most recent 
observation was extremely low, the reduced forecast could lead to a lower advised ordered amount, 
leading to a lower service level. When the most recent observation was much higher the advised 
amount of products increases, possibly leading to the ordering of too many products. The ordering of 
too many products might lead to casepacks first stored in the backroom.  

Long term effect 
In this section it will be discussed what the long term effect of a non-normal sales figure is, on the 
forecasts generated by the forecast mechanism. 
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The long term effect of a non-normal sales figure is present when an extreme value (high/low) is 
observed, and especially when extreme high values are observed. Extreme low values would also have 
effect, but the extremeness of low values is limited because 0 is the lowest value possible (negative 
demand is impossible).  

The long term effect will be shown given the demand pattern for product d on 19 observed days by 
[6,7,8,10,7,8,9,6,7,8,9,8,10,8,9,7,9,9,7]. If at day 20 a new sales figure of 100 was observed, the 
forecast mechanism will not be able to ignore the caused variance by this observed sales figure. This 
observed variance remains within the statistics, due to exponential smoothing which takes into account 
this sales figure, given the selection of a low smoothing parameter sesα . With a very stable continued 
pattern of [7,8,7,8,7,8,7,8,7,8], the forecasted variance for day 30 is still 78.7, where the forecasted 
variance on day 20 was only 1.3.  

Therefore, the presence of the extreme value observed at day 20, causes that variance stays inflated for 
a long period. The calculated safety stock for a period including day i will be much higher than when 
this sales figure was not present. Resulting that each time an advised amount is ordered for a period, 
including day i, too many products could be ordered. The ordering of too many products might lead to 
casepacks first stored in the backroom. 

3.2 Analysis on observed sales figures 
This research involves the measurement of performances related to service level, backroom activity 
and holding products. The measurement of these performances is done using simulations. In order to 
simulate the store process, customer demand data for products is needed as input. Within Delta there is 
no customer demand data available, only registered sales figures. Demand characteristics will be 
derived using registered sales figures in order to define demand characteristics, which then can be used 
for simulation.  

The schematic demand process for a product is presented in Figure 7. In this section characteristics 
about the resulting demand (represented by (3) in the figure) will be derived. 

 
Figure 7: Demand characteristics will be derived about the resulting demand 

As mentioned in 3.1.3 there are a lot of effects which affect the normal demand (1): Substitution, 
OOS-reaction, and the presence of promotion. These are several aspects (2) which occur frequently 
and affect the actual resulting demand (3). In this research the observed demand acquired from the 
database is assumed to be affected by these aspects. In this research demand characteristics about the 
resulting demand (3) will be derived, so the obtained demand characteristics incorporate these 
increasing/decreasing effects, graphically represented in Figure 7. 

In order to derive demand characteristics, in this section an analysis will be done on registered sales 
figures acquired from a retailer’s database. Before establishing demand characteristics the database 
will be cleaned. A distribution will be searched to replace the observed sales figures. In the end 
demand characteristics will be presented such that the demand function for a product is given that 
allows simulation of demand for a single product. 

3.2.1 Cleaning of selected Database 
The database used for the analysis on observed sales figures is obtained from a store named Kappa, 
characteristics of this store are presented in the Appendix 1. The used database contained sales figures 
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of the complete product assortment for 16 weeks on daily basis. The store is opened six days a week 
resulting into at max 16*6=96 observed sales figures for each product. The registered sales figures are 
POS data obtained within the selected store. 

The registered sales figures are not equal to the actual demand. In this research however, it is assumed 
that OOS does not have a significant effect on the sales figures examined on a large set of sales 
figures. Sales data are considered as demand data, an assumption also used by DeHoratius et al. 
(2005). A large set of sales figures is obtained by examining a larger sample size (all products 
together). Grouping sales data to obtain a larger sample size was also done by Agrawal & Smith 
(1996). The demand characteristics for a single product, derived from grouped sales figures, will be 
considered as actual demand. Because sales figures were grouped, the determined characteristics are 
the shared characteristics of the examined larger sample size. 

Before these sales figures can be used for determining demand characteristics the database will be 
prepared. Registered sales figures left after cleaning the database are more reliable. When this 
database has been cleaned, the sales figures will be used to establish demand characteristics. 

The products left for analysis after the cleaning steps were completed, all had 16*6 observed sales 
figures. In Appendix 2 descriptive statistics are given for the product group left after the cleaning 
steps. The sales figures of these products were corrected with their week index.  

Exclusion of promotion related sales figures 
The first step of cleaning the database is the exclusion of products which were promoted within the 
observed period.  

It was indicated by Wagner (2002) that promotion could either lead to a significant increase or 
decrease of demand for the product. This was also seen in the obtained database. In order to keep the 
observed sales figures more reliable, it was decided to exclude all products from analysis which were 
promoted within the observed period.  

It is important to note that the current ASR takes into account the period that products are promoted, 
but not the period just before or just after the promotion. Given a promotion period, it might be 
interesting to investigate the effect promotions have on the demand during the period just before and 
after this period. A longer period of decreased demand (due to the buffering of goods) could lead to 
bad performance of the promoted product after the promotion. 

Exclusion of products recently introduced 
Products which were introduced within the observed period were also excluded from analysis.  

The demand pattern of a product which was introduced within the observed period was not at that 
moment stabilized. Therefore it was decided to exclude products which were introduced within the 
period. 

Exclusion of products which sold too few 
Products which had on a specific day (Monday, …, or Saturday) a total sales figure (the summed sales 
figures of 16 weeks) of zero were also excluded from analysis. Products with no sales on a specific 
day are unwanted within the analysis because no statistics can be generated based on 16 observed zero 
sales.  

This criterion led to a great number of products being excluded. The purpose of this research is to 
provide guidelines minimizing costs. Products which were excluded based on this criterion have such 
low demand that the probability of not satisfying demand of a customer is nearly zero and the 
probability of creating backroom activity is also nearly zero. Exclusion of these products will not lead 
to differentiating results, i.e. the evaluated costs should not differ due to the exclusion of these 
products. 

Adjustment of sales figures based on weekly sales 
However the observed period was considered as rather stable, with few seasonal influences on store 
level. Individual sales figures were corrected with the week index of the corresponding week. Small 
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influences (highest observed week index was 1.22 and the lowest observed week index was 0.89), 
based on store-level, were corrected this way. 
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3.2.2 Computation of sales figure statistics 
The database was cleaned such that more reliable sales figures were obtained. Each remaining product 
had 6*16 more reliable observed sales figures. These sales figures were used for analysis.  

Each product has different characteristics, with a different mean and a different standard deviation. It 
was quickly observed that the sales figures show a week pattern. The week pattern represents the 
observed fractions sold on weekdays d. The week pattern is calculated by summing observed sales 
figures of all products during 16 weeks on a weekday d, then dividing this by the total summed 
observed sales figures observed on all weekdays during the observed period of 16 weeks w, using the 
following formula: 
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The established week pattern given by [w1;w2;w3;w4;w5;w6;w7] is given in Appendix 2. Because of the 
week pattern for each product distinction was made between the weekdays for computing averages 
and standard deviations. So for each product k, for each day d (Monday, …, Saturday) an average 

dkD kds, and a standard deviation , were computed using the following formula (Montgomery & 
Runger, 1999), using observed sales figure during 16 weeks w: 
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The great diversity of observed means of products with their variances made it difficult to find a 
distribution which would fit the distribution of observed sales figures.  

Due to the differing characteristics of the observed sales figure statistics it was decided to standardize 
the observed sales figures (Hair et al., 2005). By transforming the observed sales figures into 
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standardized sales figures the observed variables are transformed into new variables with a mean of 0 
and a standard deviation of 1.  

The standardization is done by subtracting the mean dkD kdwS '

kds kdw

, from each observation’s value  and 
then divide this by the standard deviation . The standardized deviation e  of an observed sales 
figure is calculated using the following formula: 
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By standardizing the observed sales figures the relative effect of each observed sales figure was 
computed. This allowed examining all observed standardized sales figure together. Different means 
with different variations are then taken into account. A distribution was searched which could replace 
the observed standardized deviations. This will be explained in the next section. 

3.2.3 Establishing demand characteristics 
In the previous section it was decided to use standardized deviations instead of the observed sales 
figures for replacing it with a distribution. The standardized deviations will first be used to determine 
the type of distribution. 

Distribution type 
To establish the type of distribution a histogram of relative frequencies of the standardized sales 
figures was constructed. The observed standardized sales figures were grouped into categories. 
Categories were selected such that an amount of categories between 5 and 20 was obtained 
(Montgomery and Runger, 1999). The amount within a category was divided by the total amount of 
observed deviations. This resulted into the relative frequencies for the examined categories. The 
relative frequency of an examined category represents the probability that an observed standardized 
sales figure lies within this category (Montgomery and Runger, 1999). In this way a probability 
density function is obtained of the standardized sales figure distribution. This histogram of relative 
frequencies, approximating the probability density function of standardized sales figures is given in 
Figure 8. 

Histogram of the observed standardized sales figures
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Figure 8: Histogram of observed standardized sales figures 

It can be seen in Figure 8 that the relative frequency distribution is not symmetrical. When the 
probability density function had a symmetrical bell shape, a normal distribution could be used 
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replacing the distribution of standardized sales figures (Montgomery and Runger, 1999). A 
distribution with a better fit was searched such that more characteristics were shared. 

If the continuous frequency distribution of demand would be approximated by a normal distribution, 
Burgin (1975) mentioned two disadvantages: 1) a normal distribution is also defined for negative 
values, negative demand is unrealistic 2) because the normal distribution is symmetrical it is only 
adequate for representing demand of very fast-moving items.  

General characteristics of the frequency distribution of demand for an item are (Burgin, 1975): 

• It is only existing for non-negative values for demand 

• As mean demand increases, the observed distribution changes from a monotonic decreasing, 
to an unimodal distribution skewed to the right, to finally a normal distribution 

The probability density function of the Gamma distribution shares the characteristics of the frequency 
distribution of customer demand (Burgin, 1975): 1) the Gamma distribution is only defined for non-
negative values, 2) the Gamma distribution can range, dependent on the used parameters, from a 
monotonic decreasing function, through unimodal distributions skewed to the right, to a normal type 
distribution.  

The Gamma distribution is characterized by the two parameters alpha and beta, which determine the 
shape and the scale (Montgomery and Runger, 1999). While varying the two parameters the obtained 
Gamma probability density function was compared with the frequency distribution of the standardized 
sales figures. The shapes of the distributions showed correspondence, both distributions can be found 
in Appendix 3. 

Negative values are present among the standardized sales figures. To correct for negative values 
within the frequency distribution of the standardized sales figures, a shift was used such that no 
negative values were present. The shift moved the frequency distribution of standardized sales figures 
to the right. A reasonable fit was found between the probability density function of a Gamma 
distribution and the frequency distribution of the shifted standardized observed sales figures (given in 
Appendix 3). 

The relative frequency distributions of the shifted standardized observed sales figures show better 
‘fits’ with different Gamma distributions when products were categorized by average observed sales 
figures, given in Appendix 3. It also confirms the characteristic described by Burgin (1975) which 
stated that a frequency distribution of demand of products with higher average demands show more 
resemblance with a normal distribution. The changing characteristics of the observed frequency 
distributions indicate that different parameters are needed for different average demand.  

The established reasonable fit between the standardized shifted sales figures with the Gamma 
distribution allowed assuming that customer demand takes place Gamma distributed, given that sales 
data is considered as demand data. The notion of Gamma distributed customer demand was also found 
by Kök and Fisher (2007). Kök and Fisher state in their article that demand within a Dutch retail 
organization was found to be gamma distributed specifically for fast-movers. This research assumed 
that customer demand for slow-moving products also takes place Gamma distributed. 

The alpha and beta values of a Gamma distribution are determined by the expectation and the 
variance. While examining the relative frequency distributions of different product groups (grouped by 
average demand) it was noted that the amount of variation changed when frequency distributions of 
different product groups were considered. It was therefore decided to examine the possible relation 
between the observed average demands, and the belonging standard deviations. This will be explained 
next. 

Correlation between observed average demands and standard deviations 
When the type of distribution function was determined for characterizing demand, it was noted that 
there might be a relation between the observed average demand and the accompanying variance. In 
this paragraph a relation between the observed average demand and the observed standard deviation is 
searched. 
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dks

To establish a relationship between the average demand and the standard deviation, initially all 
observed averages of demand and all accompanying standard deviations were used. This resulted in 
the regression plot shown in Figure 9. The established regression equation shows that little correlation 
was found between the observed average demand and standard deviation. This can be seen in Figure 9, 
where all observed standard deviations  are plotted against the observed averages dkD  for each 
day d of product k. 

 

dkD  and standard deviation   dksFigure 9: Linear regression between average demand 

Within the plot of Figure 9 it is seen that an exponential growth was detected for variables dkD

dks
 and 

. Therefore it was decided to check for correlation between the Log Normal transformation of 

dkD )( dkDLn dks )( dksLn,  and the Log Normal transformation of , . The exponential growths within 
Figure 9 provided support for a possible better fit when both variables were Log Normal transformed. 
The reason for the data transformation was based on the data derived, a valid reason according to Hair 
et al. (2005). The performed regression analysis on the obtained transformed observations is shown in 
Figure 10. The transformation of both variables provided correlation between the variables. 

 

)( dkDLn )( dksLnFigure 10: Linear regression between  and  
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The regression analysis shows that there is a relationship between the transformation of observed 
demand and the transformation of the observed standard deviation by which demand has taken place. 
This relationship is used together with the assumed type of distribution. This made it possible to 
simulate demand for a product given a certain average demand. The established regression however 
shows noise around the regression equation. Noise above the established regressions equation is 
caused by products with relative more variation. Noise below the established regression equation is 
caused by products with relative less variation. 

Established week pattern 
The observed demand data show a strong week pattern, given in Appendix 2. Where in some articles, 
where simulation is applied, no week pattern was considered (Tan and Karabati, 2004), this research 
will take into account the observed week pattern of the examined database. The week pattern is 
assessed at store level. In this research project only this established week pattern is considered. This 
week pattern is established based on the total store assortment. It is likely that products individually 
have a different week pattern.  

3.2.4 Demand distribution of a single product  
In the section above it was established that the standardized and shifted has characteristics of a 
Gamma distribution. It was therefore assumed that customer demand takes place Gamma distributed. 
A relation has been established between the transformed average demand and the transformed standard 
deviation by which demand takes place. A week pattern was established earlier in 3.2.2. In this section 
it will be described how this information is used in order to create a probability density function of a 
product with an average weekly demand Dw. 

A store observes a week pattern, defined by wd, where wd represents the fraction of week sales which 
on average takes place on a weekday d. The week pattern of the examined store is given in Appendix 
2. Product k with an average weekly demand E(Dwk), has an average demand E(Ddk) on a weekday d 
calculated by: 
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)(*)( wkddk DEwDE =

j

 ( 14 )

Given the average demand E(Ddk) on weekday d, the accompanying standard deviation, sdk, can be 
computed using the regression line equation obtained in Figure 10:  

))((*5877 dkDELn.01538.0)( dksLn +=  ( 15 )

δ  is introduced. The introduction of To cope for the noise around the regression line the term, jδ  
allows making distinction between products based on their relative amount of variation. Three 
different 3.03 = −3.01 02jδ  are used in this research, δ . The terms =δ , =δ , and 1δ , 2δ , and 3δ  
are used for products with a relative high, average, or low amount of variation comparing to the 
established regression equation. The introduction of jδ  leads to the following formula for calculating 
the standard deviation for an average demand on weekday d, for different characterized variations: 

jdkdk DELnsLn += ))((*5877.01538.0)( +δ  ( 16 )
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Figure 11: Established equation, with equations for different relative variances  

In Figure 11 it can be seen that the introduction of this term jδ  provides a better fit for relatively 
different characterized products. Products which deviate too much from the established normal 
regression line are better approached using one of the other two lines. Products with a relative high 
coefficient of variation show a better fit with the upper line. Products with a relative low coefficient of 
variation show better fit with the lower line. 

Average demand on weekday d, E(Ddk), with variance V(Ddk), belonging to a product k given an 
average demand per week, Dwk, is computed by: 

)(*)( wkddk DEwDE =

2))((*5877.01538.0 )()( jdkDELn
dk eDV δ++=

 ( 17 )

 ( 18 )

With E(Ddk) and V(Ddk), parameters of the Gamma distribution are determined. With the obtained 
parameters, the probability density function of customer demand of product k on a weekday d is 
obtained.  

3.3 Conclusions of Problem Analysis 
During the problem analysis, the ASR of Delta was examined. It was concluded that non-normal sales 
figures are present within the ASR and can have impact on the performance of the ASR. It was 
proposed that the sales figures can be considered as non-normal on two criteria: 

Sales figures are considered as non-normal when they are considered as unlikely high or low  

If OOS occurred during the realization of demand, the observed sales figure related to this OOS 
situation is considered as non-normal 

A customer demand distribution was established while analysing a database of observed sales figures. 
Sales data was considered as demand data. Sales figures were standardized. The standardized and 
shifted sales figures showed characteristics of a Gamma distribution. It was assumed that customer 
demand therefore takes place Gamma distributed.  

A relation was found between the Log Normal transformation of the observed average demand and the 
Log Normal transformation of the standard deviation. Noise was still present around the established 
regression equation. A term was introduced allowing products to have relative more or less variance.  

Equation ( 17 ) and ( 18 ) were proposed for calculating the expected demand of a product, with its 
variance. 
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4 Proposed methods of dealing with non-normal sales figures 

In the previous chapter the ASR used within Delta was examined. The current abilities of the ASR 
dealing with non-normal sales figures were given and aspects of non-normal sales figures which are 
not yet dealt with were presented. In this chapter, the criteria will be discussed on which sales figures 
are judged to determine whether they are considered non-normal. Also methods are proposed how 
sales figures can be dealt with when they are considered as non-normal. 

First a method will be discussed how to determine whether an observed sales figure should be 
considered as non-normal because it is considered as unlikely high or low. Observed unlikely sales 
figures are named outliers. It is considered how such outliers can be dealt with.  

Then there will be an explanation when sales figures are considered as non-normal due to reduced 
product availability. Observed sales figures indicated due to this criterion are named OOS-affected 
sales figures. This will be followed by methods which deal with these sales figures which were 
realized while product availability was limited.  

In the end the possibility of combining these methods will be discussed as last option. 

4.1 Detecting and dealing with outliers 
In this section the method will be discussed which determines whether an observed sales figure is 
considered an outlier or not. Methods will be proposed how an outlier could be dealt with. 

There are a lot of definitions for the term “outlier”. Two definitions mentioned by D’Agostino and 
Stephens (1986) and Barnett and Lewis (1994), are used in this research.  

In D’Agostino and Stephens (1986), the term outlier is defined by describing two types of 
observations: “A discordant observation is one that appears surprisingly or discrepant to the 
investigator; a contaminant is one that does not come from the target population; an outlier is either a 
contaminant or a discordant observation”.  

In Barnett and Lewis (1994) an outlier is defined as “an observation (or subset of observations) which 
appears to be inconsistent with the remainder of that set of data”. 

In this research, an outlier is defined as a sales figure of which the probability of such a sales figure is 
that low or high, that it is considered inconsistent or discordant. The outlier is considered not to be 
representative for the previously observed demand data and therefore it is considered not to be 
representative for normal demand. Outliers which are the result of starting seasonal influences, and 
therefore should be incorporated, are not considered within this research. 

In this research parameters minχ  and maxχ  are used resembling threshold values with which 
probabilities of observed sales figures are tested. An observed sales figure is indicated as unlikely low 
(a negative outlier) when the probability of observing, at maximum, the sales figure is smaller than the 
threshold value. An observed sales figure X is indicated as a negative outlier when the observed sales 
figure is less than xmin, with: 
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minmin )( χ=< xXP  ( 19 )

An observed sales figure is indicated as unlikely high (a positive outlier) when the probability of 
observing, at minimum, the sales figure is smaller than a threshold value. An observed sales figure X 
is indicated as a positive outlier when the observed sales figure is larger than xmax, with: 

maxmaxmax )(1)( =≤−=> xXPxXP χ  ( 20 )

In this research the probability observing a positive outlier is considered to be equal to observing a 
negative outlier. With the registered expected demand and the accompanying variance registered by 
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the ASR of Delta, it is possible to calculate probabilities of the observed sales figures using the 
Gamma distribution.  

In the previous chapter it was established that the standardized and shifted customer demand 
(established in 3.2.3) within stores has characteristics of a Gamma distribution. It was therefore 
assumed that customer demand was Gamma distributed. In order to compute the probability of an 
observed sales figure, the probability density function of a Gamma distribution needs to be determined 
with parameters alpha and beta. Here alpha determines the shape of the probability density function 
and beta determines the spread of the probability density function. With alpha and beta, the mean E(D) 
and variance V(D) are computed using the following equations: 

αβ=)(DE
2)( αβ=DV

 ( 21 )

 ( 22 )

With some basic calculus, using E(D) and V(D), alpha and beta can be determined.  

With ( 21 ) and ( 22 ), ( 23 ) is obtained:  

β*)()( DEDV =  ( 23 )

Then beta is calculated by: 

)(DE
=β )(DV

 ( 24 )

For the calculation of alpha, ( 21 ) and ( 24 ) are used: 

)](/)([*)( DEDVDE α=  ( 25 )

Then alpha can be computed by: 
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)]([ 2

DV
DE

=α  ( 26 )

The calculated expectation and variance for demand Di occurring on weekday i (Monday, …, Sunday) 
can be obtained from the forecast mechanism in the ASR of Delta. With this expectation and variance 
of demand it is possible to calculate the parameters of the probability density function of the Gamma 
distribution of the observed sales figure. With the parameters it could be checked whether the 
observed sales figure fits the registered sales history. 

The cumulative distribution function of a Gamma distribution, resembling the probability of observing 
value x or lower, is given by: 

∫ ≤=
Γ

= −−x x xXPdxexxF
0
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 ( 27 )

With: 

∫ −−=Γ
0

)1()( dxex xγγ
∞

 ( 28 )

And: 

0>α  

0>β  

In ( 19 ) and ( 20 ) it is stated that an observed sales figure X is considered as an outlier when it either 
is lower than xmin or higher than xmax. With formula ( 27 ) and the given threshold values minχ  and 

maxχ , xmin and xmax can be computed, since: 
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minminminmin )()()( =<=≤ xFxXPxXP

maxmax )(1

= χ  ( 29 )

Computation of xmax can be done using: 

=− xF χ  ( 30 )

The Gamma distribution is a continuous probability function. In this research the observed sales 
figures are integers. To compute the lower limit the exact value, xmin, belonging to probability minχ  is 
rounded down to the nearest integer, represented by ⎣ ⎦minx . To compute the upper limit the returned 
value, xmax, belonging to probability max1 χ−  is rounded up to the nearest integer, given by value 

. If the observed sales figure lies outside the interval ⎡ maxx ⎤ ⎣ ⎦ ⎡ ⎤[ ]maxmin , xx , it is considered as an 
outlier and therefore as non-normal. The rounding of the exact values, results into a higher amount of 
normal considered sales figures; it will however rightfully consider zero-sales of slow moving 
products as normal.  

The calculation of observing a value or lower with a certain probability, given mean and variance (and 
therefore alpha and beta) and the inverse of this calculation (calculation of a probability belonging to 
an observed value) is done using the program Microsoft Excel. The function GAMMAINV(p, alpha, 
beta) returns a value x which belongs to probability p, equalling )( xXP ≤ , given parameters alpha 
and beta which determine the distribution of X. If value x would be filled in equation ( 27 ), F(x) 
would return probability p. So xmin is returned when the following function is used: 
GAMMAINV( minχ , alpha, beta). And xmax is obtained when the next function is used: 
GAMMAINV( max1 χ− , alpha, beta). 

Figure 12 is a graphical representation showing the results using the aforementioned equations, given 
a certain mean E(D) and variance V(D). Limits are calculated using minχ =0.025 and maxχ =0.025. 

Probability density function F(x) of E(X)=10;V(X)=10 
(Gamma distributed)
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Figure 12: Probability density function of a gamma distribution with calculated limits 

The detection and indication of an outlier are now explained. What to do with an outlier has yet to be 
established. In Barnet and Lewis (1994) it is mentioned that outliers can be rejected from the observed 
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population. Alternatively, instead of rejecting the outlier, one can incorporate the outlier as an 
indication of unsuspected factors of practical importance (Barnet and Lewis, 1994).  

Within the retail environment it is known that the demand process is dynamic. Outliers which are 
indications of unsuspected factors might give practical information about a change in the demand 
pattern (seasonal effects). Indications of this change of demand should then be emphasized instead of 
rejected. In this research only stationary demand is considered, outliers indicating a change of demand 
are not present in this research.  

In D’Agostino and Stephens (1986) a number of options are presented dealing with outliers: 

1. Omitting outliers, and treating the reduced sample as a censored sample 

2. Winsorize outliers D’Agostino and Stephens (1986), i.e., replace the value of the outlier with 
the value of the nearest “good” observation, preserving the direction of the measurement 

3. Ask experimenter to take additional observations to replace the outliers 

4. Present one analysis including the outlier, and another excluding them. If the results are very 
different, view the conclusions cautiously 

In this research, options 1 and 2 are considered. Options 3 and 4 are not considered because these 
options are labour intensive; each outlier detected needs then be judged. In practice this judgment is 
also unwanted. Statistics are updated after store has closed someone should be present in order to 
make judgments about the indicated outliers.  

First it will be explained how the method is dealt with within the ASR of Delta which omits sales 
figures indicated as outliers. Then it will be presented how the method which Winsorizes outliers is 
dealt with within the ASR of Delta.  

4.1.1 Omit indicated outliers  
Above it was described how an observed sales figure can be tested whether it can be considered an 
outlier or not. In this section it will be explained how omitting outliers can be dealt with within the 
ASR of Delta. 

The practical reason for excluding an observed outlier is that it should not be considered as normal 
demand because the sales figure deviates too much from the expected demand. Therefore the noise 
created by this outlier should be left out. 

At the end of each day, statistics (registered by the ASR) are updated with the new observed sales 
figures obtained from POS-data, as indicated in 3.1.2. To omit outliers from the sample, observed 
sales figures which are considered as an outlier receive the indication of being an outlier. If a sales 
figure is indicated as an outlier, statistics of the product are then not updated with this figure. This 
method is graphically given in Figure 13: 

 
Figure 13: Proposed method “Omitting Outliers” 
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The rejection of outliers by excluding the observed outliers from updating statistics, might lead to 
ignoring unsuspected factors, as stated in 4.1. When in practice the demand pattern changes, there is a 
probability that each new observed sales figure is considered as an outlier. This proposed method will 
then not let the system react on the changed demand pattern belonging to this product.  

4.1.2 Winsorize observed outliers 
In this section it will be described how observed sales figures, indicated as outliers, will be 
Winsorized.  

In 4.1 it is explained how an outlier is detected and which interval is used for testing the observed 
sales figure with. In D’Agostino and Stephens (1986) it is stated that a possible treatment of outliers is 
to Winsorize an outlier. The Winsorization is the replacement of the observed outlier with the nearest 
“good” observation. Given the interval used for testing whether a sales figure is indicated as normal, 
explained in 4.1, the nearest “good” observation is defined as the limit of this interval the outlier has 
exceeded. The used procedure for determining the value which will be used for updating statistics, 
including the Winsorization, is given by: 
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Figure 14: Proposed method “Winsorizing Outliers” 

As mentioned in D’Agostino and Stephens (1986) a reason of considering this option is that 
Winsorization of the observed outlier takes into account the direction of the outlier. By Winsorizing 
the outlier the observed sales figure is not fully incorporated. This allows the system to adapt on 
sudden changes of the demand pattern. When statistics are updated with a Winsorized observed sales 
figure, reaction on a structural change in the demand pattern could be limited. 

4.2 Dealing with Out-of-Stock affected sales figures 
In the previous section methods were proposed which were able to detect outliers and to deal with 
outliers. In this section it will be considered how OOS-affected sales figures can be dealt with. These 
registered sales figures could have been affected by situations in which product availability was 
limited because no products were available on shelf (the case an OOS occurred).  

Two methods will be proposed which are able to deal with sales figures possibly affected by OOS. In 
this research registered sales figures which are – possibly – affected by an OOS are always considered 
as non-normal. In literature (Bell, 1981; Wecker, 1978) several methods have already been developed 
making adaptive forecasts when it is known that stockouts occur. These methods use altered figures 
instead of the observed sales figure. 
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In this research a sales figure is considered to be affected by an OOS situation if at any time during a 
day the physical stock level for a product on shelf was zero. The possibility of backlogs is not 
considered. Customers within a store do not order a product when the wanted item is not on stock 
(Silver et al., 1998). When at any time during the day physical stock on shelves is zero, further 
demand for the product can not be satisfied (when customers only base their decision on inventory 
available on the shelf). Since unsatisfied demand in store is not registered, it is not known whether the 
observed sales figure was negatively affected by OOS or not. At least it is known that it could be 
possible that demand was not completely realized. Therefore if an OOS occurs, the registered sales 
figure is assumed to be affected by OOS. 

It should be noted that in a simulation setting the check for OOS is easy. OOS is noted when system 
inventory level reaches zero. Within retail literature it was found that inventory records are very 
frequently inaccurate. DeHoratius and Raman (2004) found discrepancies in 65% of the nearly 
370,000 examined inventory records gathered from multiple stores of a leading retail chain. Checks 
for OOS should therefore be done manually in practice. 

When a product is OOS, realization of demand can only be affected negatively. Therefore one 
proposed method will always exclude observed sales figures, eliminating the possibility of this 
negative effect. However, if the observed realized demand provides ground (sales figure was higher 
than expected) for updating the current statistics, it could be wise to update statistics. In this research 
OOS affected sales figures will therefore be dealt with in two ways: 

1) Exclusion of OOS-affected sales figures – When an OOS occurred one cannot know whether 
demand was completely realized. To eliminate the possible negative effect, observed sales 
figures, affected by OOS, will not be used for updating statistics. 

2) Conditional exclusion of OOS-affected sales figures – When an OOS occurred and the 
registered sales figure was higher than the expected demand. Realized demand showed that 
the current forecast was insufficient. Registered sales figures are used for updating when these 
figures are higher than expected demand. 

So two methods are considered which deal with OOS-affected sales figures. Further explanation on 
these methods, and how they can be incorporated in the ASR of Delta, will be discussed next. 

4.2.1 Exclusion of OOS-affected sales figures 
In order to use this method for all products, the ASR of Delta needs information about OOS. In a 
simulation setting it can be checked easily whether a product is physically OOS. With the information 
obtained from measuring product availability, one can get the information whether the product was 
OOS. When a product was OOS, the observed sales figure should be indicated as an OOS-affected 
sales figure. If a sales figure is indicated as an OOS-affected sales figure, statistics should not be 
updated with this figure. The process is graphically represented in Figure 15. 

 
Figure 15: Proposed method excluding OOS-affected sales figures 
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4.2.2 Conditional exclusion of OOS-affected sales figures 
In this method realized demand observed on that day is taken into account when OOS-affected sales 
figures are judged. 

In this method OOS are the same way registered as in 4.2.1. The way of dealing with these OOS-
affected sales figures is different. In this method realized demand is used to decide if statistics should 
be updated with the observed sales figure. When the realized demand was larger than expected 
demand, it provided information that the calculated forecast was insufficient. This supports to update 
statistics with the observed sales figure, this method is graphically represented in Figure 16.  

Expected 

demand

 
Figure 16: Proposed method conditionally excluding OOS-affected sales figures 

4.3 Check for an outlier and for product availability 
In 4.1 a sales figure is judged whether the observed sales figure is considered an outlier or not. If the 
observed sales figure is indicated as an outlier it is considered as non-normal. In 4.2 sales figures are 
checked whether the sales figure was possibly affected by product availability, if the sales figure was 
realized and the product ended OOS, it is considered as non-normal.  

The discussed methods judge sales figure on two different criteria. It is not known which method leads 
to best results. It could be possible that judgment of sales figures on both criteria leads to even better 
results. The last proposed option, is therefore a combination of a check for an outlier and the check for 
OOS. This method will be further elaborated on when results about methods individually are known. 
The combination is graphically represented in Figure 17, but as indicated in the figure it is unknown 
what the exact criteria should be. The exact criteria are established when the results of the proposed 
methods are known. 

Expected 

demand

 
Figure 17: Method which checks for product availability and for outliers  
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5 Evaluation of proposed methods 

In previous chapter it was presented that sales figures can be considered as non-normal on two criteria: 
1) Is the observed sales figure an outlier? 2) Could the observed sales figure have been affected by 
OOS? Methods were then proposed how these non-normal sales figures can be dealt with.  

In this chapter by use of simulation the performances of the proposed methods are measured and will 
be evaluated by comparing costs. The simulation tool constructed, needed to simulate and measure 
performances, has been developed using the analysis done in chapter 3. 

At first the simulation setup is discussed. It is explained how the constructed simulation tool simulates 
demand for a certain product and how the store process is simulated. Then it is discussed how which 
performances will be recorded during the simulations such that these performances can be used for 
calculating costs belonging to the proposed methods.  

After the proposed simulation setup is discussed, the costs belonging to the proposed methods will be 
presented and used for evaluation.  

In the end conclusions are made and an answer is given to the first part of the research assignment:  
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In what way should the Automatic Store Replenishment System deal with sales 
figures in order to minimize costs? 

5.1 Simulation Setup 
In this section the simulation setup, in which performances of the ASR of Delta can be measured, will 
be discussed.  

The implementation of a typical Delta store process within the simulation tool is discussed. A store 
process consists of: the customer demand process, the creation of replenishment orders, the arrival of 
goods, and the filling of goods on the shelf. Demand is needed as input to simulate and measure the 
performance of the ASR. The used demand simulator will be explained after the developed simulation 
setting is discussed. 

Within the simulation setting it is enabled to check an observed sales figure on the proposed criteria if 
it is considered as non-normal or not (judging whether the observed sales figure is an outlier, or it is an 
OOS-affected sales figure). The proposed methods of detecting and dealing non-normal sales figures 
are discussed in chapter 4. The simulation tool enabled to deal with non-normal sales figures as 
proposed in chapter 4.  

5.1.1 Constructed Simulation Tool 
As explained in chapter 3.1, the used replenishment policy within the ASR of Delta is a (R,S,nQ)-
policy. Review moments are determined by the delivery moment of orders given by the replenishment 
schedule. The formula given in 3.1.1 will be used to calculate S. This holds that order-up-to level S is 
calculated using forecasts of the expected demands and variances of demand, and the minimum 
amount of goods which needs to be present. An n amount of casepacks Q is ordered, such that at least 
the wanted order-up-to level S is attained.  

Creation of representative replenishment schedule 
The replenishment schedules for the different stores within Delta vary. Each store has a different 
replenishment schedule. All replenishment schedules of the stores were examined. This was done to 
establish a replenishment schedule, representative for most stores. The replenishment schedule can 
vary, in the amount of review moments, per product group. It was established that products were 
delivered with a lead time of 1 day and that delivery takes place in the evening. The amount of review 
moments belonging to different product categories were checked and median parameters were used as 
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representative amounts of review moments, given in Appendix 4. It was concluded that different 
product categories can be grouped into two separate categories, R1 and R2. Products belonging to 
group R1 are reviewed daily (R is 1 day), products belonging to group R2 are reviewed 3 times a week 
(R is 2 days, with review moments on Tuesday, Thursday, and Saturday). 

Amount of days opened during the week 
Only a small fraction of the stores are opened regular on Sundays. The amount of Sundays a store can 
be opened is regulated by law with a maximum of 12 times a year (www.distrifood.nl). The 
constructed simulation tool therefore only considers stores which are opened 6 days a week. 

Basic store settings used as parameter setting 
In practice, each store has its own characteristics. Entrepreneurs can make adjustments to compensate 
for the differentiating aspects from the standard situation of their store. Stores can have different 
delivery moments of orders. Stores could start filling in the morning, in the afternoon, or in the 
evening. Adjustment to the parameters is then needed. The recreated store setting is based on an ideal 
simulation setting, where no adjustments are needed to compensate for possible differentiations.  

Simulated store process 
The simulation considers the process for a product k, with a review period of 1 day, within a store 
setting, in the following way (examining it from end day t0 until end day t1): 

• End day t0: Product k is reviewed and replenishment decisions are made for delivery on 
end day t1. During the night the new observed sales figures are used by the forecast 
mechanism for calculating new forecasts. 

• Begin day t1: Store is opened and demand is observed. Products are sold when products are 
either on shelf or in backroom. 

• During day t1: Realized demand is recorded. Demand not satisfied is registered as Lost Sales 
(Silver et al., 1998). It is assumed that Lost Sales do not affect future sales, an assumption also 
used by Tan and Karabati (2004). If a product has no inventory left in the store after demand 
took place, an OOS situation is signalized and recorded.  

• End day t1:  When the store is closed, products belonging to the order made on day t0 are 
delivered to the store and stacked on shelves. During the stacking it is registered when 
products do not fit on the shelf; the rounded up amounts of casepacks not able to fit on the 
shelf is recorded. Products which do not fit on shelves are put into the backroom. Using the 
registered sales figures and delivered goods, the new inventory position is used for creating a 
replenishment decision for delivery on end day t2 (since product k is reviewed daily, therefore 
also on day t1). During the night forecasts are updated with registered sales figures. 

The store process, with the registered information is graphically represented in Figure 18: 

 
Figure 18: Graphical representation of recreated store process, with registered information 

Demand simulator 
The demand simulator is able to simulate demand for a variable period. Given a week pattern, and an 
average weekly demand, the average demand on a weekday is computed using equation ( 14 ). With 
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the formula ( 16 ) obtained from 3.2.4, the corresponding variance can be computed (depending on the 
relative amount of variance, high/average/low, the product is characterized by). The average demand 
and computed corresponding variance are registered for each day (Monday, …, Saturday) separately. 
A Gamma distribution is then used to simulate demand for each day using the averages and variances. 

Because demand is Gamma distributed, alpha and beta need to determined using equations ( 26 ) and         
( 24 ), explained in chapter 4. The cumulative distribution function of a Gamma distribution, given in 
chapter 4.1 is used for generating demand given an alpha and beta. The program Excel was used to 
generate a random number between <0,1>, which is a random probability. Customer demands are 
obtained by using the alpha and beta belonging to E(Ddk) and V(Ddk) of a product k on a weekday d. 
Using a random probability pr and the gamma parameters of the distribution, alpha and beta, the 
GAMMAINV(pr, alpha, beta) function within Excel returns an exact value belonging to pr. This value 
is then rounded to the nearest integer. 

The process of generating a demand figure is continued for each day within the pre-set period [a,b]. 
The first day of simulated customer demand is given by “a”. The last day of simulated customer 
demand is “b”. During this period different averages and variances of demand for each day are taken 
into account. This results in a simulated customer demand time-series for a product k, with an average 
weekly demand, with high/average or low characterized variance for period [a,b].  

5.1.2 Used performance measures to calculate costs 
The proposed methods are judged on costs. The following costs are regarded for comparing the 
methods: 

• Costs for item storage (Holding Costs); related to the average inventory level of products  

• Operating costs for the store due to backroom activity (Backroom Costs); related to the 
probability of a casepack first being stored in the backroom  

• Costs representing lost profit related to unsatisfied demand (Lost Profit); related to the fraction 
of demand not being satisfied  

In order to calculate the mentioned costs, performance measures are needed related to the costs. The 
performance measures are calculated using figures recorded during a simulation. The required figures 
obtained from the simulation system are given in Figure 19. 

 
Figure 19: Recorded figures during simulations 

Recorded variables 
In order to compute the performance measures the following figures are recorded for each simulated 
day t: 
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• Sales(t): Realized demand; dependent on the amount of products present in the store 

• Lost Sales(t): The amount of demand that could not be satisfied 

• OOS(t): A binary variable; “1” if there are no products left on shelf after demand has 
  taken place, “0” otherwise 

• Backroom(t): Amount of replenished casepacks, (in Q’s) which were sent to backroom 
  because shelf capacity Vk

(5) was insufficient 

• Inventory(t): The amount of products present in the store 

Performance measures 
Performance measures are calculated using figures recorded during the length of the observed period. 
The first day of the observed period, while figures are recorded, is represented by t=1. The last 
observed day within the simulation is represented bij t=n.  

The fraction of satisfied demand, given by P2 (Silver, Pyke & Peterson, 1998), is computed according: 
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The amount of time while stock was positive, i.e. there is some stock on the shelf, given by P3 (Silver, 
Pyke & Peterson, 1998), is computed according: 
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The average inventory of product within the store is registered using the following formula: 
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The probability Pback that a replenished casepack which will be stored in the backroom first, is 
computed by: 
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Calculation of costs 
Costs are calculated related to lost profits due to unsatisfied demand, holding costs determined by the 
average inventory level of the product, and backroom costs related to the probability of a casepack 
first stored in the backroom. 

The values used as cost parameters for determining costs, were not given due to confidentiality, the 
values for the following cost parameters are presented in Appendix 5: 

 
5 Shelf capacity Vk: Amount of products which can be put on to the supposed shelf 
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• Lost Profit: For each demand for a product not being satisfied, a cost, cp2, is calculated; the 
value and the calculation of this lost profit is given in Appendix 5. 

• Holding Costs: An annual interest rate of 12% is used for calculating lost interest (related to 
the investments made holding the inventory). The representing value of the maintained 
inventory is calculated by using an average product value, cpv, given in Appendix 5.  

• Backroom Costs: For each casepack which first is stored in the backroom, an extra cost of cpb 
is calculated. The calculation of this cost parameter is given in Appendix 5. 

5.2 Results of proposed methods 
In this section the results, i.e. costs, of the current method and the proposed methods will be presented. 
It was decided to give and compare costs on store-level. In order to calculate costs on store-level 
performances should be measured with simulations for each product of a store’s assortment. It was 
decided not to conduct simulations for each single product within a set of products representative for a 
store’s assortment, due to the following reason: 

- Resources available were limited – If for a large set of products simulations were needed, too 
much time would be needed. Given the time constraint of the Master Thesis, too much time would 
be spent on the simulation for a store’s assortment.  

In order to compute costs on store-level it was decided to simulate for a select number of different 
characterized products. The performances of these products are then used for other products. The 
products for which has been simulated and performances were measured for each method, are given in 
Table 1. Each different characterized product differs in the combination of: average weekly demand 
E(Dw), variation of this demand (high/average/low), and the review period (review period is 1 day or 2 
days). The size of a casepack, and the value for PVV, is selected based on a given set of products 
representing a store’s assortment. Shelf space capacity, Vk, for a product k, given an average weekly 
demand, was set together with Delta. 

 
Table 1: Used products k, each with different characteristics 

For each product given in Table 1 nine different simulation runs were conducted. Each run represented 
a period of 6 years, a period of 6 years was chosen to lower the possible effect of randomness. 
Performances were measured after an initiation period of 1 year, an initiation period of 1 year was 
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chosen to allow the initial heuristic to create statistics. This resulted in an observed period of 5 years 
per run. Per differently characterized product average performances were obtained based on measured 
performances during these nine different runs. The performances of each product k were measured for 
each different proposed method. The performances of the products k belonging to the several methods 
are given in Appendix 6.  

The performances of products k of the proposed methods are used for the set of products which was 
left after cleaning the database (discussed in 3.2). The set of products left after cleaning this database 
was used to represent an assortment of a retailer. Performances of a product k were allocated to the 
different products within the set based on characteristics of these products.  

Allocation of a product to a representing product 
A set of products was used as a representative store’s assortment. This set of products was obtained 
during the analysis on a store’s database in section 3.2.1. To each product within this set of products a 
representative product k was allocated.  

A representative product was selected based on these criteria: average weekly demand, variation of 
this demand, and the belonging review period for the product. Of each product q within the set of 
products representing a store’s assortment, the product category, an observed average demand and the 
variance of the observed demand was known. With the information about the product category, the 
product has a known review period. The average weekly demand of the representative product closest 
to the product q’s average weekly demand was selected, based on lowest absolute deviation from 
average weekly demand of product k. The relative amount of variation was selected using the observed 
variance of product q. The best fit with one of the regression equations ( 16 ), given in 3.2.4, 
determined the relative amount of variation.  

With the allocation of all products of a store’s assortment to the representing products, costs on store-
level could be calculated. The amount of products allocated to the different characterized products this 
way is given in Appendix 7. 

Calculation of total associated costs for a store assortment 
The calculated average performance measures P2;k, Istore;k, and Pback;k belonging to a representative 
product k were used for calculating of costs on store-level for each method. 

For each product q within a store’s assortment the costs (on weekly base) were computed using the 
performance measures (P2;k, Istore;k, and Pback;k) of the allocated representative product k: 
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By summing the costs of all products q representing a store’s assortment, total costs were obtained on 
weekly base for a store by: 
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The total costs are presented using the terms: LostProfit, HoldingCosts and BackroomCosts. To 
calculate total costs, equation ( 39 ) is used. The total costs represent weekly costs given on store-
level, based on the obtained store assortment in 3.2.1. The costs are calculated using performance 
measures of representative products, these products had general characteristics and the established 
week pattern from the store was used. The costs therefore are representative for the observed store. It 
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should be noted that stores which have significantly different characteristics will perform different. 
Therefore the established effects might be different.  

5.2.1 Currently used method 
In this section the costs of the method are presented which does not take into account non-normal sales 
figures, i.e. the current situation where all sales figures are considered as normal. The costs belonging 
to this method are calculated using the previously mentioned formulas. 
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Figure 20: Costs belonging to currently used method 

The current method resulted into total costs of €1.235 per week for the examined store assortment. The 
costs belonging to this method (the currently used method) are also given in the next result sections. In 
this way the costs belonging to the proposed methods can be compared with the costs belonging to the 
currently used method.  

5.2.2 Methods detecting and dealing with outliers 
In this section the costs computed on store-level belonging to the methods which deal with outliers are 
given.  

The exact explanation of how these methods are used is given in chapter 4. The complete area 
representing the total probability ( maxminχ χ+ ) of observing an outlier was initially set at 0.05. A 
value of 0.05 was chosen because it was desired to establish the effect methods dealing with outliers 
could have. Therefore a parameter value was chosen in which a reasonable amount (1 out of 20) was 
expected to be considered an outlier. The probability of observing a negative outlier was set to be the 
same as the probability observing a positive outlier. The parameters represented by minχ  and maxχ , 
given in 4.1, have therefore both the value of 0.025. Performances were measured and costs of the 
proposed methods were calculated. The total costs belonging to the two different methods are given in 
Figure 21. 
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Costs of outlier-dealing methods compared to current method
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Figure 21: Costs belonging to methods dealing with outliers 

The costs belonging to the method which omits outliers resulted in €1.343 per week for the examined 
store assortment. This is 8.7% more than in the current method. The main reason is that due to 
exclusion of high and low sales figures, less variation was observed. This resulted in lower computed 
reorder levels because safety stock was less, resulting into higher Lost Profit. The increased costs of 
Lost Profit are larger than the benefits gained by reduced Backroom Costs. 

It can be seen in this figure that the method which detects outliers and Winsorizes these outliers has 
lower costs. The “Winsorizing outliers” method resulted in total costs of €1.195 per week for the 
examined store assortment. Costs are 3.3% less than the method currently used. The method only 
updates statistics with Winsorized sales figures at max. This causes that the observed variation was 
smaller than with the current method, therefore observing higher Lost Profit. The Winsorization of 
figures also decreased Backroom Costs. The increased costs due to Lost Profit are almost equal to the 
benefits gained by lowered Backroom Costs. The method “Winsorizing outliers” performed slightly 
better than the current method.  

Conclusions based on results of proposed methods dealing with outliers 
The results of the costs belonging to the proposed methods able to deal with outliers show that the 
Winsorization of outliers performs better than Omitting outliers. Therefore, the following conclusion 
was made, using the results belonging to the proposed methods dealing outliers: 

If outliers should be dealt with within the ASR of Delta, “Winsorizing outliers” is preferred over 
“Omitting outliers”  

Note that the conclusion does not state that the “Winsorizing outliers” outperforms the currently used 
method. It is established within the simulation setting that when outliers should be dealt with within an 
ASR of Delta, and these outliers are indicated using the method proposed in 4.1, Winsorization of 
outlier will lead to lower costs than when outliers are omitted.  

The Winsorization of outliers also allows the ASR to always adapt on a change in demand pattern, as 
discussed in 4.1.2. This is important for the ASR since it should be able to cope with a change in 
demand pattern. However, due to the Winsorization of outliers the reaction on the changed demand 
pattern is limited. 
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5.2.3 Methods dealing with OOS-affected sales figures 
In this section the costs belonging to the proposed methods dealing with OOS-affected sales figures 
are presented. The exact procedure how the proposed methods deal with sales figures was explained in 
4.2.  

The costs belonging to the different proposed methods are given in Figure 22. 
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Figure 22: Costs belonging to methods dealing with OOS-affected sales figures 

Both proposed methods have slightly less costs than the currently used method. The proposed method 
which always excludes OOS-affected sales figures, resulted into costs of €1.216 per week for the 
examined store assortment, 1.6% lower than the current situation. The proposed method which 
conditionally excludes OOS-affected sales figures resulted into costs of €1.224 per week for the 
examined store assortment, 0.9% lower than the current situation.  

Figure 22 shows that costs related to Lost Profit are higher for the proposed method which always 
excludes OOS-affected sales figures. The service level of this proposed method is worse than the other 
two methods. The service level is worse because an observed demand which can cause OOS in this 
setting usually needs to be high in order to result in an OOS. High observed demands are more likely 
excluded in this proposed method, due to a possible OOS situation. The exclusion of these high 
observed demands resulted in lower order-up-to levels. This method still performs well when 
comparing costs because Backroom Costs are lower, since probability of backroom activity is smaller 
due to the lower order-up-to levels.  

The proposed method which conditionally excludes OOS-affected sales figures resulted in lower Lost 
Profit, because of a higher service level. This method only excludes OOS-affected sales figures which 
would negatively affect forecasts. Forecasts are therefore on average higher, inventory levels will thus 
be higher, resulting in higher Backroom Costs but also in lower Lost Profit. 

The calculated costs belonging to the proposed methods are based on performances measured within 
an ideal environment. OOS can only occur when the customer demand is that high during a period, 
that the calculated order-up-to level was insufficient (in this simulated setting the maximum observed 
average OOS rate was 1.3%). In practice however there are aspects which are not incorporated in the 
simulation system but do decrease product availability within stores (Record Inaccuracy (DeHoratius 
and Raman, 2004), DC reliability (Corsten and Gruen, 2003)). Therefore OOS rates are likely to be 
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higher in practice. A method which would deal with OOS-affected sales figures might then possibly be 
desired. 

Conclusions based on results of the proposed methods dealing with OOS-affected sales figures 
If product availability of products replenished by an ASR is high (i.e. low OOS rate), the effect OOS-
affected sales figures can have on costs is minimal. The potential of dealing with OOS-affected sales 
figures is therefore limited. This leads to the following conclusion: 

When the ASR has a low OOS rate, and OOS-situations are only caused by occasionally high 
demands, one should not have to deal with OOS-affected sales figure in a specific way to lower costs 
significantly.  

However, the ASR of Delta does not operate in an ideal environment. OOS rates are likely lower than 
observed during simulation. This might cause that dealing with OOS-affected sales figures could lead 
to better results in practice. If one decides to deal OOS-affected sales figures the following holds: 

When dealing with OOS-affected sales figures; conditional exclusion of OOS-affected sales figures 
leads to lower Lost Profit with more Backroom Costs, the exclusion of all OOS-affected sales figures 
leads to higher Lost Profit with less Backroom Costs. 

In practice the exclusion of all OOS-affected sales figures might negatively affect performances of 
seasonal products. When a seasonal effect starts products have a great probability of being OOS when 
the store manager does not anticipate on the increased demand (caused by the seasonal effect). By 
continuously excluding observed OOS-affected sales figures the forecast mechanism of the ASR 
cannot adapt on the changed demand pattern. The conditional exclusion of OOS-affected sales figures 
does allow the forecast mechanism of the ASR to adapt on the changed demand pattern. 

5.2.4 Method considering a combination  
In this section a combination will be considered which judges sales figures on two criteria, whether it 
is an outlier or affected by an OOS.  

It was concluded that when outliers should be dealt with, the method which Winsorizes outliers 
outperforms Omitting outliers. The method however is still not able to register whether demand could 
be fully satisfied when an OOS occurred. Only one of the two proposed methods which deal with 
OOS-affected sales figures is able to cooperate with the method which Winsorizes outliers.  

An observed sales figure indicated as an outlier has a great probability of causing an OOS situation. 
The method which always excludes OOS-affected figures will cancel the main characteristics of the 
method Winsorizing outliers (possibility of registering a limited amount of variation).  

The method which conditionally excludes OOS-affected sales figures, could improve the results 
obtained by the method which Winsorizes outliers. When an OOS situation occurred and it was not 
known whether demand was completely satisfied, observed sales figures lower than expected demand 
should then be excluded.  

The combination of the method “Winsorizing outliers” and the method which conditionally excludes 
OOS-affected sales figures is considered as the proposed combination method. A graphical 
representation of this last proposed method is given in Figure 23. 
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Figure 23: Proposed combined method dealing OOS-affected sales figure and outliers  

Total costs belonging to the combined method and the methods related to this combination are given 
in Figure 24. The proposed combined method is represented by the last bar.  
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Figure 24: Total costs belonging to all different proposed methods 

It can be seen that the last proposed method, the combination of two previously considered methods, 
resulted in slightly lower costs than the costs belonging to the method which Winsorizes outliers. The 
method judging sales figures on two criteria resulted into total costs of €1.190 per week for the 
examined store assortment, 3.6% lower than the currently used method.  

Conclusions based on the results of the proposed combination 
The combination slightly improved costs of the “Winsorizing Outliers”-method. The combination 
resulted into slightly less costs because the method took into account OOS-affected sales figures 
which negatively affect forecasts. This effect was minimal due to the high product availability (low 
OOS-rate) within the simulation setting. The following conclusion was made: 

The costs resulting from the combination between “Winsorizing Outliers” and the “Conditional 
Exclusion of OOS-affected sales figures” result into lower costs than the costs belonging to both 
methods individually. 
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Both methods allow the forecast mechanism to adapt on a change in demand pattern. The combination 
of the two methods also allows the forecast mechanism to adapt on a changed demand pattern.  

5.3 Conclusion of evaluation of the proposed methods 
In this section conclusion will be made about the evaluation of the proposed methods which can deal 
with non-normal sales figures. 

The recreated store was an ideal environment. OOS only occurred due to occasionally high demands 
because of simulated variability of demand. The simulation setting in which performances were 
measured considered a stationary demand pattern for a product. The costs relating to the proposed 
methods are calculated using representative products. The performances of these products were used 
for products representing a store’s assortment. Total costs represented weekly costs for the examined 
store assortment, such that proposed methods can be compared on store-level.  

The following conclusions were made using the measured performances and the results of the cost 
calculations:  

• If outliers should be dealt with within the ASR of Delta, “Winsorizing outliers” is preferred 
over “Omitting outliers” 

• When the ASR has a low OOS rate in an ideal environment and OOS-situations are only 
caused by occasionally high demands, one should not have to deal with OOS-affected sales 
figures in a specific way to lower costs significantly (due to increased performance)  

• The conditional exclusion of OOS-affected sales figures leads to lower Lost Profit with more 
Backroom Costs, the exclusion of all OOS-affected sales figures leads to higher Lost Profit 
with less Backroom Costs 

• If both outliers and OOS-affected sales figures should be dealt with within the ASR of Delta, 
only the methods “Winsorizing outliers” and “Conditional exclusion of OOS-affected sales 
figures” can benefit from each other. Costs associated to this method are slightly lower than 
both methods individually 

The combination between the Winsorization of outliers and the conditional exclusion of OOS-affected 
sales figures resulted into lowest costs. The difference with the costs of the currently used method is 
minimal because costs were calculated using performances measured in an ideal environment. The 
performance of the ASR used within stores (OOS-rates, and service levels) is thought to be lower in 
practice because the environment in which the ASR is used is not ideal. The environment is in practice 
not ideal because: DC has no perfect reliability (reducing product availability in stores) and records 
tend to be inaccurate. Therefore it is perceived that in practice the currently used method will have 
higher costs, while costs of the proposed combined method will remain rather stable. So in practice the 
proposed combined method is favoured over the currently used method. 

This leads to the answer of the first part of the Research Assignment: 
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In what way should the Automatic Store Replenishment System deal with sales 
figures in order to minimize costs? 

The combined method which Winsorizes Outliers and Conditionally excludes OOS-affected sales 
figures is selected as best method for dealing with sales figures resulting in minimized costs 

The parameter value of the selected method, which determines whether an observed sales figure is 
considered an outlier or not, will now be optimized such that possibly lower costs can be obtained. 
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6 Optimization of selected method 

In the previous chapter the combined method of the Winsorization of outliers and the conditional 
exclusion of OOS-affected sales figures was selected for further analysis. 

The costs belonging to the selected method could possibly be further minimised by varying the values 
of the parameter which determines whether an observed sales figure is considered an outlier or not. 
This parameter will be named as the outlier-parameter. In this chapter the outlier-parameter value is 
varied. An outlier-parameter value could then be selected of which costs are lowest, optimizing the 
selected method. 

6.1 Varying the outlier-parameter 
In the previous chapter it was established that the selected method was to Winsorize outliers and to 
conditionally exclude OOS-affected sales figure. In 4.1 it was presented how outliers are detected. 
Dependent on parameters minχ  and maxχ  an observed sales figure is classified as an outlier. The total 
probability of observing an outlier, used for calculating minχ  and maxχ , was initially set at 0.05. The 
probability of observing a positive outlier is considered to be equal to the probability observing a 
negative outlier.  

The term totχ  is introduced, equalling the sum of minχ  and maxχ . With the assumption that minχ  and 

maxχ  are equal, the following formulas are obtained: 

maxmin χχχ +=tot  ( 40 )

χ χ
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maxmin == totχ  ( 41 )

It is not known whether lower costs could be obtained when a different value for totχ  is used. 

The simulation setup, discussed at 5.1, is used. The same products k’s, given in Table 1, were used 
representing a select number of products. The performance measures belonging to these products k’s 
were used to calculate costs for an examined store assortment. The method of calculating costs is equal 
to the method explained in chapter 5.1.2. 

Lowering the outlier-parameter value 
When a smaller value for parameter totχ  is taken, less observed figures will be considered as an 
outlier. More variance will be registered leading to more safety stock, possibly resulting in less Lost 
Profit. The lowering of totχ  could however lead to higher Backroom Costs since more safety stock 
leads to a higher probability that a replenished casepack first is stored in the backroom. 

Enlarging the outlier-parameter value 
When a larger value is taken for totχ , more observed figures are considered as outliers. Less variance 
will be registered leading to less safety stock this decreases the probability that a casepack will be 
stored in the backroom first. Having less safety stock however will lead to a lower service level. Costs 
related to service level, Lost Profits, will increase.  

Select number of different outlier-parameter values 
In this chapter a limited amount of values for parameter totχ  are considered to test what the impact of 
this parameter is on the associating costs. This was done because for each possible value selected for 

totχ  new simulations should be conducted. Therefore a select number of values for totχ  were chosen. 
The following values were chosen for parameter totχ : 0.01, 0.025, 0.05 (already onsidered), 0.10,  c
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6.2 Results of different used outlier-parameter values 
ter values will be given. Total 

of the measured performances belonging to the different products k, for each outlier-

0.25, 0.50. These values were chosen that a wide r ge of values were selected with multiplicative 
steps. 

In this section the costs belonging to the different chosen outlier-parame
costs are computed by ( 39 ). Total costs belonging to different outlier-parameter values can then be 
compared.  

The results 
parameter value, are given in Appendix 8.  The performance measures given in Appendix 8 are used 
for computed costs. The procedure of calculating costs for a store assortment (obtained in 3.2.1), is 
described in 5.1.2. The total costs, calculated per week for the examined store assortment, are given in 
Figure 25.  

Total costs belonging to different outlier-parameter values
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Figure 25: Total costs resulting from different used outlier-parameter values 

rofit) increase when 

utlier-parameter value is close to zero, total costs and the division 

ivision of costs is related to the registered variance of sales figures. Registered variance 

meter value of 0.1 is 

It can be seen in Figure 25 that, as expected, costs related to service level (Lost P
the outlier-parameter value used is larger. On the other hand, Backroom Costs increase when a smaller 
outlier-parameter value is chosen.  

It can be seen that when the used o
of costs are almost the same as the currently used method. When a larger outlier-parameter values is 
considered the division of costs changes. A reduction in Backroom Costs goes along with an increase 
of Lost Profit. When using an outlier-parameter value of 0.25 or larger, costs tend to increase 
significantly. Backroom Costs can then not further be reduced such that the increased Lost Profit is 
compensated. 

The changed d
is lower when outliers are Winsorized. The registered variance decreases when outliers are Winsorized 
using a larger outlier-parameter value. A lower variance leads to smaller calculated safety stocks. Less 
safety stock decreases the probability of a casepack first stored in the backroom (less Backroom 
Costs). The lowered safety stock also decreases service level (more Lost Profit). 

In Figure 25 it can be seen that total costs are slightly less when an outlier-para
used, instead of 0.05. Total costs belonging to that value are € 1.187 per week for the examined store 
assortment. This is 3.9% less then € 1.235, which resulted from the currently used method. 
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Conclusion obtained from results of different used outlier-parameter values 
The total costs belonging to the different values for the outlier-parameter are rather stable for the 
values ranging from 0.01 to 0.10. The division of Backroom Costs and Lost Profit within total costs 
changes when considering different outlier-parameter values.  

The results of the calculated costs belonging to the different outlier-parameter values led to the 
following conclusions: 

When a larger outlier-parameter value is used, Lost Profit increases due to a lower service level 

When a smaller outlier-parameter value is used, Backroom Costs increase because the probability of 
a casepack first stored in the backroom increases  

If outliers should be dealt with, an outlier-parameter value of 0.10 or lower should be chosen such 
that costs are minimized 

6.3 Conclusion of optimization  
No different outlier-parameter value resulted into significantly lower costs than which resulted while 
using the initially set value. The outlier-parameter value of 0.10 had minimal costs. When an outlier-
parameter value of 0.25 or larger was used, costs increased significantly because of increasing Lost 
Profit. 

Furthermore it was established that: 

• When a larger outlier-parameter value is used, Lost Profit increases 

• When a smaller outlier-parameter value is used, Backroom Costs increase 

Selection of outlier-parameter value for practical verification 
Before the practical verification can take place of the selected method, an outlier-parameter value is 
selected which will be used during the verification. 

The outlier-parameter value of 0.1 had lowest costs, differences of costs were however minimal. In 
Figure 25 it can be seen that when larger outlier-parameter values are used, total costs increase.  

The practical verification also determines whether indications made by the method are shared with the 
opinions of experts in practice. It was decided to use the largest outlier-parameter value of which costs 
were still near the minimum. This led to the selection of an outlier-parameter value of 0.10.  

During the practical verification it might be concluded that, according to experts, too many sales 
figures are indicated as outliers by the selected method with the used outlier-parameter value. This 
would provide grounds for using a smaller outlier-parameter. This would not affect costs significantly 
since only a larger outlier-parameter value will lead to higher costs. When the practical verification 
resulted that an even larger advised outlier-parameter value can be used, the selected outlier-parameter 
value provides grounds for being used. A larger outlier-parameter value than 0.10 would increase 
costs.  
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7 Practical Verification 

In the previous chapter the parameter value used for determining outliers was selected. Given the 
research assignment, the second part of the research assignment will be dealt with in this chapter.  
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Check how the selected way of dealing sales figures performs in practice. 

In this chapter it will be presented how the selected method, which Winsorizes a sales figure when it is 
considered an outlier and conditionally excludes OOS-affected sales figures, performs in practice.  

The period in which the practical verification would take place was two weeks. The effect of the 
selected method on the costs of a store could therefore not be measured. The observed period was too 
short to measure the long-term effect. It was also impossible to incorporate the selected method into 
the ASR of the examined stores. During the practical verification it was investigated how often the 
selected method would be used. It was measured how often sales figures were indicated as outliers and 
how often sales figures were considered as OOS-affected sales figures. It was tested whether indicated 
outliers by the method are also considered as outliers by experts.  

At first the research design of the practical verification will be explained. Then results will be 
presented.  

7.1 Research design of practical verification 
The research design concerns the selection of stores, how data are obtained for detecting outliers, and 
when OOS are measured. Characteristics of the two selected stores used for this practical verification 
are given in Appendix 1. These stores were selected together with Delta.  

First the research design concerning the outlier indication is provided. Then the research design 
concerning the measurement of OOS-affected sales figures is presented. 

7.1.1 Outlier indication 
In this section the method how observed sales figures were indicated as outliers will be presented. 
Then it will be given how it is checked whether the judgment of the method corresponded with the 
judgments of experts. 

Indication of outliers by the selected method 
To indicate new observed sales figures within stores as outliers, expected demands and variances of 
demand (belonging to the product of which sales figures are observed) are needed. To obtain these 
expected demands and variances of demand, belonging to the observed sales figures, SQL-scripts 
(given in Appendix 9) were constructed. The information was extracted just before the observation 
period started, since most recent statistics should be obtained.  

To accurately indicate an outlier, the registered sales history of a product should be considered to 
verify that the obtained expected demand and variance of demand is reliable. The enormous amount of 
time needed to check the histories for each product made this impossible. The possible presence of 
outliers within sales histories, caused that the obtained variances of demand might be higher than 
when possible outliers were excluded. Leading possible to less indicated outliers by the method. 

Judgment of cases by experts 
Besides the amount of outliers indicated by this method, it was verified whether this indication was 
rightful. This was done by presenting cases to an expert. This expert is a person who knows most 
about the demand process within the store. It was compared whether the judgment made by an expert 
corresponded to the judgment made by the selected method. A select number of cases were presented 
to an expert of the observed store, since these experts had limited amount of time. This expert was able 
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to link certain events in the store to the observed sales figure. The expert could therefore indicate 
whether an observed sales figure should be considered as an outlier or as representative. 

The selection of cases was done such that a reasonable amount of positive outliers, negative outliers, 
and representative sales figures were presented. Together with the recorded sales history, the question 
was posed to the expert whether the observed sales figure was representative for normal demand or 
that it should be considered as not representative. By doing this, it could be measured what the 
amounts of equal indications are. 

7.1.2 OOS Measurement 
To measure the amount of OOS-affected sales figures, OOS situations were measured at the observed 
stores. It was not known whether employees would conduct OOS measurements well. To maintain 
reliability of OOS measurements, it was desired that the researcher himself should conduct the OOS 
measurement. Therefore stores were selected such that the most critical moment of having OOS was 
not the same for both stores, enabling the measurement of OOS by the same researcher. The critical 
moment of having OOS is just before the filling of shelves of the received replenishments. 

7.2 Results of the practical verification 
In this section the results will be presented obtained from the stores during the observation period. 
First the results will be discussed concerning the indication of outliers. Then the results of OOS-
affected sales figures will be shown. 

7.2.1 Outlier indication of registered sales figures  
The expected and variances of demand were used to determine the amount of observed sales figures 
indicated as outliers. The indication of an outlier was done using the method explained in 4.1. Outliers 
were determined with the selected outlier-parameter value of 0.10. First, the amount of registered sales 
figures indicated as negative and positive outliers are presented. Next, the results about shared 
indications done by the selected method and the expert are given. In the end conclusion are made. 

Amount of outliers indicated by the selected method 
In Table 2 it is given how often negative or positive outliers were indicated by the selected method. 
First the total observed amount of sales figures are given, then the amount of outliers indicated by the 
selected method. This is done for each store and both stores together. 

 
Table 2: Amount of indicated outliers by selected method 

One can see in Table 2 that the percentages of outliers observed within the period are much lower than 
the used outlier-parameter would suggest. When an outlier-parameter value of 0.10 is used, divided 
evenly for detecting positive and negative outliers (both 0.05), it is likely that the percentage of 
observed indicated outliers, positive and negative, should be around 5%.  

The percentage which deviates most from the expected 5% is the percentage of observed negative 
outliers. This is because calculated limits, as discussed in 4.1, are rounded down. Slow-movers having 
a relative low expected demand will therefore never have negative outliers. Because a Delta store’s 
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assortment has a relative high amount of slow-movers the very low percentage of observed negative 
outliers is explained.  

Shared indications made by the selected method and experts  
Here are the results presented of the amounts of shared indications. An indication is shared when an 
observed sales figure is indicated as a same type of observation by the selected method and by the 
expert. 

A select number of cases were presented to experts. The experts were asked whether the observed 
sales figure should be considered as representative or not. When a sales figure is considered as not 
representative then it is considered as a positive or negative outlier. Sales figures belonging to 
products recently introduced (within 5 weeks) were excluded. These products had an insufficient sales 
history to indicate the sales figure as representative or not. Products which were indicated as normal, 
because of seasonal influences were also excluded from analysis. 

In Table 3, and Table 4, the results about the indication done by the experts and the method are shown. 
In the tables it can be seen how many of the selected cases were indicated as outlier or representative 
by the method and expert. It is also shown how many indications were shared. 

 
Table 3: Indications made by expert within Store 1 

In Table 3 it can be seen that the percentage of equal indications of the selected cases at Store 1 was 
76.6% (812/1060). The 155 negative outliers indicated by the expert against the 102 indicated by the 
method, show that the expert indicated 52% more cases as negative outliers than the selected method. 
The amount of positive outliers indicated by the expert is almost the same (+0.7%). 

 
Table 4: Indications made by expert within Store 2 

In Table 4 it can be seen that the percentage of shared indications of the selected cases was 75.9% 
(1050/1384) at Store 2. In Store 2 it was also seen that the expert more likely indicated an observed 
sales figure as a negative outlier than the selected method. 235 cases were indicated as negative 
outliers comparing to 132 by the method (+78%). The amounts of indicated positive outliers were for 
both methods almost the same, 590 sales figures were indicated as positive outliers by the expert and 
545 sales figures were indicated as positive outliers by the selected method.  

During the observation period at Store 1, 556 (155+401) sales figures were considered as outliers by 
the expert. Within Store 2, 825 (235+590) sales figures were indicated as outliers by the expert. It is 
high likely that more sales figures would have been considered as outliers when all sales figures would 
have been presented to the experts. Because the experts had limited time available, this was not 
possible. Of the 1,381 sales figures (556+825) which were indicated as outliers by the experts, 990 of 
these sales figures (72%) would have been indicated as an outlier by the selected method. These 
figures would have rightfully been Winsorized.  
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During the observation period at Store 1 and Store 2, in total 1,177 sales figures indicated as outliers 
by the selected method were posed to the experts. Of these 1,177 sales figures 990 sales figures were 
indicated as outliers by the expert. This results that of the 1,177 sales figures presented, 84% were 
rightfully judged by the method as outliers. The percentage of sales figures indicated by the selected 
method as an outlier, but not indicated as an outlier by the expert is 16%. The possible effect the 
wrongfully Winsorization of these sales figures should however be limited, since the sales figures is 
not completely excluded.  

The amount of shared indications was for both stores at around 76%. This does not imply that when all 
sales figures would have been indicated by experts, 24% would have been indicated wrongfully. The 
76% is the amount of shared indications given a specific selection of cases. The percentage of shared 
indications would have been much higher when sales figures were selected at random.  

The total amounts of sales figures indicated as positive and negative outliers by experts were larger 
than the total amounts of outliers indicated by the selected method with the used outlier-parameter 
value of 0.1 (i.e. negative: 390 > 234, positive: 991 > 943). This shows that not too many sales figures 
were wrongfully indicated as outliers by the selected method. Thus, the used outlier-parameter value 
of 0.1 is considered not to be too large (as discussed in paragraph 6.3). 

In both stores it was seen that sales figures were more likely indicated as negative outliers by the 
experts than the selected method does. The amount of sales figures indicated as positive outliers were 
for both the expert and the selected method almost equal. This indicates that experts more likely judge 
sales figures as negative outliers, than they would judge sales figures as positive outliers. This could 
be explained that experts tend to focus on service level (preferring to ignore negative sales figures) 
rather than to limit backroom activity.  

While questioning experts and presenting them cases particular observations were made, indicated as 
possible explanation for the observed outlier. The following explanations were put forward several 
times by the experts: 

• Large customer order; an outlier was caused by a larger customer order, the observed sales 
figure was not excluded, and therefore not typed as unrepresentative, these orders cause large 
deviations of the observed sales figures from expected demand 

• Plundering6 of a shelf; it is known within stores that for some products shelves are plundered 
once in a while, these products are examined each replenishment order, because they are 
known to cause excessive replenishment orders (due to bad forecasts) 

• Items per consumer unit (CE); in this research only products were considered where a 
consumer unit contained 1 item. During the questioning products came forward with a 
consumer unit contained larger than 1, e.g. 6 items. When these products had low demand an 
observed sales figure could be indicated as a positive outlier while the observed sales figure 
was the result of selling just one consumer unit. Therefore a different approach should be used 
for products of which the consumer unit contains more than one item. 

Conclusions drawn from the indication of outliers by the selected method in practice 
The indications made by the experts show that there are unrepresentative sales figures (i.e. outliers) 
present within the ASR. The ASR currently does not deal with outliers. The practical verification 
therefore provided support for the use of a method which is able to deal with outliers. 

Furthermore it was shown that 72% of the sales figures indicated as outliers by the expert were also 
considered as outliers by the selected method. The total amounts of sales figures indicated by experts 
were larger than the total amounts indicated by the selected method with the used outlier-parameter 
value of 0.1. The used outlier-parameter value was not considered to be too large. 

                                                      
6 Plundering: A customer buys every product currently available on the shelf, leading to an extreme 
sales figure 
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The noticed presence of large customer orders and customers plundering shelves imply that it is 
desirable within practice that outliers should be checked, since these situations are not always dealt 
with. These situations are responsible for sales figures deviating much from the expected demand.  

It is not known whether the regular procedure of calculating limits for products with a higher 
consumer unit (more than one item per consumer unit) should be used.  

7.2.2 Obtained OOS-affected sales figures at stores  
In this section the amount of sales figures are discussed which were possibly affected by OOS. The 
measurements will be given for both stores.  

Products which were measured OOS during a promotion period, were left out of analysis. Statistics of 
these products will not negatively be affected, since sales figures of promoted products are already 
excluded from updating forecasts with, as stated in 3.1.3.  

Products were registered OOS when no products were found on the shelf when OOS were measured. 
OOS measurement took place at the most critical moment of the day (just before replenishment). First 
the total amounts of observed OOS-affected sales figures are given per store. Then the observed OOS-
affected sales figures are divided into sales figures which were higher or equal than the expected 
demand and sales figures which were lower than expected demand.  

 
Table 5: Amount of OOS affected sales figures given per store 

Given Table 5 one can say that on average 65% of the observed OOS-affected sales figure would 
result into an update of forecasts while not knowing if demand could have been completely realized. 

All OOS-affected sales figures which had a sales figure lower than expected were used for analysis. 
The deviation of the OOS-affected sales figures from the expected demand was computed. The 
deviation was computed by subtracting the observed sales figure, from the expected demand. The 
deviation provides information about the negative effect an OOS-affected sales figure has on new 
updated forecasts. Descriptive statistics of these deviations are presented in Table 6. 

 
Table 6: Descriptive statistics about the deviation of OOS-affected sales figures from expected 

demand (in Consumer units) 

When examining Table 6 it can be seen that the average deviation of all observed deviations from the 
expected demand was 1.3 consumer units, with a standard deviation of 2.3. The maximum deviation 
from expected demand was 47.9 at Store 1, and 26.7 at Store 2. In Table 6 one can see that on average 
the effect (average deviation) is small, i.e. 1.3 consumer units, but the possible effect is high, since the 
maximum observed deviation is 47.9 consumer units. 

During the measurement of OOS situations, it was occasionally observed that only a single product 
was found at the complete back of the shelf. This product was not registered as an OOS situation. This 
could however cause that customers do not buy the product. The product was either hard to be 
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detected, or impossible to be reached. This reduced ‘reachability’ of products was detected at both 
stores and the following reasons caused this reduced reachability: 

• Messy shelves; products were not found at the indicated place, but one place left/right due to 
wrong product placement. 

• Chock-full shelves; if more products are stacked than its own shelf space allows, products 
were noticed nearby, possibly blocking visibility of the other products. 

• Height; when products at the top shelf are almost OOS, the last product is hard to reach. A 
customer needs to be tall for noticing the product (when it is not put in front). A customer 
even needs to be taller for grabbing the product. 

Not selling products due to the above mentioned reasons leads to not registering a decreasing 
inventory position and therefore not triggering the ASR to order products. It is important to take care 
that products are always presented such that they can be easy accessed and purchased by customers. 

While measuring OOS for two weeks, it was noticed at both stores that a number of products were 
OOS for a longer period. Additional information from the expert about this product resulted that the 
longer period of OOS was the result of unavailability at the DC, leading to non-delivery. This specific 
cause of OOS was also indicated by Corsten and Gruen (2003). When products were ordered but not 
delivered, products are more likely to become OOS leading to worse forecasts. The effect of 
unavailability of products for a longer period was noticed directly. Ordered amounts declined, because 
forecasts were negatively affected due to emphasis on registered zero sales. The information the store 
receives from the DC by ELI, should be used within the ASR for these products. A product not 
replenished by the DC, leads to a larger probability that the product will become OOS.  

Conclusions drawn from the OOS-measurements in practice  
During the measurements of OOS and the evaluation of sales figures which were possibly affected by 
these OOS situations, the following conclusions were made: 

65% of the observed OOS-affected sales figures resulted in a negative update of the forecast while not 
knowing whether this update was justified. The possibly negative affected sales figures were on 
average 1.3 consumer units lower than the expected demand. The maximum deviation of an OOS-
affected sales figure from expected demand was 47.9 consumer units.  

ELI information should be used to provide the ASR information about product availability. 

7.3 Conclusions resulting from the practical verification 
The following conclusions were drawn, based on the practical verification at Store 1 and Store 2.  

Outlier detection is desirable 
The practical verification provided information that there are outliers among registered sales figures. 
This provided support for the use of a method which is able to deal with outliers. Specific causes were 
put forward which would lead to bad forecasts. 72% of the outliers indicated by experts were also 
indicated as outliers by the selected method. The used outlier-parameter value was not set too large, 
when the amounts of indications made by experts were compared.  

The need for product availability information is not established 
65% of the observed sales figures possibly affected by an OOS were lower than expected. However, 
the average deviation of an OOS-affected sales figure is only 1.3 consumer units from the expected 
demand. The maximum observed deviation however was 47.9 consumer units. Product availability is 
desirable for products which are unavailable for a longer period; this information could be obtained 
from ELI. 
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8 Implementation plan 

In chapter 5 the method was selected how sales figures should be dealt with within the ASR of Delta. 
After having tested the method in practice, the third part of the research assignment will be dealt with 
in this chapter.  
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Provide an implementation plan to incorporate the selected method of dealing with 
sales figures in the Automatic Store Replenishment System. 

At first the selected method is presented by a graphical representation. Then the required steps and 
actions within the store’s ASR of Delta needed for this method will be given. Finally the required 
information will be given needed to allow this method to be operational within the store. 

8.1 Selected method 
In chapter 5 a method was selected for the ASR to deal with sales figures.  

It was concluded that the selected method first checks for product availability. OOS-affected sales 
figures lower than the expected demand are not used for updating forecasts with, given by (1) within 
Figure 26. After sales figures are checked and dealt with based on product availability, sales figures 
are checked whether they are considered as outliers. When sales figures are considered as outliers (i.e. 
they exceed either xmin or xmax) sales figures are Winsorized, represented by step (2) in Figure 26. The 
procedure of Winsorizing sales figures has been explained in 4.1.2.  
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Figure 26: Best method dealing sales figures within the ASR of Delta 

The procedure of the selected method is now presented such, that the steps and actions are usable 
within the database of Delta’s ASR.  

For a product k, with an observed registered sales value, S0, realized on day t0, the selected method can 
be realized by incorporating these two steps and the following actions into the store’s ASR of Delta: 

1. When a product k was found OOS at any time during day t0, it is assumed that the sales figure 
realized on day t0 was affected by OOS 
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a. If an OOS-affected sales figure, S0, was lower than the expected demand for day t0, 
this sales figure will be excluded from updating forecasts with 

b. Otherwise, the realized sales figure is used for checking if it is considered an outlier 

2. If an observed sales figure of product k, S0, is of such magnitude that it either is lower than 
xmin or exceeds xmax then it is considered an outlier 

a. Sales figures which are considered as outliers are Winsorized (i.e. the value of either 
xmin or xmax is used instead of the observed value), before they are used for updating 
forecasts with  

b. Sales figures which are not considered as outliers are regularly used for updating 
forecasts with, using the regular forecast mechanism given in 3.1.2. 

8.2 Required information for the selected method 
To use this method within the ASR, the information needed will be presented next. It will be discussed 
whether the information is already present in the system or additional information is needed. 

• Forecast of the expected demand for product k on t0; the expected demand for product d on t0 
is present, it is the same expected demand the ASR used to calculate its reorder point with 

• Limits xmin and xmax for a product k on t0; the limits of this method are calculated using the 
forecasts of expected demand and variance of this demand, given that demand follows a 
Gamma distribution  

o The calculation of limits belonging to a given outlier-parameter value is not supported 
within the database of Delta, therefore a different approach is provided. 

• Sales figure of product k realized on t0; the new observed sales figure is available, it is the 
same figure the current ASR uses to update forecasts with 

• Product availability of product k during t0; currently there is no structural information 
available about whether a product was found OOS at any time during t0, this information is 
needed to use this method fully 

In the next sections at first it will be described how the wanted limits, ⎣ ⎦minx  and are obtained. 
Then it is discussed how product availability could be acquired. 

⎡ maxx ⎤

8.2.1 Calculation of limits used by the selected method within the Database 
The calculation of limits can not be done using a simple formula, especially in a computer-operated 
system of inventory control. This reason was also mentioned by Burgin (1975) why he beliefs the 
Gamma distribution is not used more widely.  

In order to calculate limits, given outlier parameters minχ  and maxχ  (as presented in 4.1), Delta could 
try upgrading the database program it currently uses. The database would then be able to calculate 
values corresponding to probabilities, given an expected demand and variance of demand.  

Delta could also decide to calculate limits using Excel, these limits can then be stored in a database 
table. By using an expected demand E(Ddk) and a variance of demand V(Ddk) of product k on day d, 
corresponding limits are searched within the table of the database containing limits, where limits are 
obtained. In this way the limits  and ⎣ minx ⎦ ⎡ ⎤maxx  are retrieved for testing the sales figure on day d 
with. 

Expected demands for each product are given within the database of the ASR with an accuracy of two 
decimals. A search for limits is done by looking up the exact combination of expected demand and 
variance of demand. This would however lead to an impossible amount of records, within a table 
holding for each combination an  and ⎣ minx ⎦ ⎡ ⎤maxx . Expected demands can in practice range from 
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⎦

0.01 to 1,000 (or even more). This leads that a minimum of 1,000*100=100,000 different possible 
expected demands are needed. Each possible value for expected demand could also have a different 
variance (given that variance of demand is also given with two decimals accuracy). This would lead to 
an enormous and impossible amount of possible combinations between expected demand and variance 
of demand, for which the limits  and ⎣ minx ⎡ ⎤maxx  should be computed. 

A different approach is needed to search limits for the enormous amount of possible combinations 
between expected and variance of demand. The used limits within the selected methods are rounded 
values, exact values are not needed. An efficient heuristic is constructed such that only a limited 
amount of expected demands and variances of demands are needed. This heuristic is based on the issue 
that limits are rounded values. Due to the developed heuristic unnecessary combinations between 
expected and variance of demand can be left out. The exact procedure of the calculation and the search 
of limits is given in Appendix 10. The procedure consists of a heuristic which efficiently returns 
limits, using a constructed tool with Excel. 

With this procedure  and  are determined. The limits, ⎣ minx ⎦ ⎤⎡ maxx ⎣ ⎦minx  and , belonging to 
the appropriate E(Ddk) and V(Ddk) are used. This heuristic was developed to create a procedure which 
could be efficiently used in the current database program.  

⎡ maxx ⎤

As discussed in chapter 7.2.1, products are present which have a relatively high consumer unit, i.e. a 
6-pack of beer. Limits could be adjusted by rounding them up/down to the nearest amount of items 
consisting of whole consumer units. This has not been investigated but should provide better results 
for products with a consumer unit greater than one.  

8.2.2 Product availability information 
In order to fully operate this method, product availability of the products needs to be registered. 
Different options of registering products availability are presented below. 

System inventory levels should not be used for product availability information 
One way of measuring product availability is the use of system inventory levels within the ASR. 
Together with the observed sales figure and the information about replenished products one can 
determine whether inventory could have been OOS during the day. Inventory levels are however 
found to show discrepancies from the actual inventory level, this has been detected by DeHoratius and 
Raman (2004). Basing product availability on unreliable system inventory records will lead to bad 
product availability information. This then leads to bad decisions; a sales figure could be considered as 
normal while the product actually was OOS (e.g. actual physical stock was 0 instead of the system 
inventory record of 10).  

Measure OOS by hand 
Probably the most reliable way is the daily measurement of OOS by hand. Within a store at the most 
critical moment of having OOS, i.e. just before shelf filling, OOS should be measured. Products which 
are OOS just before filling are then – rightfully – registered as OOS. Using the indications of products 
which were OOS, the selected method then can deal with the OOS-affected sales figures. 

One might consider combining the information obtained by these daily OOS measurements with 
methods to increase record accuracy. By increasing record accuracy within stores benefits are gained, 
mentioned by Kang and Gershwin (2005). 

Use ELI information 
If it is chosen not to measure OOS for detecting OOS-affected sales figures, ELI information obtained 
from the DC should be used. The combination of ELI with observed sales figures can be useful. ELI 
provides information about undelivered goods by the DC. When an ordered product is not delivered, 
and a registered sales figure of such was zero, a product is high likely to be OOS when average 
demand is high. The probability of this product being OOS increases when the period of unavailability 
at the DC grows.  
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9 Conclusions and recommendations 

In this chapter conclusions and recommendations are presented resulting from the research project.  

9.1 Conclusions 
Within this section conclusions will be made regarding the different parts of the research assignment 
presented.  

9.1.1 Conclusions about the proposed methods 
This research tested methods of dealing with observed sales figures by simulation. Methods were 
selected specifically based on minimized costs for the store of Delta. Conclusions about the proposed 
methods were made with the use of simulations. Based on these simulations performances were 
measured of representative products. Costs were calculated using the performances of these 
representative products; these performances were allocated to a set of products representing an 
examined store’s assortment.  

The obtained conclusions should be interpreted while having in mind the following design decisions: 

• Costs were based on simulated stationary customer demand following a Gamma distribution. 

• Used product characteristics were determined by the store’s assortment. Performances were 
measured for products differing in variation, average demand, and review period. Furthermore 
the established week pattern was set equal for whole the assortment. 

• Costs were measured while using the regular forecast mechanism. 

• The constructed simulation setting was an ideal environment. 

Given the limitations by the design decisions the following conclusions were made: 

If outliers should be dealt with within the ASR of Delta, “Winsorizing Outliers” is preferred 
over “Omitting Outliers”. When outliers are omitted, less variance is registered resulting into higher 
Lost Profit, this is not compensated by the lowered Backroom Costs. The Winsorization of outliers 
also allows the ASR to adapt on seasonal influences; the ASR however could have a limited reaction 
on seasonal influences due to the Winsorization. 

When the ASR has a low OOS rate in an ideal environment and OOS is only caused by 
occasionally high demand, one should not have to deal with OOS-affected sales figures to lower 
costs significantly. Due to the low OOS rate within the system few sales figures are present which 
could negatively affect forecasts. 

But if it is chosen to deal with OOS-affected sales figures, then: 

- The conditional exclusion of OOS-affected sales figures leads to lower Lost Profit but higher 
Backroom Costs; only sales figures are excluded which would otherwise have caused a negative 
update of forecasts, the higher average inventory however increases probability of backroom activity. 

- The exclusion of all OOS-affected sales figures leads to a higher Lost Profit but lower Backroom 
Costs. In the simulation setting OOS is only caused by high customer demand. Excluding these sales 
figures decreases service level.  

Furthermore: 

The proposed combination of “Winsorizing Outliers” with the “Conditional Exclusion of OOS-
affected sales figures” resulted in slightly lower costs than using the methods individually. 
Because the simulation setting considers an ideal environment, relatively few OOS-affected sales 
figures were present, dealing with those sales figures therefore led to slightly lowered costs. 
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The simulation setting within this research project considered an ideal environment, in which 
performances are measured. The performances of the ASR (OOS-rates and service levels) in practice 
are thought to be lower than observed within the simulation setting. It is therefore perceived that in 
practice the currently used method will likely result in higher costs. Performances of the proposed 
combined method will remain rather stable resulting into same costs therefore favouring this method.  

This answers the first part of the Research Assignment: 
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In what way should the Automatic Store Replenishment System, used within the stores 
of Delta, deal with sales figures in order to minimize costs? 

 

The combined method which Winsorizes Outliers and Conditionally excludes OOS-affected sales 
figures is selected as best method for dealing with sales figures resulting in minimized costs 

 

Optimization of the selected method resulted in no outlier-parameter value being found of which costs 
were significantly lowest. However, during the optimization the following was established: 

- When a larger outlier-parameter value is used, Lost Profit increases due to a lower service level 

- When a smaller outlier-parameter value is used, Backroom Costs increase because the probability of 
a casepack first being stored in the backroom increases 

- When dealing with outliers, this research showed that an outlier-parameter value of 0.10 or lower 
should be chosen to result in low costs, given the used simulation setting 

9.1.2 Conclusions obtained from the practical verification 
The following conclusions could be drawn after the practical verification took place. 

Outlier detection is desirable. The practical verifications provided information that outliers are 
present among registered sales figures. This provided support for the use of a method which is able to 
deal with outliers. Of all the outliers indicated by experts, 72% of these were also indicated as outliers 
by the selected method. When the amounts of outlier indications were compared it was established that 
the used outlier-parameter value of 0.10 was not set too high.  

The need for product availability information is not established. Of all found sales figures possibly 
affected by OOS, 65% of these were lower than expected demand (i.e. negatively affect forecasts). Of 
such a sales figure the deviation from expected demand was found to be only 1.3 consumer units. 
However, the maximum observed deviation was 47.9 consumer units. Product availability for products 
unavailable for a longer period is desirable. 

9.1.3 Conclusions related to the implementation plan 
Within the database used by the ASR it is impossible to exactly calculate limits needed for the 
indications of outliers.  

Using an Excel tool it is possible to calculate limits and put them into a table. With the use of a 
heuristic it is possible to retrieve these limits from this table. The incorporation of the table within the 
database of the ASR with a procedure to search limits allows indicating new observed sales figures as 
outliers or not.  

To determine product availability it is necessary to manually register OOS within stores. Relying on 
system inventory level is risky, because system inventory records tend to be unreliable. 
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9.2 Recommendations 
During the different analyses, several recommendations were made leading to additional 
improvements.  

9.2.1 Recommendations regarding the ASR of Delta 
During the analysis of the ASR recommendations were made for improvements of the ASR. 

Only use variances in a right way 
Within the ASR the store has currently two options of calculating variance of demand for a considered 
period. One of the possible options for calculating variance is wrong. Instead of taking the square root 
of the summed variances, the square root of each variance is summed. This results in an order-up-to 
level which is based on too much safety-stock. When calculating variance, the square root of the 
summed variances should be used, otherwise this might lead to excessive ordering. 

Investigate the relationship between product characteristics and service level 
During the analysis on the current used ASR, it was noted that for all products the same safety factor is 
used. Within the ASR there are different aspects which improve the service level of products. For 
determining the order-up-to level, the minimum amount of products (PVV) is added to the advised 
amount. The advised amount is calculated using a safety-factor theoretically able to fulfil 78% of the 
expected demand. A rounded up amount of casepacks is ordered such that the system inventory level 
is raised equal or above the order-up-to level. The effect of the PVV and the rounding of casepacks is 
very high for slow-moving products.  

Currently it is not exactly known how the combination of the size of a casepack, the value of PVV and 
the used safety factor affect the service level. The effect these aspects have on the performance of 
products with high demand is less than the effect on products with low demand. When Delta is able to 
establish this relationship, products with high expected demand could be rightfully compensated. 

Register a longer history within the ASR 
In the ASR it was observed that an optimal alpha was selected when at least 16 sales figures were 
observed. A recalculation of statistics is done using registered sales figures obtained from the sales 
history. Sales history usually contains less than 16 “usable” sales figures. In these cases it becomes 
impossible for the ASR to select an optimal alpha when statistics are recalculated. When the amount 
of sales figures kept in the sales history is larger the ASR is more likely to be able to select an optimal 
alpha when statistics are recalculated. 

Promotions might affect demand just before and after the promotion 
Within Delta it is acknowledged that promoted products have a great probability of being 
unrepresentative for normal demand. It was however also seen that promotion could affect the 
observed demands during periods just before or after the promotion period. This might lead to a lower 
advised amount which might reduce service level, especially when the after-effect of promotions on 
demand lasts for a longer period. When this effect is known one could lower the probability of a 
product being OOS after the promotion period. 

9.2.2 Additional recommendations  
During the practical verification and the development of an implementation plan additional 
recommendations were made. 

Adjust limits for products with a high amount of items (>1) within one consumer unit 
During the practical verification, it was noticed that several products have a consumer unit consisting 
of more than one item. Calculated limits are given in amount of products. Calculation of limits using 
the proposed method could result in a maximum limit lower than the amount of products within one 
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consumer unit. Therefore it should be assessed how the calculated limits might be adjusted such that 
they are suitable for products with a consumer unit consisting of more than one item. 

Keep customer orders out of history 
During the practical verification it was noticed that, despite the advice of Delta, sales figures affected 
by these customer orders were not excluded for updating statistics. Customer orders tend to differ from 
the normal demand pattern. This causes the ASR to create unnecessary high replenishment orders. The 
advised method is able to deal with a customer order by Winsorizing the observed sales figure. 
However, it is preferred that sales figures are excluded when they are known to be unrepresentative.  

Try to combine the daily OOS measurement with a method to increase record accuracy 
Within literature (Bensoussan et al. (2005), Mosconi et al. (2004)) a method is proposed in which 
OOS-measurements (i.e. Zero Balance Walk) are used to increase record accuracy. Within the Zero 
Balance Walk method, both the physical and the system inventory level are compared (Mosconi et al., 
2004) this updates the inventory record. Increased record accuracies then lead to additional benefits. 

Use ELI information when products are unavailable at the DC 
ELI information should be used as an indication that products have a higher probability of being OOS. 
When products are OOS for a longer period due to unavailability at the DC, forecasts are continuously 
negatively affected. ELI provides information about products which were not delivered at the store by 
the DC. When it is known that products are not delivered for a longer period ELI information should 
be used to indicate that products have great probability of being OOS. Registered zero sales should 
then be considered as OOS-affected sales figures.   

9.2.3 Recommendations which were out of scope 
And finally recommendations are made which were out of scope.  

Improve reaction of the ASR on seasonal influences 
In the current ASR forecasts are based on previous days (i.e. Monday’s, Tuesday’s., etc.). The ASR 
therefore tends to react rather slowly on seasonal influences. Seasonal influences could however be 
detected earlier. A seasonal increase can be noticed within a week, and should therefore be taken into 
account by the ASR for making forecasts of demand during following days. This could for example be 
done by observing sales figures on a higher level. E.g. Dekker et al. (2004) provide a method how 
aggregate demand information can be used for improving forecasts for seasonal demand. By an 
improved reaction of the ASR on seasonal influences, Delta improves the service level of seasonal 
products during the initial period of the season. 

The selected method could lead to a limited reaction on seasonal influences. The indication of outliers 
could however be used to trigger the ASR to adapt on a noticed seasonal change of the demand 
pattern. Successive outliers could be the result of a changed demand pattern due to seasonal 
influences.  

Perishable products 
Especially for perishable products the Winsorization of sales figures could be valuable. Disposal costs 
because of holding those products tend to rise when larger safety stocks are held. When sales figures 
are Winsorized less variance is registered, leading to lower safety stocks. This could then lead to lower 
disposal costs. The lowered safety stocks also cause a lowered service level. Exploring a different 
outlier-parameter value for perishable product would be wise before also using this method for 
perishable products. 
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Management Samenvatting 

Delta is reeds 100 jaar actief als inkoop organisatie in de supermarkt branche. Delta's focus is de 
exploitatie van zijn supermarktketen. De afdeling logistiek heeft als taak om winkels te voorzien van 
hulpmiddelen om de logistiek tussen het Distributie Centrum en de supermarkt te verbeteren. Een van 
de voorziene hulpmiddelen aan de supermarkt is de BestelTool (BT). BT assisteert in het creeren van 
bestelling voor de bevoorrading van een groot deel van het assortiment. Sinds de introductie van BT  
is de servicegraad gestegen en is de gemiddelde voorraad gedaald. 

Probleem situatie 
BT gebruikt geregistreerde vraag cijfers voor het genereren van voorspellingen. Deze voorspellingen 
worden vervolgens gebruikt voor het aanmaken van bestelorders. Momenteel zitten er tussen de 
gebruikte vraagcijfers niet representatieve cijfers. Deze vraagcijfers kunnen er toe leiden dat BT te 
veel of juist te weinig producten bestelt. Het teveel of te weinig bestellen van producten leidt tot extra 
kosten. Wanneer vraagcijfers binnen BT gecontroleerd worden voordat deze worden gebruikt voor het 
maken van voorspellingen kan dit mogelijk resulteren in lagere kosten. 

Dit leidt tot de onderzoeksopdracht om een methode te ontwikkelen voor Delta welke in staat is om 
met niet representatieve vraagcijfers om te gaan om zodoende kosten te minimaliseren. Vervolgens 
moet er na worden gegaan hoe deze methode presteert in de praktijk. Na het testen van deze methode 
dient er een implementatie plan geleverd te worden hoe deze methode in BT geïmplementeerd kan 
worden. 

Het onderzoek bestaat uit drie delen: het ontwikkelen van methoden die om kunnen gaan met niet 
representatieve vraagcijfers en deze methode te evalueren aan de hand van simulaties, het testen van 
de geselecteerde methode in de praktijk en het schrijven van een plan voor implementatie van de 
geselecteerde methode in BT. 

Voorgestelde methoden welke om kunnen gaan met niet representatieve vraagcijfers 
BT is momenteel in staat om te gaan met vraagcijfers waarvan het bij voorbaat weet dat ze niet 
representatief zijn. Vraagcijfers waarvan BT weet dat ze niet representatief zijn worden niet gebruikt 
voor het maken van voorspellingen. Er zijn echter tal van situaties wanneer geregistreerde vraagcijfers 
niet representatief zijn. 

Dit onderzoek beoordeelt geregistreerde vraagcijfers op twee criteria. Voor elk van de twee criteria 
zijn twee methoden voorgesteld hoe met niet representatieve vraagcijfers om kan worden gegaan. De 
volgende criteria, met elk zijn methoden hoe er mee om te gaan, zijn voorgesteld: 

1. Een vraagcijfer wordt als niet representatief beoordeeld wanneer de kans van dit vraagcijfer 
laag is; wanneer een vraagcijfers als niet waarschijnlijk wordt beoordeeld dan: 

a. Wordt het geregistreerd vraagcijfer weg gelaten; voorspellingen worden niet 
gebaseerd op dit vraagcijfer, of 

b. Wordt het geregistreerd vraagcijfer gewinsorizeerd; in plaats van het geregistreerde 
vraagcijfer wordt een vraagcijfer gebruikt welk wel als waarschijnlijk zou worden 
beoordeeld. 

2. Een vraagcijfer wordt als niet representatief beoordeeld indien product beschikbaarheid 
beperkt was zodat mogelijk de vraag van de klant niet compleet gerealiseerd heeft kunnen 
worden. Indien het vraagcijfer hierom niet als representatief wordt beoordeeld dan: 

a. Wordt het geregistreerde vraagcijfer niet gebruikt voor het maken van voorspellingen, 
of 

b. Wordt het geregistreerde vraagcijfer alleen niet gebruikt voor het maken van 
voorspellingen wanneer de gerealiseerde vraag zover minder dan verwacht was. 
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Als laatste methode is er ook een methode voorgesteld welke zowel de waarschijnlijkheid van een 
vraagcijfer als de product beschikbaarheid gebruikt om te bepalen hoe er mee om te gaan. Deze 
methode gebruikt vraagcijfers niet wanneer product beschikbaarheid beperkt was en gerealiseerde 
minder dan normaal. Geregistreerde vraagcijfers worden gewinsorizeerd wanneer het een 
onwaarschijnlijk vraagcijfer betreft. 

Evaluatie van de voorgestelde methoden 
De evaluatie van de voorgestelde methoden vond plaats aan de hand van simulaties. 
Vraagkarakteristieken waren bepaald om vervolgens vraag te simuleren. Het bepalen van de vraag was 
nodig omdat er geen karakteristieken bekend zijn binnen Delta. Gedurende het analyseren van vraag 
gegevens was het vastgesteld dat de gestandaardiseerde opgeschoven vraag plaats vindt volgens de 
Gamma verdeling. Voor simulatie van de vraag zijn Gamma verdelingen gebruikt. 

Prestaties van de voorgestelde methoden zijn gemeten door middel van simulaties. Een aantal 
representatieve producten is gebruikt voor het meten van de prestatie. Deze prestaties zijn vervolgens 
gebruikt voor het berekenen van kosten voor een assortiment van een supermarkt. 

De volgende conclusies konden worden gemaakt aan de hand van deze evaluatie: 

• Het winsorizeren van onwaarschijnlijke vraagcijfers presteert beter dan het weglaten van deze 
onwaarschijnlijke vraagcijfers 

• Als de supermarkt, voor welk BT bestellingen genereert, een hoge service graad heeft is het 
niet noodzakelijk om met vraagcijfers om te gaan wanneer door product beschikbaarheid de 
vraag mogelijk niet compleet gerealiseerd heeft kunnen worden. Maar:  

o het niet gebruiken van al deze vraagcijfers voor het maken van voorspellingen 
resulteert in meer verloren winst, en 

o alleen de vraagcijfers niet gebruiken die lager waren dan verwacht resulteert in juist 
minder verloren winst. 

• De voorgestelde combinatie van de beide criteria resulteert in minder kosten dan elk van beide 
methoden apart. 

De evaluatie van de voorgestelde methoden liet zien dat geen enkele voorgestelde methode resulteerde 
in significant lagere kosten dan de huidige methode. In de simulaties presteert BT onder ideale 
omstandigheden, hierin is voor stationaire vraag gesimuleerd. In de praktijk wordt verwacht dat de 
methode, die momenteel wordt gebruikt, in hogere kosten zal resulteren omdat het niet in staat is om 
met niet representatieve vraagcijfers om te gaan. De voorgestelde combinatie zal echter niet geneigd 
zijn in hogere kosten te resulteren omdat deze in staat is met niet representatieve vraagcijfers om te 
gaan. Daarom heeft de geselecteerde combinatie de voorkeur en is daarom gekozen als beste methode 
om met vraagcijfers om te gaan zodoende om kosten te minimaliseren. 

Er is gezocht naar een waarde voor de parameter, welke bepaalt wanneer een vraagcijfer 
onwaarschijnlijk is, met minimale kosten. Er is geen optimale waarde gevonden welke resulteerde in 
significant lagere kosten. Tijdens het zoeken naar een optimale waarde is het volgende vastgesteld: 

• Een grotere waarde voor deze parameter resulteert in meer verloren winst 

• Een kleinere waarde voor deze parameter resulteert in meer magazijn kosten 

• Met de gebruikte simulatie instellingen bleven kosten redelijk gelijk tot het een bepaalde 
waarde overschreed 

Deze waarde is gebruikt om de geselecteerde methode te testen in de praktijk. 

Praktijk test 
De geselecteerde methode is getest in de praktijk samen met de vastgestelde waarde voor de parameter 
waarmee vraagcijfers worden beoordeeld op waarschijnlijkheid. Het was niet mogelijk om te testen 
wat het werkelijke effect van deze methode op de kosten in de praktijk is. Tijdens de praktijk test is er 
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gemeten in hoeveel gevallen de methode gebruikt zou worden. Er is ook getest of vraagcijfers die als 
onwaarschijnlijk worden beoordeeld ook als onwaarschijnlijk worden beoordeeld door experts. De 
praktijk test leidde tot de volgende conclusies: 

• Het testen op waarschijnlijkheid is wenselijk; tijdens de praktijk test kwam naar voren dat er 
wel degelijk vraagcijfers aanwezig zijn welke onwaarschijnlijk zijn. 72% van alle als 
onwaarschijnlijk beoordeelde vraagcijfers door experts werden ook als onwaarschijnlijk 
beoordeeld door de geselecteerde methode 

• Product beschiktbaarheid informatie is niet nodig; Informatie over producten die lange tijd 
niet beschikbaarheid zijn is wel nodig. 

Implementatie plan 
De stappen en acties die nodig zijn binnen BT om de methode te implementeren zijn voorgelegd. 
Momenteel is nog niet alle benodigde informatie aanwezig binnen BT.  

Met de database die momenteel gebruikt wordt binnen BT is het niet mogelijk om te bepalen of een 
vraagcijfer als onwaarschijnlijk moet worden beoordeeld. De combinatie van een Excel hulpmiddel, 
een tabel in BT, en het gebruik van een heuristiek, staat BT toe om alsnog te bepalen of een vraagcijfer 
als onwaarschijnlijk moet worden beoordeeld. 

Dagelijkse product beschikbaarheid informatie is nodig om de geselecteerde methode volledig te 
implementeren in BT. Product beschikbaarheid zal met de hand moeten worden gemeten aangezien 
men niet voor 100% op de systeemvoorraden van BT kan vertrouwen. 

Aanbevelingen 
Het volgende wordt aanbevolen om BT verder te optimaliseren: 

• Gebruik varianties van de vraag op de juiste manier: Momenteel wordt er een foutieve 
methode ondersteund welke er voor zorgt dat er soms teveel wordt besteld. 

• Verken de relatie tussen product karakteristieken en service graad: Bepaalde product 
karakteristieken zorgen ervoor dat de service graad van een product hoger wordt. Als de 
relatie tussen deze karakteristieken en de service graad wordt vastgesteld, kan er beter 
aangestuurd worden op een bepaalde service. 

• Houdt een langere verkoop historie vast binnen BT: BT is niet altijd in staat een optimale 
voorspelling te maken wanneer een voorspelling wordt herberekend. Het vergroten van de 
verkoophistorie zorgt ervoor dat BT eerder een optimale voorspelling kan kiezen. 

• Ga de impact na van promoties op de vraag vlak voor en na de promotie periode: Promoties 
kunnen de vraag vlak voor en na de promotieperiode beïnvloeden. Promoties kunnen ervoor 
zorgen dat de service graad van de producten na deze period tijdelijk slechter is.  

• Houdt klantenbestellingen uit de vraaghistorie: Vraagcijfers waarvan men weet dat deze niet 
representatief zijn door een klantenbestelling dienen altijd buiten de vraaghistorie te blijven.  

Algemene aanbevelingen: 

• De geselecteerde ontwikkelde methode is gebaseerd op producten met één item per 
consumenteneenheid: Als een consumenteneenheid meer items bevat, dient er anders om te 
worden gegaan met het nagaan van de waarschijnlijkheid van een vraagcijfer. 

• Combineer metingen van product beschikbaarheid met het verhogen van de betrouwbaarheid 
van de voorraadstanden binnen BT: Het verhogen van de betrouwbaarheid van de 
voorraadstanden verbetert prestaties van BT. 

• Gebruik informatie van het Distributie Centrum: Het Distributie Centrum levert informatie 
over geleverde produkten. Als produkten niet geleverd worden door het Distributie Centrum 
verhoogt dit de kans op beperkte beschikbaarheid in de winkel. Vooral als produkten langer 
niet geleverd worden door het Distributie Centrum, dient de informatie gebruikt te worden. 




