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needed to gain further understanding on the performance of the models.
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Viimeisen sadan vuoden aikana on kehitetty valtava määrä erilaisia varastonhanintaan liittyviä 
malleja. Monet niistä ovat kuitenkin hyvin teoreettisia, sisältäen epärealistisia oletuksia, eikä niitä 
ole ikinä testattu käytännössä. Kattavasta tutkimuksesta huolimatta varastonhallinnan käytännön 
tilanne ei ole kehittynyt samaa vauhtia teorian kanssa. Akateemikotkin ovat huomanneet tämän 
ongelman ja painottaneet käytännöllisempiä ratkaisuja.

Tässä diplomityössä perehdytään ensin varastonhallinnan kirjallisuuteen, lähinnä varmuusvarasto
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Dynaamisen varmuusvarastomallin idea on kiehtova, mutta simulointitulokset osoittivat sen olevan 
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parametri määrittää eri tavoin. Mallia voisi kuitenkin käyttää tuoteuutuuksien kanssa, jolloin 
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Chapter 1 - Introduction

1 Introduction

1.1 Background and Motivation
The employer of this master’s thesis is RELEX Ltd, Finnish company providing 

software related to replenishment and forecasting processes. RELEX’s main product 

is RELEX Processor, which enables customer companies to automate their 

replenishment process. Processor generates daily order proposals that are based on 

observed historical demand data and product-specific parameters. There are two 

types of parameters: Firstly, there are parameters such as lead time or batch size that 

are often given constants from the customer company or from their suppliers. They 

have to be set up in the system, but they can’t be affected directly. Secondly, there 

are controlling parameters whose only purpose is to make the system work as 

effectively as possible. Such parameters include for example safety stocks and 

forecast models.

Keeping these parameters up-to-date is quite a difficult task as there might be 

hundreds of thousands of products that all need individual parameters. Furthermore, 

there might be tens or hundreds of stores with the same assortment of products, but 

totally different operating environment, and therefore a need for special parameters. 

This raises the number of product-location-combinations to millions. In addition, 

new products enter the market continuously, old products are removed from 

assortments, and several factors might change the demand patterns of existing 

products anytime. To make the task of updating the parameters even more difficult, 

one has to remember that it is terribly difficult to find the tender equilibrium between 

reasonably high customer service levels and, respectively, low enough inventory- 

related costs.

RELEX is currently developing another piece of software - called Optimizer - to 

solve this problem. Optimizer regularly updates the parameters of all products in 

order to ensure that they are reasonable from the perspective of customer-specific 

objectives. This master’s thesis is part of the Optimizer development project, and its 

purpose is to find useful models and methods that could be utilized in Optimizer. The 

focus is on parameters related to MRP-driven inventory systems, namely forecast

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
and Wholesale Logistics Chain. Helsinki University of Technology.



Chapter 1 - Introduction 2

models, safety stocks, and order quantities. To be exact, RELEX already has a rather 

advanced forecasting framework, which will be used in the experimental phase ol 

this thesis, and thus the actual examination concentrates solely on safety stock and 

order quantity models.

Inventory control and management is a widely researched area, and an enormous 

amount of models have been developed during the last century. However, these 

models are pretty theoretical in nature, including often unrealistic assumptions. 

Serious gaps exist between practitioners and academic research, due to several 

factors such as academic pressure on publishing. (Zanakis et ai, 1980). Wagner 

(2002) wonders why we still find empty shelves despite a half century of impressive 

research. He states that not much progress has appeared in the area of practical 

inventory control during last, say, 40 years. He stresses for inventory theory in the 

service of practice, not theory for the sake of theory. Silver (1981 A) also discusses 

this gap between theory and practice and suggests a few enhancements for the 

situation. He for example stresses that more emphasis should be put on obtaining 

good enough results on real problems rather than getting optimal solutions to 

mathematically interesting, but possibly unrealistic problems. He furthermore seeks 

understandable decision rules that in a verifiable way improve the current situation in 

companies, rather than optimal solutions that can’t be understood nor accepted by the 

management.

Silver (1981 A) also presents few important research problems related to inventory 

management. He first highlights the question of statistical considerations in inventory 

control models: what is the actual significance of assuming certain distribution of 

demand or certain parameters of the distribution. He also notes that there are some 

rather different environments that haven’t reached any emphasis on literature: First, 

spare parts are one special class of items that behave quite differently from many 

other, more regular groups of items. Next, he also mentions the area of retail 

inventory management that needs different methods than the traditional inventory 

management in e.g. manufacturing sites.

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
and Wholesale Logistics Chain. Helsinki University of Technology.



Chapter 1 - Introduction 3

1.2 Research Problem and Objectives
The objective of this thesis is to find suitable inventory control models that could 

help in automatically calculating parameters for large number of products, and 

therefore could be implemented in RELEX Optimizer. From a more academic 

perspective, the goal is to fill some of the gaps presented by Silver (1981 A): How do 

the theoretical inventory control models fit to real business cases? Are there 

differences in the behavior of the models between different environments or product 

types? The variety of these models is first covered in the literature review, and their 

functioning and applicability to real life inventory management is then examined in 

more detail. The following research problem is based on these objectives:

What are the effects of theoretical inventory control models when applied in 

practice in retail and wholesale logistics chain?

Specific research questions will be formulated after the literature review. These 

questions are presented in chapter 3.1.

1.3 Scope of the Thesis
RELEX mainly offers software for retail and wholesale companies, who use the 

software to replenish their retail stores from distribution centers or central 

warehouses from suppliers. This means that basically all items in RELEX’s systems 

have independent demand and need to be forecasted separately. Thus, specific 

models for dependent demand items - like parts and subassemblies in inventories of 

production sites - are not covered at all.

Also, we will focus only on individual items in individual locations. Therefore all 

models considering the products on an aggregate level - e.g. models of coordinated 

replenishment - are left out. Same applies to multi-level models, where the whole 

supply chain of certain product is considered together. The range of models for 

individual items is very wide, and combining these models with aggregate-level 

models isn’t reasonable when considering the scale of this master’s thesis.

1.4 Structure of the Thesis
The master's thesis starts with a literature review that covers a variety of models and 

formulas developed for inventory control. Based on the conclusions of the literature

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
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review, detailed research questions are formulated in chapter 3.1. After presenting 

the research methods and experimental design, the case data is introduced in 

chapter 4. In the next section the results of the simulations are presented, and the 

thesis ends with conclusions and discussion of areas for further research.

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
and Wholesale Logistics Chain. Helsinki University of Technology.



Chapter 2 - Literature Review 5

2 Literature Review
The literature review starts with an overview to inventory management; its function, 

goals, and methods. Next, the controlling parameters of an MRP inventory system - 

demand forecasts, safety stocks, and order quantities - are reviewed in more detail. A 

short overview of simulation modeling is also presented before the conclusions of the 

literature review.

2.1 Inventory Management
Inventory management is present in all stages of the supply chain. In this chapter we 

will first look at some differences between retail and wholesale inventories, and 

production-related inventories. Next, the basic functions and varying goals of 

inventory management are covered. Related to these goals we also look at service- 

level measures and inventory-related costs in more detail. Finally, we go shortly 

through the basic order decision rules, and a little more sophisticated approach, the 

material requirements planning, which also incorporates a demand forecast.

2.1.1 Differences between Manufacturing and Warehousing Environ
ments

Although inventories exist in all stages of the supply chain, majority of the inventory 

management related literature appears to be quite manufacturing-oriented. Most of 

the models can still be applied to the downstream stages of the supply chain, such as 

retail stores. However, it is important to pay attention to some of the differences.

When covering lot-sizing models, a distinction between capacitated and 

uncapacitated models has to be made (Karimi el al., 2003). In manufacturing 

environments there are resource constraints that have to be taken into account 

when considering the ordered amounts, but when ordering refers to 

replenishing an inventory by ordering items from e.g. another inventory, such 

constraints usually don't exist, or at least they are not that determining. Thus, 

in this review, we will only cover uncapacitated order quantity models.

In MRP-related articles there is much discussion of multi-level models. This 

term also relates to manufacturing environments, where products usually 

consist of different parts and subassemblies that are also manufactured. In

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
and Wholesale Logistics Chain. Helsinki University of Technology.
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this kind of environment only the demand of the end items is said to be 

independent, whereas the demand of parts and subassemblies is dependent. 

(Karimi et al., 2003). In retail or wholesale inventories demand for all items 

is usually independent, thus all items need to be forecasted. It is still possible 

to use MRP logic and therefore MRP-related models for independent demand 

items as well (Tersine, 1982). In this review we will only focus on single- 

level systems.

Demand patterns of the same item might look pretty different in each stage of 

the supply chain. E.g. Tersine (1982) suggests using different distributions 

when modeling demand for retail, wholesaling or manufacturing.

2.1.2 Functions and Goals of Inventory Management
Inventory management tries to answer to two questions: “When to order?" and “How 

much to order?” (Wagner, 2002; Schneider, 1982; Silver, 1981 A; Vollmann et al, 

2005). There are no simple answers to these questions: e.g. larger order quantities 

mean higher inventory levels and higher inventory-carrying costs, where as frequent 

smaller orders mean higher replenishment costs. Furthermore, too low inventory 

levels lead to unsatisfied customers and lost sales. A golden medium between these 

extremes must be found (Schneider, 1982).

Tersine (1982) lists three major goals of inventory management: minimize inventory 

investment, maximize customer service, and assure efficient plant operation. Silver 

(1981 A) emphasizes the cost minimization target and sees other factors as 

constraints: According to him, inventory managers want to minimize costs, but they 

have to take into account several constraints, which can be categorized as supplier, 

marketing, and internal constraints. Supplier constraints relate to order quantities: 

Pack sizes and minimum order quantities affect the ordering decisions. Marketing 

constraints mean that companies have often agreed on minimum tolerable service 

levels that must be met. Internal constraints refer to for example storage space 

limitations. Silver (1981 A) also notes that there is no big difference between defined 

objectives and limiting constraints; e.g. customer service level can be seen either as a 

constraint or as an objective.

Objectives often contradict with each other. Good customer service and low 

inventory levels seldom go hand in hand, and furthermore, different cost factors also

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
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require certain trade-offs: For example larger order quantities mean lower ordering 

costs and probably some quantity discounts as well, but on the other hand they also 

mean higher stocks and thus higher inventory carrying costs. (Tersine, 1982).

Many models related to inventory management try to find a suitable balance between 

contradicting goals. Before covering such models it is appropriate to look at the 

various measures of service levels and different inventory-related costs in more 

detail.

2.1.2.1 Service-Level Measures

There are several different metrics for measuring customer service levels. Some are 

easier to apply in theoretical models whereas others are more suitable to real life 

measuring. Some of the measures focus on the performance during lead time, 

whereas others on a pre-defined, longer period (Ronen, 1982). The selection of a 

service-level measure used in real life inventory management is a subjective 

managerial decision that is based of convenience rather than on any scientific 

justification (Tersine, 1982).

Silver et al. (1998) list four common measures of service: Cycle service level, ready 

rate, fill rate, and time between stock-outs. Similar measures can be found from e.g. 

Tersine (1982), Schneider (1981) and Ronen (1982).

Cycle service level is the probability of no stock-out per replenishment cycle, or in 

other words, the fraction of cycles in which a stock-out does not occur. From 

theoretical viewpoint this is a good measure, and many inventory models are based 

on it. Still, it is pretty unpractical measure, and e.g. Snyder (1980) recommends that 

is shouldn't be used as a service-level measure when defining safety stocks, as it 

easily leads to excess stock.

Ready rate is the fraction of time during which the net stock is positive. It is a more 

practical measure compared to the cycle service level. Schneider (1981) relates these 

two measures together, calling ready rate the a-service-level and cycle service level 

the «x-service-level. The former describes the probability of stock-out per cycle and 

the latter at an arbitrary time during the measuring period. As Schneider notices 

(originally shown by Klemm, 1974), ready rate is always greater than cycle service

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
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level for a certain order point. For long periods with long lead times cycle service 

level can be close to zero, whereas ready rate can be near one.

Fill rate - or |3-service-level according to Schneider (1981) — refers to the traction ot 

actual sales to total demand. If backorders are allowed, then fill rate means the 

fraction of demand that is filled without backorders. Although fill rate is also a pretty 

useful measure from the viewpoint of practitioners, it doesn't tit all environments: 

e.g. in retail, the real demand is often unknown, and only the sales can be known 

with certainty. It is also worth noting that if the demand is modeled with Poisson- 

distributed demand, then the fill rate equals the ready rate (Silver et al., 1998).

Schneider (1981) also defined the y-service-level, which isn’t very practically 

oriented, but is worth mentioning, because it is closely related to one of the stock-out 

cost types, y-service-level takes into account, not only the unsatisfied demand, but 

the length of the stock-out. It is only suitable for backorder cases.

The fourth service level measure presented by Silver et al. (1998) is the average time 

between stock-outs (TBS), or its reciprocal, average number of stock-outs in a year. 

It isn’t very illustrative as a measure, but it can also be useful when covering 

different safety stock models.

Several other measures exist, of which many are modifications of these presented 

measures. E.g. Boylan & Johnston (1994) describe a few similar measures that are 

based on filling orders or order lines completely or partially. They also present a 

measure very much like the fill rate, but instead ol units it is based on monetary 

value of the products; thus more expensive products have a greater influence on the 

measure.

2.1.2.2 Inventory Costs

Inventory-related costs are usually classified into four different categories: purchase 

costs, inventory carrying costs, ordering costs, and stock-out costs. Such 

classifications can be found from e.g. Tersine (1982), Vollmann et al. (2005) and 

Evans et al. (1990). Silver et al. (1998) add one further class of costs, called system 

control costs.
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Purchase cost is the price of the product which is paid to the supplier. This cost 

should include all unit-based costs that are needed to make the product available in 

stock, e.g. freights. Purchase cost might depend on the purchased quantities: if the 

supplier offers quantity discounts, the cost per unit might be lower when purchased 

bigger quantities. (Tersine, 1982).

Whereas purchase costs are proportional to units bought, ordering costs (or setup 

costs, as called in manufacturing companies) depend on the number of orders, and 

furthermore, on the size of order quantities. The idea is that there are often costs that 

stay constant despite of the amount of items in one order. These costs are incurred 

e.g. by making requisitions and vendor analyses, writing purchase orders, receiving 

and inspecting materials etc. (Tersine, 1982). Sometimes also freight can be based on 

orders and not on units, in which case they should be included into order costs 

(Vollmann et al., 2005).

Inventory-carrying costs include all costs that result in keeping items in stock. 

Lambert & La Londe (1976) categorize inventory carrying costs into four classes: 

Capital cost reflects other possibilities that a company could do with the money that 

is committed to inventory. Inventory service costs include e.g. inventory-related 

taxes and insurances. Storage space costs include the actual costs of the physical 

inventory: rent, labor, electricity etc. Finally, inventory risk costs consist of e.g. costs 

of obsolescence, thefts, and damages. Inventory carrying costs are usually expressed 

as a percentage of average (yearly) inventory value, where inventory value is 

calculated using average yearly stock in units and product-specific purchase prices 

(Silver et al., 1998).

Stock-out costs - or according to Silver et al. (1998), costs of insufficient capacity - 

include quite different types of costs. Costs can be incurred by attempts of avoiding 

stock-outs (e.g. emergency shipments), or by the actual stock-outs (Silver et al., 

1998). In case of stock-outs the costs depend on whether the product is backordered 

or not. Backordering produces extra shipping and order handling costs whereas the 

lost sales case means lost profit for the company. The demanded item could also be 

substituted into a less profitable product, and stock-out situations can lead to future 

loss of revenues. The latter case is often referred to as “goodwill costs'" (Evans et al., 

1990). Depending on company/business-specific characteristics stock-out costs can
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be based on the number of stock-out occasions, number of units short, number of 

units short per unit time, and number of customer line items short (Silver et al., 

1998). Stock-out costs are usually very hard to define or even estimate reliably 

(Schneider, 1981).

System control costs, as described by Silver et al. (1998), refer to the costs that are 

associated with the operation of the selected inventory decision system. These costs 

are incurred by e.g. data acquisition, storage and maintenance. Although system 

control costs are hard to measure or estimate, they might still play a significant role 

in the selection of a proper decision system.

2.1.3 Ordering Policies

2.1.3.1 Basic inventory Decisions and Reorder Point Model

As already mentioned, there are two major decisions to be made in managing 

inventories: How much to order and when to order. Both ot these decision variables 

- order interval and order quantity - can be either fixed or variable. (Vollmann et al., 

2005).

Table 1: Inventory Decision Rules (Vollmann et al., 2005)

Order Frequency

Order Quantity

Fixed (Q) Variable (S)

Variable (R) (Q, R) (S, R)

Fixed (T) (Q, T) (S, T)

The (Q, R) model is probably the most used and well-known ot these models, and it 

is often referred as the reorder point or ROP model. It means that every time the 

inventory level drops to R. an order quantity Q is ordered. (Q, T) policy means that a 

fixed quantity Q is ordered every T periods, whereas in (S, T) policy we order up to 

S every T periods. Finally, (S, R) policy means that we order up to S every time the 

inventory level drops to R. (Vollmann et al., 2005).

2.1.3.2 Material Requirements Planning

Reorder point model and other basic decision rules don’t take into account demand 

forecasts in any way. One much-used approach to inventory management that also
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allows incorporation of forecasts is the material requirements planning (MRP). It is 

mostly used in manufacturing environments to determine and meet the requirements 

of parts, subassemblies, and products, because its strengths are in this kind ot multi

level environments where only end items need to be forecasted, and the demand of 

the subassemblies can be derived from the demand forecast of the end item. That is, 

the demand of the parts and subassemblies is dependent, whereas in retail or 

wholesale environments all items need to be forecasted because their demand is 

independent of other items. MRP can still be used with such products. (Tersine, 

1982).

Table 2: Basic MRP Record

Period 1 2 3 4 5

Demand forecast 10 15 10 20 20

Scheduled receipts 30

Projected balance 12 32 17 37 17 27

Orders 30 30

Lead time = 1 period
Order quantity = 30
Safety stock = 10

Table 2 illustrates the basic idea of MRP. Demand is forecasted in periods, e.g. days 

or weeks. Based on actual balance and open orders, future requirements are 

calculated, and based on those requirements, future orders are calculated and 

scheduled. Supplier lead time affects on the order timing: in this example orders 

must be placed one period beforehand.

Jacobs & Whybark (1992) compared the reorder point and the MRP inventory 

control logics using simulation as a research method. Lead time and lot sizes were 

held constant, but the level of variation was changed during simulations. Finally, the 

authors concluded that a very perverse environment is needed before it is reasonable 

to use the ROP logic. In other words, even with rather large forecast errors the MRP 

logic produced lower inventory costs.
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2.1.3.3 Parameters Controlling the MRP System

As previously discussed, inventory management has different conflicting goals, 

which are mainly related to costs and customer service. There are few important 

parameters controlling the MRP system that strongly affect the performance and 

efficiency of the inventory. Yeung et al. (1998) list seven parameters affecting the 

effectiveness of an MRP system. Their discussion is rather production-oriented, but 

three of the parameters are also relevant from non-production-oriented inventory 

system perspective. These are forecast error, safety stock, and lot-sizing rules.

Because demand isn't known with certainty, demand forecasts have to be used. The 

better the forecasts (that is, the smaller the forecast error), the smaller the needed 

safety stocks. Safety stock is the principal means to influence on the realized 

service-level: safety stock is used as a buffer against uncertainty in demand, and 

possibly in supply also. Safety stock would be useless if future demand rate and 

supplier lead times were known with certainty. Order quantities in turn have a huge 

effect on costs via replenishment costs and inventory-carrying costs.

Forecasts, safety stocks, and order quantities are parameters which can be altered 

directly by the decision maker, and thus are an “easy" way to adjust the inventory 

system. These three factors are reviewed in more detail in chapters 2.2-2.4. If we 

look at the Table 2, we can find two other factors affecting the system: the demand 

itself and supplier lead time. Although it is possible to change the demand rate or 

lead times in the long run, in the short run they can be seen as given constants that 

can’t be changed.

2.2 Forecast Models
Demand forecasts are not in the primary focus of this thesis, but as forecasts strongly 

influence the performance of safety stock and order quantity models, basic concepts 

related to forecasting are shortly covered. First, we cover shortly the most common 

forecasting methods. Then, we present a few typical measures of forecast accuracy.

Forecasting is often divided into quantitative and qualitative forecasting. Quantitative 

forecasting can be applied if there is sufficiently information about the past, and it it 

is assumed that some aspects of the past pattern will continue into the future. 

Qualitative forecasting doesn’t need much or any past data, but it needs several
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trained people and is thus quite time-consuming. (Makridakis et al., 1998). In this 

chapter we will focus on quantitative methods, because the focus of this thesis is on 

practical applications including thousands of products, and basically qualitative 

methods are impossible to implement in such cases.

2.2.1 Common Forecast Methods
Quantitative forecast methods are usually divided into time series methods and 

causal techniques (Makridakis et al., 1998). Most commonly used time series models 

are exponential smoothing and moving average, whereas linear single or multiple 

regression models are often used causal techniques (Sani & Kingsman, 1997). 

Exponential smoothing methods combine the most recent observations with older 

data, and the balance between these two factors is determined by the smoothing 

parameter.

The selection of the proper forecasting model depends on the nature of the demand. 

For example, there are several different exponential smoothing methods of which the 

proper one can be selected, such as the simple exponential smoothing for items with 

reasonably stable demand, linear methods for items with a trend in demand, and 

seasonal method for seasonal items. The possible patterns can be identified in many 

ways, for example using the statistical tests suggested by Kobbacy & Liang (1999).

2.2.2 Measuring Forecast Accuracy
There are several measures of forecast accuracy. Calculated forecast errors can be 

used for example in checking the tracking ability of the forecast or — more 

importantly in this context - when calculating safety stocks (Waddell & Sohal, 

1994). There are two types of measures: the first type measures forecast variability, 

and the second measures forecast bias (Silver et al., 1998). Two of the most common 

measures of forecast variability are mean square error (MSE) and mean absolute 

deviation (MAD).
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Formula 1: Mean square error (MSB)

n
MSE = -V(Dt - Ft)2

n i—it=i
D, = realized demand of period t

F, = forecast of period t

Both of these measures can be used to define the standard deviation ot forecast error, 

which is often used in defining safety stocks. The conversion ot MSE is straight

forward. but in the case of MAD there are some problems related to the distribution 

of the demand.

Formula 2: Mean absolute deviation (MAD)

n
MAD "nZ|Dt_Ftl

t=i
Both of the conversion formulas (Formula 3) assume that forecast errors are 

normally distributed. According to Silver et al. (1998), the conversion factor of 

MAD is a rather good approximation for many other distributions as well, but the 

factor can differ enough to affect the safety stock calculations, so the authors suggest 

using MSE rather than MAD when calculating the standard deviation. One has to 

remember that assumptions behind the conversion formulas also assume that the 

values of MAD and MSE, which are usually calculated from a certain sample, should 

represent the whole distribution of demand. In other words, true MSE of a certain 

demand distribution doesn't necessarily equal the MSE calculated from only a 

certain period.

Formula 3: Calculating standard deviation of forecasts

a = f MSE = J^MAD = 1.25MAD

Whereas measures of variability reveal if the forecast fluctuates too much, the 

measures of bias tell if the forecast is systematically wrong. Examples of such 

measures are the cumulative forecast error, or the tracking signal, which can be 

derived from the cumulative forecast error by dividing it with MAD. (Evans et al., 

1990).
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2.3 Safety Stocks
Lots of articles related to setting proper order points or reorder levels can be found in 

the literature. They are usually based on some of the described four basic decision 

rules. Order points consist of two factors that are summed up: the safety stock and 

the average lead time demand (e.g. Silver et al., 1998). In the MRP ordering process, 

which is now in focus, only the safety stock factor is used — average lead time 

demand is in fact replaced with the forecast of future demand. The safety stock part 

is the factor where majority of the papers also concentrate on, because the lead time 

demand part is only seen as a constant that has to be added to the safety stock to get 

the proper reorder level.

Theoretically, the questions of “when to order” and “how much to order” should be 

considered together. However, Schneider (1981) states that it is common to deal with 

these questions separately, and the result is still very close to optimum. Roberts 

(1962) showed that the influences of stock-out costs on the order quantities are 

minor, and thus the order quantities can be determined using e.g. the traditional EOQ 

formula. Methods for determining order quantities are covered in chapter 2.4.

2.3.1 Principles of Safety Stocks
In this section we will shortly cover the basics of safety stocks. First we will discuss 

the need for safety stocks, then present an option for using safety stocks, and finally, 

describe the concept of review period.

2.3.1.1 Why Are Safety Stocks Needed?

Safety stock is a means to hedge against uncertainty (Silver et al., 1998). It is one of 

the possible ways to offset forecast error (Yeung et al., 1998). According to Guide & 

Srivastava (2000), there are four types of uncertainty that affect the inventory 

system: Uncertainty in demand quantities and, on the other hand, demand timing, and 

respectively uncertainty in supply quantities and supply timing. Most of the literature 

focuses on models tackling the problem of demand quantity uncertainty (Guide & 

Srivastava, 2000), and from a non-production-oriented point-of-view, it is also the 

most significant form of uncertainty: There is no knowledge of upcoming demand in 

advance; only forecasts. Demand timing uncertainty is more important in 

manufacturing, where there might be knowledge of upcoming orders and their sizes,
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but not of the timing; but in retail demand timing uncertainty is hard to distinguish 

from demand quantity uncertainty. In the supply side timing uncertainty is due to 

inaccurate lead times, and quantity uncertainty in turn relates to incomplete 

replenishments.

2.3.1.2 Safety Stock and Safety Lead Time

It is also possible to use safety lead time - or just safety time - instead of safety stock 

(Buzacott & Shanthikumar, 1994). This means that instead of setting a safety stock in 

units that must be kept in stock, we define a safety time, which is then added to lead 

times, resulting in earlier orders. Whybark & Williams (1976) investigated these two 

parameters and the four sources of uncertainty, and concluded that safety stocks are 

suitable for situations where there is uncertainty in demand or supply quantities and 

safety time for situations with timing uncertainty. Buzacott & Shanthikumar (1994) 

relate the comparison of safety time and safety stock to forecast error: they state that 

safety time should only be used when it is possible to make accurate forecasts over a 

reasonably long horizon, that is, longer than the lead time. Otherwise safety stocks 

should be used. Molinder (1997) concludes based on a simulation study that in the 

case of high variation in demand and low variation in lead time safety stocks yield 

the best results, but when there is significant variation in both of the factors, the 

lowest costs are obtained using safety lead times.

2.3.1.3 Periodic and Continuous Reviews

Before introducing the various formulas for determining safety stocks, it is important 

to distinguish between two types of inventory decision rules: periodic and continuous 

models. The (Q, R) and (S, R) rules presented in chapter 2.1.3.1 are called 

continuous review models, because it is assumed that an order is made right after the 

inventory level has reached the order point R. meaning that inventory status is 

available all the time. The other two rules are called periodic review models, because 

inventory status is checked only every T time units. (Silver et cd., 1998). As defined 

earlier, when calculating MRP records the time horizon is divided into periods for 

which the forecasts and orders are time-phased, and thus MRP system can be seen as 

a periodic review model. This classification has implications on the size ol the safety 

stocks: in continuous models the safety stock is needed only to hedge against the 

demand variations during lead time, but in periodic models the safety stock has to
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cover these variations also during the review period. Thus, in the following formulas, 

the sum of lead time and review period should be used instead of just using the lead 

time. (Silver et al., 1998).

2.3.2 Safety Stock Formulas based on Service-Level Targets
The study of inventory control problems and safety stock methods is often divided 

into two groups: Total cost models, where decisions are based on minimizing all 

relevant inventory-related costs; and partial cost models, where only ordering and 

inventory-carrying costs are included into the model, and the stock-out cost is 

replaced with a service-level constraint (Chen & Krass, 2000). The use of service- 

level constrained models is often due to the fact that stock-out costs are very hard to 

define or estimate reliably (Schneider, 1981; van Houtum & Zijm, 2000). van 

Houtum & Zijm (2000) also note that it is possible to define relationships between 

certain service-level measures and shortage costs.

However, as stated earlier by Schneider (1981), it is justifiable to determine the order 

quantity separately from the safety stock, and thus many ot the safety stock models 

that will be presented here, will only focus on the inventory-carrying costs and 

service level constraints. This means simply finding the lowest possible safety stock 

level to guarantee the intended service level. According to Chen & Krass (2000), the 

total cost models have reached more emphasis in literature, but Bookbinder & fan 

(1988) note that the service-level models are more commonly used in real life.

2.3.2.1 Safety Stock based on Cycle Service Level

One of the - at least theoretically - simplest models can be found trom e.g. 

Vollmann et al (2005). It uses the probability of stocking out during lead time - 

cycle service level as defined by Silver et al. (1998) - as a criterion, because it makes 

the actual computations fairly easy and straightforward. There are four factors 

influencing the size of the safety stock: demand rate, lead time, amount ot 

uncertainty in the demand rate (and in the lead time), and the target customer service 

level. That is; high demand rate, long lead times, inaccurate forecasts, and high 

service level targets all propose a larger safety stock. Formula 4 shows the 

calculation logic of this fairly simple model. Similar notation will be used in all the 

presented formulas in this chapter, and variables are explained only once, after the 

first appearance.
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Formula 4: Safety stock based on demand standard deviation and probability of 
not stocking out during replenishment period (Volhnann et al., 2005)

SS = koDfm, where pu>(k) = 1 - 

SS = safety stock

k = safety factor (according to Silver et al., 1998)

Pi = probability of not stocking out during replenishment lead time

pu>(k) = probability that a unit normal variable takes on a value of k or

larger

(7/j = standard deviation of demand per period

m = lead time + review period, expressed as multiple of the time period used 

Discrete demand patterns could be used in determining safety stocks, but the use ot 

continuous distributions make the calculations easier. Thus, in all presented formulas 

demand is assumed to be normally distributed with a known mean and standard 

deviation. Also forecast errors are assumed to be normally distributed. Lead times 

are assumed constant and known. (Volhnann et al., 2005).

If the inventory system is based on forecasts of demand - like in MRP systems - 

then the standard deviation of demand in the formula should be replaced with 

standard deviation of forecast error. (Vollmann et al., 2005).

Formula 5: Safety stock based on forecast error standard deviation and 
probability of not stocking out during replenishment period (Vollmann et al., 
2005)

SS — kopfrn
op = standard deviation of forecast error per period 

Formulas based on cycle service level are fairly simple to calculate, but as a result of 

this simplicity, they ignore many desired factors, such as the order quantity. The 

safety factor of a product depends only on the specified probability, and thus the 

formula ignores differences between products - only lead time and demand/forecast 

variation are included into the formula. Furthermore, the goal behind these formulas 

is to guarantee a certain probability of not stocking out during replenishment period. 

Thus, realized number of stock-outs depends greatly on the length ot the 

replenishment periods and may vary heavily between products. (Silver et al., 1998).

Snyder (1980) discusses the differences of setting safety stock levels based on cycle 

service level and ready rate, and shows that using the latter might lead even to
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negative safety stocks. He doesn’t present any practical formulas, but tries to 

discourage managers to use the stock-out probability per cycle as a measure when 

defining safety stocks. Silver (1981B) agrees on Snyder’s (1980) ideas and notes that 

it is very difficult to choose a proper measure for defining safety stocks, and 

furthermore, a proper target value for the measure.

2.3.2.2 Safety Stock based on Fill Rate

Silver et at. (1998) present a decision rule for calculating safety stocks based on the 

fill rate measure (Formula 6). The basic calculation is the same as in e.g. Formula 5, 

but the safety factor is calculated differently. The formula can be based either on the 

standard deviation of forecast error or demand.

Formula 6: Safety stock formula based on the fill rate target (Silver et al., 1998)

SS = kafm, where Gu(k) = —p= (1 — P2)
as/m

a = standard deviation of forecasts error or demand per period 

Q = order quantity 

P2 = fill rate target
G„(k) = a special function of the unit normal which is used in finding the

expected shortages per replenishment cycle

The order quantity in formula (3) can be calculated e.g. by using the EOQ formula. 

Platt et al. (1997) focus on fill-rate based and effectively implementable safety stock 

methods and they propose a small modification to the order quantity used in the 

Formula 6:

Formula 7: Modified order quantity formula for the safety stock formula based 
on the fill rate (Formula 6) (Platt et at., 1997)

Q = j- J~p~ + d2 (compare to EOQ, Formula 17)

A = cost per replenishment 

D = yearly demand 
r = annual carrying cost percentage 

v = purchase price

Unfortunately the ready rate, which is quite practical, is theoretically rather complex 

(Silver et al., 1998), and no suitable formulas to calculate safety stocks based on it 

could be found. Schneider (1981) provides a thorough analysis of different service-
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level measures, but with the ready rate (or a-service level) he mainly focuses on 

Poisson demand. With Poisson-distributed demand the ready rate measure equals the 

fill rate (Silver et al., 1998). Schneider (1981) also presents some formulations of the 

ready rate with normally distributed demand, but as he notes, they are complicated 

and hard to solve and thus not applicable here.

2.3.2.3 Safety Stock based on Time between Stock-outs

Finally, Silver et al. (1998) present a method to determine safety stock based on 

specified TBS (time between stock-outs). Again, the safety stock is calculated 

similarly, but the safety factor is defined differently, this time based on the specified 

TBS. One must notice that in the condition clause the probability pu>(k) has to be 

between 0 and 1, and thus if the right-hand side of the equation is greater than one, 

then the probability can't be defined, and k should be set at the lowest allowed value. 

In practice this could only occur if the order quantity is larger than the demand 

during the specified time between stock-outs, and thus no safety stock is needed at all 

to satisfy the service level target.

Formula 8: Safety stock based on specified TBS (Silver et al., 1998)

Q
SS - kofrn, where pu>(k) =

TBS = specified time between stock-outs (in years)

2.3.3 Safety Stock Formulas based on Minimizing Inventory-Related 

Costs
Three types of costs are usually included into these safety stock models: 

replenishment costs (CR), inventory-carrying costs (Cc) and shortage costs (C.sT 

Purchase costs aren’t included, as they don't affect the desired safety stock level. The 

most common ways to define the shortage costs are cost per shortage occasion, cost 

per unit short, and time-and-unit-dependent shortage costs. (Silver et al., 1998). 

Again, the formulas are similarly structured; only the safety factor is calculated 

differently in each case.

2.3.3.1 Safety Stock based on Fixed Cost per Stock-Out

Formula 9 shows the total costs to be minimized in the case of fixed cost per 

shortage. Replenishment costs can be calculated as annual replenishments (D/Q)
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multiplied by the cost of replenishment (A). Q can again be calculated e.g. using the 

EOQ formula. Inventory-carrying costs consist of three factors: average inventory 

level in units, item’s purchase price (v) and the annual inventory carrying cost 

percentage (r). Theoretically, the average inventory can be calculated by dividing the 

order quantity by two and adding the safety stock to it. In this case, the shortage costs 

consist also of three factors: the fixed cost per shortage (B/), number of cycles in a 

year (D/Q) and the probability of stock-outs in a cycle. (Silver et al, 1998).

Formula 9: Total costs to be minimized in the case of fixed cost per stock-out 
(Silver et til., 1998)

AD /Q DB1
1C = CR + Cc + Cs = — + y- + kayfmj vr + — P>uC0 

Bi = fixed cost per stock-out situation

Formula 10 shows the actual decision rule, which is a result of differentiating the 

Formula 9- and setting it to equal zero. Similarly as in Formula 8, the calculation 

can’t be performed if the equation inside the natural logarithm is less than one. In 

practice this would mean that the stock-out cost is rather low, and the safety stock 

should be set to lowest allowed value, theoretically to zero, when all items should be 

back-ordered instead of keeping them in stock.

Formula 10: Safety stock based on fixed cost per stock-out (Silver et at., 1998)

SS = kofim, where k -
V

2 In f DB1
\f2nQvrofim)

2.3.3.2 Safety Stock based on Fractional Charge per Unit Short

McClain & Thomas (1980) present a similar formulation of the case where shortage 

costs depend on the number of units short. Replenishment and inventory-carrying 

costs are similar to the previous case (Formula 9), but the shortage costs have to be 

formulated a little differently, because this time we want to find the number of units 

short, not just the number of shortages.

Formula 11: Total costs to be minimized in the case of fractional charge per unit 
short (McClain & Thomas, 1980)

AD /Q UtS2 „ ZIN
1C = — + y- + kofimj vr + —q- Gu(k)os/m<Q DB2

B2 = Specified fractional charge per unit short
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The decision rule for defining the safety factor is presented in Formula 12. It is quite 

similar to Formula 8, which is based on specified time between stock-outs. In tact, 

setting the right-hand sides of these two formulas as equal, we find the relationship 

between B? and TBS: TBS = Bi/r (Silver el al., 1998).

Formula 12: Safety stock based on fractional charge per unit short (McClain & 
Thomas, 1980)

Qr
SS = koyfrn, where pu>(k) = ——

U D 2

2.3.3.3 Safety Stock based on Fractional Charge per Unit Short per Unit Time 

The third cost type, fractional charge per unit short per unit time (Bj), has a straight

relationship to the fill rate: P2 = Thus, the decision rule is also pretty similar to
B3+r

the one that is based on the fill rate. (Hadley & Whitin, 1963).

Formula 13: Safety stock based on fractional charge per unit short per unit time 
(Hadley & Whitin, 1963)

,_ Q r
SS = kofm, where Gu(k) = — (——■—)a t>3 t r

B3 = fractional charge per unit short per unit time

2.3.4 Dynamic Safety Stocks
The aforementioned formulas are all static in nature: They are usually calculated 

based on some longer period, and after that they stay constant, until updated. This 

may result in too high or low stocks when there is trend or season in demand. Krupp 

(1997) provides a dynamic safety stock formula, which is calculated again for each 

period and takes into account demand forecasts. Thus if demand is forecasted to 

increase, the safety stock for the upcoming period is also higher. This is based on the 

idea that higher demand means higher variation and therefore needs higher buffers. 

Respectively, using Krupp’s formula prohibits excess stocks in the low seasons.

Formula 14: Time-Based MAD (Krupp, 1997)

F — Dzr=iiV^i
TBMn =------------ 5-----n
F,=forecast for period i 

D^actual demand in period i 

n = number of periods
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Krupp’s safety stock formula (Formula 15) is based on time-based MAD (mean 

absolute deviation), which is calculated from selected periods. 1 he actual formula is 

again pretty similar to all other formulas, but the standard deviation is replaced with 

forecast and the IBM. k refers to the safety factor, which - according to Krupp 

(1997) - should be determined similarly as in Formula 4. Krupp uses MAD instead 

of standard deviation, but he provides the safety factors for both ot them. As the 

formula is so similar to the previous ones, consisting of the safety factor, lead time 

factor, and variation factor, it seems possible to combine it with the previous 

formulas: defining the safety factor with chosen formula and measure, and the 

variation factor statically (standard deviation) or dynamically (Krupp's method). The 

only problem is related to the TBM, which is based on MAD and not standard 

deviation. Krupp himself seems to convert the safety factors between MAD-based 

and MSE-based safety stocks simply using the factor of 1.25 (see Formula 3), which 

would support this idea. However, no support for this kind of combinations can be 

found from the literature.

Formula 15: Dynamic safety stock formula (Krupp, 1997)

SSt = k(TBMn * Ft+1)Vm
SS, = safety stock for period t

2.3.5 Buffering against Uncertainty in Lead Time
Another source of uncertainty is often the supplier lead time. The given lead times 

can be seen as forecasts that are often not realized, and companies need to buffer 

against this uncertainty as well as against demand uncertainty. Tersine (1982) 

suggests that if demand is known but lead time varies, then the safety stock can be 

calculated using average lead time. If the variation is significant, then a more detailed 

analysis of the lead time variation is needed, but the actual calculations are pretty 

similar to the constant lead time - variable demand case.

If there is variation in both demand and lead time, then the calculations are a little 

more complicated. Again, the safety factor can be determined by some formula 

described above. Instead of using solely the standard deviation of demand, the 

combined deviation of lead time and demand has to be used (Formula 16). (Tersine, 

1982).
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Formula 16: Defining safety stock when there is variation in both lead time and 
demand (e.g. Tersine, 1982)

SS = kofm, where oc - Jlo£ + D2al

(7( ■ = combined deviation of lead time and demand 

ai — standard deviation of lead time 

aD = standard deviation of demand or forecast error 

L = average lead time 

D = average demand

Evers (1999) investigates this widely known formula, comparing the effects of 

decreasing average lead time and lead time deviation. He derives a decision rule that 

if the coefficient of variation (o/D) is greater than or equals V2tr, then reducing 

average lead time is more beneficial than decreasing the standard deviation oi lead 

time.

There has been some discussion about the validity of assuming normally distributed 

demand during lead time when the actual lead time is uncertain (e.g. Eppen & 

Martin, 1988). It is shown that this assumption may lead to little higher safety stocks 

that would actually be necessary, but Chopra et al. (2004) argue that the cost penalty 

for using this formula is relatively small. Instead they show that for cycle service 

levels between 50% and a certain threshold, reducing the lead time variability will in 

fact increase safety stock, whereas reducing the average lead time decreases the 

safety stock.

2.3.6 The Impact of Selected Distribution
All the formulas and methods presented above lean on the assumption that demands, 

and also lead times, are normally distributed. Real demand data naturally doesn t fit 

to any distribution precisely and therefore in the literature several different 

distributions are used and discussed. Fortuin (1980) compares five different 

distributions: Gaussian (or normal), logistic, gamma, log-normal, and Weibull, 

stating that they all have their advantages and drawbacks. He also shows that all the 

five probability density functions yield results that are very close to each other. 

Tersine (1982) states that the normal distribution is pretty useful in the factory level, 

whereas in retail level Poisson and negative exponential distributions are more 

useful. Burgin (1975) argues that the gamma distribution is often a good choice: it
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doesn't get negative demand values as the normal distribution, and it is skewed to the 

right, as is often the case with demand also.

Lau & Zaki (1982) investigated the use of normal distribution in stock-control 

models, and they state that although the selected distribution can affect the shortage 

cost component to some extent, the influences on the total costs is often minimal. 

Naddor (1978) presents similar results, although he notes that when the standard 

deviation is relatively larger than the mean demand, then the decisions and costs are 

more sensitive to the form of the distribution. Silver el al. (1998) suggest a threshold 

value of 0.5 to the relation of standard deviation and mean demand: They state that 

gamma distribution should be considered as an option, if the relation is larger than 

the threshold value. Otherwise the normal distribution is sufficient. It is easy to work 

with and widely tabulated (Tersine, 1982), whereas other distributions are more 

cumbersome to work with. Still, approximations for them are also available. Finally, 

Silver et al. (1998) point out that the effect of selected distribution is usually rather 

small compared to other inaccuracies present, such as parameters of the distributions, 

or even cost estimates.

2.4 Order Quantities
First lot size — or order quantity - models were developed already in the beginning ot 

the 20th century, and after that hundreds of order quantity models have been 

developed. In this section we go first through some basic models and concepts, and 

later different order quantity heuristics are introduced. Finally, the effect of 

uncertainty on these models is investigated. The focus is on practical models that can 

be applied to real life environments. As argued earlier, it is justified to define the 

safety stock and order quantities separately, as it makes the problem simpler and 

doesn’t lead to significant cost penalties (Roberts, 1962; Schneider, 1981).

Bahl et al. (1987) provides a classification of single-level lot-sizing models. They list 

five factors: computational effort, generalization, optimality, simplicity, and testing. 

These are a good basis when investigating different models. For example, there are 

precise models, which need lots of computations and are very hard to understand, 

and aren’t therefore widely adapted to practice. Also the distinction between optimal 

models and heuristics is good to keep in mind.
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2.4.1 Discrete vs. Continuous Demand Order Quantity Models
The major division in order-quantity related literature is made between models of 

continuous and discrete demand. In continuous demand models demand is seen as a 

continuous function of certain variable - usually of time - and also costs are modeled 

as continuous functions. Due to these definitions stock level decreases continuously, 

as determined by the demand function. In discrete models demand and costs are 

defined separately for each period, meaning that they are allowed to vary randomly 

between periods. Demand is assumed to take place always in the beginning of the 

period (Wemmerlöv, 1981). Majority of the models in both continuous and discrete 

demand side are based on the assumption that stock level always decreases to zero 

before next delivery, which is natural from the cost-minimizing perspective.

The development paths of models of these two different sides differ greatly. 

Donaldson (1977) was the first to provide an analysis of continuous demand model, 

and soon after that many other papers adding to his contribution were published. For 

example, Henery (1979) and Brosseau (1982) expanded Donaldson s analysis of 

linear increasing trend to cover other linear demand patterns. Later, models for non

linear demand functions were also provided: e.g. seasonal demand (Panda et al., 

2007) and ramp-type demand (Ritchie, 1980; Hill, 1995). Also many other factors 

were included into the models, such as shortages (e.g. Dave, 1989) and deterioration 

(e.g. Gupta et al., 2003). Modeling all the factors as continuous functions has 

enabled researchers to use mathematical analysis tools to solve the quite complex 

equations to reach the optimal results.

Discrete-demand models allow demand and costs to vary randomly, and thus 

research hasn’t focused on e.g. demand patterns, because all patterns can practically 

be modeled as discrete by reducing the length of the period. After Wagner & Whitin 

(1958) had published their optimal, but rather complicated, solution to the discrete- 

demand case, researchers have focused mainly on providing better and more 

effective heuristics. Quite recently few researchers developed more effective 

algorithms to find the optimal solution, but these algorithms are based on complex 

mathematical concepts, such as Monge arrays (Aggarwal & Park, 1993), and aren't 

therefore very practical.
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From the perspective of this thesis, continuous-demand models are not very 

interesting, because they are clearly very theoretically-oriented and basically 

impossible to apply in practice. The field ot discrete-demand models is much more 

practically-oriented, and it fits pretty nicely to the MRP system, which is also based 

on discrete periods. Also the development of more and more effective heuristics 

supports the real-life situations, where order quantities are determined continuously 

for probably tens of thousands of products. We will later on this chapter focus solely 

on the discrete models.

2.4.2 Discrete-Demand Order Quantity Models
This chapter starts with a description of the famous economic order quantity formula 

and its discrete variant, periodic order quantity. Also another - even simpler - 

method, lot-for-lot, is described. The Wagner-Whitin method, which provides the 

optimal results for all discrete-demand patterns, is covered then, and the rest of the 

chapter is dedicated to different heuristics solving the discrete demand case. There is 

a myriad of different heuristics, and therefore we will only cover the most common 

ones here.

2.4.2.1 Economic Order Quantity (EOQ)

Probably the most famous and most widely used order quantity is the Economic 

Order Quantity, or EOQ. It was first introduced in 1913 by Harris, but, according to 

Brown (1967), the formula was first used even earlier, in 1904. The formula is often 

known as the Wilson lot size formula, because Wilson (1934) was the first to analyze 

and discuss the formula properly.

EOQ really provides the optimal - in the sense of minimizing replenishment and 

inventory-carrying costs — order quantity, but under quite strict assumptions. For 

example, demand is assumed to be constant. The idea of the formula is that it finds 

the minimum of the total cost curve, which consists of inventory-carrying costs and 

replenishment costs. The famous square-root formula is presented in Formula 17, 

using the same notation as earlier.
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Formula 17: The Economic Order Quantity formula (Harris, 1913)

I2ÄÖ
E09N^

The EOQ model is a static model, meaning that the ordered quantity doesn’t change 

over time, until the quantity is recalculated. Rest ol the models covered here are 

dynamic, meaning that the quantity ordered is defined again for each period.

2.4.2.2 Periodic Order Quantity (POQ)
Periodic order quantity is a dynamic and discrete version of the EOQ formula. 

Discrete here means that it covers the requirements of an integer number of periods, 

unlike the traditional EOQ. In periodic order quantity, EOQ is expressed as a time 

supply, meaning that the EOQ (Formula 17) is divided with average demand (D), and 

the result is rounded upwards to the nearest integer. This result, Teoq, defines the 

number of periods that the order should cover. (Silver et at., 1998).

2.4.2.3 Lot-for-Lot (L4L)

Lot-for-lot is the simplest model of all the order quantity models. As the name 

suggests, items are ordered separately for each period, and no stock is ever held over 

from period to period. Thus, Lot-for-lot minimizes inventory-carrying costs, but 

totally ignores the replenishment costs. (Tersine, 1982).

2.4.2.4 The Optimal Solution: Wagner-Whitin Algorithm (WW)

After EOQ, another significant milestone in the history of discrete order quantity 

formulas is the publishing of the Wagner-Whitin algorithm, which actually enables 

the determination of optimal order quantities for a certain fixed horizon. Other 

assumptions are similar to practically all discrete-demand models: each period has a 

constant and given demand and costs, replenishments appear always in the beginning 

of a period, and inventory equals zero when a replenishment order is made (Wagner 

& Whitin, 1958).

The solution presented by Wagner & Whitin (1958) is based on dynamic 

programming. The idea of dynamic programming is to first divide the problem into 

subproblems, solve them, and then build up the overall solution using the 

subproblem solutions. For example, when considering when to order for period 3 -
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the planning horizon being from 1 to 3 — there are three alternatives, of which the 

cheapest is chosen (examples adapted from Silver et al., 1998):

1. Order in the beginning of period 1, which covers the demands of all three 

periods.

2. Order in the beginning of period 2, which cover the demands of periods 2 and

3. Orders for period 1 are calculated using the solution to the subproblem of 

period 1.

3. Order in the beginning of period 3. Orders for periods 1 and 2 are again 

defined using the solution to the subproblem of periods 1 and 2 combined.

Although the model produces an optimal solution, it hasn't been widely adapted to 

practice since it is quite time-consuming; requiring an 0(/r) time, where n is the 

number of periods. The model has also been criticized for being too difficult to 

understand by managers. (Bitran et al., 1984). Silver et al. (1998) list three more 

weaknesses: First, the model assumes a finite planning horizon, which isn't a very 

realistic assumption. Second, replenishments can only take place at discrete intervals, 

that is, in the beginning of periods. This could be overcome by shortening the 

periods, but it would increase the calculation time significantly. Third weakness is 

also related to the question of horizon: in real life, order decisions are usually made 

in a rolling horizon basis, meaning that the order is made only for the next period at 

once. In this kind of environment the Wagner-Whitin algorithm works only as a 

heuristic and doesn't produce an optimal solution.

2.4.2.5 The Silver-Meal Heuristic (S-M)

Several simpler heuristics has been developed to solve the same problem for which 

the Wagner-Whitin algorithm is developed for. According to Stadtler (2000), many 

of them perform better than the Wagner-Whitin algorithm in a rolling horizon 

environment. The Silver-Meal heuristic (1973) is one of the most famous of such 

heuristics.

The method of Silver & Meal (1973), also known as the least period cost heuristic, is 

based on the idea of minimizing the total relevant costs - replenishment costs and 

inventory-carrying costs - per unit of time (TRCUT).
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Formula 18: The Silver-Meal (1973) Heuristic

A + i7rlJr_"11iD(i + 1) A + D(2)vr + 2D(3)vr+...
TRCUTiT) =----------^------------=----------------- -----------------

TRCUT = foto/ relevant costs per unit time 

T = number of the period in question 

D(T) = demand of period T

The idea of the heuristic is to calculate TRCUT(l), TRCUT(2), TRCUT(3)... until 

we find the first value of T with which TRCUT(T) is greater that TRCUT(7-1). The 

actual order quantity then consists of requirements of periods from 1 to 7-1. So the 

method assumes that when the cost per period starts to increase, we have found an 

optimum. This optimum isn’t necessarily a global optimum, and that is why the 

method is only a heuristic. It is important to notice that, according to the discrete- 

demand assumptions, requirements of a period are withdrawn trom inventory in the 

beginning of the period, and thus the demand of a certain period causes no carrying 

costs for that period. (Silver et ai, 1998).

2.4.2.6 Least-Unit Cost (LUC)

Least-unit cost method is a modification of the Silver-Meal heuristic. Instead of 

dividing the total relevant costs by the number of the periods, in least-unit cost 

heuristic the costs are divided by the number of units. Again, the procedure continues 

to increase T until a local optimum is found. Also the order quantity is defined 

similarly as in Silver-Meal heuristic. (Silver et al, 1998).

2.4.2.7 Part-Period Balancing (PPB)

Another known heuristic is the part-period algorithm (DeMatteis, 1968). The term 

“part-period” refers to the product of the amount of parts in inventory and the 

number of periods that the parts are kept in the inventory. In the algorithm the cost of 

ordering is compared to the cost of keeping the items in inventory. For example, let 

us consider a situation where demand in period i is D, and holding cost is /. When 

determining the ordering amount for period 1, we calculate the inventory carrying 

costs as follows: 0 * D, * 1+ 1 * D2 * 1+ 2 * D3* / etc. The periods are added one at 

a time, and the proper ordering quantity can be decided based on the number of the 

period when inventory carrying costs overrun the cost of ordering. Briefly, the
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heuristic determines the ordering quantity by calculating whether it is cheaper to 

procure items immediately and keep them in stock, or procure them later.

2.4.2.8 Groffs Marginal Rule (GMR)

Whereas in part-period balancing the total replenishment and inventory-carrying 

costs are compared, in Groffs heuristic the respective marginal costs are compared.

First a threshold value — is determined. Then, we calculate the value ol expression
vr

D(T)T(T - 1) for each period, starting for the next period which is numbered as 1. 

When the value of the expression is greater than the threshold value tor the first time, 

then the order quantity can be defined as requirements of all the periods before the 

current value of T. (Groff, 1979; examples front Tersine, 1982).

2.4.3 Comparison of Discrete-Demand Order Quantity Models
Haddock & Hubicki (1989) examined what models are really used in the real life 

MRP environments and what models are available as standard or customized features 

in ERP systems used by practitioners. The results show that the most commonly used 

and available models are even simpler than the EOQ model. Such self-explanatory 

models as fixed order quantity or fixed period quantity were the most commonly 

offered models, whereas lot-for-lot was the most popular model among practitioners. 

EOQ and POQ were also quite often available and used, but basically all the other 

models presented earlier in this chapter were used very seldom it at all, and most of 

them were only available as customized features.

The number of models found from the literature have also been tested and compared 

quite extensively. The original EOQ model has as well been analyzed from the 

viewpoint of time-varying demand. Although the assumptions behind the EOQ rule 

include constant demand, the formula can also be used when demand varies. For 

example, Zheng (1992) and Axsäter (1996) have derived limits to the error of using 

EOQ with varying demand, and they state that EOQ can serve as a good heuristic, 

although in some quite extreme situations it can also fail completely. Silver el al. 

(1998) point out that EOQ is quite robust in the neighborhood of the correct EOQ, 

meaning that using some other quantity Q instead of the correct EOQ doesn t lead to 

big cost penalties.
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Wemmerlöv (1981) compared several order quantity heuristics to the optimal order 

policy provided by the Wagner-Whitin algorithm. His results showed that heuristics 

of Silver & Meal and Groff performed very well, yielding almost as good results as 

the Wagner-Whitin algorithm. Part-period balancing did also pretty well, but EOQ 

and its discrete version didn't succeed in the test. Similar results can be found from 

Baker (1989) and Peterson & Silver (1979). Heemsbergen & Malmström (1994) 

performed a rather extensive study, in which they compared 12 different lot-sizing 

rules using over 9 000 test cases. They also concluded that the rules of Silver & Meal 

and Groff are the most suitable models for all situations, closely followed by the 

part-period balancing. These three were the only rules that didn't result in erratic 

behavior on at least one demand pattern. The lot-for-lot method was clearly the worst 

rule, which isn't surprising, as it doesn't take into account the cost of replenishment at 

all.

All the previous comparison papers assume that demand is deterministic, which 

seldom is the case in real life. Callannan & Hamrin (1983) compared three lot-sizing 

techniques - EOQ, Wagner-Whitin, and part-period balancing - in an MRP 

simulation study, where demand was assumed to be stochastic. Wagner-Whitin was 

used as a heuristic, since it doesn’t produce an optimal result when demand is 

stochastic. Their conclusion was that part-period balancing was the best rule in 

majority of the test cases, both on a total cost basis as well as on a computer-time 

basis. Wemmerlöv & Whybark (1984) compared 14 different heuristics in a rolling 

horizon environment, using MRP logic and including also demand uncertainty. 

Using different coefficients of variation and different levels of uncertainty they could 

conclude that including the forecast error into the comparison changes the situation 

significantly. The actual level of uncertainty didn't affect that much. Wagner-Whitin 

algorithm didn't anymore yield the best results, as part-period balancing — similarly 

to the test of Callarman & Hamrin (1983) - took the first place in the comparison. 

Surprisingly, the rules of Silver-Meal and Groff didn't succeed this time; even the 

basic EOQ rule outperformed them. Wemmerlöv & Whybark assumed that the 

success of the EOQ rule might be due to EOQ's non-discrete nature - because it 

doesn't consist of requirements of discrete number ot periods, it kind of carries a 

safety stock inside it. Both Callarman & Hamrin (1983) and Wemmerlöv & Whybark
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(1984) mentioned that the differences were quite small among the tested heuristics, 

and most of the differences couldn’t even be proved with statistical tests.

2.5 Simulation Modeling
This study uses simulation modeling as research method. Therefore it is appropriate 

to shortly present the simulation modeling method. In this chapter simulation 

modeling is first put to its place in the context of analysis methods of systems. Then 

we will shortly cover the basic concepts related to simulations, and finally discuss 

the important issue of simulation model validation and verification.

2.5.1 The Context of Simulation Modeling
Before going to the details of simulation, it is appropriate to look at the context of 

simulation from a wider perspective: What are the other options for solving problems 

suitable for simulation modeling? After presenting an illustrative framework, we will 

discuss the advantages and disadvantages of using simulation modeling.

2.5.1.1 How to Study the Behavior of a System

Law & Kelton (1991) present a framework of different ways to study the behavior ot 

a system. System here refers to a set of entities interacting together towards some 

logical end. First, one has to decide whether to make experiments with the real 

system, or with a model of the system. Experiments with real system guarantee that 

the study is relevant, but often it is not feasible to alter the existing system. Or, the 

system might not exist yet, and the study might aim at analyzing how the system 

should be built.

Next step is to decide whether the model to be analyzed is really built up as a 

physical model, or just as mathematical model. A wind tunnel, where the 

aerodynamics of a new car could be tested, is an example of a physical model. The 

alternative is to build a mathematical model and find the answers using only pen and 

paper, or in practice, computerized models.

Finally, there are two types of mathematical models: analytical solutions and 

simulation-based solutions. If an exact analytical solution is available and 

computationally efficient, then it should be used. Flowever, often the problems that 

are studied are very complex, containing a vast number of influencing factors. In
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such cases the building of an analytical model is rather laborious, and finding the 

solution practically impossible. Then the problem can be solved using simulation 

modeling.

2.5.1.2 Advantages and Disadvantages of Simulation Modeling

Simulation enables testing new policies without disrupting ongoing operations, or 

testing completely new systems before building them. Time can be compressed in 

simulations, which enables analyzing of several possible scenarios and answering to 

several what-if-questions in a reasonable time. Furthermore, simulation modeling 

makes it relatively easy to keep the selected variables constant, change only a few, 

and then study the importance of different variables. In reality it would be difficult to 

control all affecting variables and assure that the observed changes are really caused 

by certain factors. (Pedgen et al, 1995).

Simulation, of course, has its limitations as well: For example, efficient modeling 

requires simplifications to the research context, and thus all affecting variables can t 

be modeled (McGrath. 1982). Law & Kelton (1991) list three more drawbacks of 

simulations: First, stochastic simulations are only estimates of the true output, as 

there is randomness included to the model, and possibly several runs with same input 

parameters are needed to gain reliable results. Second, the models are often time- 

consuming and expensive to develop. Finally, simulation models are otten 

considered to be more reliable than they are: Since simulations usually provide a 

huge amount of numbers and figures as a result, users tend to trust them too much. 

One should remember that if the model isn’t valid, then the results are useless, no 

matter how much figures are available.

2.5.2 Simulation Model Principles
In this section we will first cover shortly the basic terms of simulation models, and 

then present a few classifications of simulation models.

2.5.2.1 Basic Concepts
Simulations are used to study different kind of systems. The objects of interest in the 

system are called entities and their properties are called attributes. Activities 

represent a time period of specified length. A basic example of a system is a bank. 

Customers and tellers represent entities, and for example, balances of customers
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accounts could be seen as attributes and making deposits as activities. (Banks et al., 

1996).

A state is a description of the system at a given time. It should include all the 

variables that are necessary to describe the system at any point of time. Such 

variables are e.g. the number of customer queuing in the bank example. Events are 

instantaneous occurrences that might change the state of the system. (Banks et al., 

1996).

Systems are either discrete or continuous. In discrete systems the state of the system 

can be changed only in discrete time points. In continuous systems the state ot the 

system changes as a function of time. (Banks et al., 1996).

2.5.2.2 Simulation Model Categorizations

To understand the nature of simulation models better, we will now look at some 

classifications of simulation models provided by Law & Kelton (1991) that highlight 

the characteristics of simulation modeling:

First, a simulation model is static, if it describes a system at a given time, or time 

plays no role in the model. Dynamic models evolve over time.

A simulation model is deterministic, if the output of the simulation is determined 

once the input parameters are defined. This means that there are no random variables 

that affect the system, and running the simulation with same input parameters yields 

always the same output. If randomness is included, then the model is called

stochastic.

The third categorization is between continuous and discrete simulation models. This 

categorization is similar to the respective categorization of systems, but it is worth 

mentioning that it isn’t mandatory to model discrete systems with discrete simulation 

models or vice versa - the nature of the simulation model has to be decided based on 

the targets of the simulation experiments.

2.5.3 Verification and Validation of Simulation Models
One of the most important tasks in simulation studies is the verification and 

validation of the model. Validity here means that the model is an accurate 

representation of the actual system being studied (Law & Kelton, 1991). Verification
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in turn means assuring that the conceptualized model is reflected accurately in the 

computerized representation (Banks et al., 1996). The verification techniques are 

quite close to techniques of software development related testing, and involve 

diversified methods of testing all possible action sequences of the simulation 

program (Law & Kelton, 1991).

Banks et al. (1996) list three different phases of validation process. First, the modeler 

should build a model with high face validity. This means that the model appears to 

be reasonable and realistic from the perspective ot several practitioners. To help this, 

potential users should be involved in the development process of the model in an 

early phase. The gained credibility from users facilitates the acceptance of the results 

on a later phase.

Next step in the validation process is to validate the model assumptions. 

Assumptions can be divided to structural assumptions and data assumptions. 

Structural assumptions refer to the details of how the system actually operates, and 

often involves some simplification ot reality. This phase asks for careful observing of 

the system and interviews with people involved. Data assumptions in turn refer to 

collection and statistical analysis of data to be used in the model. Means for this 

phase include e.g. different goodness-of-fit-tests.

The final step in the validation process is the validation of input-output 

transformations. This means testing the model’s ability to really predict the future 

behavior of the system. For example, real historical data can be used in this phase, 

because it enables comparing the output of the model to the true behavior of the 

system in the past. At least it is important not to use same data for both calibrating 

and validating the model.

2.6 Conclusions Based on the Literature Review
The major areas covered in this literature review were the models for defining MRP 

parameters, especially safety stocks and order quantities. It appeared that there are 

almost an infinite number of articles discussing both of these parameters, probably 

due to the long research history and quite central role of these parameters in the field 

of inventory management and operations research. Articles discussing these
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parameters are all rather theoretical, but there are clear differences between these two 

areas of research.

Order quantity models are divided into two groups: models of discrete and 

continuous demand. The latter was almost entirely ignored in this review as all the 

continuous-demand models are extremely theoretical with nearly nothing to do with 

real life applications. The discrete-demand models are almost surprisingly 

practically-oriented: The models allow demand and costs to vary randomly, and they 

could be pretty easily implemented in an MRP or reorder point system. The models 

have also been tested a lot under quite different circumstances. The test data is 

usually generated based on some statistical distribution, but randomness has also 

been implemented (Heemsbergen & Malmström, 1994), and thus one could think 

that the models might work similarly in real life too. However, no papers dealing 

with real, observed demand were found.

The number of comparisons and tests of order quantity models is surprisingly large. 

The reason for this is probably the huge quantity of heuristics in the field. An 

absolute solution was developed half a century ago, but it is complex and hard to 

compute. Thus rest of the researchers has focused either on tinding taster models to 

solve the optimal case or on developing more efficient and simpler heuristics. 

Heuristics are also needed for the case where demand is uncertain, because no 

optimal solution can be derived when demand isn't known certainly. Although there 

is variation between different comparisons, both in results and in experimental 

design, the results are after all pretty consistent with each other. In the deterministic 

demand case the methods of Groff and Silver & Meal appeared to outperform the 

other models, closely followed by the part-period balancing. The traditional EOQ 

didn’t do very well when demand was assumed deterministic, but when uncertainty 

was present, EOQ did surprisingly well. Part-period balancing appeared to be the 

best heuristic under these settings.

Still, probably the most noteworthy aspect of these comparisons is the insignificancy 

of the differences between models: after all it appears that it doesn t make a big 

difference whether you use the simple EOQ model or some elaborate model. At least 

these comparisons allow us to assume that it the demand forecasts ot certain item 

isn’t based on any statistically observed pattern but instead assumes rather stable
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demand, then using a forecast-based discrete order quantity model probably won't 

produce any savings. This is the case with for example simple exponential 

smoothing. However, when there are trends or seasonal peaks in demand and they 

can be forecasted with appropriate models, then order quantity models based on 

forecasts might really produce savings when compared to the traditional EOQ. No 

proof for this could be found from the literature, as all the comparison articles cover 

several different demand patterns instead of focusing on e.g. seasonal patterns.

The literature concerning safety stock models is on average much more theoretical 

compared to that of order quantities. The models presented earlier are all optimal, in 

a theoretical sense; different models only exist for different objectives. No heuristics 

were found, nor any competing models based on the same measure. On the other 

hand, uncertainty is a concept that is closely related to safety stocks, and in that sense 

all solutions are heuristic. Due to the uncertainty all the models assume some kind of 

a distribution for demand. Discussion of using different distributions exists to some 

extent, but it seems that in most cases the normal distribution serves as an adequate 

approximation. But because real-world demand seldom follows any distribution 

exactly, it was surprising to notice that no comparisons or tests on any real data exist.

The lack of comparisons or tests prohibits us to draw any conclusions of situations 

where such models might be appropriate. From the assumption of normally- 

distributed demand one could however conclude that the more stable the demand 

pattern, the more accurate are the formulas. So again, items with seasonality or trend 

in demand probably won’t work satisfactorily when using these formulas based on 

standard deviation of demand. If, instead, standard deviation of forecasts is used, and 

the forecast models really fit to the real demand pattern, then these results might 

work a lot better. A step even closer to the solution of this problem was provided by 

Krupp (1997). His dynamic safety stock formula is attractive, and might produce 

even better results than the static formulas based on standard deviation of forecast 

errors.
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3 Methodology

3.1 Research Questions
Based on the literature review, the following four specific research questions were 

formulated. In addition to analysis of overall measures, the focus will also be in 

different product characteristics and their impact on the outcome ot the models. 

These classifications are discussed in chapter 4.1.

Question 1: How accurate results can be achieved with service-level based safety 

stock models?

All the safety stock formulas presented in the literature review assume that demand is 

normally distributed. There is some discussion about using other distributions as 

well, but the conclusion seems to be that the selected distribution doesn’t have much 

effect on the results. However, no tests or experiments with real, observed case data 

were found, and thus the first research question is about this gap between theoretical 

formulas and practical applications. It is also interesting to compare the results 

between different models, or actually different service-level measures: do models 

based on some service level perform better than the others, and are there any clear 

differences or dependencies between the models?

Question 2: What are the effects of cost-based safety stock models on service- 

levels and on total costs?

When it comes to the cost-based models, the focus must respectively be in the costs. 

Theoretically these models produce lowest possible costs, but this isn't necessarily 

the case with real demand data. Thus, the cost-based models need be compared to 

other - basically service-level based - models, so that the overall service level is kept 

approximately the same. Then, the total relevant costs ot these two cases can be 

compared. Using the cost-based formulas will probably lead to higher variation in 

product-specific service levels, but it is the overall performance that matters.
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Question 3: What are the effects of dynamic safety stocks on total costs and 

serv ice levels of seasonal products?

When demand is reasonably stable and the forecast model that is incorporated has no 

special ability to forecast upcoming patterns, then there clearly shouldn't be any 

difference between using a static safety stock formula — based on the standard 

deviation of forecasts - or a dynamic safety stock formula. In both cases the forecast 

accuracy of past demand affects the safety stock similarly, and the dynamic version 

has no vantage compared to the static version, as the forecast of future demand 

doesn't really know anything about the upcoming demand. The case is pretty 

different, when the demand pattern is known to be e.g. seasonal, and it has been 

statistically identified and taken into account in the selection of proper forecast 

model. In such a case it is possible, even probable, that the dynamic model could 

result in lower costs or better service level than its respective static version. If the 

forecasts are correct enough, the dynamic model could lower the inventory levels 

significantly in the off-season periods, and in the top-season it could suggest higher 

safety stocks, which could really be needed to guarantee high-enough service levels.

Question 4: What are the effects of dynamic order quantity models on total 

relevant costs and overall performance of seasonal products?

Similarly to dynamic safety stock formulas, dynamic order quantity formulas won t 

most likely bring any advantage to the static EOQ model in the case ot stable 

demand. Unlike in the case of dynamic safety stock formulas, several articles 

supporting this view can be found. But, when there is recognized seasonal or trend 

patterns in the demand that can be forecasted even to some extent, then these 

dynamic models could bring better results. When examining order quantity methods 

one has to remember that as the shortage costs aren't included in the formulas in any 

way, the results can’t really be compared based on the resulting service level, and 

only comparisons based on relevant costs - referring here to replenishment costs and 

inventory-carrying costs — are justifiable in this case. On the other hand, as we are 

interested in the applicability of these models to real life situations, it is natural to 

look the overall performance as well.

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
and Wholesale Logistics Chain. Helsinki University ot Technology.



Chapter 3 - Methodology 41

3.2 Research Methods
The first part of this master's thesis consisted of a literature review in which several 

safety stock and order quantity models were covered. The experimental study, where 

selected models are examined with observed demand data from real business cases, 

is conducted using simulation as a research method.

Simulation modeling is a natural choice for this study. The system is far too complex 

to be modeled analytically, and actually no other methods exist that would enable 

testing such a vast amount of different scenarios. Simulation is in fact quite common 

method in inventory analyses. According to Wemmerlöv & Whybark (1984), it has 

been a very common tool in the research of discrete-time lot-sizing models, and for 

example Molinder (1997) used simulation modeling to find optimal safety stocks.

3.3 Experimental Design

3.3.1 The Simulation Model
The simulations are run with RELEX Processor™. The system simulates a progress 

of an inventory system from the viewpoint of replenishing and stock levels. The 

system is based on observed daily demand data, and based on it and the selected 

forecast model, order quantity model, and safety stock model, it generates orders 

when needed and assumes them delivered after product-specific lead time. The logic 

for deciding when to order is based on the MRP framework, which was described in 

chapter 2.1.3.2.

Based on the classification of simulation models presented in chapter 2.5.2.2, the 

model in question can be seen as dynamic, as the situation evolve through the 

simulation period; deterministic, as the input demand is fixed and no random 

variation is included into the model; and discrete, as the state ot the system is 

changed only once per day.

To remove the effect of starting balance of an inventory in the beginning ot the 

period, it is possible to do the actual measuring from a defined, shorter period inside 

the entire data period. E.g. in this case the simulation period from which the 

measures are calculated is two years, but the actual simulation is run for a period of
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two and a half years: the first six months can be used as a “warm-up-period ’, and the 

measuring is done based on the last two years.

As the focus of the thesis is on safety stocks and order quantities, and not on 

forecasting, the forecast models won’t be changed during the study. Instead, a 

suitable forecast model is defined for each item within the study before the actual 

simulations. This is done with the aid of RELEX’s forecasting framework: First, 

products are classified based on their historical demand, using similar statistical tests 

as in Kobbacy & Liang (1999). Based on the classification, a set of forecast models 

and parameters are tested for each item, and the model-parameter combination 

yielding the smallest forecast error is then selected. The framework consists of 

simple models for stable demand - e.g. moving average and simple exponential 

smoothing - and of more developed models for e.g. seasonal items.

The forecast selection procedure is based on demand data prior the actual simulation 

period, so the forecast models are not chosen based on the same period for which 

they are used. This enhances the reliability of the results, and in fact, corresponds 

pretty well to the real life situation in inventory management.

3.3.2 Input Data
The simulation is based on observed demand data and known parameters from the 

case companies. Most of the parameters are known with certainty: for example, 

packet sizes, delivery rhythms, and purchase prices. However, some of the 

parameters - mainly costs - are not that certain and they must be estimated. The case 

data and its characteristics are discussed in more detail in chapter 4.

In retail environment, the observed demand data is actually sales data, because the 

only source for the demand is the POS - point-of-sale — data, that is, the actual sales. 

If there are no stock-outs, then the demand equals sales. If the ready rate is high 

enough, then the sales still serve as a good estimate of the real demand. If, however, 

the ready rate isn’t good enough, then the sales can't be treated as real demand. In 

such a case the forecasts based on sales are biased downwards (Wecker, 1978). Also 

the reliability of the results of the simulation study is decreased, if there are too much 

stock-out situations. This problem can be overcome by estimating the lost sales that 

would have been sold during the stock-out and using it as a demand in forecasts and
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in simulations (Weaker, 1978). In wholesale environments this problem usually 

doesn’t exist, because all orders — even it not tilled — are saved to the databases, and 

furthermore, when a stock-out occurs, orders are usually backordered instead ol lost, 

meaning that all demand is registered as sales.

Other factors that have to be taken into account before simulations are for example 

promotions and individual high peaks in the observed demand data. Such occasions 

don’t represent the real nature of the demand, and need to be corrected. Wecker 

(1978) suggests similar approach to promotions as he suggested tor stock-outs: The 

“normal" demand during promotion can be estimated. Single peaks should also be 

removed, as they increase the standard deviation of demand or torecast error 

unnecessarily. On the other hand, in the wholesale level, seasonal products might 

have such peaks quite often, as retail stores prepare for the upcoming season, and in 

such cases the peak probably shouldn’t be removed from the simulation input data.

These factors affecting the quality of the input data and correcting actions are 

discussed shortly when introducing the case data.

3.3.3 Output Measures
Several output measures can be defined in the simulation system. The most important 

of them in the context of this thesis are service-level measures, such as the fill rate or 

the ready rate, and the costs. To be able to define some ol these a few other basic 

measures are also needed, for example the number of stock-out situations or days, 

number of orders, or average inventory level. Forecast accuracy is also measured, as 

it might affect the results. When needed, it is possible to examine the progress of the 

simulation in product-day level - this might be necessary in some particular cases to 

be able to understand the behavior of some variable.

Ready rate and fill rate are easy to calculate from simulation results, but the cycle- 

service level in periodic MRP-environment is a little more complicated. Orders and 

deliveries can take place once a week, as described later, so the cycle is actually one 

week. Thus the cycle-service level is calculated as the quotient ot the number ol 

weeks without a stock-out and the number of all weeks.

There are two possibilities to measure the output in overall level. Both average and 

weighted average could be used. The difference between these two approaches is
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very small in the case of ready rate and cycle-service level, as the divisor is about the 

same for all the products. However, when calculating the fill rate, there are big 

differences between products, and products with high sales would have a huge efleet 

on results when using weighted average. So for the purposes ot this study it is wiser 

to use normal average. Also median might be useful.

3.3.4 Validation and Verification of the Model
Simulations are run with RELEX's software, which has been developed and tested 

quite extensively during the last few years. The validation ot the model is quite 

straightforward, as the simulation software is based on the company’s functional 

software which enables companies to automate their forecasting and replenishment 

processes. Whereas in reality forecasts are updated and orders calculated daily, the 

simulation software runs the whole procedure through more quickly. The verification 

of the system is based on versatile testing, where the input-output transformations are 

compared to reference outputs provided by experts of the field.

3.3.5 Selected Models for the Simulation Study

3.3.5.1 Selected Safety Stock Formulas

Based on the experience on RELEX’s customers, the most popular service-level 

measures are the fill rate and the ready rate. Therefore the formula based on the fill 

rate is a natural selection for further studying. Unfortunately no suitable formulas 

based on the ready rate were found. Instead, the basic formula based on the cycle 

service level is included in the study due to its theoretical attractiveness and 

popularity in the literature. The formula based on time between shortages isn t very 

useful from practical perspective, and it will be left out of the study.

The formula taking into account also uncertainty of lead times will be left out, as 

there is no data of lead time uncertainty available. Furthermore, lead time uncertainty 

isn’t considered as a problem in the selected case companies; orders arrive mainly on 

time.

The selection of cost-based formulas depends on the definition of stock-out costs. 

There is really no reason to leave any of the formulas out at this phase; the selection 

is done based on the case characteristics.
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Although forecasts are included in the simulation model, it is interesting to test the 

demand-deviation-based versions ol the formulas as well. Demand is often easier 

available than past forecasts, and also forecast models might change over time, 

which makes using old forecast errors a little doubtful.

The dynamic safety stock version is also included in the study, according to the 

research questions. It is tested at least with safety factors of the cycle-service-level 

formula.

3.3.5.2 Selected Order Quantity Formulas

The EOQ formula and its discrete version POQ are included in the study as baselines 

for the comparison. These models are simple and widely used, currently at RELEX 

also. Lot-for-lot method is excluded due is extreme simplicity, and Wagner-Whitin 

algorithm due to its extreme complexity. Three of the presented heuristics did well in 

several tests - even better than the Wagner-Whitin - and that’s why they are 

included in the study. These three methods are part-period balancing and the 

heuristics of Silver & Meal and Groff. Least-Unit Cost is left out, as it clearly is 

outperformed the three already chosen models.

3.3.6 Progress of the Simulation Study
In this chapter we shortly describe what kind of simulation runs is needed for 

answering the research questions.

3.3.6.1 Research Question 1: Safety Stock Models Based on Service Levels

To gain insight of the results provided by these models we have to calculate safety 

stocks and run simulations based on several different service-level targets using each 

of the selected safety stock formulas. Only realistic service levels need to be 

considered, meaning levels closer to 100% than 50%. First, the results ol each 

different formula are examined, by comparing the resulted respective service-level 

measures to the corresponding target values. Then, the results are compared to results 

and targets of other models to find the differences or dependencies between the 

models. Ready rate - although not existing in the formulas - is used as a resulting 

measure, as it is one the most common measures in real life.
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J.3.6.2 Research Question 2: Safety Stock Models Based on Minimizing Costs

The shortage cost type is selected case-specifically, so that the selected type matches 

the real situation as well as possible. After that safety stocks are calculated with the 

selected formula and simulations are run with those values. The results are compared 

to runs of the previous phase, so that the overall service level is kept about on the 

same level, and the relevant costs are compared between the scenarios.

3.3.6.3 Research Question 3: Dynamic Safety Stock Model

This examination is performed only for those item categories that have recognized 

patterns in the demand which are also included into the forecast models. Then we 

simulate the situation using both static and dynamic safety stocks and several 

different service level targets, and compare the results, both the realized service 

levels and total relevant costs.

3.3.6.4 Research Question 4: Dynamic Order Quantity Models

Also in this phase only items with certain known patterns in demand are examined. 

Then we perform simulations using the five mentioned order quantity heuristics and 

compare the realized replenishment and inventory-carrying costs.

For comparison of total relevant costs, simulations are run using a safety stock of 

zero. Another option would be to use a very large safety stock - which would 

guarantee that no stock-outs occur - and then subtract the safety stock from average 

stock to result in average cycle stock. However, the problem ot this is that average 

cycle stock could be even negative, as stock level might drop under the safety stock, 

and therefore frequent stock-outs would be rewarded by lower cycle stock costs. 

Using safety stock of zero inhibits the stock level to go under safety stock, which 

makes the comparison more reliable.

To look at the overall performance another set of simulations is run using reasonable 

safety stocks based on some of the tested formulas.
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4 Case Data
The simulations are based on observed demand data from RELEX’s customers. The 

customers' data aren't treated separately as cases, but the items are mixed, and the 

analyses are done both on overall level and based on different categorizations. The 

selected customer companies represent both retail and wholesale companies. The 

simulations should reflect the real situation, so not all deviant items were dropped. 

However, to be able to draw reliable conclusions, some prerequisites were set for the 

products. These prerequisites are presented later in this chapter. Finally, total of 807 

different items were included in the simulation study.

4.1 Classification of the Selected Items
The chosen products differ in many ways, and it is interesting to analyze, whether 

these differences have any effects on the results. Therefore, in addition to examining 

the overall results of the selected item selection, we will compare the results also 

between different categories of products.

Three different categorizations were formed already in the item selection phase. 

These categorizations - that are based on demand pattern, demand volume, and lead 

time - reflect important and interesting factors that are likely to have some impact on 

the results. These categorizations were taken into account in the item selection 

process so that in the final selection all categories are at least in some balance, 

meaning that there are enough items in all categories. These categories can also be 

used simultaneously, which means that in total there are eight classes, but the main 

idea is to look at one categorization at a time.

Table 3: Number of products in major categories

Long lead time Short lead time Total

Items with High sales volume 48 74
322

seasonal demand Low sales volume 40 I50

Items with stable High sales volume I30 117
495

demand Low sales volume 60 188

Total 278 529 807
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Demand pattern here refers to the statistical behavior of an item’s demand: It might 

be relatively stable, or include trend or seasonal patterns, or combinations ot these. 

As specified in the research questions three and four, items with seasonal demand are 

an area of special interest. Therefore the most important classification is between 

seasonal and stable products; stable referring here to products that have no 

recognizable statistical pattern in demand - variation still exists.

In real life, demand patterns must be identified based on historical sales data, and 

there is never certainty that an item’s sales in the future will remind sales in the past. 

Also factors such as the weather affect strongly the sales of some, especially 

seasonal, items. This factor of uncertainty in demand pattern is also present in the 

simulations: items are categorized based on data prior to the simulation period.

Lead times affect strongly on the output of several selected formulas and models. 

Although they are taken into account already when calculating e.g. safety stocks, it is 

still likely that the models might perform differently in the case of longer and shorter 

lead times. Lead times also reflect the distinction between retail and wholesale: 

Whereas central warehouses often deliver items to retail store in only a few days, the 

delivery times from suppliers to central warehouses can be even several months. In 

this study lead times up to 14 days, or two weeks, are considered short, and lead 

times longer than 14 days are considered long.

Third categorization is sales volume. The annual sales figures of selected items 

differ greatly, - high-sellers selling about 300 times the sales of the lowest-selling 

items - which is likely to have implications on the results. Higher demand means 

higher deviation and probably also bigger differences between high and low seasons.

4.2 Product Parameters

4.2.1 Demand Data
To be able to make reliable conclusions based on the simulation results the 

simulation period should be long enough. A year might be too short, as the supply of 

a single delivered batch could be months. For this study the simulation period was 

chosen to be two years, and to be able to use even older data in optimizing forecast 

models and calculating order quantities and safety stock models, at least three.
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preferably four years of demand data is needed. All products in this study have 

demand data available for four years (2005-2008). Demand is available in daily level 

for all products for years 2007 and 2008. Demand data for years 2005-2006 is on 

daily or on weekly level.

As discussed earlier, POS data can be used to represent demand, when actual demand 

is not known. This is the case with some of the selected customers, whereas some 

have complete knowledge of the past demand. Selected products ot customers that 

only have POS data available are such that there is no risk that the real demand 

would differ much from the observed sales, and they are clearly the best estimate of 

demand that can be found.

If campaign information was available, it was used so that products that had 

campaigns during the four year period weren't included in the selection. However, 

such information in the customers' database isn’t perfect, and it is possible that some 

products in the study have had campaigns during the simulation period. The risk is 

relatively small and its effects little, and in fact, this is the situation in real life too; 

data is seldom perfect.

Lowest-selling products were left completely out of the study, because if there were 

only a few sales events in a year, then the outcome ot the simulations would depend 

too much on luck. So to be included in the simulation selection, items were insisted 

to have at least annual sales of 100 units and at least 24 sales lines during the two- 

year simulation period.

4.2.2 Forecasts
Forecasts for all items were selected among the model selection implemented in 

RELEX’s software. As described earlier, only items with seasonal or stable were 

included into the study. This means that selected items either use simple exponential 

smoothing or moving average — stable products — or exponential smoothing with 

additive or multiplicative seasonal indexes.

Suitable forecast model for each item was selected based on historical demand data 

from years 2005 and 2006. It is important to use at least 18 months, preferably two 

years, of data for the forecast fitting to be able to recognize the possible seasonal 

patterns.
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Forecasting can be done in weekly or in monthly level. This level wasn t optimized 

but given as a parameter from customers. So part of the products are forecasted in 

weekly and part in monthly level. When we later refer to forecast error, it is 

calculated in monthly level for all products.

4.2.3 Delivery Rhythm
All the items selected for the simulations are ordered once a week, meaning that the 

review period is 7 days. Lead times are given parameters from customers, and they 

vary from 4 days to 120 days. Lead times can be considered fixed: orders are mainly 

delivered on time, and those — items with longer lead times — that are not always 

exactly on time, are still so close the given time that the effect is minimal. 

Furthermore, there is no data available defining the differences between estimated 

and realized delivery times.

4.2.4 Cost Parameters
Cost parameters play a significant role in the simulations. They are used to define 

proper order quantities and safety stocks, so effects on the results are rather large. 

However, it is important to remember, that even if there were inaccuracies in the cost 

parameters, the results are still valid in a relative sense. This means that the actual 

service level reached with some cost-based safety stock model might be a little 

different with more accurate costs, but when the calculated costs are compared to 

those of another model, the results are valid as same cost parameters are used for 

both.

Ordering costs and storage costs contain fewer inaccuracies, as they are more 

commonly used and built up of several cost parameters. In the selected customers’ 

case ordering costs include e.g. the actual cost of making the order, handling costs of 

arriving orders, freights, and costs of inspections. Storage costs in turn include the 

company cost of capital, cost of storage space, and cost of obsolescence. The third 

cost parameter, stock-out cost, is the most insecure. In this study we used the 

fractional-cost-per-unit-short approach, meaning that the cost of lost sales was 

assumed to depend on the number of units short. The cost was estimated to equal 

50% of the sales margin.
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4.2.5 Calculating Input Parameters
Simulation period was decided to be two years (2007-2008). For the simulations 

certain parameters, such as the order quantities and safety stocks, had to be 

calculated beforehand. These calculations were based on data of year 2006.

In all the safety stock analysis runs EOQ is used as the order quantity. It was simply 

calculated using the sales of 2006 and given cost parameters. The calculated quantity 

was compared to the sales, and it the supply ot one order quantity was too high, the 

product in question was left out of the study: high supply would result in only a few 

orders during the simulation period, which automatically makes the service levels 

rather high and the simulations rather pointless.

Safety stocks were also calculated based on data of 2006. Demand deviation was 

calculated either on daily or on weekly level. When calculated on weekly level, also 

lead times in the formulas have to be expressed in weeks. Forecast error deviation 

was calculated either on weekly or on monthly level, depending on the forecasting 

period, and again, respective length of time unit was used to express the lead time.
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5 Simulation Results
In this chapter all the results from the simulation experiments are presented and 

analyzed. Results are ordered and grouped similarly as the research questions. Final 

conclusions are drawn in the next chapter.

5.1 Service-Level-Based Safety Stock Models
First, we look at the results provided by the safety stock formula based in cycle- 

service level, and next, those provided by the fill rate formula. Finally, the results of 

these two formulas are compared.

5.1.1 Safety Stocks Based on Cycle-Service Level
For the analysis of the cycle-service level based safety-stock formula, simulations 

were run using seven different service-level targets and both deviations ol demand 

and forecast error. Results of these runs are presented first. Then, the effect ol order 

quantity used is examined in more detail. For this phase, more simulations using 

order quantity of one unit were run. Finally, we study the impact of factors such as 

demand pattern, lead time, and sales volume, on the outcome ot the simulations.

5.1.1.1 Target Service Level and Realized Metrics

Simulations were run using target cycle-service levels ot 75%, 80%, 85%, 90%, 

93%, 96%, and 99%. Even quite low percentages were chosen, as the resulting 

service levels appeared to be much higher than the targets. Target service levels and 

realized average service levels when using demand deviation are shown in Figure 1.

Figure 1: Service levels with cycle-service based safety stock formula
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The differences between target and realized service levels are huge, especially with 

lower target levels: for example, target cycle-service level of 75% produces a cycle- 

service level of 94.3%. This difference naturally diminishes as the target level 

approaches 100%. The reason for the big difference between targets and results is 

clear: The safety-stock formula based on cycle-service level doesn t take into 

account order quantities in any way. The formula assumes that there are orders and 

deliveries weekly, and the safety stock provided by it buffers against these rapid and 

relatively small orders. However, when using EOQ as order quantity, the ordered 

batches are rather large, and there are deliveries only in approximately every seventh 

week.

Table 4: Key figures from cycle-service level based simulations with demand deviation

Target Realized Realized Standard Over Minimum 100% Avg. safety

average median deviation target stock

75% 95.1 % 97.0 % 6.2 % 97.6 % 54.5 % 14.6% 56.5

80% 95.7 % 97.1 % 5.9% 97.0 % 54.5 % 18.7 % 70.5

85% 96.3 % 98.0 % 5.5 % 95.9% 54.5 % 24.0 % 86.8

90% 96.9 % 98.1 % 5.2% 93.4% 53.5 % 29.7 % 107.4

93% 97.3 % 99.0 % 4.7 % 91.3 % 62.4 % 34.4 % 123.7

96% 97.8 % 99.0 % 4.3 % 86.4 % 63.4% 43.9% 146.7

99% 98,5 % 100.0% 3.5 % 71.1 % 70.7 % 58.4% 194.9

Table 4 contains a lot of key figures from the cycle-service level based simulations. 

As noted already, the realized service level is much higher with lower targets, but it 

increases rather moderately, so with highest targets the resulting level is even under 

the target. This is quite natural as the target is so high: few items performing badly 

easily drop the average under the high target. The minimum-column contains the 

lowest resulted service-level of each simulation, and it indeed shows that some items 

never reach a feasible service level. However, medians of realized levels reveal that 

majority of the items perform even better than the average lets us understand. The 

reasons for why some items don't perform well enough can be various. In this case 

the sales of many poorly-performing products appear to have increased quite a lot 

after years 2005-2006.
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The columns containing figures of standard deviations and percentages of products 

with service level over target provide no surprises. The deviation diminishes as 

service levels increase, and as the target increases, more and more products remain 

under the target. The average safety stock almost quadruples while the average cycle- 

service level only increases from 95.1% to 98.5%. This enforces the assumption that 

in these simulations the order quantity plays bigger role than the safety stock. Also 

the share of items having cycle-service level at its maximum (column 100%) 

suggests that it is not only the safety stock that pushes the service levels up: when 

e.g. using safety stock corresponding to service level of 80%, every sixth item has no 

stock-outs at all.

The three selected service-level measures seem to behave rather regularly. As noted 

earlier, it can be shown theoretically, that the ready rate is always bigger than the 

cycle-service level. On average, this difference seems to be of magnitude of one 

percent; although the difference naturally decreases as the levels approach the 

maximum. The fill rate is in all cases lower than these two meters; its difference to 

cycle-service level being about 1%-unit. Other key figures, similar to those presented 

in Table 4, are also close to each other between measures.

Difference between deviations used

98.0% 
i 97.5%

• 97 0% 

i 96 5% 

i 96 0%

"5 95 5%

95.0%

Figure 2: Service-level differences between formulas based on demand and forecast error 
deviation (target: 90%)

The deviation on which the safety stocks are based appears not to play that 

significant role in overall service levels. Figure 2 shows the differences ot realized 

service-level measures between the two deviations - target being the same, 90%, in 

both simulations. Service levels are a little higher when used the forecast-error-based 

safety stock, but the difference is rather small, less than 0.3%-units in all measures. 

Differences between measures are of the same magnitude also with other service
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level targets and key figures. For example, one might assume that using forecast 

error deviation might equalize the differences between products, but the results don't 

support this assumption. When looking at the individual product level, it can be seen 

that 57% of the products result in bigger safety stock when using forecast-error- 

based formulas. The changes are rather small, as service levels stay exactly the same 

with 72% of the products.

Ordering costs 

Storage costs 
Stockout costs 

Total costs

Figure 3: Inventory-related costs

Figure 3 shows the development of costs as the average service-level increases. It 

also shows the relative significance of different costs parameters. The lines are 

logical: storage costs increase and stock-out costs decrease as the service-level is 

increased. Ordering costs also increase all the way, but extremely gently. Total costs 

increase all the way. Costs of using forecast-error-based formula are 2 - 6% higher 

than using the demand-based version. The increase comes from storage costs, which 

is logical, as the forecast-error-based formula suggested a little higher safety stocks. 

Stock-out costs drop a little, but the increase in storage costs is larger. No 

conclusions should be drawn from the cost difference between formulas: The 

deviation used doesn’t take the costs into account in any way, so the differences are 

not due to the formula but just variation in product-specific costs and performance 

measures.

5.1.1.2 Effect of the Order Quantity Used

As the results using cycle-service-based formula are so clearly affected by the order 

quantity, it is worth examining the matter a little bit more.

800 000 €

400 0001

Inventory-related costs

0<
95.0% 96.0% 97.0% 96 0%

Realized cycle-service level
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Realized service levels from cycle-service-based 
formula, quantity 1 and demand deviation

Fill rate 

Ready rate 

Cycle-service

Figure 4: Realized service levels when using demand deviation, order quantity of one unit and 
cycle-service-based formula

Figure 4 shows the increase of service levels when using order quantity ol one 

instead of EOQ. These figures are based on demand-deviation-based safety stocks, 

but similar results were obtained using forecast error deviation. Now the realized 

levels are much closer to the target level, and in fact the target line and realized 

cycle-service level intersect already before 90%. This figure reveals better the actual 

behavior of the cycle-service-based formula, as the effect of order quantity is 

removed. It seems that the service levels still increase gentler than the target 

suggests. Again, poorly performing items explain why the average service levels 

never rise to the highest level, but the medians almost do.

When using order quantity of one unit, the weekly order only covers the forecasted 

demand up to next delivery. If forecast is too low and safety stock inadequate, there 

might be a stock-out. On the other hand if forecast is too high, no order has to be 

made every week. In the simulations, the average number of orders increased from 

14 to 78 during the two-year period. This explains the main reason why order 

quantities are usually larger than one: as ordering is quite expensive, the increase in 

total costs in this case - when compared to the EOQ case - is as much as 80%. One 

has to also remember that in addition to this additional cost, service levels in the 

EOQ case are clearly higher.

The relative ordering of service levels is still the same, but the difference between 

ready rate and cycle-service level is clearly larger now. This is because of the more

1 Using order quantity of one units means that there are no batch limits, and we always order exactly 
the forecasted demand (taking into account also current balance and the safety stock), corresponding 
to the lot-for-lot ordering logic of MRP systems. When using EOQ, we order multiples of EOQ.
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frequent deliveries: cycle-service level stays the same regardless of the timing of the 

stock-out in certain week. Ready rate is much higher, if the stock-outs take place at 

the end of the week, just before the delivery. Now there are deliveries nearly every 

week, and the stock-outs are more likely to occur quite close the delivery, which 

keeps the ready rate in rather high level, but easily drops the cycle-service level 

more. Also fill rate is closer to the cycle-service level now; with lower service levels 

it is even larger than the cycle-service level.

5.1.1.3 Effect of Other Product Characteristics

After analyzing the overall measures it is interesting to look at the results at a little 

more detailed level. This helps in understanding the factors influencing the results. 

First, let us look at the classification presented earlier.

Table 5: Service levels variations between categories (cycle-service level, demand deviation, 
target 90%)

Classification Class 1
Average cycle-

service level
Class 2

Average cycle-

service level

Demand pattern Seasonal 97.8% Stable 96.3%

Demand

volume
High 95.9% Low 97.7%

Lead time Long 94.4% Short 98.2%

There is a 1.5%-unit difference in the service-level between seasonal and stable 

products. There doesn’t seem to be a clear reason for this at first sight, but it indeed 

can be explained: The variation of demand of seasonal products is likely to be higher 

than in the case of stable demand, and therefore the suggested safety stocks are also 

relatively higher. But, especially on wholesale level, the high season is often short 

and very high, and thus the relatively higher safety stock covers very well the 

variations most of the time, causing supply troubles probably only at the time of the 

peak. The difference is a little smaller when using forecast error deviation. Forecasts 

sort of remove the effect of seasonality, as it should be taken into account in 

forecasts as well, but still the forecast error of seasonal products is likely to be 

higher, which again increases the relative safety stocks.
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The difference between sales volume classes is probably also due to the differences 

in variation. The relative variation in demand - namely the coefficient of variation, 

which is calculated as the quotient of standard deviation of demand and average 

demand — is higher among the low-sellers. As the overall results showed, the formula 

provides even too high buffers against sales variations, and it is therefore logical, that 

the higher the relative variation, the higher the service level.

The difference between lead time categories is very clear. It seems that products with 

a lead time less than two weeks perform much better than products with longer lead 

times. This suggests that although the lead time is taken into account in the tormula, 

the effects of uncertainty are greater during long lead times. The rate of products 

over target also drops significantly: e.g. with target of 90% only 82% ot products 

reach the target cycle service level. The respective share in the class of short lead 

times is 99%. These percentages are rather independent of the deviation used.

In addition to these previously formed categorizations there are also other Iactors that 

are likely to impact on the results. There is nothing that surprising with these 

impacts, but checking that their effects are logical enhances the overall reliability of 

the system. For example, one would think that the better the forecasts, the better the 

service level. This appears to be true: better half of items categorized by forecast 

error (MAD per sales) outperform the worse half. The differences in average service 

level metrics are one to three %-units. Same kind of influence can be found from the 

change of sales between 2006 and following two years. It sales have dropped, the 

safety stock based on 2006 is likely to result in clearly higher service levels, and vice 

versa.

Finally, let us shortly look at the most problematic products. Using the demand- 

deviation based formula with target of 90% we get 52 products — 6.6% ot all the 

products - having realized cycle-service level less than target. The proportional 

shares of different categories are pretty much in line with the just discussed 

differences between categories. 73% of products in this group are categorized to have 

a non-seasonal demand, 71% are considered high-sellers, and 92% have long lead 

times. The main reason for the quite low service levels is however the change in 

demand: the average increase in demand between 2006 and the average ot 2007 and 

2008 is almost 100%. This shouldn’t be interpreted so that all the differences
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between categories are due to the possibly increased demand ol some products: 

When considering only the products whose demand hasn’t increased, similar 

differences are also present.

5.1.2 Safety Stocks Based on Fill Rate
For the analysis of the fill-rate-based safety-stock formula, four simulations were run 

with demand-deviation-based safety stocks, and respectively four with forecast-error- 

based safety stocks.

5.1.2.1 Target Service Level and Realized Metrics
The fill-rate-based formula differs from the respective cycle-service-based formula in 

that it takes account the order quantity used. Thanks to this feature the realized 

service levels are much closer to the target. Figure 5 shows the realized service levels 

compared to the target. Again, the realized lines increase gentler than the target line, 

yielding higher-than-target service levels with lower targets, but as the target rises, 

the realized figures don’t rise with it. The realized fill rate line actually intersects 

with the target line already at 93%, so when using higher targets, the realized metrics 

don’t keep up with it.

Realized service levels fill-rate-based formula 
and demand deviation
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Ready rate 
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Figure 5: Resulting service levels when using the fill-rate formula and demand deviation 

The fill-rate-based formula suggests rather low safety stocks, because ot largish 

order quantities. For example, when setting target to 90%, 67% of items get a safety 

stock of zero. When target is 96%, this share is still 22%. This is why there was no 

reason to try as low service levels as with the cycle-service-level based formula. 

Theoretically the high share of safety stocks ol zero means that actually the formula 

would suggest negative safety stocks for many products with lower targets, and that

1000%

97 0 %

Target service level
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the overall service levels would be even lower. Although negative safety stocks are 

possible in some cases, in this study zero was considered as the lowest reasonable 

value for safety stocks.

Otherwise the behavior of the service-level lines is pretty close to those of cycle- 

service-based formula. The ordering ot service levels is the same, also are the 

differences between measures. Using deviation of forecast error instead of that of 

demand doesn’t affect much this time either: Service levels increase a little - less 

than 0.5 %-units, but total costs also increase.

5.1.2.2 Differences between the two formulas

The most apparent difference between the two service-level based formulas is due to 

the including or excluding of order quantity into the calculations. This leads to big 

differences in realized metrics between models. This feature is important to notice, 

but it doesn’t really matter much: by adjusting the target service levels it is possible 

to reach similar service levels with both of the formulas. We will now look at the 

similarities and differences of these two models using results of two simulations: one 

using the cycle-service-level based formula, and another using the fill-rate based 

formula.

The simulations are chosen so that the overall service levels are very close to each 

other (see Table 6). The figures in the table are quite well in line with each other, 

meaning that using the fill rate formula doesn’t change the differences between 

different measures.
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Table 6: Key figures of selected simulations

Formula Cycle-service-level Fill rate

Deviation Forecast error Forecast error

Target 75% 96%

Fill rate 94.5% 94.5%

Standard deviation 8.1% 7.2%

Share of items with 100% fill rate 16.5% 13.0%

Cycle-service level 95.2% 95.0%

Standard deviation 5.9% 5.2%

Share of items with 100% cycle-

service level
16.0% 12.8%

Ready rate 96.6% 96.6%

Standard deviation 5.2% 4.5%

Share of items with 100% ready rate 15.6% 12.5%

More interesting than the service levels are perhaps the standard deviations. As seen 

earlier (see Table 4). the standard deviation is likely to decrease as the service levels 

increase. This is quite natural. However, in this case, although the measures reached 

with the fill rate formula are equal to those of the respective cycle-service-based 

figures, the standard deviations are clearly lower, meaning that the fill-rate formula 

causes less variation in product-specific service levels. This view is enforced by the 

fact that clearly more products reach the full service of 100%, and that the median 

service levels are higher when using the cycle-service based formula. This means 

that there are respectively more items with low service levels. Although the 

differences in these figures aren’t huge, they still mean that incorporating the order 

quantity to the safety stock calculations leads to a little more accurate overall results, 

which is natural, as the model incorporates more affecting factors.

As the overall measures of the selected simulations are nearly equal, it is possible to 

investigate the influences of certain factors between the models: does one of the 

models outperform the other under certain circumstances? We already analyzed the 

behavior of the cycle-service-based formula in different categories, and now we will 

compare the results of the fill rate formula to these results.
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There seems to be no differences between demand patterns; the ready rates reached 

with both formulas and both seasonal and stable demand are nearly equal. Same 

applies to categories of sales volume: with both formulas the ready rate is higher in 

the class of lower volume. But the third category ol lead times seems to bring some 

difference: the fill rate formula seems to have less variation here also. Items with 

long lead times performed clearly worse than those with shorter lead times when 

using cycle-service-based formula. This difference is smaller with the fill rate 

formula: the ready rate of the long-lead-time items with fill-rate formula is 1 %-unit 

greater than that of cycle-service formula and vice versa in the case of shorter lead 

times (Figure 6). This could be due to the fact that the fill rate formula (Formula 6) 

takes the lead time into account in two places: in the formula that defines the safety 

factor k, and afterwards when calculating the final safety stock. The advantage of this 

is naturally larger with longer lead times.

The effect of lead time to ready rate

99 0%
«, 98 0%
5 97 0%
$ 96 0%
5 95.0%

*5 94 0%
5 910%
J 92 0%
** 91 0%

90 0%
Cycle-service Fill rate

Formulas used in simulation

Figure 6: Effect of lead time length to service levels using different formulas 

Another factor that has a double effect on the safety stock in the till-rate formula is 

the deviation of either forecast error or demand. This can be seen from the 

differences in service levels between items with large and small forecast errors: again 

the fill-rate formula contains less variation and performs better with items having 

large forecast error.

One further classification where a difference can be found is the supply of EOQ: 

Cycle-service-based formula seems to end up with relatively higher service levels 

when the supply of EOQ is higher. Because higher supply of EOQ means higher 

order quantities, less orders and thus fewer possibilities for a stock-out, it isn’t
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surprising that the formula that doesn’t take the quantity into account performs better 

in this case.

The order quantity used in calculating the safety stocks doesn't necessarily have to 

be EOQ, but when it is, the aforementioned feature has even further consequences: 

The EOQ depends much on the purchase price of a product, and generally, the more 

expensive the product, the smaller the economic order quantity2. Thus the fill-rate 

based formula will suggest relatively higher safety stocks for expensive products 

with relatively smaller EOQs and, correspondingly, smaller safety stocks for cheaper 

products. As the cycle-service-based formula doesn't take into account the order 

quantity, it is logical that the fill-rate-based formula on average results in higher total 

costs. This can be seen from the results also: The fill-rate-based formula yields 13% 

higher total costs when compared to the selected corresponding cycle-service-based 

case. Looking at the 100 most expensive products reveals that the ready rate with fill- 

rate-formula is 1.3%-units higher than respective cycle-service-level based ready 

rate, and the increase in total costs is also rather high, 26%.

5.2 Cost-Based Safety Stock Models
After the service-level oriented formulas we will now focus on models based on 

minimizing total relevant costs. For this, we ran two simulations using the cost-based 

formulas and deviations of both demand and forecasts errors. Stock-out costs were 

defined using fixed cost per stock-out or fractional cost per unit short. The fractional 

cost was defined as 50% of sales margin.

The resulting overall ready rate when using cost-based formulas is 96.6% with 

demand-deviation based formula, and 0.1%-units higher with forecast-error-based 

formula. The differences between different service level measures follow the same 

pattern as before: cycle-service rate is 95.3% and fill rate 94.6%.

5.2.1 Differences with Service-Level Based Formulas
Cost-based models are only focused on minimizing costs and they don't take service 

levels into account in any way. Therefore it is interesting to examine these two types

2 Usually the cost parameters - fixed cost of ordering and fractional cost of storing items - are pretty 
much on the same level, if not exactly the same, for all items when considering certain company. This 
means that the purchase price plays the biggest role of product parameters when calculating economic 
order quantities.
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of models together, and see how they differ from each other, both in the sense of 

costs and service levels. For the comparison we have again chosen two simulation 

runs whose overall service levels are nearly equal; the average levels are little lower 

with the cost-based models, but medians are equal in all cases.

Table 7: Differences of cost-based and service-level-based models

Model focus
Service levels (cycle-

service level)
Minimizing costs

Deviation Demand Demand

Target 80% -

Fill rate (average) 94.8% 94.6%

Fill rate (median) 97.8% 97.8%

Standard deviation 8.2% 8.3%

Share of items with 100% fill

rate
19.7% 20.1%

Cycle-service level (average) 95.7% 95.3%

Cycle-service level (median) 97.1% 97.1%

Standard deviation 5.9% 6.5%

Share of items with 100%

cycle-service level
18.7% 20.1%

Ready rate (average) 96.9% 96.6%

Ready rate (median) 98.4% 98.4%

Standard deviation 5.1% 5.5%

Share of items with 100% ready

rate
18.5% 19.7%

The key figures of these two simulations are presented in Table 7. They are 

surprisingly similar: in addition to the actual service levels, the standard deviations 

and shares of full 100% products are very close to each other. Figure 7 provides 

insight to the costs. On overall level using the cost-based formula decreases total 

costs only by 1.6%. The ordering costs are equal, but the cost-based model increases 

storage costs by 4.4%-units. Respectively, stock-out costs decrease by 5.9%. 

Although storage costs are clearly higher, the average stock in units is only a little
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higher, meaning that the cost increase in storage costs comes mainly from more 

expensive products.

Cost differences between models
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Figure 7: Cost differences between service-level-based and cost-based models 

If we look at the behavior of total costs and service levels by purchase price, we find 

out that actually the cheaper products perform better (Table 8). The fact that the 

service level of cheaper products is higher in both cases is due to the fact that EOQs 

of these products are naturally relatively higher than in the case of more expensive 

products. The cost-based formula seems still to perform even better than the cycle- 

service-based formula, and the costs are also clearly lower. Surprisingly, the average 

change in costs among the cheapest products is positive, which means that decrease 

in total costs is due to large absolute changes in the case of some of the products. 

Similarly, among the most expensive products, the average decrease is larger than 

the total decrease.

Table 8: Differences in costs and service levels between cheap and expensive products

Ready rate
(Cycle-service-
based formula)

Ready rate
(Cost-based
formula)

Total cost
change

Average cost
change per
product

All products 96.9% 96.6% -1.5% -1.5%

100 cheapest 99.0% 99.1% -7.9% 0.4%

100 most expensive 95.8% 94.5% -0.6% -2.9%

The figures of Table 8 are in fact a little surprising in the sense of costs. One would 

think that taking the costs into account would enhance primarily the situation of the 

more expensive products. The changes in service levels are logical: cheap products
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reach higher service levels than the more expensive ones, but the total cost changes 

are a little strange, as the total costs of the cheapest products decrease quite a lot, and 

costs of the most expensive products decrease less than the average decrease. 

Product-specific changes are more on line with the original assumption, but 

differences aren’t big there either. The results can't either be explained with 

increased demand or high forecast error - similar results are obtained also when left 

the problematic products out of the selection. One reason for this behavior - or lack 

of logical behavior - could be the quite low average purchase price of the products 

selected for the study; the effect of the formula on relatively expensive products can’t 

really be studied.

Looking at the product level metrics reveals that the number of products whose total 

costs decrease is practically equal to the number of products whose costs increase. 

The changes are mainly logical: if the cost-based model suggests higher safety stock, 

then the product also results with higher ready rate. Higher safety stock still doesn’t 

necessarily mean higher costs: There are 28% of the products whose safety stock 

increased, ready rate remained at least on the same level, and costs decreased at the 

same time.

Although the results of using the cost-based formula are in general quite confusing, 

the results tell that when balancing between costs and service levels it is useful to 

notice that as there is a cost defined for stock-outs - in addition to costs of storing 

and ordering - it is possible to increase service levels and decrease costs at the same 

time. This can be seen also in this comparison: There are 213 products - 27% of all 

products - whose total costs are lower and ready rate higher when compared to the 

cycle-service-level based simulation. The difference tor this sample is significant: the 

average cost decrease per product is 9% and ready rate is on average 1.4% higher 

than in the reference case.

5.3 Dynamic Safety Stock Models
The analysis of dynamic safety stock models is only focused on the class ot seasonal 

products, meaning that the sample contains 312 products. To be able to compare the 

dynamic model with the corresponding static model, six simulations were run using
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similar settings as in the cycle-service-based formula simulation. In addition to these, 

few simulations with order quantity of one unit were run.

The formula of time-based MAD (Formula 14) includes divisions with forecasts. 

This raises some problems. First, division with zero is impossible, so periods with 

forecast of zero had to be left out. Furthermore, there might be situations where the 

forecasts are very close to zero. In such cases the result of the division explodes to a 

very high level, meaning that the safety stock parameter for that product becomes 

way too large. To avoid this, we decided to ignore all periods with forecast less than 

0.1.

5.3.1 Performance differences between Static and Dynamic Models
When considering the differences of these two types of models, the focus is both on 

costs and on service levels. The safety factors are determined with the same logic, 

but the difference is in that the static model uses the deviation of forecast error, and 

dynamic model a factor that is based on forecast error multiplied with demand 

forecasts. The selected products use forecast models that include seasonal indexes, so 

the question is. can the dynamic model lower costs by lowering stock levels in the 

low season, or increase the service level by increasing stock levels lor the high 

season.

Ready rate with static and dynamic safety stock
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2 97.0%
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Figure 8: Development of the ready rates with static and dynamic safety stock models 

The results are somewhat disappointing. Figure 8 shows how the service levels with 

the dynamic model are lower than with the static model. The variations in 

performance are larger when using the dynamic safety stock model: the medians ol 

service level measures are actually equal or even better in the dynamic case, but
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- Dynamic

0% 85% 90% 95% 100%
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respectively the items in the low end perform worse. Costs of using the dynamic 

model are, in turn, a little higher, although the difference is rather small (Figure 9). 

To reach similar service levels as with the static model, we have to use higher targets 

with the dynamic model, so the cost penalty is in fact higher than the figure lets 

understand.

Total costs differences between dynamic and static 
safety stocks
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Figure 9: Developing of total relevant costs with static and dynamic safety stock models 

Figure 10 presents the differences in cost structure between the models. For the 

figure, runs are again selected so that the service levels are on the same level. In this 

case, the service levels are equal between the two simulations using EOQ and 

between the two simulations using order quantity of one, but there is some difference 

between two cases, in favor of the EOQ-based simulations.
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Figure 10: Cost structure between dynamic and static safety stock models 

The dynamic model results in 15% higher costs than the corresponding static model. 

The difference comes mainly from storage costs. Also stock-out costs increase a 

little, whereas there is a little drop in ordering costs. When we in turn look at the case
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of order quantity of one unit, we notice that the differences aren’t that big anymore; 

only 3% in favor of the static model. Storage costs still increase, and so do the stock

out costs, but ordering costs decrease significantly. This is expected behavior trom 

the model: as the safety stock varies along with the demand level, the ordered 

amounts are better fit to the ongoing demand situation. The use of EOQ reduces the 

advantage of using dynamic safety stock, because it levels the order quantity 

differences and therefore reduces the cost savings in ordering.

So, the behavior of ordering costs seems to be logical: the decrease is small when the 

EOQ is used, and much larger, when there are no such restrictions tor ordered 

quantities. But the fact that both storage and stock-out costs increase indicates that 

the model doesn’t work as it should. It actually seems to be overreacting to changes 

in the demand pattern; ordering too much when the high season approaches, but not 

being able to guarantee availability in the low season.

Table 9: Cost and ready rate changes in product level when using dynamic safety stock instead 
of static

Products
Average change
in ready rate

Average change

in total costs

Median change
in total costs

Ready rate

increased
83 +1.2% +70.1% +27.1%

Ready rate

decreased
113 -3.3% -5.2% -6.2%

No change in

ready rate
116 0% +98.0% +26.7%

In product level it seems that there are products whose ready rate increased a little, 

but small increase in service level causes a much larger increase in costs. If costs 

happened to decrease, the decrease was quite small, and the drop in service level 

quite significant (Table 9). Another, cost-based, approach is presented in Table 10, 

and it leads to similar conclusions. In those cases where the dynamic model is able to 

reduce stock-outs, it is done at the expense of storage costs, which increase 

excessively. Respectively, when the storage costs actually decrease, the stock-out
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costs increase clearly, and the service level drops significantly. Thus it appears that 

the model is incapable of finding a balance between these factors.

Table 10: Effects of changes in different cost parameters

Selection Products Avg. change

of storage

costs

Avg. change

of stock-out

costs

Avg. change

of total costs

Avg.
change of
ready rate

Stock-out costs

decreased
87 + 173% -88% +67% + 1.1%

Storage costs

decreased
141 -20% +244% -7% -2.6%

There are actually only 7 products that have both higher storage costs and higher 

stock-out costs with the dynamic model. So in general the increase in one cost 

parameter is just much greater than the decrease in the other, and in total the costs 

increase quite a lot. This observation suggests that the model is just incapable of 

defining proper safety stock parameters for all the products.

5.3.2 Effect of Other Product Characteristics
The dynamic safety stock model doesn't perform well in the overall level, but we 

will now see if there are any categories where the performance is better. The 

comparison is still based on two runs with similar service levels; dynamic (target 

96%) and static (target 85%) versions of cycle-service-level-based formula.

Products with static safety stocks and lower demand did better than those of higher 

demand. The difference in service levels with dynamic safety stock is even a little 

larger; meaning that products with lower demand perform relatively better than with 

static safety stock. The cost penalty of using the dynamic model is also smaller than 

in the overall level.

It is logical that short lead times enhance the overall service level of both models, as 

orders are delivered more quickly, but they have even another effect on the 

performance of the dynamic model: the forecast that is used in determining the 

dynamic safety stock in each order moment is the forecast of the next period after the 

possible delivery. Thus longer lead times mean longer forecast horizon, which
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usually means more uncertainty in the forecast. The comparison runs prove this 

consideration: product with short lead times result in relatively higher service levels 

than with the static model. However, unfortunately this consideration doesn't affect 

costs: as the service level of the dynamic model rises respective to the static model, 

so do the costs.

One could think that forecast error - referring here to MAD per sales - might also 

influence the situation: more accurate forecasts should improve the output ol the 

dynamic model. There is indeed a little difference in favor ot the products with 

smaller forecast error, but the difference is quite small. There is an understandable 

reason for this: As described before, the dynamically calculated safety stock is based 

on a forecast of demand far in the future, whereas the forecast error is calculated 

comparing the latest forecast of certain period to the realized demand. Thus the 

forecast error doesn’t tell much of the forecast’s ability to predict future with a 

longer perspective. This problem can be to some extent overcome by examining 

products of short lead time and low forecast error together. In this group the ready 

rate is in fact higher than with the static model, but the reverse side of this result is 

the large increase in total costs.

The static safety stocks were calculated solely based on data trom year 2006. This 

means that in the end of the simulation period the data on which the parameters are 

based is two years old. In the dynamic model the time-based MAD factor is also 

based on historical data, but as the forecast is included in the safety stock, is has a 

much better ability to be adjusted according to changes in sales. This feature appears 

to also work with real data: the products with sales increase of at least 20% reached 

the same service levels with both models, but the dynamic model produced 10% 

lower total costs. On the other hand, in real life the static safety stock could be 

updated regularly, so it doesn’t have to be based on that old data.

5.4 Dynamic Order Quantity Models
To find out whether there is any use for the dynamic order quantity models in 

seasonal environment, we run 10 simulations using five different models and two 

different safety stocks. Again, only those 312 products using seasonal forecast 

models were included into this phase of the study. EOQ was used as the baseline for
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comparisons. The POQ model hasn’t performed very well in the comparisons in 

literature, but it was selected as it can be seen as the dynamic version of the EOQ. 

The three other models - namely, Silver-Meal, Part-Period Balancing, and Groff s 

algorithm - have done well in several tests, although the differences are often quite 

small.

First we will look at only the relevant costs - that is, ordering costs and cycle-stock 

costs. These are the costs that the models try to affect on, so the real performance 

evaluation should be based on these costs. To remove the effect of safety stock costs, 

and on the other hand, the negative effect on storage costs of using high safety 

stocks, safety stock was set to zero for these runs.

For the other five simulations the safety stocks were defined using the cycle-service- 

level based formula with demand deviation and target ot 90%. The purpose of these 

simulations was to show how the models affect on other parameters and how they 

perform in real life.

5.4.1 Comparison of Total Relevant Costs
The order quantity models try to minimize the sum of ordering costs and cycle-stock 

costs. The most well-known model, the static EOQ is based on old data from year 

2006, as the simulation period is 2007-2008. The EOQ can't be viewed as fully static 

model, as the MRP system includes forecast that also affect on the quantities. EOQ 

can be seen more like the minimum order, or batch size. POQ equals EOQ per 

average demand, so it defines the number of periods that the order should cover. 

Thus the number of period is based on old data, but the model is dynamic in the 

sense that the current forecasts of future demand affect the decision. The other three 

models aren’t based on old data in any way: The ordered quantity is based only on 

some heuristic logic, the forecasts and given cost parameters.
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Cost differences between order quantity models
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Figure 11: Cost differences between the five selected order quantity models 

Figure 11 presents the costs differences between these five models. No big 

differences can be found. The POQ model seems to perform as the earlier 

comparisons suggested; yielding somewhat worse results than the other models. 

Overall, the dynamic models result in fewer orders and thus smaller ordering costs, 

but this decrease is offset by the increase in cycle-stock costs. EOQ actually 

produces the lowest overall costs, although the differences are rather small.

Table 11: Cost changes between EOQ and other order quantity models

Order quantity model Change in total costs
Average change in
product-level costs

POQ +8.9% +9.4%

S-M +2.8% +2.4%

PPB +0.8% -0.0%

Groff + 1.7% +0.6%

The figures of Table 11 show the actual change in costs when compared to the EOQ 

case. In product level the changes are rather small, and Part-Period Balancing 

actually results in similar costs as the EOQ. It is a little surprising that the EOQ 

model outperforms the other models, but otherwise the results are in line with those 

presented in the literature: PPB seems to be the best dynamic model, closely 

followed by the heuristics of Silver-Meal and Groff, and the Periodic Order Quantity 

doesn’t succeed that well. Furthermore, the differences are rather small, as was the 

case in the theoretical comparisons as well.
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There seems to be no clear categorizations where the dynamic models would clearly 

beat the EOQ model, when considering the costs. No relative change in costs can be 

found when examining sales volume or lead time. Low forecast accuracy does drop 

the costs of PPB a little under those of the EOQ model, but the difference is rather 

small, and that is actually natural, as all the models use the same forecasts at least in 

some way. The same applies to change in demand; EOQ still performs best.

5.4.2 Effects on Overall Performance Measures
We will now look at the overall results provided by these models. This means 

including also stock-out costs and service levels into considerations. But before 

going into the results, one remark of the implementation of the models must be 

made: The simulation system - corresponding to the similar ordering system in 

reality - is built so that the decision whether to order or not is based only on the 

safety stock, current available stock and the demand forecasts. 1 he order quantities 

are then defined separately. The theoretical descriptions of the dynamic models only 

include the procedures of finding out the number of periods the order should cover. 

However, in real life, the safety stock and current on-hand stock must also be taken 

into account: for example, if the current stock would have dropped significantly 

under the safety stock and forecasted demand before the next delivery is high, the 

dynamic models might still end up ordering only the forecasted demand of one 

period, and the stock-levels would stay clearly under the safety stock all the time. 

Therefore the dynamic models were configured to order at least the same amount that 

the normal MRP order would be. and thus keeping the stock levels above the safety 

stock.

Table 12: Changes in service levels and costs between EOQ and dynamic order quantity models

Order quantity

model

Change in ready

rate

Change in total

costs

Average change in

product-level costs

POQ +0.3% + 1.7% +5.0%

S-M +0.1% +0.3% + 1.8%

PPB +0.2% -0.3% -1.6%

Groff +0.2% -0.2% -0.3%
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The effects of the models on overall performance aren’t significant (Table 12). With 

dynamic models there are on average fewer orders and thus a little higher average 

stock, which improves the service levels a bit. On the cost side the differences are 

smaller than when just comparing the total relevant costs. This is natural, as the 

safety stock is same for all models, and as the increased storage costs often lead to 

decreases in stock-out costs. The changes in all cost parameters are rather small. The 

Part-Period Algorithm seems again to perform best, but although the service level 

increases a little and costs decrease, the changes are so minimal, that no cleat- 

conclusions can be drawn from these results.

Differences in sales volume or in lead times don’t seem to make a difference 

between the models. Instead, the dynamic models seem to perform much better with 

products whose sales have increased heavily. The relative ordering of dynamic 

models remain the same, but now for example Part-Period Balancing results in 0.9%- 

units higher service level, and simultaneously the costs decrease 2.5%; on product 

level the average decrease is even 9.3%. Forecast error, although didn t affect on 

total relevant costs, seems to affect on total inventory-related costs: Service levels 

stay the same, but products with lower forecast error reach lower costs with all three 

dynamic models; only POQ still performs worse. The cost decrease with PPB is 

3.7%.
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6 Conclusions
In this final chapter we first discuss the key findings of this study. Then, we assess 

the reliability and validity of the results. Finally, a lew suggestions lor further 

research are presented.

6.1 Key Findings
The idea of this thesis was to first find relevant-looking models presented in the 

existing literature of inventory management, and then simulate and analyze the 

applicability and characteristics of the selected models using settings and data 

corresponding to real life inventory management situations. In this chapter the key 

findings are highlighted and discussed.

The tested safety stock formulas can be used in practice, but they need to be 

adjusted according to the selected formula and actual target measure.

Based on the simulation results it seems that it is possible to use safety stock 

parameters calculated with the service-level-based formulas. The results are logical 

and of the correct magnitude, but not very accurate though when compared to the 

targets. A distinction must be made between actual service level targets and those 

targets used in the formulas to reach the real target: the latter must be adjusted 

according to product specifications so that the former is of the correct magnitude.

For the very first the metrics that is used in measuring customer service has to be 

determined. According to this study there is nothing too peculiar in the behavior of 

the three discussed service-level measures. In fact, the differences between measures 

seem rather predictable: no significant anomalies were found in any ol the studied 

simulations. Ready rate is the highest measure always, followed by the cycle-service 

rate, and finally the fill rate. The differences aren’t big, and they naturally decrease 

as the measures increase. These differences simply have to be taken into account in 

the calculation and target setting process.

Next, one should really consider the actual target. This means facing the fact, that if 

the resulting average service level is e.g. 97%, it still means that there are probably at 

least 10-20% of the products with lower service levels. So in addition to the defined

Ylinen, 2009. The Applicability of Theoretical Inventory Control Models on Retail
and Wholesale Logistics Chain. Helsinki University of Technology.



Chapter 6 - Conclusions 77

target, one should also specify what is an acceptable level of products that do not 

reach the target service level and adjust the target for calculations accordingly.

The fill rate formula produces more accurate results with less variance when 

compared to the cycle-service-level based formula.

The two presented formulas both produce reasonable results, but there are significant 

differences, as the fill-rate based formula includes the order quantity, and cycle- 

service-level based doesn’t. The cycle-service-level based formula is the simpler one 

and easily adaptable to large numbers of products, but the results are likely to have 

more variation than those of the fill rate formula. The fill rate formula produces little 

stricter results, as the order quantity is included into the formula. This is desirable 

from practical perspective, as no adjusting between actual targets and formula targets 

is necessarily needed. Furthermore, although the fill rate formula appears to be more 

complicated, the differences in computational effort needed to calculate the formulas 

are minor.

When considering the target for calculations one must note that as the fill rate 

formula takes the order quantity into account, it often produces clearly lower safety 

stocks than the cycle-service-level based formula. In the first place this means that 

quite different targets have to be used with these two formulas. Furthermore, the fill 

rate formula often suggests very low safety stocks, even those of zero. This might not 

be preferred, although the suggested safety stock could be sufficient to reach the 

given service-level. In such cases, for instance, the lowest allowed safety stock has to 

be defined and use that instead of zero.

As the cycle-service-based formula doesn't take order quantities into account, this 

has to be done by the practitioner. For example, products could be classified based 

on the supply of EOQ, and lower target levels could be used for products with long 

supply of EOQ. In fact, this might be advisable with the fill rate formula too, as it 

tends to suggest relatively higher safety stocks for the more expensive products.

The deviation used in the calculations doesn’t have a big impact on the results.

Quite surprisingly the deviation that the formula is based on doesn’t make a big 

difference. Of course there are product-specific changes, but the two types still
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behave pretty similarly: For example, the forecast-error-deviation based formula 

doesn’t reduce the standard deviation in results, or perform differently in some of the 

discussed categorizations. Only between seasonal and stable products there was a 

small difference, which could expected. In this study the overall service levels were 

little higher when using forecast error deviation, but this obviously depends much of 

the selected products. So as a conclusion it can be stated that the deviation don’t 

seem to play that important role. If forecast information is available and it is relevant 

to the current situation, then it probably should be used. However, using demand 

deviation instead is a feasible solution as well.

The effects of product characteristics should be taken into account when 

calculating safety stocks. Safety stocks should be recalculated often enough.

The analyses of the impacts of several product characteristics revealed some 

noteworthy behavioral patterns, or lack of them. Seasonal products behave quite 

nicely with the demand-deviation based formulas as well, but with them it is 

recommended to use the forecast-error-based version if possible. The analysis of 

high- and low-sellers highlighted the effect of coefficient of variation, which could 

be taken into account when setting the service-level targets: The higher the 

coefficient of variation, the higher the relative safety stock. Lead times had a clear 

impact on the performance, and if there are big differences between lead times, one 

should consider setting higher targets for products with longer lead times. Finally, 

the safety stocks should be recalculated often enough so that changes in demand are 

noticed in an early phase and safety stocks are corrected accordingly. For example, 

recalculating the safety stocks monthly or quarterly using rolling 12 months of data 

would inhibit the drop in service levels.

The dynamic safety stock model as such isn’t robust enough for practical use.

The dynamic safety stock model developed by Krupp (1997) is at least theoretically 

attractive method for lowering inventory-related costs with seasonal products. 

However, the simulation results weren’t that promising. Some of the products did 

perform quite well, but majority did actually worse than with static safety stock. 

Some of the problematic products suffered from huge increases in inventory levels, 

and those who didn’t often reached a lower service level than with the static model.
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The idea of the model still seems reasonable, but clearly finding a proper value to be 

used in defining the safety stock dynamically is hard. The concept of time-based 

MAD (Formula 14) created by Krupp (1997) is rather sensitive to all kind of 

variations, as it includes divisions with the forecast. Although the most obvious 

problematic cases were left out of the calculations, it still might cause problems. This 

is especially the case when the forecast history isn't very long, and this happens 

easily, if the forecast period is e.g. a month.

Real forecasts often don’t behave that nicely, following the demand pattern from a 

close distance. The shorter the forecast period, the higher the variations in forecast 

errors. Longer forecast periods again mean smaller amount of data. The IBM reacts 

strongly especially on high single variations, so if the forecast error of a product is 

usually very small, but there is one peak in demand that cannot be forecasted, the 

resulting TBM is disproportionately high. The process of defining suitable safety 

stock parameters should of course take into account the variation of forecast errors, 

but rather in more general level, not letting single observations affect the value that 

much.

As noted before, using smaller order quantities reduce the difference between the 

models, because large minimum quantities level the differences between the models: 

e.g. although safety stock would be dynamically set to low level in the low season, 

the large order quantities still might make the average balance higher. Using order 

quantities of one is of course unrealistic, but attention should be paid to order 

quantities also. On the other hand, if the model tends to overreact on the demand 

changes, adjusting order quantities to the same direction might even weaken the 

overall performance.

Dynamic safety stock model could be used with product introductions.

The only category of products with which the model performed in fact well was 

products whose demand had increased clearly from the warm-up period to the actual 

simulation period. The most probable reason for this is the fact that the dynamic 

model adjusts the safety stock to demand changes, but static model is based on old 

data. This feature could be used in real life with new products: Items with no 

historical data still need some value for safety stock. The value has to be defined
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based on some heuristic, as no real data exists. Furthermore, the demand of a new 

product might vary quite a lot in the first few months. In such case it might be 

beneficial to use dynamic safety stock instead of static. Both of them need a rule for 

defining the starting parameter, but the dynamic model would then react much faster 

to different demand situations.

Models focusing solely on minimizing costs don’t actually provide significant 

savings in practice.

In this study the focus of the models varied between service level targets and costs. 

The models focusing only on costs - that is, the cost-based safety stock model and 

the order quantity heuristics — didn’t actually provide any clear savings when 

compared to baseline models, like the cycle-service-level based formula or the EOQ.

The safety stock formula that aims at minimizing inventory-related costs performed 

on average quite unsatisfactorily. When compared to a similar simulation run that 

didn’t take costs into account in any way, the cost-based formula only produced 

savings of 1.6%. This, of course, could be just bad luck, as the cycle-service-based 

formula really doesn’t care about the costs. When compared to the fill-rate formula 

that at least takes into account the order quantity - which in turn is determined cost- 

efficiently with the EOQ formula - the cost-based model performs better, obviously 

providing savings.

The product selection of this study is concentrated on rather cheap products, and 

therefore we can’t generalize these results too much. Besides, due to the definition of 

stock-out costs in the case companies, we only had the chance to test one of the cost- 

based formulas. More extensive testing of the model would be needed for more 

detailed conclusions, but as the cost-based formula at least seems to produce feasible 

results, it could be used alongside with the service-level based models, so that the 

safety stocks for all products would be calculated using two different formulas, and 

the larger of the two safety stocks would be selected.

The tested dynamic order quantity models performed pretty much according to the 

other tests found from the literature. The differences in all the comparisons were 

rather small, and when considering total relevant costs EOQ actually resulted with
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lowest costs. In the overall comparison the dynamic formulas were able to raise the 

service levels a bit and similarly to lower costs, but these differences were quite 

small. However, EOQ would have probably performed better, if it would have been 

updated during the quite long simulation period. As this wasn't possible, other 

models were one step ahead as they're not based on historical data. Based on these 

results it is possible that for example using PPB provides some savings in 

comparison to EOQ, but these savings are clearly quite small.

One reason for the small differences might be the quite large order quantities: orders 

were made on average only every seventh week, and thus small changes in ordering 

moments don’t affect much on the costs. Large quantities are due to case company 

characteristics and cost parameters. A more heterogeneous selection - in the sense ot 

purchase prices - would have provided a wider view of the effects of the models.

6.2 Validity, Reliability and Generalization of the Results
The idea of this thesis was to study the suitability of theoretical models to practical 

environment. This starting point kind of makes the assessment of the validity of the 

model two-sided. From theoretical perspective the model isn t that valid due to 

several reasons, such as anomalies in input data or in forecasts. Also calculating 

EOQs and safety stocks based on one time period and using them in simulations on 

another, rather longish period is against theoretical assumptions.

However, from practical perspective the study is valid, and the aforementioned 

details in fact enforce the practical validity. From the viewpoint ot inventory 

management practitioners one the most interesting questions is in tact, how the 

models perform with imperfect and varying data. Theoretical assumptions aren t 

present in real life, and demand surely varies over time, so the robustness of models 

to changes in environment is extremely important.

The model configuration corresponds quite well to real-life replenishment process. 

Forecasts and orders are defined in the same way as in practice, and the piocess 

proceeds similarly as in reality. The only difterence is that the simulation model 

didn’t enable changing the safety stocks or EOQs in the middle of the simulation 

period, but in real environment they would be updated during the two-year period. 

The main consequence of this is that the products with clearly increased demand
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resulted with lower service levels. If the updating would have been possible, these 

products would have performed better and the overall service level would have 

increased a little.

The study can be considered rather reliable. The simulation model has been used 

extensively in many purposes and by many users, and it has appeared to work as it 

should. The models specific for this study were implemented following the original 

definitions closely and testing them properly before actual simulation study. The 

selected overall output measures that were used in the analysis section were selected 

carefully and justifying the made decisions as well. Some ol the input parameters are 

not known with certainty, but they are the best estimates available, and furthermore, 

the inaccuracies don't really affect on the comparisons, as the same parameters are 

used in all simulations.

As described earlier, the model tries not to be theoretically perfect but to provide 

understanding of the effects of the models on real data and inventory management 

environments. The results ol the study suggest that no critical differences exist 

between cases or different variables, and the authors are convinced that similar 

results would be reached with other data sets also. 01 course, one shouldn’t look at 

the decimals of service levels too closely, because in this kind of study even single 

products might affect the result. It is the overall magnitude of results that counts.

To gain a more comprehensive and general view of these models, the product 

selection could be a little more heterogeneous. Products in this study were classified 

based on certain criteria, but widening the range of products and classifications might 

bring up more information. Also using several corresponding data sets with the same 

simulation model would enlighten the effect of chance in the simulations.

6.3 Suggestions for Future Research
The service-level based safety-stock models were tested quite extensively in this 

study. They seem to work fine, as long as one remembers to take into account certain 

factors listed in chapter 6.1. To take better advantage ol the models, it could be 

useful to try to produce a framework including all the affecting factors, which could 

be used in reducing the variance of the results. This would need a larger data set, 

divided to several categories. Very accurate and universal framework is of course
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impossible to reach, but such classification might help in finding the correct level of 

target corresponding to real targets for each product. This might — in addition to 

reducing variance of service levels — produce costs savings, as the products that 

reach higher service levels easily could be recognized and their safety stocks would 

be adjusted to lower level.

The tested cost-based model didn’t really provide any clear cost savings when 

compared to the baseline situation. However the results showed that the situation 

isn't simply so that higher service levels mean simply higher costs. Although the cost 

of stock-out is hard to define, this is still an area where effort could be put. First, the 

cost-based safety-stock models should be tested with a little more heterogeneous set 

of products; heterogeneity here referring to mainly variation in purchase prices. With 

more expensive products the models are likely to bring more ditterences, but it still is 

possible that the model doesn’t produce any savings. According to this study, the 

cost-based safety stock model was quite a disappointment. If the model really doesn t 

seem to work, the area of costs should be approached differently. It might be possible 

to classify products based on their costs and set different target service levels for 

different classes. This kind of approach might provide some savings, especially when 

combined with the framework idea presented in the previous paragraph.

The idea of dynamic safety stock proved to be interesting although not very 

advanced yet. The concept of time-based MAD appeared to be quite sensitive to 

single high variations, so studying the determining process of the safety stock factor 

could be beneficial. It is however possible that the method in its current form just is 

too sensitive and reactive for real-life situations, and studying just the factor might 

not help. The model could be developed further to be more robust to uncertainties. 

For example, currently the process includes only the forecast of the next period after 

delivery, and therefore it has a huge effect on the result. It lead times are long, the 

forecast might be highly inaccurate. In such a case using a forecast from a little 

longer period might help; it could then be proportioned to the length of the needed 

period. Another option would be to use some kind of a mixture of dynamic and static 

safety stocks, for example taking average of these two. This would level the high 

variations of the dynamic model but still provide some dynamics against demand 

changes.
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The dynamic order quantity models could also be tested with a little more 

heterogeneous set of products, paying attention to products with higher purchase 

price and faster inventory turnover. On the other hand, these models have studied 

quite extensively in earlier literature also, and the differences are shown to be small, 

even if the dynamic models would outperform the static EOQ.
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