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Titel 
 
Myopic Allocation in Two-level Distribution Systems with Continuous Review and Time Based Dispatching  
 
 
Författare 
Christian Howard 
 
 
 

Sammanfattning 
This thesis studies the allocation of stock in a two-level inventory system with stochastic demand. The system 
consists of one central warehouse which supplies N non-identical retailers with one single product. Customer 
demand occurs solely at the retailers and follows independent Poisson processes. The purpose is to investigate 
the value of using a more advanced allocation policy than First Come-First Serve at the central warehouse. The 
focus is on evaluating how well the simple First Come-First Serve assumption works in a system where the 
warehouse has access to real-time point-of-sale data, and where shipments are time based and consolidated for all 
retailers. The considered allocation policy is a myopic policy where the solution to a minimization problem, 
formulated as a constrained newsvendor problem, determines how the warehouse allocates its stock to the 
retailers. The minimization problem is solved using (a heuristic method based on) Lagrangian relaxation, and 
simulation is used to evaluate the average inventory holding costs and backorder costs per time unit when using 
the considered policy. The simulation study shows that cost savings around 1-4 percent can be expected for most 
system configurations. However, there were cases where savings were as high as 5 percent, as well as cases 
where the policy performed worse than First Come-First Serve. The study also shows that the highest cost 
savings are found in systems with relatively low demand, few retailers, short transportation times and a short 
time interval between shipments. 
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Abstract 

This thesis studies the allocation of stock in a two-level inventory system with 

stochastic demand. The system consists of one central warehouse which supplies 

N non-identical retailers with one single product. Customer demand occurs 

solely at the retailers and follows independent Poisson processes. The purpose is 

to investigate the value of using a more advanced allocation policy than First 

Come-First Serve at the central warehouse. The focus is on evaluating how well 

the simple First Come-First Serve assumption works in a system where the 

warehouse has access to real-time point-of-sale data, and where shipments are 

time based and consolidated for all retailers. The considered allocation policy is 

a myopic policy where the solution to a minimization problem, formulated as a 

constrained newsvendor problem, determines how the warehouse allocates its 

stock to the retailers. The minimization problem is solved using (a heuristic 

method based on) Lagrangian relaxation, and simulation is used to evaluate the 

average inventory holding costs and backorder costs per time unit when using 

the considered policy. The simulation study shows that cost savings around 1-4 

percent can be expected for most system configurations. However, there were 

cases where savings were as high as 5 percent, as well as cases where the policy 

performed worse than First Come-First Serve. The study also shows that the 

highest cost savings are found in systems with relatively low demand, few 

retailers, short transportation times and a short time interval between shipments. 
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1. Introduction 

Inventory control is today widely recognized as a crucial activity for a 

successful business. Today’s highly competitive markets often require 

companies to provide high customer service while keeping costs at a minimum 

(Axsäter, 2006). This is by no means a simple task. The uncertainty in customer 

demand often calls for a difficult balancing of conflicting interests. On the one 

hand, considerable costs are associated with capital tied up in inventories, which 

means, inventory levels should be kept at a minimum. On the other hand, 

inventory levels should be kept high to avoid shortages and dissatisfied 

customers. The field of stochastic multi-level (or multi-echelon) inventory 

theory is devoted to mathematical modeling of supply chains in order to find 

solutions that harmonize these conflicting interests. This thesis focuses on an 

important question within this field, namely, the question of how an upstream 

facility should distribute its stock among multiple downstream facilities. 

1.1 Background 

One of the simplest models of a stochastic inventory system is the single-level 

inventory system. In this model a single retailer supplies customers with a single 

product. The customer demand is assumed to follow some random distribution. 

When the retailer stock is low, more units are ordered from a supplier outside 

the system. 

 
Figure 1. A single-level inventory system. 
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The objective of the retailer is to balance the costs associated with keeping 

products in storage with the costs associated with not being able to satisfy 

customer demand directly. Therefore, the main questions that the retailer is 

faced with are: 

 

1. How often should the inventory status be inspected? 

2. When should orders be placed to the outside supplier? 

3. How large should these orders be? 

 

A set of rules that answer these questions is known as an ordering policy. An 

example of a commonly used ordering policy is the (R, Q) policy. This policy 

implies that a batch of Q units is ordered when the inventory position (defined in 

section 2.1.2) drops to, or below, R units. Therefore, by choosing values for R 

and Q, questions 2 and 3 above are immediately answered. Question 1 is 

answered by defining a time period between inspections. If this period of time is 

larger than zero the policy is known as a periodic review policy. If the time 

between inspections is set to zero, the policy is said to be a continuous review 

policy. There exists a variety of methods for finding suitable ordering policies 

and parameter configurations for single-level systems, see e.g. Zipkin (2000). 

 

Multi-level inventory systems are more complex than the single-level systems. 

Consider a two-level distribution system where a number of retailers face 

stochastic customer demand. All the retailers replenish their stock from one 

central warehouse. The warehouse, in turn, places orders with an outside 

supplier. 
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Figure 2. A two-level distribution system. 

 

The easiest way to deal with these types of systems is to handle each installation 

separately, thereby reducing the problem of finding suitable ordering policies to 

a number of single-level problems. However, this approach neglects the 

characteristics of the multi-level system and often leads to solutions that a far 

from optimal for the entire system. The reason for this, which is also the main 

reason why multi-level systems are so complex, is that there is a dependency 

between installations. This means that the choices and actions of one installation 

affect the other installations. For instance, if one retailer orders a large amount 

of a certain product it might cause a stock-out at the central warehouse. This 

stock-out might delay an order that is placed by another retailer. As a 

consequence, when dealing with multi-level systems, the ordering policies that 

are chosen for each individual installation should be configured in accordance 

with what is best for the entire system. Two important questions need to be 

addressed in order to determine these configurations: 

 

1. How much total stock is needed in the system? 

2. How should this stock be allocated among the different installations? 
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For instance, if a large amount of stock is kept at the central warehouse, retailer 

orders will rarely be delayed. This results in that less safety stock is needed at 

the retailers. By the same logic, if the retailer stock is high, less stock is needed 

at the warehouse. Another problem, which is not addressed by choosing 

ordering policy, is to determine the sequence in which orders from the retailers 

should be satisfied. The rule that determines how stock is allocated to the 

downstream facilities is referred to as an allocation policy. One of the most 

commonly used allocation policies is First Come, First Serve (FCFS). Using this 

policy means that orders from the downstream facilities are satisfied in the 

sequence they arrive. Although using FCFS is rarely optimal, the policy usually 

performs well (Graves, 1996) and is often a requirement for exact analytical 

analysis of a system. In some systems, especially in periodic review systems 

where it is difficult to distinguish the sequence in which orders arrive, a different 

allocation policy is used. This often involves solving an optimization problem, 

at the moment of allocation, to determine how stock should be allocated. These 

types of policies are often referred to as myopic policies. The name of these 

policies refers to the near-sightedness of the obtained solutions. That is, 

allocations are determined from what appears to be the best solution at the 

decision moment, and not necessarily from what is optimal when considering 

the entire system over an extended length of time. 

 

The literature on multi-level inventory systems covers many different topics and 

types of systems (see related literature in section 2.4). This thesis will focus on 

the allocation policy in a specific inventory system analyzed in Marklund 

(2007). The system in question is a two-level distribution system where one 

central warehouse immediately registers any demand at the retailers. Shipments 

to the retailers are consolidated and dispatched at a given time interval. The real-

time information, which is available at the warehouse, will be used to implement 
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a myopic allocation policy instead of the FCFS policy used in Marklund (2007). 

From a practical point of view it is interesting to analyze this type of inventory 

system, since the advances in information technology are allowing information 

to flow more freely through the supply chain (e.g. Cachon and Fisher, 2000). 

These advances mean that the cost of placing orders with upstream facilities is 

diminishing and, as a consequence, there is no longer any need for batch 

ordering. This development makes centralised control of the supply chain 

possible and enables upstream facilities to have access to point-of-sale data and 

real-time inventory levels at downstream facilities. Although information now 

can travel upstream at almost no cost, there are still costs associated with 

moving products downstream. This means that there still are economic 

incentives to produce and ship products in batches. Also, geographical 

considerations often make the consolidation of shipments to downstream 

facilities an attractive option. From a theoretical point of view it is interesting to 

evaluate the performance of FCFS in a continuous review system, by using a 

policy normally found in periodic review systems. Before the purpose of this 

thesis can be properly defined, a more detailed description of the considered 

system is needed. 

1.2 Studied inventory system 

The supply chain studied in this thesis is a two-echelon stochastic inventory 

system consisting of one central warehouse supplying an arbitrary number of 

non-identical retailers with a given product. The retailers, in turn, satisfy 

customer demand arriving from outside the system. The warehouse uses a 

continuous review installation stock (R, Q) policy (a batch of Q units is ordered 

the moment the inventory position drops to R units) to replenish its stock from 

an outside supplier which is assumed to have infinite capacity. The retailers 

control their stock with continuous review installation stock (S-1, S) policies 

(units are ordered one-for-one as demand occurs). This policy implies that the 
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warehouse is instantly notified of any demand at the retailers. The warehouse 

and the retailers all employ full backordering. This means that in the case of a 

stock-out, either at the warehouse or the retailers, the customer waits until the  

 
Figure 3. The studied inventory system, where retailer replenishments are made with 

a given cycle. 

 

demand is fulfilled. Shipments to the retailers are dispatched from the 

warehouse with a constant time interval and consolidated for all retailers. This 

means that all retailers receive replenishments from the same shipment leaving 

the warehouse at the same time. However, it does not imply that all retailers 

receive replenishments at the same time. A reason is that retailers may be 

situated at different geographical locations and therefore the transportation times 

are not necessarily the same. The transportation time between the warehouse and 

a specific retailer refers to the time it takes a unit, leaving the warehouse at the 

moment of shipment, to reach the retailer. All transportation times are 

considered to be deterministic. Note that this does not mean that the lead times 

are deterministic. The lead times refer to the time that passes between the 

placing and arrival of orders and they are stochastic due to the risk of stock-outs 

at the warehouse. All customer demand occurs at the retailers and is assumed to 
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follow independent Poisson processes. When demand for a unit occurs, it is 

satisfied by the retailer, or backordered in the case of a stock-out, and at the 

same time a unit is reserved at the warehouse in wait of the next shipment. In 

Marklund (2007) a FCFS allocation policy is used. This means that the reserved 

unit will be shipped to the retailer from which the demand originated, i.e. the 

warehouse is not allowed to use that specific unit to satisfy demand from other 

retailers. In this thesis a myopic policy will be used. This means that the solution 

to an optimization problem determines which retailer that receives the reserved 

unit. The considered system costs are inventory holding costs at all installations 

and backorder costs at the retailers. All costs are defined per time unit. Even 

though the warehouse does not have an explicit backorder cost, backorders at 

the warehouse cause delays and therefore they directly affect the backorder costs 

at the retailers. 

 

Marklund (2007) analyses this system with the FCFS allocation policy and, 

under the assumption that the shipping cycle time and warehouse ordering 

quantity are given, a method for recursively evaluating the expected costs and 

optimizing the reorder points is provided. However, one aspect of upstream 

facilities having access to real-time information, which is not covered in the 

work by Marklund, is that a more advanced decision making on the allocation of 

stock can be implemented. When using FCFS, units are reserved the instant they 

arrive at the warehouse. This policy does not consider that the inventory statuses 

at the retailers may have changed from the moment of reservation until the 

moment of shipment. Therefore, an allocation policy that makes use of the 

available information has the potential to lower the costs of the system. 

1.3 Purpose of this thesis 

The purpose of this thesis is to investigate the value of using a more advanced 

allocation policy in the described inventory system. Instead of shipping units to 

 7



the retailers according to FCFS, a cost minimization problem is solved, at the 

moment of shipment, to determine how to allocate the items reserved for 

shipment. The minimization problem is formulated as a constrained newsvendor 

problem, which is a classic inventory theory dilemma, with a single selling 

season corresponding to the time between shipments. A heuristic optimization 

method based on Lagrangian relaxation is used to solve the problem. The 

considered policy allocates stock in order to minimize expected costs over a 

finite period of time, and is therefore myopic in nature (the policy will from here 

on be referred to as the myopic policy). Due to the complexity of the myopic 

policy it is difficult to analyze the system analytically. Therefore, expected 

shortage and holding costs are evaluated by simulation. The simulation package 

Extend is used for this purpose. Implementing advanced decision making in this 

type of program is often complicated. Therefore, an important challenge with 

this thesis is to investigate how the mathematical programming tool Matlab can 

be linked to Extend, in order to solve the minimization problems while the 

simulation is running. 

 

The literature on stochastic multi-echelon inventory theory includes various 

implementations of the type of myopic policy that is studied in this thesis (see 

section 2.4). However, to our knowledge, all previous work focuses on systems 

where the periodicity is defined by the downstream ordering policies, i.e. orders 

are placed periodically and units are shipped instantly. The main contribution of 

this work is the evaluation of a myopic allocation policy in a system where the 

periodicity is defined solely by the shipments, i.e. orders are placed instantly and 

units are shipped periodically. The important question is to figure out how well 

the simple FCFS policy works in this type of system. 
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1.4 Disposition 

The introduction above has given a brief introduction to the subject of stochastic 

inventory theory. The studied inventory system and the purpose of this thesis 

have also been defined. Chapter 2 gives an introduction to the theory and tools 

that are needed to understand the studied system and the myopic allocation 

policy. Some basic inventory theory is presented and introductions to 

Lagrangian relaxation and simulation are also given. The chapter also includes a 

summary of related inventory theory literature. In Chapter 3 the myopic 

allocation policy is presented in detail. This includes a discussion of how the 

retailer ordering policies can be viewed under the new allocation policy, as well 

as, a mathematical derivation of the minimization problem and the Lagrangian 

heuristic which are used to determine how stock should be allocated to the 

retailers. Chapter 4 explains how the myopic policy was evaluated through 

simulation. The chapter gives an explanation of how Matlab was used to 

implement the Lagrangian heuristic in Extend, and it also presents the specific 

simulation settings and how the output data was analyzed. In chapter 5 the 

results from the numerical study are presented and discussed. Finally, chapter 6 

gives the conclusions of this thesis, as well as, suggestions for future research. 

 9



2. Theoretical framework and related literature 

This chapter presents the theoretical base from which the inventory system and 

the implementation and evaluation of the myopic allocation policy can be 

understood. The chapter is divided into the four sections: Inventory theory, 

Lagrangian relaxation, Simulation and Related literature. 

2.1 Inventory theory 

This section gives a further explanation of some of the terms and concepts that 

were used in the introduction. First, the stochastic process used to model the 

demand, the Poisson process, is defined. The section then continues with an 

explanation of the ordering policies used at the warehouse and the retailers, 

along with a brief presentation of the methods normally used to derive the 

parameters of these policies. Last, a classic inventory dilemma known as the 

newsvendor problem is presented. Most of the theory presented in this section 

can be found in advanced textbook on the subject, e.g. Silver et al. (1998), 

Zipkin (2000) or Axsäter (2006). 

2.1.1 Poisson process 

It is common in inventory theory to assume that the demand, i.e. the arrival of 

customers, follows a Poisson process. The reason for this will be explained after 

the process has been defined and some of its characteristics have been presented. 
 

Definition 

Let k be the number of arrivals in the time interval (0, t). A stochastic process 

X(t), t ≥ 0, is a Poisson process if the following three conditions are met: 

1. The process has independent increments, i.e. the number of arrivals in 

disjoint time intervals are independent. 

2.  P(there are exactly k arrivals in the interval (t, t+h)) = λh + o(h). 
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3. P(there are more than k arrivals in the interval (t, t+h)) = o(h), 

as . 0)( →ho 0→h

 

The Possion process is then said to have the intensity λ, which is also known as 

the arrival rate. Two interesting results can be derived from these conditions. 

First, for a given t, the number of arrivals in the time interval (0, t) is Poisson 

distributed with mean and variance λt, i.e. the probability distribution of X(t) is 

given by 

...)2,1,0(
!
)()( == − xe

x
txP t

x

X
λλ . 

Second, the time between two arrivals is exponentially distributed with 

parameter λ, i.e. the density function for the time between consecutive arrivals is 

given by 

)0()( ≥= − tetP tλλ . 

Proofs of these results can be found in e.g. Yates & Goodman (2004). The well 

known memoryless property of the exponential distribution implies that the time 

until the next arrival is independent of when earlier arrivals have occurred. 

These results explain why the Poisson process often is a suitable demand model. 

Many systems, with large calling populations, experience demand where 

customers arrive independently of each other and only require one unit at a time. 

The popularity of the process can also be explained by the fact that the 

memoryless property simplifies analytical calculations. 

2.1.2 Ordering policies 

To understand the ordering policy used at a certain installation, that is, the 

warehouse and the different retailers, a few definitions are needed. Stock on-

hand is defined as the actual physical stock which is available at the installation 

for immediate delivery. Stock on-order is the term used for ordered items that 

have not yet reached the installation. Back-ordered stock are units of demand 
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waiting to be fulfilled. From this, the inventory level and the inventory position 

can be defined as 

 

Inventory level = Stock on-hand – Back-orders 

Inventory position = Inventory level + Stock on-order. 

 

When an installation uses a continuous review (R, Q) policy to replenish its 

stock, it means that a batch of Q units is ordered the instant the inventory 

position reaches R units. The parameter R is referred to as the reorder point. If a 

continuous review (S-1, S) policy is used, the difference S-(S-1) = 1 is ordered 

when the inventory position drops to S-1. The policy, also known as a base-

stock policy, means that the inventory position is kept constant at the order-up-

to-level S. Therefore, it is just another way of describing a situation where 

demand at the installation immediately triggers an order to the supplier. 

 

The objective when implementing an ordering policy is to find parameter 

configurations, i.e. values for R and S, that balance the need to minimize holding 

costs with the need to provide adequate service to downstream facilities. There 

are essentially two standard approaches for finding the parameter values that 

balance these needs. The first approach is to define a service level, e.g. a 

specified percentage of demand which is to be satisfied directly from stock on-

hand. Under this service constraint holding costs can then be minimized. The 

second approach is to define a shortage cost, i.e. a cost associated with not being 

able to satisfy demand immediately from stock on-hand. That shortage cost can 

then be balanced with the inventory holding cost to find parameters that 

minimize expected costs. In general, defining a service level is considered to be 

a more direct approach, although, working with shortage costs is considered to 

hold more potential of finding optimal, or near-optimal, solutions. Naturally 

there is a strong connection between service levels and shortage costs, since 
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increasing the shortage cost at a facility increases the service level, and vice 

versa. 

2.1.3 The newsvendor problem 

The newsvendor problem and variations of it are thoroughly studied in the 

inventory theory literature (e.g. Axsäter 2006). The problem consists of a vendor 

trying to find the optimal ordering quantity for a given product over a single 

selling season where the demand is stochastic. Any surplus at the end of the 

season is discarded and the vendor is charged a constant overage cost per 

discarded unit. If a stock-out occurs, a constant underage cost is associated with 

every unit of demand that is not satisfied. Although the name of the problem 

refers to a newsvendor ordering and selling newspapers from day to day, the 

problem appears in many different contexts. In fact, it will play a central role in 

the myopic allocation policy that is studied in this work. A method for finding 

the optimal ordering quantity for discrete demand is given below. 

 

Let 

X = demand; nonnegative discrete stochastic variable 

P(x) = probability function for the demand 

F(x) = cumulative distribution function for the demand 

S = ordering quantity; decision variable 

h = overage cost 

p = underage cost 

C(S) = expected cost; function of S  

 

Then the expected cost can be written as 

∑∑
∞

+==

−+−=
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).()()()()(
Sx

S

x
xPSxpxPxShSC  

The requirements for a local minimum in S are 
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Combining the first requirement in (1) with (2) gives 

.)(0)()(
hp

pSFpSFph
+

≥⇔≥−+   (3) 

From (2) follows that 

.)1()()1()( pSFphSCSC −−+=−−   (4) 

The second requirement in (1) combined with (4) gives 
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Since F(S) is increasing in S, the difference in (2) is also increasing in S. 

Therefore it can be concluded that the function C(S) is convex in S, so that any 

local minimum is also a global minimum. Consequently, to obtain the optimal 

ordering quantity to the newsvendor problem find the smallest S that satisfies 

hp
p

SF
+

≥)( . 
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2.2. Lagrangian relaxation 

The myopic allocation policy requires that an optimization problem is solved at 

the moment of shipment. As will be shown in section (3.2), the problem can be 

viewed as a relatively simple one, complicated by one single side constraint. 

This section gives an introduction to the solving of optimization problems by 

Lagrangian relaxation. The idea behind this method is to deal with complicating 

side constraints indirectly through a modification of the objective function. This 

is done by using Lagrangian multipliers to penalise infeasible solutions. 

 

Consider the general minimization problem 

Kibxgts
xf

ii ,,1,)(..
)(min

K==
  (P) 

 

where f(x) and gi(x) are arbitrary functions and x is an arbitrary vector. Let 

u1,...,uK∈R denote Lagrangian multipliers (or dual variables). The Lagrangian 

function for this problem can then be formulated as 

)).(()(),(
1

xgbuxfuxL i

K

i
ii −+= ∑

=

 

An interesting property of the Lagrangian function is presented in Theorem 1, 

but first a definition is needed. 

 

Definition 1 

Let L(x*, u) and L(x, u*) be the Lagrangian function minimized over x and 

maximized over u respectively. The point (x*, u*) is a saddle point if 

*),(*)*,()*,( uxLuxLuxL ≤≤  holds for all x and u. 

 

Theorem 1 (Saddle point condition) 

If (x*, u*) is a saddle point to L(x, u) then x* is an optimal solution to (P). 
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For general formulations and proofs of the theorems presented in this chapter, 

the reader is referred to Bazaraa et al. (1993). The theorem above implies that in 

order to obtain an optimum to (P), the Lagrangian function should be minimized 

over x and maximized over u. It is important to note that the theorem does not 

state that a saddle point to the Lagrangian function always exists. Next, the 

Lagrangian dual can be defined. 

 

Definition 2 

The Lagrangian dual to the problem (P) is defined as 

)(max uh
u

 

where  is the dual function. Two useful results on the 

Lagrangian dual problem are given in theorems 2 and 3. 

),(min)( uxLuh
x

=

 

Theorem 2 (Weak duality) 

Given that x* is an optimal solution to (P) then for every u it holds that 

h(u) ≤ f(x*). 

 

This theorem implies that for every value of u, h(u) is a lower bound for (or 

optimistic estimate of) the optimal objective function value f(x*). Since the 

statement holds for every u it is also true for the optimal value of the Lagrangian 

dual problem, i.e., if u* solves the dual problem, then h(u*) ≤ f(x*). If (P) is a 

non-convex problem it is generally true that there is a duality gap between the 

optimal values of the two objective functions, i.e. that h(u*) < f(x*) holds. 

 

Theorem 3 

The dual function h(u) is concave. 
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From Theorem 3 it follows that the maximization of h(u) is a convex problem, 

since it is the maximization of a concave function over a convex set. Still, 

finding the optimal value h(u*) is generally non-trivial. The difficulty is that an 

expression for the dual function normally can not be obtained explicitly, since, a 

minimization problem must be solved to evaluate h(u) at a given point u. If there 

is a duality gap no guarantee can be given that the optimal point u* can be used 

to obtain an optimal point x*. Instead, the method of Lagrangian relaxation is 

used to generate lower and upper bounds for the optimal value f(x*), in order to 

ultimately find a verified near optimal solution. A general algorithm for doing 

this can be formulated as 

 

Step 0. 

Set LBD (lower bound) = -infinity. 

Set UBD (upper bound) = + infinity. 

Set a starting value for u = u  (for example u = 0). 

Step 1. 

Evaluate h(u ) by solving ),(min uxL
x

. 

Update LBD = max (LBD, h(u )). 

Step 2. 

If the obtained solution x  is feasible in (P), terminate! Since the 

equality constraints are fulfilled, x  is optimal. If x  is not feasible in 

(P), try to modify x  to obtain a feasible solution. If successful, update 

UBD = min (UBD, f( x )). 

Step 3. 

Check a termination criterion, e.g. if the difference between LBD and 

UBD is sufficiently small. 
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Step 4. 

Update u according to some search method and return to Step 1. A 

simple bisection search method is often sufficient in the cases where u 

is one-dimensional. 
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2.3. Simulation 

In many situations, due to its complexity, it may be difficult to analyse a system 

analytically. As an alternative, simulation can be used to evaluate the 

performance of a system. Simulation is a broad concept which essentially means 

to mimic reality. The type of simulation that is used in this thesis, which is also 

the one most commonly used in inventory theory, can be classified as dynamic, 

stochastic, discrete event simulation. The term dynamic indicates that time is a 

factor in the model, as opposed to a static model. Naturally, the system is 

stochastic due to the randomness of customer arrivals and the term discrete 

event refers to that a discrete flow of units is being studied. The term computer-

based can also be added to the classification above, in order to emphasize the 

tool that is used to carry out the simulation. This type of simulation is often 

simply called discrete event simulation and this is the term that will be used in 

this thesis from here on. 

2.3.1 Discrete event simulation 

As mentioned, discrete event simulation is used to model systems where discrete 

units evolve over time. Although this can be done using a variety of different 

programming languages and techniques, the basic principles are the same, 

regardless of simulation platform. To obtain a basic understanding of how 

discrete-event simulation works the key concepts entities, events, the system 

clock and the simulation executive are needed. The following description of 

these concepts essentially follows Law & Kelton (2000). 

 

Entities are tangible items within the model. These can be described as either 

permanent or temporary. An example of a permanent entity would be a storage 

facility, while a temporary entity could be a product in storage. Entities are 

linked together by logical relationships and possess certain attributes that 
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together define the system state. For instance, the amount of products in a 

storage facility is an attribute and it is determined by the logical relationships 

between products entering and leaving the facility. Events represent the change 

of the state of an entity, e.g. demand takes place reducing the number of 

products in stock. Events occur at certain times, which are controlled by the 

system clock. Since the system state is unchanged between events the clock only 

needs to focus on the time instances when an event occurs. The simulation 

executive controls the logical relationships between entities and is responsible 

for updating the clock. This is done by scheduling events on an event list. When 

an event occurs, the system state is updated through the logical relationships and 

any new events are scheduled. The executive then checks the event list and 

moves the time to the next event. This is repeated until a stopping criterion is 

met, e.g. the simulation time runs out. 

2.3.2 Extend 

Extend is a general-purpose simulation tool with a graphical interface. A 

simulation model in Extend consists of interconnected blocks where each block 

performs a specific function. These blocks are chosen from different libraries 

and are included in the model by a simple drag and drop procedure. Some 

blocks represent permanent entities while others are used to gather information 

on the system state. Temporary entities are represented by items. Blocks are 

linked together by Connectors. There are two types of connectors. The first type 

is used to move items and the second type is used to pass information, usually 

about the current state of the block. Logical relationships between entities are 

defined by how the blocks are connected and the chosen settings for each block. 

There is a variety of pre-built blocks that are available in Extend, but it is also 

possible to create custom blocks. There are two ways of doing this, either by 

combining existing blocks into hierarchical blocks, or by programming an 

entirely new block in ModL, which is a programming language similar to C. For 
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a more in-depth description of Extend see, e.g., Law and Kelton (2000) or 

Laguna and Marklund (2005). 

2.3.3 Data analysis 

When executing a discrete-event simulation, stochastic input data is needed. 

This means that methods for generating random numbers from different 

distributions are needed. The various methods available will not be dealt with in 

this thesis and can be found in Law & Kelton (2000). 
 

The purpose of discrete event simulation is to evaluate a system according to 

some performance measure, e.g. in this thesis the important performance 

measure is the mean total cost per time unit. One requirement for obtaining such 

a performance measure is that the system at some point reaches a steady state, 

i.e. a state at which system performance is independent of the starting 

conditions. An even more informal way of describing steady state is that it is 

when the system operates “as usual”. A consequence of having stochastic input 

data is that the output data is also stochastic. Therefore, the mean obtained when 

the system is in steady state is a stochastic variable. If it was possible to run the 

simulation for infinite time then that stochastic variable, by the law of large 

numbers, would converge to its true value. Since this is not possible, in order to 

draw any conclusion about the performance of the system, a sample of the mean 

value can be taken. The sample is taken when the system is in steady state and is 

used to create a confidence interval. From this interval, a hypothesis test can 

then be constructed. A warm-up period is usually required before observations 

of the output can be made. The warm-up period refers to the time it takes the 

system to reach steady state. Once operating in steady state, there are essentially 

two different techniques for acquiring the multiple observations that constitute a 

sample of the output data. One way is to run the simulation for a longer length 

of time and make observations over given time intervals, so called time blocks. 
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The other way is to run the simulation for a shorter length of time but to do 

multiple runs, and make one observation per run. When using the first method 

sufficiently large interval lengths should be chosen so that the observations can 

be considered to be independent. The second method generates independent 

observations (given that the sequences of random number for the different runs 

are independent) but requires significantly more simulation time if the warm-up 

period is long. This is because the system then has to reach steady state for every 

run. 

 

Let the output from the simulation be a stochastic variable X with mean µ and 

variance σ2. Also let x1,…,xn be the sample with n observations of X. The point 

estimates x  and s2 of the mean and variance are 
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Under the assumption of a sufficiently large sample size (a rule of thumb is 

around 30) and independent observations, x  is by the central limit theorem 

normally distributed. This means that 
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n
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µ  

Let βγ be the quantile of the standard normal variable, i.e., γ percent of the 

probability mass is situated below the value βγ. Since this value is known, an 

interval for µ of confidence level 1-α is obtained through 
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If the true variance is unknown and the sample size is sufficiently large, σ2 can 

be estimated with s2. If the number of observations is less than 30 the Student’s 

t-distribution can be used. For normally distributed x  

).1( −∈
− ntx

n
s

µ  

Although the use of the Student’s t-distribution only is exact when x  is 

normally distributed, it is often used even when x  is approximately normally 

distributed. The resulting confidence interval 

2
1,1 αµ
−−

±=
nn

s tx  

is always larger than the one obtained through the standard normal distribution. 

Therefore the use of the Student’s t-distribution can be advocated, even for large 

sample sizes, as a more cautious approach. The obtained interval can then be 

used to test the hypothesis  

H0 : µ = µ0

H1 : µ ≠ µ0 

If µ0 is not within the confidence interval, H0 is rejected at significance level α. 

If it is within the interval, H0 can not be rejected. By analogue derivations and 

use of the Student’s t-distribution, tests of differences between two simulated 

means can be constructed by using the confidence interval 
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2.4 Related literature 

The literature on divergent stochastic multi-level inventory systems is extensive. 

For a recent overview, see e.g. Axsäter (2003). When considering exact analysis 

of continuous review systems, much of the research is based on the unit tracking 

methodology first presented in Axsäter (1990). The unit tracking methodology 

focuses on the time a unit spends at different facilities and stages in the system, 
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from the moment it is ordered from the warehouse, until it is delivered to a 

customer. Axsäter (1990) uses this approach to derive the exact costs in a system 

where one central warehouse and the retailers all use (S-1, S) policies, and 

delivery from the warehouse occurs as soon as there are available units. The 

method has been generalized in various ways, e.g., in Axsäter (1993) the method 

is adapted to a system where all installations use (R, Q) policies. Marklund 

(2007) uses this methodology to analyze the same inventory system that is 

studied in this thesis, but under the assumption of FCFS shipments. 

 

A common assumption in the research concerning continuous review systems is 

that shipments from the warehouse are carried out instantly. This means that that 

there is no repeating time period in which orders can accumulate at the 

warehouse. Since this implies that reallocations only are possible when multiple 

orders have arrived at the warehouse during a stock-out, the literature on other 

allocation policies than FCFS, in continuous review systems, is scarce. 

However, in Axsäter (2007) the FCFS allocation policy is compared with two 

different heuristics that allow for units to be reallocated. In the first heuristic, the 

allocations are determined by an iterative procedure that calculates the expected 

decrease in cost from changing retailer for a single unit. The second heuristic 

uses the same type of myopic policy that is considered in this thesis. In this work 

it is shown that the first heuristic always results in lower costs than FCFS 

(average cost savings were around 2 percent). The myopic policy, when 

implemented in a system with optimal order-up-to S parameters for FCFS, 

performed almost as well. In this work it is also shown that, in the worst case, 

the relative cost increase from using FCFS, compared to an optimal allocation 

policy, can approach infinity as the number of retailers increases. 

 

In the literature on multi-level periodic review systems, myopic policies and 

other types of more advanced policies than FCFS, are used more frequently. 
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This is because these systems have a defined periodicity, i.e. the retailers check 

their inventory statuses at the same given time instances. This means that when 

orders from different retailers arrive at the warehouse, they arrive at the same 

time. As a consequence, the concept of FCFS is not as straightforward as in 

continuous review systems. Much of the research on periodic review systems is 

based on the work by Clarke and Scarf (1960). They consider a system where 

retailer orders are placed with a given cycle and shipments from the warehouse 

are made instantly. The allocations from the warehouse are decided with the use 

of a myopic policy. When implementing a myopic policy in a periodic review 

system with instant shipments, a complicating factor is that it might be 

favourable to retain stock at the warehouse and distribute it later on in the 

ordering cycle. In doing so, future imbalances at the retailers can be avoided. 

The problem with this is that a dynamic programming algorithm is needed in 

order to determine the optimal allocation of stock. As a consequence, these 

policies are often computationally intractable and difficult to implement. This 

can be compared to the allocation policy in the studied system, where units are 

accumulated at the warehouse and then shipped to the retailers. Since no 

shipments can be made during the shipping cycle the risk-pooling effect of 

keeping stock at the warehouse is not a factor, i.e. the optimization problem is 

more easily solved and implemented. In the work by Clarke and Scarf the risk-

pooling effect is neglected by introducing an approximate “balance” assumption. 

This assumption means that all retailer stock can be reallocated in each time 

period, i.e. the warehouse is allowed to make negative allocations. Under this 

assumption, the allocation problem reduces to a myopic policy very similar to 

the one studied in this thesis. Another consequence of the balance assumption is 

that, given the same holding costs at the retailers and warehouse, no stock will 

be kept at the warehouse. The allocation policies in systems where the 

warehouse does not carry any stock are the ones that more closely resemble the 

policy studied in this thesis. This is because there is no risk-pooling effect to 
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consider. Besides the work by Clark and Scarf, much of the research in this area 

is based on the work by Eppen and Schrage (1981). They study a system where 

the units arriving from the external supplier are redistributed at a central depot, 

which is not allowed to carry any stock of its own. Here, the redistribution is 

determined by a myopic policy. Another important contribution to this area is 

given by Federgruen and Zipkin (1984), where generalized myopic allocation 

policies are evaluated empirically. 

 

There is also literature that deals with incorporating the risk-pooling effects of 

keeping stock at the warehouse. As mentioned, the allocation policies become 

somewhat more complex in these situations, compared to the one considered in 

this thesis. A popular approach is to divide the order cycle in two allocation 

intervals and allow one distribution in each interval. This way some of the risk-

pooling effects are retained, while the necessary numerical computations are 

restricted. For work in this area see, e.g., Jackson and Muckstadt (1989), 

McGavin et al. (1993) and Axsäter el. al (2002). 

 

The myopic allocation policy that is considered in this work utilizes real-time 

point-of-sale date from the retailers. Therefore, this work is somewhat related to 

the research concerning the value of real-time information in supply chains. For 

this topic the reader is referred to e.g. Cachon and Fisher (2000) and Cheung and 

Lee (2002). 

 

This work is also, although more remotely, related to the work on stock 

rationing in distribution planning. This research mainly focuses on how the 

impact of shortages at specific retailers can be shared by all retailers. See e.g. 

Heijden et al. (1997). for comparative numerical testing of some of the most 

popular methods regarding these types of allocation policies. 
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3. A myopic allocation policy 

This chapter presents the myopic allocation policy which is to be used instead of 

FCFS. Section 3.1 discusses how the policy affects the parameters of the system, 

while sections 3.2 and 3.3 are dedicated to the problem formulation, and 

mathematical derivation of the Lagrangian heuristic that is used to determine 

how stock should be allocated to the retailers. 

3.1 System parameters 

When the FCFS allocation policy is used, for every unit of demand at a specific 

retailer, a unit is reserved at the warehouse. If there is positive stock on-hand at 

the warehouse a physical unit will be reserved and then shipped to the retailer at 

the next available moment. However, if there is no stock on-hand at the 

warehouse the actual physical unit is either at, or on its way from, the external 

supplier. Therefore, the unit might not reach the warehouse before the next 

shipment leaves, i.e. a stock-out occurs. This means that, at the moment of 

shipment, two situations regarding the retailer’s stock can occur. If there is no 

stock-out at the warehouse the units being shipped to retailer n and the inventory 

level at retailer n will add up to the defined order-up-to level Sn. If there is a 

stock-out at the warehouse, one or more retailers will not receive enough units to 

reach the level Sn. When applying FCFS, the order in which the demand was 

registered at the warehouse determines which retailers that are affected by the 

shortage. This allocation policy does not take into consideration how the system 

state has changed from the time that the demand was registered until the time for 

shipment. The new allocation rule attempts to make a more cost effective 

allocation by using the information available at the moment of shipment. The 

policy enables the warehouse to allocate the units waiting for shipment to 

whichever retailer it sees fit. Demand is still continuously registered at the 
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warehouse and units are still reserved for shipment but which retailer that 

receives which unit is now decided at the moment of shipment. This enables the 

warehouse to use the available real-time information to make a more informed 

decision and to dynamically change the retailer’s order-up-to levels. Another 

way of viewing the new policy is that no actual retailer orders are placed at the 

warehouse. Instead the warehouse registers total system demand over a shipping 

cycle and ships that specific amount to the retailers. It should be noted that, 

when using the myopic policy, the units waiting for shipment do not belong to 

any specific retailer. This means that, for the retailers, the term inventory 

position only includes the inventory level and any units, from earlier shipments, 

that still are in transport. It does not include any units that are at the warehouse, 

as is the case when units are reserved according to FCFS. 

3.2 Problem formulation 

At the moment of shipment, the warehouse wants to allocate stock so that the 

total system costs are minimized. The costs that are directly affected by the 

allocations are the holding and shortage costs at each retailer during the time 

between two arriving shipments. By assuming that the demand takes place at the 

end of each period the minimization problem can be viewed as N individual 

newsvendor problems, one for each retailer, with a single selling season 

corresponding to the time between two arriving shipments. The individual 

problems are connected by a coupling constraint which limits the total amount 

of units that can be shipped from the warehouse. 

 

Let 

N  = number of retailers 

nλ  = mean demand per time unit (arrival rate) at retailer n  

k
nX  = demand at retailer n during k periods of time; Poisson distributed 

                stochastic variable with mean λnk 
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)(xP k
n  = probability function for (x=0, 1, 2…) k

nX

)(xF k
n  = cumulative distribution function for (x=0, 1, 2…) k

nX

nS  = order-up-to level at retailer n; decision variable 

T  = time between shipments (shipping cycle time) 

nL  = transportation time between the warehouse and retailer n 

A  = number of units to be shipped 

nIP  = inventory position (before the allocations are made) at retailer n 

nh  = inventory holding cost at retailer n 

np  = shortage cost at retailer n 

Z = expected total retailer cost per time unit 

u  = lagrangian multiplier 

 

By summing up the expected costs over the N retailers and the T time periods 

between two arriving shipments, the problem of minimizing Z can be formulated 

as 
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The first constraint restricts the total amount being shipped to A units and the 

second constraint makes sure that no negative allocations are made. It is 

important to mention that this way of viewing the minimization problem is an 

approximation. First of all, the assumption that the demand occurs at the end of 

each period is not true in the real model. However, since it is the mean costs that 
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are of interest this assumption should not have any noticeable effect on the 

optimal solution. Second, only the costs over a single shipping cycle are 

considered. This myopic nature of the policy might, in some cases, lead to 

allocations that are less than optimal. There also lies an approximation in the 

way the problem is solved. Using a Lagrangian heuristic does not guarantee that 

the optimal allocations can be found. However, solutions of high quality can be 

obtained by choosing relatively small values for the stopping criteria tolerances. 

Consequently, despite the mentioned approximations, the solutions obtained 

through the Lagrangian heuristic should in most cases constitute close 

approximations of the true optimal solutions. 

3.3 A Lagrangian heuristic 

The problem (P) in the previous section is solved using the algorithm described 

in section 2.2. The steps of the algorithm are described below. 

3.3.1 Evaluating the dual function 

By relaxing the first constraint in (P) with the multiplier u the Lagrangian 

function is obtained as 
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The Lagrangian dual function is then given by 
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Note that in order to limit the solution space when minimizing the Lagrangian 

function the constraints Sn  IP≤ n + A are added to the dual function. Adding 

these constraints is not a restriction of the problem (P), since they are implied by 

the first constraint. Now that the coupling constraint has been relaxed the 

problem of evaluating h(u) at a given point u decomposes into N, single-season 

multiple periods newsvendor problems. That is, for every retailer n the 

following problem must be solved. Note that for notational convenience the 

index n has been dropped in the subsequent expressions. 

{ }...2,1,0

.

)()]()()()([)(min
1 0 1

∈
+≤≤

−−−+−=∑ ∑ ∑
= =

∞

+=

++

S
AIPSIP

ts

IPSuxpSxpxpxShSC
T

k

S

x Sx

LkLk

 

This problem is easily solved using the method described in section 2.1.3. That 

is, 

.)(0])()[(

)()1(])()[()()1(

11

1

∑∑

∑

=

+

=

+

=

+

+
+

≥⇔≥−−+=

−+−+−−+=−+

T

k

Lk
T

k

Lk

T

k

Lk

hp
uTpSFupSFph

IPSuIPSupSFphSCSC
 

Analogously, 
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With the same convexity argument as in section 2.1.3 it can be concluded that in 

order to find the order-up-to levels, for a given u and for each retailer, one 

should find the smallest S, within the interval AIPSIP +≤≤ , that satisfies 
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If such an S can not be found within the given interval, due to the convexity of 

C, the optimal solution is found in one of the boundaries of the interval. That is, 

if the obtained S is larger than IP + A, then the nearest feasible, and therefore 
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optimal, point is S=IP + A. By the same logic, if S is smaller than IP the optimal 

point is given by S=IP. 

3.3.2 Search method for the Lagrangian multiplier 

The optimal value for the Lagrangian multiplier, u*, can be found within the 

interval  

),...,max(*),...,max( 11 NN hhTuppT ≤≤− . 

By observing that, 
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it is easily concluded that a smaller value would result in the solution Sn=IPn and 

a larger value would result in Sn=IPn + A, for every sub-problem n. A simple 

bisection search method is used for finding the optimal value of the multiplier. 

To be more precise, starting by setting 

),...,max( 1 NppTu −=  and ),,...,max( 1 NhhTu =  

the multiplier u is then updated through 

2
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If the solution Sn, n=1,…N, given by u renders (note that A and IPn are given 

constants) 
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This bisection is repeated until a stopping criterion is met. 

3.3.3 Stopping criteria 

Two stopping criteria have been chosen for the Lagrangian heuristic. First, the 

algorithm will terminate when 
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1ε≤
−
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LBDUBD  

where UBD and LBD are the best found upper and lower bounds, respectively, 

and ε1 is a given tolerance. It is possible that the duality gap is larger than ε1 and 

in those cases the algorithm would never stop. Therefore a second stopping 

criterion has been added and is given by 

2ε≤− uu . 

If this occurs, the optimal value u* is within a sufficiently small interval. 

3.3.4 Generating feasible solutions 

For every non-feasible solution S1,…SN, a feasible solution to the primal 

problem is generated by a simple algorithm. If the difference 

0)(
1

>−−∑
=

N

n
nn IPSA  

then set 

),)((
1
∑
=

−−+=
N

n
nnkk IPSASS  

for the retailer k which has the smallest ratio  
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By the same logic, if 
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then lower the order-up-to level of the retailer with the largest holding to 

shortage cost ratio. This second rule implies that the algorithm fails to find a 

feasible solution when the order-up-level of retailer n drops below IPn. The use 

of this rather simple feasibility algorithm is motivated by the fact that the 

minimization of L(S1,…,Sn, u) can be made relatively quickly. This means that 

the bisection search moves quickly towards u*, and therefore, towards a feasible 
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or near-feasible solution. For that reason, it is not effective to consume 

significant computer time on generating feasible solutions in each iteration, 

when a simple algorithm should be sufficient for finding a feasible solution from 

u*. 
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4. Method of evaluation 

This chapter explains how the performance of the myopic allocation policy was 

evaluated by simulation. First, in section 4.1, a description of how Extend was 

used to model the inventory system is given. Section 4.2 then presents the 

specific simulation settings and in section 4.3 the configuration of the inventory 

system is given. Last, in section 4.4, the analysis of the output data is explained. 

4.1 Implementing the myopic allocation policy in the simulation 

program 

The simulation model of the studied inventory system was built in Extend. The 

advantage of using this kind of high level programming software is that 

considerable time can be saved, compared to using a basic programming 

language. This is because the wide variety of existing blocks and the pre-defined 

logic enables the user to relatively quickly build fairly advanced models. 

Another advantage with Extend is that the graphical interface provides a good 

overview and understanding of the model at hand. However, there is a limit to 

what can be accomplished with existing blocks. A major disadvantage with 

programs like Extend is that a more advanced logic, e.g. the optimization 

algorithm needed for the myopic policy, is difficult to implement. Therefore, it 

was a considerable challenge to find a way of implementing the Lagrangian 

heuristic in Extend. The chosen method was to solve the Lagrangian heuristic in 

Matlab, while the simulation was running in Extend. This called for a method 

for passing information between the two programs and was accomplished by 

programming a block in Extend, which directly handles the communication with 

Matlab. Before the start of a simulation, this block is connected to the specific 

blocks that provide information about the current state of the system, e.g. 

inventory positions and amount of units that are ready for shipment. When 
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running the simulation, at the moment of shipment, information about the 

systems current state is relayed to this block. That is, the inventory positions of 

the N different retailers, IP1,…IPN and the total amount to be shipped A are sent 

to Matlab. The simulation model was also designed to send an initial feasible 

solution, denoted S’1,…, S’N, at the moment of shipment. This solution 

corresponds to how stock would be allocated if using FCFS instead of the 

myopic policy. The reason for starting the Lagrangian heuristic with the FCFS 

order-up-to levels is to save time in the cases where the FCFS allocations are 

optimal, or sufficiently near-optimal according to the stopping criteria. It also 

guarantees that a feasible solution always will be returned from Matlab, and 

therefore, that the simulation never will terminate ahead of stated simulation 

time. When the Lagrangian heuristic terminates, the solution, S*1,…,S*N, is 

passed back to the specially programmed Extend block, which, in turn, passes 

the information back to the simulation model. 

 
Figure 1. The flow of information at the moment of shipment. 

 

A more detailed description of this procedure can be found in the appendix. The 

appendix also includes all programming code and a description of the Extend 
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model. The main part of the Extend model is shown in figure 2 and the blocks 

that constitute a retailer are shown in figure 3. 
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4.2 Simulation settings 

Each problem was run for 40,000 time units, excluding a warm-up period of 

2000 time units. The warm-up period was determined by graphically studying 

the individual mean on-hand and back-order levels and noticing at what time 

they stabilize. 

 
Figure 3. Example of how the mean inventory level stabilizes as the simulation time grows. 

 

Observations of the mean total cost per time unit were made every 1000th time 

unit. This time interval was determined by testing different times and comparing 

the obtained variance. Any dependency between observations would lead to an 

incorrect point estimation of the variance. In other words, if two different time 

intervals result in the same point estimation of the variance, then the larger time 

should be sufficient. For all problems the stopping criterion tolerances for the 

Lagrangian heuristic were set to ε1=ε2=0.01. 
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4.3 Configuration of the inventory system 

Costs, warehouse lead time and ordering quantity, transportation times and 

demand intensities were chosen to reflect many different situations and to 

investigate the specific effect certain parameters have on policy performance. 

Given these parameters, the method derived by Marklund (2007) was used to 

calculate the optimal ordering policy parameters under the assumption of FCFS. 

An existing program was used for this purpose and, therefore, the interested 

reader is referred to the work by Marklund for further details on this procedure. 

The warehouse reorder point and the starting retailer order-up-to levels were set 

to the optimal values for FCFS. It is important to define the retailer starting 

stock because the warehouse, at most, ships the amount of units corresponding 

to the demand over the shipping cycle. Therefore, the sum of the starting levels 

defines the maximum amount of stock that can be present at the retailers in total. 

These parameter values are not necessarily optimal when using the myopic 

allocation policy. However, there is no known analytical method for calculating 

the optimal values without the assumption of FCFS. The alternative would be to 

use simulation to search for better configurations of the reorder point and order-

up-to levels. This would, however, be very time-consuming when considering 

that a search over two parameters, both the reorder point and total retailer 

starting stock, would have to be conducted for each test problem. Note that since 

the parameter values that are used in the numerical testing might differ from the 

optimal values, the obtained results represent a pessimistic estimate of the 

myopic policy’s potential for cost savings. 

4.4 Output data analysis 

The simulated mean total cost per time unit for the myopic policy ,TCMyopic, was 

compared to the analytical value for FCFS ,TCFCFS, by calculating the relative 

cost improvement ∆TC. That is, 
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∆TC = (TCFCFS- TCMyopic)/ TCFCFS. 

It should be noted that even though the warehouse holding cost is not affected 

by the policy, this cost was still included when calculating the cost 

improvements. The alternative would have been to only consider improvements 

in retailer costs. However, such a comparison would, in some cases, overstate 

the gain in using the myopic policy and would make it more difficult to compare 

the myopic policy to other allocation policies that affect the warehouse holding 

cost. It can also be argued that only comparing retailer costs, to some extent, 

neglects the fact that the warehouse holding cost is a part of the system and that 

it affects other parameters. 

 

The Student’s t-distribution was used to create confidence intervals for the 

observed differences in costs. In order to statistically verify the obtained results, 

the hypothesis  

H0 : TCMyopic = TCFCFS

H1 : TCMyopic ≠  TCFCFS

was tested at a significance level of α = 0.05. The relative cost improvement, 

when using the myopic policy ∆TCMyopic was also compared for different 

parameter settings. This means that the hypothesis  

H0 :  j
Myopic

i
Myopic TCTC ∆=∆

H1 : ,  j
Myopic

i
Myopic TCTC ∆≠∆

where i and j are the two problems with different parameter settings, was also 

tested at a level α = 0.05.
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5. Numerical results and discussion 

In this chapter the numerical results from 60 test problems are presented and 

discussed. In section 5.1, the general results for all the test problems are 

presented. The relative cost improvements when using the myopic policy are in 

this section presented graphically, without details of specific parameter settings. 

Each of the following sections 5.2-5.8, focus on how specific parameters might 

affect the performance of the policy. Test problems that support the conclusions 

that are drawn are in these sections presented in detailed tables. Problems that 

evaluate the general performance of the myopic policy, but are not used to show 

any specific parameters’ effect on the policy, can be found in detail in the 

appendix. In the following sections, if not mentioned otherwise, all discussed 

differences were statistically significant at a level of α=0.05. The following 

notation is used in the subsequent sections. 

 

 CW   = central warehouse 

 Ri   = retailer No i 

 Q   = warehouse ordering quantity 

 R   = warehouse reorder point 

 Si   = starting order-up-to level for retailer i 

 L0   = warehouse lead time  

 Li   = transportation time for retailer i 

 h0   = holding cost at the central warehouse 

 hi   = holding cost at retailer i 

 pi   = shortage cost at retailer i 

 λi   = arrival rate / demand intensity at retailer i 

 T   = shipping interval 

 TCFCFS  = mean total cost per time units with the FCFS allocation 
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        policy 

 TCMyopic (std) = mean total cost per time units with the myopic allocation 

        policy (standard deviation of the mean in parenthesis) 

 ∆TC (std) % = relative cost improvement (100(TCFCFS- TCMyopic)/ TCFCFS) 

        (standard deviation in parenthesis) 

5.1 General results 

The myopic policy performed better than FCFS for most of the 60 problems. 

There were seven problems where no significant differences were observed, 

problems 4, 7, 16, 32, 34, 35 and 45, and three problems where the myopic 

policy performed worse, problems 30, 31 and 36. In most cases the cost savings 

were rather modest, ranging within 1-4%. The largest cost saving was 5.01 %, 

found in problem 6. 
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Figure 1. Relative improvement in total cost for each of the 60 problems. Negative cost 

improvements mean that the myopic policy performed worse than FCFS. The problems are 
numbered in the order they appear in subsequent sections. 
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Problems Section Page Table
1-4 5.2 46 1
5-8 5.2 47 2

9-12 5.3 48 3
13-17 5.3 50 4
18-22 5.4 51 5
23-24 5.4 53 6
25-28 5.5 53 7
29-31 5.6 55 8
32-34 5.6 56 9
35-36 5.7 57 10
37-42 5.8 59 11
43-51 7.5 87 1
52-60 7.5 88 2  

Figure 2. References for detailed descriptions of the problems. 

 

As mentioned in section 3.1, using the myopic allocation policy can be viewed 

as dynamically changing the retailer order-up-to levels at each moment of 

shipment. However, the policy will choose the same order-up-to levels every 

time there is sufficient stock at the warehouse, i.e. when a stock-out does not 

occur. This is because, in these situations, each unit of demand at the retailers, 

which has lowered a specific retailer’s order-up-to level by one, will have a 

corresponding unit at the warehouse which is waiting to be shipped. Therefore, 

the available amount of units in the entire system, i.e. the sum of the units 

waiting for shipment and all retailer inventory positions, will stay constant when 

there is sufficient stock at the warehouse. This, in turn, basically means that the 

same optimization problem will be solved every time there is not a stock-out at 

the moment of shipment. The reason for mentioning this is that the numerical 

test problems imply that the myopic policy’s choice of order-up-to levels, in 

situations with sufficient stock at the warehouse, determine if the policy will 

perform better or worse than FCFS. For all considered problems, where the 

myopic policy did not perform significantly worse, stock was allocated 

according to the optimal order-up-to levels for FCFS. In other words, the 

myopic policy performed worse than FCFS in problems where the determined 
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order-up-to levels, when the warehouse had sufficient stock, differed from the 

starting order-up-to levels, i.e. the optimal parameters for FCFS. These results 

seem reasonable when considering that, if shortages at the warehouse never 

occurred, the retailers would always receive the amount of units corresponding 

to their demand during the shipping cycle, regardless of policy. This is because, 

as mentioned, the optimal order-up-to levels according to the myopic policy 

would not change between shipments. Therefore, there would not be any 

difference between running a system with FCFS or with the myopic policy. If 

the myopic policy in this case chose different order-up-to levels, the system 

would be using FCFS with parameters that are not optimal.  

 

These observations suggest two things. First, if the myopic policy allocates 

stock differently than FCFS when there is sufficient stock, then obviously there 

is a high likelihood that the resulting costs will be higher than when using FCFS. 

Second, the only situation where there is a potential for cost savings is when 

there is a shortage at the warehouse. 

5.2 Shortage costs 

In problems 1-4 (table 1) the shortage costs for identical retailers were 

successively increased. This is the equivalent of raising the retailer service 

levels. 
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Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

1 CW 5 1 2 1 - - 3 9.74 9.52 (0.02) 2.28 (0.24)
R1 - 3 1 1 1 1
R2 - 3 1 1 1 1
R3 - 3 1 1 1 1

2 CW 5 2 2 1 - - 3 17.62 17.04 (0.05) 3.26 (0.31)
R1 - 6 1 1 10 1
R2 - 6 1 1 10 1
R3 - 6 1 1 10 1

3 CW 5 4 2 1 - - 3 25.37 24.89 (0.12) 1.87 (0.46)
R1 - 8 1 1 100 1
R2 - 8 1 1 100 1
R3 - 8 1 1 100 1

4 CW 5 3 2 1 - - 3 32.04 31.60 (0.29) 1.38 (0.91)
R1 - 11 1 1 1000 1
R2 - 11 1 1 1000 1
R3 - 11 1 1 1000 1

Parameters Results

 
Table 1. 

 

There was an improved performance when the shortage costs were increased 

from p=1 to p=10. This implies that the myopic policy becomes more important 

as the shortage costs become higher. Although, problems 3 and 4 show that this 

is only true to a certain degree. In these problems the cost savings were lower 

than in problem 2. In fact, problem 4 showed no significant difference to FCFS. 

An explanation for this is that when the shortage costs increase above a certain 

level, the starting order-up-to levels are raised so high, i.e. safety stocks at the 

retailers are so large, that stock-outs at the retailers almost never occur. This in 

turn limits the impact of shortages at the warehouse, which lessens the 

importance of being able to reallocate stock. 
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Figure 3. Relative cost improvement for retailers with identical shortage costs. 

 46



 

Problems 5-8 (table 2) indicate that the policy performs better when there are 

differences in shortage costs. 

 

Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

5 CW 5 2 2 1 - - 3 22.06 21.27 (0.08) 3.59 (0.34)
R1 - 6 1 1 10 1
R2 - 8 1 1 50 1
R3 - 9 1 1 100 1

6 CW 5 2 2 1 - - 3 26.02 24.70 (0.09) 5.01 (0.36)
R1 - 6 1 1 10 1
R2 - 10 1 1 250 1
R3 - 11 1 1 1000 1

7 CW 5 3 2 1 - - 3 29.46 29.04 (0.55) 1.44 (1.86)
R1 - 6 1 1 10 1
R2 - 11 1 1 1250 1
R3 - 13 1 1 10000 1

8 CW 5 2 2 1 - - 3 22.47 21.60 (0.18) 3.86 (0.80)
R1 - 6 1 1 10 1
R2 - 6 1 1 10 1
R3 - 11 1 1 1000 1

Parameters Results

 
Table 2. 

 

A reason for this could be that safety stocks are still kept low for retailers with 

low shortage costs. This limits the entire amount of safety stock among the 

retailers. Therefore, shortage costs at some retailers are still high enough to 

show considerable impact on total costs but safety stocks are not high enough to 

reduce the impact. It should be noted that in problem 7, the standard deviation 

was so high that no significant results could be obtained. The increase in 

standard deviation for this problem is most likely caused by the high shortage 

costs. They imply that shortages do not occur very often but when they occur 

they have a considerable impact on expected costs. 
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5.3 Arrival rates 

Problems 9-12 (table 3) investigate how the demand intensity affects the myopic 

policy in a system with identical retailers (also see problem 2, section 5.2, table 

1 for λ=1). 

 

Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

9 CW 5 -1 2 1 - - 3 8.20 7.99 (0.04) 2.49 (0.54)
R1 - 2 1 1 10 0.25
R2 - 2 1 1 10 0.25
R3 - 2 1 1 10 0.25

10 CW 5 -1 2 1 - - 3 11.79 11.41 (0.04) 3.21 (0.32)
R1 - 4 1 1 10 0.5
R2 - 4 1 1 10 0.5
R3 - 4 1 1 10 0.5

11 CW 5 7 2 1 - - 3 28.24 27.75 (0.08) 1.73 (0.28)
R1 - 10 1 1 10 2
R2 - 10 1 1 10 2
R3 - 10 1 1 10 2

12 CW 5 16 2 1 - - 3 47.71 46.94 (0.10) 1.61 (0.21)
R1 - 19 1 1 10 4
R2 - 19 1 1 10 4
R3 - 19 1 1 10 4

Parameters Results

 
Table 3. 

 

There were no significant differences between the arrival rates λ=0.5 and λ=1. 

However, setting λ=0.25 showed lower cost savings. This can probably be 

explained by the fact that in this case, demand was so low that there were very 

few units to distribute at the shipping moment. This should limit the amount of 

reallocations needed. Performance of the policy was considerably worse when 

the intensity was increased to λ=2 and λ=4. This can most likely be explained 

by the characteristics of the Poisson process. When the intensity of arrivals is 

increased, the increase of the mean is higher than the increase of the standard 

deviation. Therefore, high intensities lead to less relative variability in customer 

demand. Situations where the retailers experience unusually high demand 

combined with a shortage at the warehouse should be where the myopic policy 
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is most useful. These situations do not arise very often in systems with less 

relative variability. 
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Figure 4. Relative cost improvement plotted against relative demand variability. 

 

Problems 13-17 (table 4) examine how different arrival rates among the retailers 

affect policy performance. To accentuate the differences between the retailers 

the shortage costs were not identical for these problems (also see problem 10 in 

this section, table 3, for a comparison with identical arrival rates). 
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Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

13 CW 5 1 2 1 - - 3 18.47 17.91 (0.17) 3.07 (0.91)
R1 - 2 1 1 10 0.25
R2 - 6 1 1 250 0.5
R3 - 9 1 1 1000 0.75

14 CW 5 0 2 1 - - 3 16.97 16.26 (0.13) 4.12 (0.79)
R1 - 5 1 1 10 0.75
R2 - 6 1 1 250 0.5
R3 - 5 1 1 1000 0.25

15 CW 5 13 2 1 - - 3 51.88 51.48 (0.20) 0.77 (0.38)
R1 - 14 1 1 10 3
R2 - 21 1 1 250 3
R3 - 23 1 1 1000 3

16 CW 5 15 2 1 - - 3 53.95 53.95 (0.49) 0.00 (0.91)
R1 - 5 1 1 10 1
R2 - 20 1 1 250 3
R3 - 33 1 1 1000 5

17 CW 5 12 2 1 - - 3 48.17 47.13 (0.16) 2.17 (0.34)
R1 - 23 1 1 10 5
R2 - 21 1 1 250 3
R3 - 11 1 1 1000 1

Parameters Results

 
Table 4. 

 

Problems 16 and 17 imply that the myopic policy performs better when the 

retailer with the highest shortage cost experiences the lowest demand. However, 

this could not be confirmed by problems 13 and 14, since the obtained 

difference in cost between these problems was not significant. No other results 

on how different arrival rates among retailers might affect policy performance 

were obtained. However, problems 13-17 did support the connection between 

high demand intensities and low cost savings. 

5.4 Transportation Times 

In problems 18-22 (table 5), the retailer transportation times were successively 

increased (also see problem 2, section 5.2, table 1 for L=1 ). 
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Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

18 CW 5 1 2 1 - - 3 16.42 15.70 (0.05) 4.37 (0.29)
R1 - 5 0 1 10 1
R2 - 5 0 1 10 1
R3 - 5 0 1 10 1

19 CW 5 2 2 1 - - 3 17.04 16.35 (0.06) 4.04 (0.37)
R1 - 5 0.5 1 10 1
R2 - 5 0.5 1 10 1
R3 - 5 0.5 1 10 1

20 CW 5 2 2 1 - - 3 18.83 18.40 (0.06) 2.25 (0.34)
R1 - 7 2 1 10 1
R2 - 7 2 1 10 1
R3 - 7 2 1 10 1

21 CW 5 1 2 1 - - 3 20.87 20.37 (0.07) 2.29 (0.34)
R1 - 10 4 1 10 1
R2 - 10 4 1 10 1
R3 - 10 4 1 10 1

22 CW 5 1 2 1 - - 3 24.34 24.06 (0.14) 1.14 (0.56)
R1 - 15 8 1 10 1
R2 - 15 8 1 10 1
R3 - 15 8 1 10 1

Parameters Results

 
Table 5. 

 
In problems 18 and 19, where the transportation times were considerably 

shorter, the cost savings were larger than in problems 20-22 and problem 2. This 

might be because, in these cases, the allocations are decided based on expected 

costs in the near future. This leads to less uncertainty about the state of the 

system at the time the shipped units arrive at the retailers, and therefore, should 

improve the performance of the myopic policy. However, comparisons among 

the problems with longer lead times, problems 20-22, showed no significant 

differences. Nonetheless, there appears to be a trend towards lower myopic 

policy performance as the transportation times increase. 
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Figur 5. Relative cost improvement as the transportation times are increased. 

 

In general, when studying multi-level inventory systems systems, short 

transportation times result in that more stock should be kept at the warehouse 

instead of at the retailers. This, in turn, leads to fewer stock-outs at the 

warehouse. Therefore, in the studied inventory system, it might be expected that 

this phenomenon would reduce the positive effect shorter transportation times 

have on the cost savings. However, the shipping cycle makes the analysis of the 

studied inventory system a bit more complicated. For instance, in problem 18 

where the retailer transportation times are set to L=0, the warehouse optimal 

reorder point according to FCFS is actually lower than in problem 19, with 

L=0.5. This can be compared with a system where the units are shipped from the 

warehouse instantly, where zero transportation time would result in, given the 

same holding costs at the warehouse and retailers, that all stock should be kept 

at the warehouse. This means that the length of the shipping interval also has to 

be taken in to account when studying the effect that the transportation times 

have on cost savings. Still, changing the shipping interval in problems 23 and 24 

(table 6) and comparing the results to problem 19 (table 4) did not indicate that 

short transportation times, combined with either a short or long shipping 

interval, affects the performance of the myopic policy negatively. The poor 
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performance in problem 24 is more likely explained by the longer shipping cycle 

time, which is discussed in section 5.5. 

 

Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

23 CW 5 3 2 1 - - 1 10.89 10.44 (0.03) 4.11 (0.32)
R1 - 3 0.5 1 10 1
R2 - 3 0.5 1 10 1
R3 - 3 0.5 1 10 1

24 CW 5 2 2 1 - - 5 23.15 22.83 (0.09) 1.38 (0.37)
R1 - 7 0.5 1 10 1
R2 - 7 0.5 1 10 1
R3 - 7 0.5 1 10 1

Parameters Results

 
Table 6. 

5.5 Shipping interval 

Problems 26-28 (table 7) indicate that the cost savings decrease as the shipping 

interval grows longer. 

 

Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

25 CW 5 3 2 1 - - 1 11.77 11.41 (0.04) 3.08 (0.30)
R1 - 4 1 1 10 1
R2 - 4 1 1 10 1
R3 - 4 1 1 10 1

26 CW 5 2 2 1 - - 2 14.66 14.05 (0.06) 4.17 (0.40)
R1 - 5 1 1 10 1
R2 - 5 1 1 10 1
R3 - 5 1 1 10 1

27 CW 5 1 2 1 - - 4 20.63 20.03 (0.07) 2.93 (0.34)
R1 - 7 1 1 10 1
R2 - 7 1 1 10 1
R3 - 7 1 1 10 1

28 CW 5 0 2 1 - - 8 32.68 32.25 (0.12) 1.31 (0.38)
R1 - 11 1 1 10 1
R2 - 11 1 1 10 1
R3 - 11 1 1 10 1

Parameters Results

 
Table 7. 

 

This might be due to the variability argument which was discussed in section 

5.3. The argument was that demand over a shorter period of time shows more 

relative variability, which leads to better policy performance. The poorer 
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performance of the myopic policy in problem 25, compared to 26, might seem to 

contradict this argument. However, it is more likely that the relatively low 

demand in these problems is the explanation for this performance. A short 

shipping interval combined with low demand renders situations where there are 

very few units or no units at all, to ship. This should reduce the differences 

between using FCFS and the myopic policy. 
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Figure 6. Relative cost savings as the shipping interval grows larger. 

 

Problems 25-28 show that the warehouse reorder point decreases as the shipping 

interval increases. This might suggest more shortages at the warehouse and 

therefore larger cost savings when using the myopic policy. There was, 

however, no indication that the decreased warehouse reorder point, as a result of 

the longer shipping interval, had any effect on the policy performance. The 

reason might be that the relative variability is the dominating factor. As seen in 

section 5.3, the connection between low relative variability and low cost savings 

seems to be rather strong. An alternative reason could be that the increase in 

safety stock at the retailers and the fact that shipments are not sent as often, 

cancel out the positive effect frequent shortages have on the performance of the 

myopic policy. 
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5.6 Holding costs 

In problems 29-31 (table 8) the holding costs were changed to investigate if 

different ratios between retailer holding and shortage costs affect the 

performance of the myopic policy. 

 

Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

29 CW 5 2 2 1 - - 3 32.20 31.07 (0.11) 3.51 (0.35)
R1 - 4 1 4 10 1
R2 - 7 1 2 50 1
R3 - 9 1 1 100 1

30 CW 5 5 2 1 - - 3 40.15 40.60 (0.18) -1.14 (0.45)
R1 - 5 1 1 10 1
R2 - 6 1 2 50 1
R3 - 6 1 4 100 1

31 CW 5 8 2 1 - - 3 248.7 261.8 (1.12) -5.28 (0.45)
R1 - 5 1 1 10 1
R2 - 6 1 10 250 1
R3 - 6 1 40 1000 1

Parameters Results

 
Table 8. 

 
In problem 29, increasing the retailer holding cost for retailers with low shortage 

costs did not show any significant difference to having identical holding costs 

(see problem 5 in section 5.2, table 2). When doing the opposite in problems 30 

and 31, i.e. increasing the holding cost for retailers with high shortage costs, the 

myopic policy performed worse than FCFS. In both these problems, the order-

up-levels determined by the myopic policy, in situations where there was no 

shortage at the warehouse, were not equal to the starting levels. As explained 

earlier, this causes poor policy performance. The policy tends to allocate more 

stock to the retailer with the highest costs, retailer 3, even though the ratios 

between the holding and the shortage costs are the same for retailer 2 and 3. A 

possible explanation for this behaviour could be that, due to its myopic nature, 

the policy underestimates the impact that the holding costs might have on total 

costs over several shipping intervals. When studying the warehouse holding cost 

(table 9) some interesting results were obtained 
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Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

32 CW 5 7 2 0.1 - - 3 12.13 12.15 (0.05) -0.20 (0.40)
R1 - 5 1 1 10 1
R2 - 5 1 1 10 1
R3 - 5 1 1 10 1

33 CW 5 -2 2 10 - - 3 59.04 57.62 (0.21) 2.40 (0.35)
R1 - 7 1 1 10 1
R2 - 7 1 1 10 1
R3 - 7 1 1 10 1

34 CW 5 -4 2 100 - - 3 464.2 461.8 (1.81) 0.52 (0.39)
R1 - 8 1 1 10 1
R2 - 8 1 1 10 1
R3 - 8 1 1 10 1

Parameters Results

 
Table 9. 

 

No significant differences from FCFS were obtained when the warehouse 

holding costs were set to h=0.1 and h=100 in problems 32 and 34 (also see 

problem 2, section 5.2, table 1 for h=1). For problem 32 this might be explained 

by the holding cost’s effect on the warehouse safety stock. When the warehouse 

holding cost is low, more stock is allocated to the warehouse. This means that 

warehouse shortages do not occur very often, which reduces the need for the 

myopic policy. For problem 34 the comparison can be claimed to be unfair. As 

explained in section 4.4, warehouse holding costs are not influenced by the 

myopic policy. Therefore, when the warehouse holding cost is dominating, the 

policies effect on the retailer costs becomes negligible. When successively 

increasing the warehouse holding costs in problems 2, 33 and 34, total cost 

savings at the retailers were correspondingly 4.66, 10.27 and 16.96 per cent. 

This illustrates the policies’ usefulness in situations where there are frequent 

stock outs at the warehouse. It is worth mentioning that in most of the other test 

problems that are discussed in this chapter, due to relatively low warehouse 

holding costs, there was no noteworthy difference between retailer cost 

improvements and total cost improvements. 
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5.7 Warehouse lead time and ordering quantity 

No general results were obtained when changing the warehouse lead time and 

ordering quantity. Although, these parameters’ impact on policy performance is 

probably related to their effect on the warehouse reorder point and their relation 

to the shipping interval, most comparisons did not show any significant 

differences. However, there are a couple of observations, seen in table 10, that 

are worth mentioning. 

 

Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

35 CW 1 -1 0 1 - - 3 26.06 26.07 (0.07) -0.03 (0.25)
R1 - 9 1 1 10 2
R2 - 9 1 1 10 2
R3 - 9 1 1 10 2

36 CW 20 -15 4 10 - - 1 23.94 25.82 (0.20) -7.87 (0.82)
R1 - 8 1 1 10 0.5
R2 - 8 1 1 10 0.5
R3 - 8 1 1 10 0.5

Parameters Results

 
Table 10. 

 

Problem 35 demonstrates that the myopic policy only is useful when there are 

shortages at the warehouse. With the lead time set to zero, and the ordering 

quantity set to one single unit, shortages never occur at the warehouse. 

Therefore, no significant difference from FCFS was obtained. Problem 36 

illustrates a situation where the policy performs much worse than FCFS, in part 

due to changes in lead time and ordering quantity. In this problem the ordering 

quantity and lead time are relatively high compared to the demand. This in 

conjunction with a high warehouse holding cost results in a very low warehouse 

reorder point. This means that there is a constant shortage at the warehouse. 

Therefore, when an order arrives at the warehouse most of those units are 

allocated to the retailers as quickly as possible. Considerable time will then pass 

until a new batch arrives at the warehouse, i.e. successive shipments will be 

empty. Since the policy only tries to minimize the costs between two successive 
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shipments, the allocations made are not optimal over all the periods until the 

retailers actually receive any new units. 

5.8 Increasing the number of retailers 

In problems 37-42 (table 11) the number of retailers was increased from three to 

six. Each of the problems was compared to a problem with similar parameter 

settings from the previous sections. These problems are given in parenthesis in 

the table. 
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Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

37 CW 5 6 2 1 - - 3 33.94 33.31 (0.06) 1.85 (0.18)
(2) R1 - 6 1 1 10 1

R2 - 6 1 1 10 1
R3 - 6 1 1 10 1
R4 6 1 1 10 1
R5 - 6 1 1 10 1
R6 - 6 1 1 10 1

38 CW 5 10 2 1 - - 3 49.87 49.02 (0.22) 1.70 (0.44)
(6) R1 - 5 1 1 10 1

R2 - 9 1 1 250 1
R3 - 10 1 1 1000 1
R4 5 1 1 10 1
R5 - 9 1 1 250 1
R6 - 10 1 1 1000 1

39 CW 5 18 2 1 - - 3 54.86 54.24 (0.08) 1.13 (0.14)
(11) R1 - 10 1 1 10 2

R2 - 10 1 1 10 2
R3 - 10 1 1 10 2
R4 10 1 1 10 2
R5 - 10 1 1 10 2
R6 - 10 1 1 10 2

40 CW 5 3 2 1 - - 3 34.94 33.94 (0.30) 2.88 (0.86)
(13) R1 - 2 1 1 10 0.25

R2 - 6 1 1 250 0.5
R3 - 9 1 1 1000 0.75
R4 2 1 1 10 0.25
R5 - 6 1 1 250 0.5
R6 - 9 1 1 1000 0.75

41 CW 5 7 2 1 - - 5 45.08 44.56 (0.07) 1.16 (0.15)
(24) R1 - 7 0.5 1 10 1

R2 - 7 0.5 1 10 1
R3 - 7 0.5 1 10 1
R4 7 0.5 1 10 1
R5 - 7 0.5 1 10 1
R6 - 7 0.5 1 10 1

42 CW 5 9 2 1 - - 3 62.28 61.10 (0.14) 1.89 (0.23)
(29) R1 - 4 1 4 10 1

R2 - 7 1 2 50 1
R3 - 8 1 1 100 1
R4 4 1 4 10 1
R5 - 7 1 2 50 1
R6 - 8 1 1 100 1

Parameters Results

 
Table 11. 

 

In all comparisons, the cost savings were lower for the problems with six 

retailers. Although the cost savings were not significantly lower for problems 

39-41, it still appears that the myopic policy performs better in systems with 

fewer retailers. One possible reason for this is that, by the law of large numbers, 

 59



the relative variability in the total warehouse demand decreases as the number of 

retailers increases. This might limit the number of situations where unusually 

high demand causes a major stock-out at the warehouse and therefore it might 

reduce the effect of the myopic policy. 
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∆
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 % 3 Retailers
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Figure 7. Comparison between systems with three, respectively six retailers. 
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6. Conclusions 

The objective of this thesis was to investigate the value of using a more 

advanced allocation policy than FCFS and, by doing so, to figure out how well 

the simple FCFS works in the studied inventory system. For this purpose, a 

myopic policy, which uses a Lagrangian heuristic to minimize costs over a 

single shipping cycle, was evaluated. 

 

A simulation study showed that, for most configurations of the inventory 

system, using the myopic policy instead of FCFS produces savings in total cost. 

Most of the numerical examples showed savings around 1-4 %, although savings 

up to 5 % were observed. There were also a limited number of examples where 

the myopic policy caused an increase in total costs. The study also indicated in 

what type of systems the myopic policy seems to be most effective. It showed 

that the usefulness of the myopic policy is limited to situations where there are 

shortages at the warehouse. Therefore, the performance of the policy is largely 

determined by how the system parameters affect the frequency, size and impact 

of shortages at the warehouse. Cost savings seem to be higher when there are 

large differences in retailer shortage costs and the policy also appears to perform 

better in systems where the relative variability, i.e. the standard deviation in 

relation to the mean, is high. This means that higher cost savings can be 

expected in systems with low demand and few retailers. It also means that a 

shorter shipping interval improves the performance of the myopic policy. 

However, in systems where these parameters are extremely low their positive 

effect on the performance of the myopic policy is lost. High warehouse holding 

costs and short transportation times are also factors that seem to improve the 

performance of the myopic policy. Due to its myopic nature, the policy performs 

poorly in systems where large occasional shipments to the retailers are meant to 
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cover demand over several shipping cycles, e.g. a system with a short shipping 

interval, high warehouse holding cost and long warehouse lead time. 

 

With regards to what the performance of the myopic policy conveys about the 

assumption of FCFS, the following conclusion seems valid. There does not 

appear to be many, if any, situations where the assumption of FCFS constitutes a 

severe limitation of the system cost performance. Nonetheless, given the right 

system configuration, a 4-5 % per cent decrease in total costs can motivate the 

use of a more advanced allocation policy. 

 

Reflecting upon the implementation of a more advanced logic in Extend, it is 

clear that the option of programming custom blocks does provide the user with a 

certain degree of freedom in the choice of method. However, without a good 

understanding of how the Extend code works and how blocks communicate with 

each other, the advantage of using this type of high-level program, compared to 

using a general programming language, might prove to be rather small. 

 

Regarding future research, it would be interesting to use a more analytical 

approach to examine the strength of FCFS. Although, maybe of lesser 

theoretical value, it would also be interesting to investigate how a more simple 

stock rationing policy, like the ones found in Heijden et al (1997), performs in 

comparison with the myopic policy. Concerning the studied inventory system, a 

prerequisite for using the myopic policy is that the warehouse has access to real-

time information from the retailers. Therefore, the policy is an example of how 

increased visibility in the supply chain can be used to lower costs. This is a topic 

that requires further research and, for the studied inventory system, could 

include investigation of the actual value of using the continuous review ordering 

policies, compared to using periodic review policies. 

 62



7. References 

Axsäter, S. (1990). Simple Solution Procedures for a Class of Two-Echelon 

Inventory Problems. Operations Research, Vol. 38, No. 1. pp 64-70. 

 

Axsäter, S. (1993). Exact and Approximate Evaluation of Batch-Ordering 

Policies for Two-Level Inventory Systems. Operations Research, Vol. 41, No. 4. 

pp. 777-785. 

 

Axsäter. S. Marklund, J. & Silver, E. A. (2002). Heuristic Methods for 

Centralized Control of One-Warehouse, N-Retailer Inventory Systems. 

Manufacturing & Service Operations Management, Volume 4, No.1. pp. 75-97. 

 

Axsäter, S. (2003). Supply Chain Operations: Serial and Distribution Inventory 

Systems, in Graves, S. C & de Kok, A.G. (Eds.), Handbooks in Operations 

Research and Management Science, Vol. 11: Supply Chain Management: 

Design, Coordination and Operation. Elsevier. 

 
Axsäter, S. (2006). Inventory Control. Springer Science. Chapters 5 and 10. 

 

Axsäter, S. (2007). On the First Come-First Served rule in Multi-Echelon 

Inventory Control. Naval Research Logistics, Vol. 54, No. 5. pp 485-491. 

 

Cachon, G. P. & Fisher. M. (2000) Supply Chain Inventory Management and 

the Value of Shared Information. Management Science, Vol. 46. pp. 1032-1048 

 

Cheung, K.L. and Lee, H. L. (2000). The Inventory benefit of Shipment 

Coordination and Stock Rebalancing in a Supply Chain. Management Science, 

Vol. 48, No. 2. pp 300-306. 

 63



 

Clark, A.J. & Scarf, H. (1960). Optimal Policies for a Multi-echelon Inventory 

Systems. Management Science, Vol. 6, No. 4. pp 475-490. 

 

Eppen, G. & Schrage, L. (1981). Centralized Ordering Policies in a Multi-

Warehouse System with Leadtimes and Random Demand in Schwarz, L. (ed), 

Multi-Level Production/Inventory Controll Systems: Theory and Practise. North 

Holland, Amsterdam, The Netherlands. pp 133-173. 

 

Extend help manual. (2007). Portions copyright © 1987-2007 Imagine That Inc. 

(All rights reserved). 

 

Federgruen, A. & Zipkin, P. (1984). Allocation Policies and Cost 

Approximations for Multilocation Inventory Systems. Naval Research Logistics, 

Vol. 31, No. 1. pp 97-129. 

 

Graves, S.C. (1996). A Multiechelon Inventory Model with Fixed 

Replenishment Intervals. Management Science, Vol. 42, No. 1. pp 1-18 

 

Heijeden, M. C. Van der., Diks, E.B & de Kok, A.G. (1997). Stock Allocation in 

General Multi-Echelon Distribution Systems with (R, S) order-up-to-policies. 

International Journal of Production Economics, Vol. 49, No. 2. pp 157-174 

 

Jackson, P. L. & Muckstadt, J. A. (1989). Risk pooling in a two-period, two-

echelon inventory stocking and allocation problem. Naval Research Logistics, 

Vol 36, No 1. pp 1-26 

 

Laguna, M. & Marklund, J. (2005). Business Process Modeling, Simulation, and 

Design. Pearson Prentice Hall. chapters 7 & 8.  

 64



 

Law, A. M. & Kelton W. D. (2000) Simulation Modeling and Analysis. 

McGraw-Hill. Chapters 1, 3, 4, 7 & 9. 

 

McGavin, E. J., Schwarz, J. E. & Ward, E. (1993). Two-interval inventory-

allocation policies in a one-warehouse, N-identical-retailer distribution system. 

Management Science, Vol. 39. pp 1092-1107. 

 

Marklund, J. (2007). Inventory Control in Divergent Supply Chains with Time 

Based Dispatching and Shipment Consolidation. Working paper. Lund 

University Dept. of Industrial Management and Logistics. 

 

Silver, E. A., Pyke, D. F. & Peterson, R. Inventory Management and Production 

Planning and Scheduling. 1998. John Wiley and Sons. Chapters 1, 7 & 12. 

 

Yates, R. D. & Goodman, D J. (2004). Probability and Stochastic Processes: A 

Friendly Introduction for Electrical and Computer Engineers. John Wiley and 

Sons. 

 

Zipkin, P. H. Foundations of Inventory Management. (2000). The McGraw-Hill 

Companies. Chapters 6-9. 

 65



8. Appendix 

This chapter contains an explanation of how the studied inventory system was 

modeled in Extend. The aim is to give the reader a basic idea of how this type of 

simulation software can be used to model inventory systems. Therefore, details 

about specific block settings are omitted. However, the block which was 

specially programmed to handle the communication with Matlab is presented in 

greater detail. Readers that are not at all familiar with Extend, or other similar 

types of software, are referred to the Extend manual (2007) or an introductory 

textbook, e.g. Laguna and Marklund (2005). Furthermore, this chapter includes 

all the programming code, which was written in Extend and Matlab. 

8.1 Extend model 

The model consists of four basic components. These are the blocks representing 

the retailer, the warehouse, the area where the units wait for shipment and the 

block that handles the communication with Matlab. The first three components 

are all hierarchical blocks consisting of standard blocks found in the Extend 

libraries. The fourth component is programmed in a template provided by 

Extend. In figure 1 the different connections between the blocks are shown. 

Connectors at the left and right of the blocks pass items while connectors on the 

top and bottom forward information. Some of the top and bottom connectors are 

attached to a block of text. This means that the information is sent to a block 

outside the area which is shown in figure 1. The smaller circular blocks are 

constants that can be changed by the user. These constants supply the blocks 

with information about current parameter settings. To gain a basic understanding 

of how the model works, a description of how an item (unit of demand) flows 

through the model is given. The import block creates items at exponential time 

instances. The item immediately enters the retailer block. 
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The item enters the operation reverse block in the retailer block (figure 2). This 

block creates a copy of the item. The copy is assigned the retailer number as an 

attribute by the set attribute block and is then passed on to the warehouse as a 

signal that demand has occurred. The original item moves on to the right stack 

block, named Stack 1, which is a basic FCFS queue. The number of items in this 

stack block represents the current backorder level. The L connector on the top of 

stack 1 outputs the number of items currently in queue. This number is sent to 

the activety service block which releases the specified amount from the left stack 

block, named Stack 2, which represents the stock on hand. The released item 

and the item from the backorder stack both enter the batch block and are batched 

together and then leave the model through the export block, seen in figure 1. If 

there is no stock on hand the item will remain in the backorder stack until 

demand can be satisfied. The program block and the unbatch block at the left 

lower corner of figure 2 are used to set the starting stock at the beginning of the 

simulation. The merge block is a simple routing block that allows the warehouse 

deliveries to enter the Stack 1 block. 

 

In the upper left corner of figure 1 the item which was sent from the retailer 

enters the Warehouse block (figure 3). Once the item has entered, the DE 

equation block gathers information about queue lengths, i.e. on hand stock and 

backorders as well as the amount of items on order. The block then calculates 

the inventory position, with the current demand included, and passes that 

information to the decision block. The decision block compares the inventory 

position to the reorder point and decides if the item should be copied in the 

operation reverse block so that a signal can be sent to the outside supplier. If a 

signal is sent, the copy enters the transaction block, seen in figure 1, where it is 

held for the specified lead time. The original item continues to the stack block 

representing warehouse backorders and the same procedure as in the retailer 
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block takes place. The unit is then passed to the Ready for shipment block, seen 

in figure 4 . 
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When the item arrives at the ready-for-shipment block (figure 4), the item’s 

attribute value, i.e. retailer number, is read by the get attribute block and passed 

on to the decision block. The decision block then decides which route the item 

will take. The item is then counted in the appropriate count item block. Keeping 

track of the number of items originating from each retailer enables the Extend 

model to send the FCFS allocations solution to Matlab. The Lagrangian heuristic 

can then start with an initial upper bound. After the item has been counted it is 

stored in the stack block to wait for shipment. When it is time for shipment the 

import block creates an item which passes through the DE Equation block. This 

block then sends a signal to the Matlab block that a calculation is needed. The 

Matlab block (figure 6) gathers queue length information from the stack blocks 

in the present hierarchical block and all the retailer blocks and tries to find a 

better allocation with the Lagrangian heuristic. The optimal solution is sent to 

the set attribute block in the Ready-for-Shipment block (figure 4) and the item 

passing through is given the optimal solution as attributes. The stop blocks 

prevent the count item blocks from sending additional signals to the Matlab 

block. The item containing the optimal allocations is split in the operation 

reverse block and each copy is assigned the value of the number of units which 

are to be sent. Each of the split items then enters the activety service block and 

the assigned values are released to the appropriate retailer. At the transactions 

blocks (figure 1) the shipped items are held for the specified transportation 

times. The items then enter the stack blocks at the retailers (figure 2). Extend 

provides mean and variance blocks (figure 5) for calculation of the mean and 

variance of a specified output. These blocks are connected the L connectors of 

the two retailer stack blocks as well as the warehouse and ready-for-shipment 

stack blocks to obtain the mean inventory and backorder levels. The DE 

equations block then calculates mean costs. The import block is used to make 

observations of the costs at a given time interval. 
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Figure 5. Cost calculations for retailer 1. Extend blocks copyright © 1987-2007 Imagine That 

Inc. All rights reserved. 

 

 

 
Figure 6. Matlab block. Portions copyright © 1987-2007 Imagine That Inc. All rights 

reserved. 

 

The Matlab block passes information between Extend and Matlab. When it is 

time for shipment the block receives the FCFS allocations and current inventory 

positions and sends this information to Matlab. The new allocations calculated 
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by Matlab are then received and forwarded to the ready-for-shipment block. In 

the next section the Matlab block is presented in further detail. 

8.2 Programming custom blocks in Extend 

The purpose of this section is to give a short introduction to how custom blocks 

can be programmed in Extend. Therefore, some of the described concepts are 

simplified. For a more comprehensive description the reader is referred to the 

Extend manual (2007). 

 

To program custom blocks the Build new block option in the develop menu is 

chosen. After being prompted to choose a name and a library in which to store 

the new block, the blocks dialog and structure windows are opened (figure 7). 
 

The dialog window will be accessible to the user when the block is implemented 

in a specific model. Here, the user defines specific block settings before the 

simulation starts. The structure window is where the block is designed and 

where the program code is written. The code Extend blocks use is called ModL, 

which is almost identical to C (there are a few differences, e.g. ModL is not case 

sensitive). 

 

The concept of system messages are important in order to understand how the 

blocks in Extend work. System messages are sent to blocks to prompt them to 

perform specific tasks. There are a variety of system messages, although, the 

most frequently used is the on simulate (all system messages begin with the 

prefix on). This message is sent to all blocks at every step of the simulation. 

Blocks also send system messages to each other through their connectors. When 

values are sent between blocks they are often followed by the on simulate 

message. This means that this message may be sent many times, during the same 

simulation step, to a block which is connected to several other blocks.
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When a block receives a system message it executes the code that is written for 

this message. Therefore, all block code is grouped under different system 

messages to specify for which message the various parts of the code should be 

executed. 

 

The concept of a variable is basically the same as for other programming 

languages. Variables can be declared at the top of the block code, the most 

commonly used variable formats being the real (numerical values) and string 

(text) formats. However, variables are also created when a dialog item or a 

connector is defined. 

 

Dialog items are the objects seen in the dialog window, to the left in figure 7, 

when the user opens the block. Some dialog items are static, e.g. texts or labels, 

while others are dynamic, e.g. boxes or buttons where the user can enter desired 

block settings. A new item is created by choosing Develop and then New dialog 

item. When a new dynamic item is created, the user is prompted to enter a 

variable name which is to be associated with the item. When the user then enters 

a text or number, or chooses an option, in the dialog window a variable with the 

specified name and input is made available in the block code. For instance, 

assume that a dialog window consists of a single dialog item, a box for entering 

numerical values. Also assume that the box has been given the name BoxVar. If 

the user enters the number 5 in the box, it is the equivalent of declaring 

 real BoxVar = 5; 

in the program code. A button works in the same way. If the button is pushed in, 

the associated variable is given the Boolean value true, otherwise it is given the 

value false. 

 

Connectors pass items or information between blocks. This description will 

focus on connectors that pass information, i.e. numerical values. Much like 
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dialog items every block connector is associated with a variable. The difference 

is that for a dialog item the user defines the variable values at the beginning of 

the simulation, while for a connector the variable values are changed during the 

simulation by the blocks it is connected to. Connectors are created and placed in 

the graphical representation of the block (upper left corner of the structure 

window in figure 7) by using the Icon tool. The suffix in/out in the 

connector/variable name defines if the connector is to receive values from other 

blocks (input connector) or send values to other blocks (output connector). 

When a system message is sent to a block, all receiving connector variables are 

set to the values that are obtained from connecting blocks. The appropriate code 

is then executed (in which the output connector values might be changed). When 

the code has been executed the values of the output connector variables are sent 

to the next receiving block. As an example, consider the construction of a block 

that multiplies the input from a block that counts items with the factor 5 and 

then outputs the result. First, an input connector named ValueIn is created. 

Second, an output connector named ResultOut is created. Third, under the on 

simulate message the following code is written 

 on simulate 

 { ResultOut =5 * ValueIn; 

 } 

Now, when an item passes through the count item block the current value along 

with the on simulate message is sent to the new block, which runs the code and 

sets the output connector to the desired value. 

8.3 Matlab block 

The method described in the previous section was used to program a block that 

communicates with Matlab. The block is connected to the model so that each 

connector gathers a specific piece of information (e.g. a retailers’ inventory 

position). In the dialog window (see figure 7 in the previous section), the user 
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enters the Matlab variable names which are to be associated with each 

connector. This way, string variables containing the Matlab variable names are 

created in the block code. This means that each piece of information (e.g. a 

retailer inventory position) that needs to be sent to Matlab has a corresponding 

dialog item variable (containing the Matlab variable name) and connector 

variable (containing the value that is to be sent). In the dialog window, the user 

also enters the command that prompts Matlab to run the Lagrangian heuristic. 

The Matlab variable names and values, along with the command, are then sent 

to Matlab by using Extends IPC (inter-process communication) commands. 

These built-in functions provide a standard way for different applications to 

communicate with each other. As an example of how the dialog and connector 

variables are used to send information through the IPC commands, assume that a 

dialog box is associated with the variable BoxVar. Also assume that there is an 

input connector associated with the variable ValueIn. Now, assume that the user 

at the start of the simulation enters the string InventorLevel in the dialog box.  

 

 
Figure 8. The dialog window which the user sees when the block is opened. 

 

This means that 

 {String BoxVar = “InventoryLevel”; 
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 }. 

Now, also assume that that the simulation is running and that a block sends the 

current value of the inventory position, e.g. 5, to the ValueIn connector. In other 

words 

 {real ValueIn = 5; 

 }. 

Now a variable with value 5 and name InventoryLevel can be defined in Matlab 

through 

 {IPCExecute(ConID, BoxVar+”=”+ValueIn, “EngEvalString”); 

 }. 

The expression above is the equivalent of typing  

 InventoryLevel = 5 

in the Matlab command window. 

 

 
Figure 9. The structure window of the example block. 
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The code used in this thesis, with some comments, is presented below. It should 

be noted that, even though it was not needed to perform the numerical tests in 

this thesis, the block was programmed to handle 24 input values and 12 output 

values. It should also be explained that in order to efficiently send and receive 

data, each dialog item variable (VarC1-VarC36) and connector variable (C1-

C24) had to be “manually” placed in vectors (arrays). This explains why the 

code might seem unnecessarily long. 

8.3.1 Block code 

// Declare constants and static variables here. 
real ConId; 
string VariablesIn[24]; 
string VariablesOut[12]; 
real ConnectorsIn[24]; 
real ConnectorsOut[12]; 
real i; 
real j; 
real OnOffTest; 
 
// Initialize any simulation variables. Message is sent when the simulation starts. 
on initsim 
{ 
 //Creates an IPC link to Matlab. 
 ConId=IPCConnect("matlab", "engine"); 
 
 if (ConId==0) 
 {  
  ABORT; 
 } 

//Creates vectors containing specified Matlab variable names. 
 VariablesIn[0]=VarC1; 
 VariablesIn[1]=VarC2; 
 VariablesIn[2]=VarC3; 
 VariablesIn[3]=VarC4; 
 VariablesIn[4]=VarC5; 
 VariablesIn[5]=VarC6; 
 VariablesIn[6]=VarC7; 
 VariablesIn[7]=VarC8; 
 VariablesIn[8]=VarC9; 
 VariablesIn[9]=VarC10; 
 VariablesIn[10]=VarC11; 
 VariablesIn[11]=VarC12; 
 VariablesIn[12]=VarC13; 
 VariablesIn[13]=VarC14; 
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 VariablesIn[14]=VarC15; 
 VariablesIn[15]=VarC16; 
 VariablesIn[16]=VarC17; 
 VariablesIn[17]=VarC18; 
 VariablesIn[18]=VarC19; 
 VariablesIn[19]=VarC20; 
 VariablesIn[20]=VarC21; 
 VariablesIn[21]=VarC22; 
 VariablesIn[22]=VarC23; 
 VariablesIn[23]=VarC24; 
  
 VariablesOut[0]=VarC25; 
 VariablesOut[1]=VarC26; 
 VariablesOut[2]=VarC27; 
 VariablesOut[3]=VarC28; 
 VariablesOut[4]=VarC29; 
 VariablesOut[5]=VarC30; 
 VariablesOut[6]=VarC31; 
 VariablesOut[7]=VarC32; 
 VariablesOut[8]=VarC33; 
 VariablesOut[9]=VarC34; 
 VariablesOut[10]=VarC35; 
 VariablesOut[11]=VarC36; 
  
 OnOffTest=1; 
} 
 
// This message occurs for each step in the simulation. The code is only run if it is time for a 
shipment, i.e. when the DE equation block sends a signal (the value 1). 
on simulate 
{ 

if (OnOffSwitch) 
 { 
  OnOffTest=OnOffIn; 
 } 
  
 if (OnOffTest==1) 
 { 
  //Creates a vector containing the values received at the connectors. 
  ConnectorsIn[0]=C1In; 
  ConnectorsIn[1]=C2In; 
  ConnectorsIn[2]=C3In; 
  ConnectorsIn[3]=C4In; 
  ConnectorsIn[4]=C5In; 
  ConnectorsIn[5]=C6In; 
  ConnectorsIn[6]=C7In; 
  ConnectorsIn[7]=C8In; 
  ConnectorsIn[8]=C9In; 
  ConnectorsIn[9]=C10In; 
  ConnectorsIn[10]=C11In; 
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  ConnectorsIn[11]=C12In; 
  ConnectorsIn[12]=C13In; 
  ConnectorsIn[13]=C14In; 
  ConnectorsIn[14]=C15In; 
  ConnectorsIn[15]=C16In; 
  ConnectorsIn[16]=C17In; 
  ConnectorsIn[17]=C18In; 
  ConnectorsIn[18]=C19In; 
  ConnectorsIn[19]=C20In; 
  ConnectorsIn[20]=C21In; 
  ConnectorsIn[21]=C22In; 
  ConnectorsIn[22]=C23In; 
  ConnectorsIn[23]=C24In; 
  

//Vector values are sent to Matlab along with a specified command. The  
//functions StrReplace, RealTostr,StrFind converts the number format 0,0 used by 
//Extend, to 0.0 used by Matlab. 

  for (i=0; i<NumVarIn; i++) 
  { 

IPCExecute(ConId,VariablesIn[i]+"="+StrReplace(RealTostr(ConnectorsIn[
i], 10), StrFind(RealTostr(ConnectorsIn[i], 10), ",", 0, 0), 1, "."), 
"EngEvalString"); 

  } 
  IPCExecute(ConId, Command, "EngEvalString"); 
   
  //Creates a vector containing the values received from Matlab.  
  for (j=0; j<NumVarOut; j++) 
  { 
   ConnectorsOut[j]=StrToReal(IPCRequest(ConId, VariablesOut[j])); 
  } 
  //Assigns the received values to the output connectors. 
  C25Out=ConnectorsOut[0]; 
  C26Out=ConnectorsOut[1]; 
  C27Out=ConnectorsOut[2]; 
  C28Out=ConnectorsOut[3]; 
  C29Out=ConnectorsOut[4]; 
  C30Out=ConnectorsOut[5]; 
  C31Out=ConnectorsOut[6]; 
  C32Out=ConnectorsOut[7]; 
  C33Out=ConnectorsOut[8]; 
  C34Out=ConnectorsOut[9]; 
  C35Out=ConnectorsOut[10]; 
  C36Out=ConnectorsOut[11]; 
 } 
} 
 
//Message is sent at the end of the simulation. 
on EndSim 
{ 
 IPCExecute(ConId, "clear", "EngEvalString"); 
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 IPCDisconnect(ConId); 
} 

7.4 Matlab Code 

----------------------------------------------------------------------------------------------------------------- 
% m-file: StartExt. File is called from Extend at the start of the simulation. 
lambda=ones(1,NoRe)./MeanT; 
Re=h./p; 
lowest=find(Re==min(Re)); 
GiveToPlus=lowest(1); 
highest=find(Re==max(Re)); 
GiveToMinus=highest(1); 
u_min=-T*max(p); 
u_max=T*max(h); 
Epsilon=0.01; 
Epsilon2=0.01; 
----------------------------------------------------------------------------------------------------------------- 
% function: ExtOpt. Main program. 
function 
y_Pess=ExtOpt(yin,IP,p,h,lambda,Epsilon,Epsilon2,GiveToPlus,GiveToMinus,NoRe,T,L,u_min,u_max
) 
A=sum(yin); 
Z=TotalCost(yin,lambda,h,p,IP,NoRe,T,L); 
Z_Opt=-1; 
Z_Pess=Z; 
y_Pess=yin; 
while 1 
    u=(u_min+u_max)/2; 
    y=OptimalY(u,lambda,h,p,IP,NoRe,A,T,L); 
    Z=TotalCost(y,lambda,h,p,IP,NoRe,T,L); 
    Diff=A-sum(y); 
    H=Z+u*Diff; 
    Z_Opt=max(H,Z_Opt); 
    if Diff>0 
        u_min=u; 
    elseif Diff<0 
        u_max=u; 
    else 
        y_Pess=y; 
        Z_Pess=Z; 
        break; 
    end 
    y=Pessimistic(Diff, GiveToPlus, GiveToMinus, y); 
    Z=TotalCost(y,lambda,h,p,IP,NoRe,T,L); 
    if (sum(y)==A) & Z<Z_Pess 
           y_Pess=y; 
           Z_Pess=Z; 
    end   
    if (Z_Pess-Z_Opt)/abs(Z_Opt)<=Epsilon 
        break; 
    end 
    if u_max-u_min<=Epsilon2 
        break; 
    end 
end 
----------------------------------------------------------------------------------------------------------------- 
% function: TotalCost. Calculates the total cost for a given solution. 
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function [Z] = TotalCost(y,lambda,h,p,IP,NoRe,T,L) 
Z=0; 
for n=1:NoRe 
    TotReCost=0; 
    for k=1:T 
        ReCost=p(n)*(lambda(n)*(k+L(n))-(y(n)+IP(n))); 
        for x=0:y(n)+IP(n) 
            ReCost=ReCost+(h(n)+p(n))*(y(n)+IP(n)-x)*poisspdf(x,lambda(n)*(k+L(n))); 
        end 
        TotReCost=TotReCost+ReCost; 
    end 
    Z=Z+TotReCost; 
end 
----------------------------------------------------------------------------------------------------------------- 
% function: OptimalY. Calculates the optimal allocations for a given multiplier value. 
function [y] = OptimalY(u,lambda,h,p,IP,NoRe,A,T,L) 
for n=1:NoRe 
    if (T*p(n)+u)/(p(n)+h(n)) >= T 
        y(n)=A; 
    else 
        y(n)=0; 
        step=round((A)^0.5); 
        Sumcdf=0; 
        for k=1:T 
            Sumcdf=Sumcdf+poisscdf(y(n)+IP(n), lambda(n)*(k+L(n))); 
        end 
        for i=1:2 
            while Sumcdf<(T*p(n)+u)/(p(n)+h(n)) & y(n)<A 
                Sumcdf=0; 
                y(n)=y(n)+step; 
                for k=1:T 
                    Sumcdf=Sumcdf+poisscdf(y(n)+IP(n), lambda(n)*(k+L(n))); 
                end 
            end 
            if i==1 
                y(n)=y(n)+1-step; 
                if y(n)<0 
                    y(n)=0; 
                end 
                step=1; 
                Sumcdf=0; 
                for k=1:T 
                    Sumcdf=Sumcdf+poisscdf(y(n)+IP(n), lambda(n)*(k+L(n))); 
                end 
            end 
        end 
    end 
end 
----------------------------------------------------------------------------------------------------------------- 
% function: Pessimistic. Tries to generate a feasible solution. 
function [y]=Pessimistic(Diff, GiveToPlus, GiveToMinus, y) 
if Diff>0 
    y(GiveToPlus)=y(GiveToPlus)+Diff; 
elseif  y(GiveToMinus)+Diff>=0 
    y(GiveToMinus)=y(GiveToMinus)+Diff; 
end 
----------------------------------------------------------------------------------------------------------------- 
% m-file: RunOpt3. File that is called from Extend to start the Lagrangian heuristic (3 
retailers). 
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y_Pess=ExtOpt(yin,IP,p,h,lambda,Epsilon,Epsilon2,GiveToPlus,GiveToMinus,NoRe,T,L,u_min,u_max
); 
y1out=y_Pess(1); 
y2out=y_Pess(2); 
y3out=y_Pess(3); 
----------------------------------------------------------------------------------------------------------------- 
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7.5 Additional numerical test problems 

This section presents problems 44-60 in detail. The problems are not arranged in 
any particular order. 
 

Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

43 Cw 10 -2 2 1 - - 5 24.33 23.64 (0.26) 2.82 (1.07)
R1 - 3 1 1 10 0.25
R2 - 8 1 1 250 0.5
R3 - 12 1 1 1000 0.75

44 Cw 10 -2 2 1 - - 5 22.24 21.19 (0.14) 4.74 (0.63)
R1 - 6 1 1 10 0.75
R2 - 8 1 1 250 0.5
R3 - 6 1 1 1000 0.25

45 Cw 10 9 2 1 - - 5 72.70 72.20 (0.31) 0.69 (0.42)
R1 - 20 1 1 10 3
R2 - 28 1 1 250 3
R3 - 31 1 1 1000 3

46 Cw 10 12 2 1 - - 5 75.43 74.54 (0.30) 1.17 (0.40)
R1 - 7 1 1 10 1
R2 - 27 1 1 250 3
R3 - 45 1 1 1000 5

47 Cw 10 9 2 1 - - 5 68.14 66.98 (0.20) 1.70 (0.30)
R1 - 32 1 1 10 5
R2 - 28 1 1 250 3
R3 - 14 1 1 1000 1

48 Cw 1 5 2 1 - - 3 19.98 19.41 (0.06) 2.85 (0.29)
R1 - 4 0 1 10 1
R2 - 6 0 1 50 1
R3 - 7 0 1 100 1

49 Cw 1 4 2 1 - - 3 25.81 25.22 (0.12) 2.26 (0.47)
R1 - 10 4 1 10 1
R2 - 12 4 1 50 1
R3 - 13 4 1 100 1

50 Cw 1 4 2 - - 3 26.01 25.47 (0.21) 2.08 (0.79)
R1 - 6 1 1 10 1
R2 - 12 4 1 50 1
R3 - 17 7 1 100 1

51 CW 5 3 2 1 - - 1 18.46 17.71 (0.13) 4.10 (0.73)
R1 - 4 1 1 10 1
R2 - 7 1 1 250 1
R3 - 8 1 1 1000 1

Parameters Results

 
Table 1. 
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Insta-
No llation Q R, S L h p λ T TCFCFS TCMyopic  (Std) ∆TC (Std) %

52 CW 5 4 2 1 - - 2 22.20 21.63 (0.15) 2.57 (0.66)
R1 - 5 1 1 10 1
R2 - 8 1 1 250 1
R3 - 9 1 1 1000 1

53 Cw 5 7 2 1 - - 1 17.05 16.42 (0.05) 3.7 (0.28)
R1 - 7 1 1 10 2
R2 - 7 1 1 10 2
R3 - 7 1 1 10 2

54 Cw 5 6 2 1 - - 5 39.86 39.42 (0.10) 1.11 (0.26)
R1 - 14 1 1 10 2
R2 - 14 1 1 10 2
R3 - 14 1 1 10 2

55 Cw 5 5 2 1 - - 7 51.60 51.02 (0.13) 1.14 (0.26)
R1 - 18 1 1 10 2
R2 - 18 1 1 10 2
R3 - 18 1 1 10 2

56 Cw 10 2 2 1 - - 1 16.60 16.14 (0.08) 2.77 (0.46)
R1 - 4 1 1 10 1
R2 - 5 1 1 50 1
R3 - 6 1 1 100 1

57 Cw 10 0 2 1 - - 3 23.14 22.21 (0.09) 3.99 (0.39)
R1 - 6 1 1 10 1
R2 - 8 1 1 50 1
R3 - 9 1 1 100 1

58 Cw 10 0 2 1 - - 5 29.89 28.98 (0.10) 3.06 (0.35)
R1 - 8 1 1 10 1
R2 - 10 1 1 50 1
R3 - 11 1 1 100 1

59 CW 1 10 2 1 - - 3 49.19 48.15 (0.18) 2.12 (0.36)
R1 - 13 7 1 10 1
R2 - 12 4 1 50 1
R3 - 8 1 1 100 1
R4 13 7 1 10 1
R5 - 12 4 1 50 1
R6 - 8 1 1 100 1

60 CW 10 0 2 1 - - 1 41.39 40.30 (0.21) 2.65 (0.50)
R1 - 6 1 1 10 0.75
R2 - 8 1 1 250 0.5
R3 - 6 1 1 1000 0.25
R4 6 1 1 10 0.75
R5 - 8 1 1 250 0.5
R6 - 6 1 1 1000 0.25

Parameters Results

 
Table 2. 
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