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Abstract: This paper tackles the problem of optimizing safety stocks in a two-echelon
assembly system. It presents and discusses several approximation models for the
assembly lead-time under the assumption of normality of the assembly demand and
normality of components’ nominal lead times. These approximation models are
subsequently used to optimize safety stocks throughout a two-echelon assembly system.
They are then tested on a particular two-echelon N-identical component assembly system.
The obtained results are compared with the results of a discrete event simulation. Finally,
it is shown that lead-times and safety stock results already obtained for a two-echelon
distribution system can also be derived without difficulty from those of two-echelon
assembly systems.

Keywords: Safety stocks, two-echelon assembly, decision support systems.

1. Introduction

This paper deals with safety stock optimization in a 2-echelon assembly system.
As illustrated in figure 1 below, a typical system that is analyzed consists of N
independent component-supply processes and a manufacturing process for an assembly
made out of these N components. In the general case of different component suppliers,
lead-times and lot sizes of the components vary from one supplier to another. Companies
tend, thus, to build significant safety stocks for these components in order to decouple the
assembly operation from the components’ supply processes. Also, since the (external)
independent customer demand is for assemblies only, companies tend also to build a
significant safety stock of assemblies to hedge against uncertainty the external demand
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and variability of the assembly lead-time. The issue now is how to reduce these safety
stocks while keeping the same performance level of the system.

Figure 1: Example of assembly system with N components

If safety stocks of the components are reduced, this will increase the number of
component back-orders as well as the time to resolve them. Therefore, a first question we
address is how to characterize the behaviour of each individual component. To answer
this question we will build upon the results already developed in Desmet et al. (2008).
Furthermore, since the assembly process can start only when all components are
available, that is after the largest back-order service time, a second question we address is
related to the issue of combining stockout effects of these components. From this analysis
the “incoming service time” to the assembly operation will be derived. Finally, the
problem of optimizing safety stocks in an assembly system is addressed. Clearly,
reducing safety stocks of the components increases the “incoming service time” to the
assembly operation. Yet, to maintain a fixed service level for the customer safety stock of
the assembly should be increased. The key question is thus, which levels of safety stocks
of components and assembly will lead to an optimal safety stock situation for the system.

In what follows we consider an assembly system where an assembly is
manufactured out of N components with a non-identical supply. Without loss of
generality, we assume one unit of each component is required for producing one unit of
the assembly. Demand for the assembly is assumed to be normally distributed with an

average 4, and a variance O'i. The assembly stock is controlled by means of a
continuous review policy (Qa,Ra) (where Q, is the order quantity and R, is the reorder
point). The nominal lead time for the assembly operation, denoted by L , is assumed to be

a’

normally distributed with average x, and variance 0'20 . The nominal lead time assumes

all components are available in the requested quantities, i.e. multiples of Q, . In case the

requested quantity of one or more components is not available, this quantity is back-
ordered for the respective components for the full amount until sufficient components
become available. The actual lead time for the assembly operation, which we denote
by L,, includes a waiting time for all components to become available. In what follows

we call this resulting waiting time the incoming service time to the assembly operation
and is denoted by S

The dependent demand for component i, denoted by d;, can be characterized by a

binomial distribution. The probability p, for component demand to occur is given by
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Ha,

Pi=7
As a result the number of orders o, for a component i is binomially distributed with

The number of trials n, equals the number of assemblies so n, =1 in this case.

a

. . u u H, . .
average u, and variance af[ given by u, =QL;' and o, = QL l_Q_;“ . The binomial

demand distribution for component i follows by multiplying with the demand size Q,

and leads to u, =u, and o, =Q,,|~({l-%). We use the resulting average and

a\ 0, 0,

variance for a normal approximation of the demand for the component i. The reorder
policy for each component i is also assumed to be based on a (Qi,Ri) policy. In addition,

replenishment sources of the components are assumed to have infinite capacities. This
implies that the actual replenishment lead times equal the nominal lead times, assumed to
be normally distributed with average x, and variance GZ/_ . Finally, it is assumed that the

system carries safety stocks, both for the components (i) and the assembly (a), that are
proportional to target service levels f; and f, respectively. In this case volume fill rates

are used to measure service levels. Safety stocks take into account uncertainty on
demands and uncertainty on the actual replenishment lead times. The following single-
echelon safety stock model is used (see Axséter (2000)):

_ 2 2 2
SSiv“ - k(f;va’Qis“ ,ﬂdi,a ’Gd,.a ”uLi,a ’GLi,a ) \/'qu.a O-d,.a + ﬂdi,a GLi,a

for the components (i) and the assembly (a), and where the function k is obtained from:

2 2 2
f 1 \/ﬂLl a Gdi,a + ﬂdl,a O-Ll .a
i,a =1-

E(k)

where E(k) =(ps(k)—k[1—CDS(k)], (ps(k) and CDS(k) are normal distribution probability
density and cumulative probability functions respectively. Using these pieces of

information, the system’s safety stock can be expressed as:

N
SSw, = zk, (f;"Qi’ﬂd,. ,O-d’, ,,uL’, ’O-Li )\/;UL’, Gji + ﬂjl O-Zi (1)
i=1

2 2 2
+k, (f Qs Hq Oy M, -0, )\/;ULH Oy, TH. 01,

The main goal of our analysis is to model the effect of a reduction in component
fill rates £, on the system’s safety stock for a fixed assembly fill rate f,. As one can

observe from equation (1), decreasing the component fill rates leads to reductions in the
component safety stocks. However this may increase the average and variance of the
incoming service time to the assembly operation. This increases thus the average and
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variance of the actual assembly lead time which in turn results in an increase in assembly
safety stock, if one wants to maintain a target fill rate for the assembly. The question is
now which level of the component fill-rates minimizes the system’s safety stock while
maintaining the targeted assembly service level.

In the next paragraphs we present a brief literature review and discuss the issues
we attempt to address. We then introduce an approximation for the incoming service time
to the assembly operation and test our results with a discrete event simulation. This
allows us to assess the effect of reducing the component fill rate on the system’s safety
stock. We conclude this analysis by showing that safety stock optimization results for
distribution systems follow as special cases of the results from the assembly system.

2. A Brief Literature Review

In this section, we provide a concise review of some papers addressing safety
stock allocation and optimization in multi-stage systems. For recent surveys on multi-
echelon production and inventory systems we refer to van Houtum (2006), de Kok and
Fransoo (2003), and Axsiter (2003). The specific case of repairables is addressed in
Sherbrooke (2004) and in Muckstadt (2005). As van Houtum (2006) reported, optimal
policies are only known for simple networks and under specific assumptions, e.g. for an
assembly system assuming constant instead of stochastic lead times and base stock
policies instead of using a fixed lot size (R,Q) policy. For more realistic supply chains, a
large part of the literature deals with heuristics. Because of the complexity in the
interactions, simulation is usually used to evaluate the performance of these heuristics
and to generate insights on the behaviour of multi-echelon production-distribution
inventory networks. Some comprehensive simulation studies were carried by Merkuryev
et al. (2009, 2008, 2007), Olhager and Persson (2006), Kochel and Nielander (2005),
Swaminathan et al. (1998).

From a much broader perspective, the literature on multi-echelon systems can be
classified in three large sets. A first set of papers focuses on optimizing lot sizes. In
contrast to the literature addressing safety stock, papers in this set assume constant or
deterministic demand. Related influential papers are, among others, Muckstadt and
Roundy (1993), Roundy (1985, 1986, 1989); and some pioneering papers are Crowston
and Wagner (1973b) and Crowston et al. (1973a). Additional relevant papers include
Mohamed et al. (2004), Moreira and Bispo (1999), Modarres and Taimury (1997) which
extend the results of Muckstadt and Roundy (1987). A second set of papers focuses on
optimizing control policies. The pioneering work in this area is that by Clark and Scarf
(1960) for serial systems. For assembly systems, de Kok and Visschers (1999) introduced
the so called synchronized base stock policies with service constraints. Recently, amongst

Paper Smeltt%dtt%):%F::Rmanuscriptcentral.Com/tprs Email: ijpr@lboro.ac.uk

Page 4 of 21



Page 5 of 21

©CoO~NOUTA,WNPE

International Journal of Production Research

others, Siajadi et. al. (2005) analyzed a joint replenishment problem in an assembly
system and Van den Broecke et. al. (2003) discussed cyclic schedules in a multi-stage
multi-product system. A third set of papers, to which this paper contributes, focuses on
safety stocks optimization in supply chains. These papers address the key research
questions for assembly systems introduced in the previous paragraph: characterizing
stockouts for components and combining potential stockouts of the N components going
in the assembly. Key papers are Schwarz et al. (1985), Graves and Willems (2000) and
Ettl et al. (2000).

Schwarz et al. (1985) build on Deuermeyer and Schwarz (1981). They
characterize the expected value of the service time for back-orders in the central
warehouse of a distribution system. For that they assume Poisson distributed demand to
the warehouse, a constant lead time and a (Q,R) policy for reordering. They derive an
expression for the average number of back-orders and then use the Theorem of Little to
derive the average service time for back-orders. Their work has not been extended to
assembly systems. In this paper we assume normally distributed demand and lead times.
We also consider a normal approximation for service times, instead of only the average.

Graves and Willems (2000) discuss safety stock optimization in spanning tree
assembly systems. Their model assumes a bounded demand, a base stock policy with
common review cycle for reordering, and constant nominal lead times. The bounded
demand assumption makes sure that demand will not exceed a given demand upper
bound. In extending a result of Simpson (1958), these assumptions allow deriving an
extremum characteristic for the outgoing service time of a component, defined as the time
between receipt of an order for a component and its actual availability. The optimal
outgoing service time equals either the nominal replenishment lead time for the
component or zero, corresponding with a safety stock respectively equal to zero or equal
to the demand bound. Thus, under the above assumptions, the outgoing service times are
constant. As a result, for Graves and Willems (2000), the incoming service time to the
assembly operation simply follows as the maximum of the outgoing service times of the
components. This bounded demand assumption, as report in Graves and Willems (2003),
is delicate. It explicitly ignores a part of the demand variability that companies actually
face and must handle in practice. Also, base stock policies with common review cycle
ignore the batching requirement that may occur in practice. In this paper the bounded
demand assumption is relaxed, (R, Q) policies are allowed, and lead times are stochastic.
This of course complicates the characterisation of the incoming service time as it
becomes a maximum of distributions instead of the maximum of constant variables.

Ettl et. al. (2000), building upon Lee and Billington (1993), also assume base
stock policies, with the same constraint for modelling real life supply chains. They do not
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assume bounded demand and they allow for stochastic lead times but with known
distribution. They approximate the outgoing service time distribution for a component as
a proportion of the nominal lead time distribution. For the proportion they derive an
upper bound, on the average outgoing service time, making some assumptions such as a
lot size of 1 and M/M/w queue. For the incoming service time to the assembly operation,
Ettl ez. al. assume there are no concurrent stockouts of components; that is if an assembly
order must wait for material it because of the shortage of exactly one component. This
assumption reduces the computation of the incoming service time distribution to the
weighted sum of the nominal lead time distribution and the convolution of the nominal
and the outgoing service time distribution for each component. This same assumption
implies minimal service levels and safety stock levels for the components, which limits
the optimization potential, as illustrated in Graves and Willems (2003). In this paper, we
allow for concurrent stockouts resulting in 2" possible combinations. We will derive
approximations that allow for treating assembly systems with a large number of inputs,
while allowing concurrent stockouts and avoiding minimum service level constraints

3. Approximation Models for Safety Stock Optimization

In the following two subsections, we first develop an approximation model for the
service time of back-orders for a subset A of components. We then incorporate this in an
approximation of the actual assembly lead time using a normal distribution.

3.1 Normal Approximation for Back-Order Service Time of a Subset of
Components

Consider an assembly system (such as on the figure 1), and consider a subset A
of components experiencing a concurrent stockout. We denote the cardinality of A by m
with 0<m < N . We assume that the assembly operation can start only when all of the
m inputs are available, or likewise, after the maximum of the backorder service times of
the m components of A. We call the resulting service time the “backorder service time of
the subset A” and we denote it by § f . Desmet et. al. (2008) characterized the backorder

service time of a component 7 using an exponential distribution with expected value i,

following through numerical integration from the following expression:

Paper Smeltt%dtt%):%F::Rmanuscriptcentral.Com/tprs Email: ijpr@lboro.ac.uk

Page 6 of 21



Page 7 of 21

©CoO~NOUTA,WNPE

International Journal of Production Research

t—
o, .E at
400 i O-L/_

| g, o7 ).[1 — (Rt 3102 1- @t 1, 307 e
2HL O,

) T[l - <I>(Ri;t.,udi ;t.O'i )1[1 - <I>(t; 4y, ;O'i )]dt

sB

i

The backorder service time of the subset A then follows as the maximum
distribution of m exponentially distributed variables. In the appendix we show that the
p.d.f. and c.d.f. of the maximum distribution of m independent exponentially distributed
variables are given by:

()= Xely.2, [TEG4, )

J#i

F(y)=ﬁE(y,ﬂx,)

where e and E are the exponential probability and cumulative probability distribution

functions respectively. This can be applied to the backorder service time of the subset A
with 4, =1/,uSB :

We can conservatively approximate this exact distribution by the m-identical
1

distribution with A_= - , for which the above expressions simplify to
max{yS_B ie A}

m—1
1 1
f(y)=me] y. — |E| y, :
max,uSleeA maxySleeA
1
S
max i, i € A

From these expressions we can calculate the average and variance as:
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+00 1 1
= [ yme Y tiea) | maaapeal] @
S max i € A max i € A

+00

m—1
1 1
2 —u., 'mel vy, E ,*{—} d
S5 _,[O(y 'uSAy Y max{usﬂ ie A} Y max i, iecA Y

which we finally use for a normal approximation of the backorder service time of the
subset A. This equation (2) can be evaluated numerically. In the actual evaluation of the
approximation model, the numerical integration is carried out over the interval
[0, max{,uLi |i € A}+ 6max{0'Ll |i € A}], using an iterative algorithm of Romberg

(Ueberhuber, 1997).

2)

Q
Il

3.2 Normal Approximations for Actual Assembly Lead-Time

1

a?’

The incoming service time to the assembly process, denoted by §_, is found in

weighing the stockout effect of all subsets A with the probability that the concurrent
stockout of the components in this subset occurs. If f; is the order line based service

level for stock point j, the probability that exactly and only the components in subset A
experience a stockout is given by H f ,.H(l— f j). As i1s done in Desmet et. al. (2008)

JjeA jeA
we approximate the order line fill rate by the volume fill rate. The probability distribution
function of S’ follows as then:

f(s): ZHfjH(l_fj}p(S;#sg;o-;g)

A jeA  jeA

This resulting probability distribution function is generally not normally
distributed. We can again approximate it by a normal distribution with as average the
probability weighted averages and as variance the probability weighted variances. That is

= S TTATT0- 1,

A jeA jeA

G;; =§Hf,~l—[(1—f,-)ff§g

jeA  jeA

3)

where u, and O'SZB are obtained from equation (2).
A A

Unfortunately even with these normal approximations, equation (3) is still
computationally cumbersome, especially when a large number of components is
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involved. The expressions have an exponential combinatorial complexity which we can
alleviate with further approximations.

First, we can observe from equation (2) that if Ac A" this leads to u, < u, , we
A A

can thus obtain a first rough approximation, with a scalar combinatorial complexity, to
equations (3) as:

Hgr = (1 - fl"'fN)ﬂsﬁ

) R 4)
oy == fify)ogs

A second and finer approximation to equation (3) can be obtained, by relabeling
the components i so that ,uSB Hgs for i < jand defining A, = {1 ...,z}, as:

ST
S(l_ﬂ)fszzvﬂsf] +fl(1_fz)f3~-f1vﬂ552 +
+ (U= S XU o) s fonbtn +

=(1—f1)f2...fN,uS§l +(1—f2)f3...fNysfz +(1—f3)f4...fN,uS£3 +...+(1—fN),ust

The equations for the variance follow in the same way as above. Notice that this
second approximation to equation (3), shown below, has a linear combinatorial
complexity:

Hgr = (1_f1)fz~°fNﬂS§l +(1_fz)f3~-f1vﬂs/§2 +(1_f3)f4"'fzvﬂ5§3 +"'+(1_f1v),u58
oy == f) o fyogy + (= f)fsfyogy + (U= fi)fifyogy +.t (1= £y )or,

Finally we approximate the actual replenishment lead time of the assembly
operation by a normal distribution with as average and variance the sum of the averages
and variances of the incoming service time and the nominal assembly time:

Hy, = ,USI +,UL0
2 (6)

ULH_O' +O'L0

3.3 Normal Approximations for Safety Stock Optimization
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As already shown in the first paragraph, the system’s safety stock can be
expressed as:

N
O A VR NN IR B PR )
i=1

2 2 2
+k, (f O Hy 04 M 0y, )\/ H 04 T H; 00

In this model the parameters Q,, O,, 4, , 0, . f, M, . 0, ,respectively the

component and assembly lot-sizes, the average and standard deviation of the components
lead-times, the assembly service level, and the average and standard deviation of the
assembly demand are known. The parameters y, and o, are given by x, = x4, and

o, =0, Zj 1— ”Q” , as explained in the first paragraph. The component service levels

f; are the variables which must be optimized. The parameters x4, and o, , which
depend of the variables f;, are approximated with the normal approximation models

discussed in the above two subparagraphs.

4. An Illustrative Example: Comparison with Simulation

In this paragraph, results of the model are compared with the results obtained
from discrete event simulation applied to a 10-identical components assembly system.
We assume that demand for assemblies is normally distributed with an average of 100
units/day and a standard deviation of 30 units/day. The nominal assembly lead time is
assumed to be 5 days with a standard deviation of 1 day. The assembly lot size is 500
pieces, which reflects a traditional batch driven production environment. The target fill
rate for assemblies is assumed to be 95%.

Supply lead times for components are assumed to be on average 30 days, with a
standard deviation of 6 days. This could reflect component sourcing from Asia. Demand
for components is assumed to be normal with an average of 100 and a standard deviation

Ha, 1_ Ha,

5. 0. derived in

of 200, calculated using the binomial expression o, =0,

paragraph 1. Component supply is done per 1500 pieces. A common situation for
companies is to have a high service level on components to assure a high availability for
the assembly operation, say somewhere between 95% and 99%. In what follows we
analyze the sensitivity of the component service level on the incoming service time, the
actual assembly time and the system safety stock. We compare simulation results (sim)
with all three approximations with exponential (exp), linear (lin) and scalar (scal)
combinatorial complexity calculated using the equations (3), (5) and (4) respectively.
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Figure 2 and 3 compare the analytical results of respectively the average and the
standard deviation of the incoming service time to the assembly operation with the
corresponding simulation results.

Figure 2. Calculation and simulation results for the average of the incoming service
time to the assembly operation

Figure 3. Calculation and simulation results for the standard deviation of the
incoming service time to the assembly operation

Our approximations prove to be conservative. For the average, the approximation
with exponential combinatorial complexity seems to perform significantly better over
those with linear and scalar combinatorial complexities. The difference is not significant
for the standard deviation. The approximations with linear and scalar combinatorial
complexity are close to each other. One may suspect that this difference would be bigger
for a non-identical component system.

The resulting upstream service level as measured in the simulation does not
follow the analytically modelled steps of 1.5%. Rather the simulation results seem to
cluster around discrete levels of service around 77%, 92%, 94% and 99%. This is due to
the discrete character of the demand for components. Using the binomial distribution for
demand, derived in the first paragraph, may probably improve the estimate of the service
levels but this complicates safety stock calculations.

Figure 4 and 5 compare the analytical results of the average and the standard
deviation of the actual assembly lead time with the corresponding simulation results. This
time we only show the approximation with exponential combinatorial complexity.

Figure 4 Calculation and simulation results for the average of the actual assembly
lead time

Figure 5. Calculation and simulation results for the standard deviation of the actual
assembly lead time
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Conclusions are comparable to those of the incoming service time. For expected
service levels of (84,5%;85%;86,5%) the service measured in the simulation is
(79%;78%;78%), the approximation model shows an average actual assembly lead time
of (12,38;1 1,79:1 1,17) versus simulation results of (9,14;9,00;9,34). For zero component

safety stocks (expected service level of 84,5%) this implies we overestimate the average
of the actual lead times with around 30%, for the standard deviation that runs up to 40%.

The following graph (figure 6) shows the evolution of the system’s safety stock
for changing component service levels shown on the x-axis, and a fixed service level of
95% on assemblies. Safety stocks are calculated using equation (1) for the analytical
results of the approximation with exponential combinatorial complexity and the
corresponding simulation results.

Figure 6. System safety stock as a function of the component service level

It is clear from figure (6) that the approximation model leads to a conservative
estimate of the required assembly safety stocks. Second, the impact of overestimating the
average and standard deviation is significantly reduced in the safety stock sensitivity
analysis. This is due to the dominance of the component safety stocks in number of units,
which is exogenous to the model. Taking into account the value added in the assembly
process will increase the importance of the assembly safety stocks.

From a practical perspective, figure (6) indicates that it is better not to hold safety
stock for components. Taking into account the value added in the assembly process will
act as a counterforce to holding all safety stock in assemblies. Another factor that will act
as a counterforce is a penalty cost for not being able to start the assembly. From the
theory of constraints we learn that an hour lost in a bottleneck is an hour lost for the
system. In case the assembly is a bottleneck, safety stock may be required to reduce the
required flexibility in planning otherwise. However, as in the distribution case discussed
in Desmet et. al. (2008), we can expect the above result will be much more robust than
many practitioners are ready to consider. In the end it is the basic supply chain principle
of “risk pooling” that would logically predict it is more favourable to regroup risks in 1
stock point, the assembly, rather than spreading it over 11 stock points, the single
assembly plus the 10 components.
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S. Distribution System as Special Case of the Assembly System

A distribution system with one warehouse and N retailers, can be decomposed
into N assembly systems where the assembly processes are the distribution processes to
the N retailers. Each of those “assembly” processes requires a single component as input,
namely the finished product in the warehouse. When applying the reasoning of paragraph
4 to this situation our set of components {1,...,N } becomes a singleton {a}. There are thus
two possible subsets to consider, namely the empty set ¢ and the singleton {a} itself.

Using gy = O and '”sﬁ,, = Hgs from equation (2), we can rework equation (3) for

the average and present it as

jed V&% jeia je{a}

A comparable calculation for the variance and substitution in equation (6) leads to

ﬂLa:ﬂsf—i_ll’ng
Y . /) 2
(o _O-Sf+O-L?,

‘a

which is the same result derived in Desmet et. al. (2008) for a distribution system.

A comparable way of thinking on equations (5) and (4), leads to the same result
for the approximations with linear and scalar combinatorial complexity. This result is
important as it allows extending the developed approach for assembly systems to the
spanning tree networks and more generic networks considered by Graves and Willems
(2000) and Ettl et al. (2000). We plan to address this in future research and publications.

6. Concluding remarks

In this paper, we developed a normal approximation model for the actual
assembly lead time in a 2-echelon assembly system with N components. In a first step we
developed a normal approximation model for the service time resulting from the
concurrent stockout of a given subset of components. This service time is obtained as the
maximum distribution of the back-order service times of the individual components in the
subset. The incoming service time to the assembly operation is obtained as the weighted
sum of the service times resulting from all component subsets. The weight of each subset
is the probability of concurrent stockout of the components in this subset. The exact
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distribution of this service time is then approximated by a normal distribution. The actual
assembly lead time is obtained as the nominal lead time augmented with this normally
approximated incoming service time. This actual assembly lead time expression is used
in the safety stock optimization of assembly systems. These normal approximations are
tested on an illustrative example involving 10-identical components and compared with
the results of a discrete event simulation. The comparison shows that these normal
approximations are rather conservative but provide good estimates for the optimal safety
stocks. Finally we showed that the safety stock optimization results obtained for
distribution systems by Desmet ez. al. (2008), follow as particular cases of the results for
assembly systems developed in this paper. This fact is important, as it is a preliminary
step to extending the approach developed for assembly systems to the spanning tree
networks and then to more generic networks as tackled in Graves and Willems (2000)
and Ettl et. al. (2000). We are currently investigating these important extensions.

Paper Smeltt%(%t%):%PcRmanuscriptcentral.com/tprs Email: ijpr@lboro.ac.uk 14

Page 14 of 21



Page 15 of 21

©CoO~NOUTA,WNPE

International Journal of Production Research

References

Axsiter, S., 1993. Continuous Review Policies for Multi-Level Inventory Systems with
Stochastic Demand. In: S.C. Graves and A.H.G. Rinnooy Kan and P.H. Zipkin, eds.
Handbooks in Operations Research and Management Science Volume 4, Logistics of
production and inventory, Amsterdam: North Holland, 175-197.

Axsiter, S., 2000. Inventory Control. Boston: Kluwer Academic Publishers.

Clarck, A.J., Scarf, H., 1960. Optimal policies for a Multi-Echelon Inventory Problem.
Management Science, 6 (4), 475 — 490.

Crowston, W.B., Wagner M., Williams J.F., 1973a. Economic Lot Size Determination in
Multi-Stage Assembly Systems. Management Science, 19 (5), 517-527.

Crowston, W.B., Wagner, M.H., 1973b. Dynamic lot size models for Multi-Stage
Assembly systems. Management Science, 20 (1), 14-21.

de Kok, T.G., Visschers, JJW.C.H., 1999. Analysis of assembly systems with service
level constraints. International Journal of Production Economics, 59 (1-3), 313-326.

de Kok, T.G., Fransoo, J.C., 2003. Planning Supply Chain Operations: Definition and
Comparison of Planning Concepts. In: A.G. de Kok and S.C. Graves, eds. Handbooks
in Operations Research and Management Science Volume 11, Supply Chain
Management: Design, Coordination and Operation, Amsterdam: Elsevier, 597-676.

Desmet, B., Aghezzaf, E.-H., Vanmaele, H., 2008. A normal approximation model for
safety stock optimization in a two-echelon distribution system. Working paper
accepted to Journal of the Operational Research Society.

Deuermeyer, B., Schwarz, L.B., 1981. A model for the analysis of system service level in
warehouse-retailer distribution systems: the identical retailer case. In: L.B. Schwarz,
ed. Studies in the Management Sciences Volume 16, Multi-Level Production/Inventory
Control Systems: Theory and Practice, Amsterdam: North Holland, 163-193.

Ettl, M., Feigin, G.E., Lin, G.Y., Yao, D.D., 2000. A Supply Network Model with Base-
Stock Control and Service Requirements. Operations Research, 48 (2), 216-232.

Graves, S.C., Willems, S.P., 2000. Optimizing Strategic Safety stock Placement in
Supply Chains. Manufacturing & Service Operations Management, 2 (1), 68-83.

Graves, S.C., Willems, S.P., 2003. Supply Chain Design - Safety stock Placement and
Supply Chain Configuration. /n: A.G. de Kok and S.C. Graves, eds. Handbooks in
Operations Research and Management Science Volume 11, Supply Chain
Management: Design, Coordination and Operation, Amsterdam: Elsevier, 95-132.

Kochel, P., Nielander, U., 2005. Simulation-based optimisation of Multi-Echelon
inventory systems. International Journal of Production Economics, 93-94 (1), 505-
513.

Lee, H.L., Billington, C., 1993. Material Management in Decentralized Supply Chains.
Operations Research, 41 (5), 835-847.

Merkuryev, Y., Merkuryeva, G., Desmet, B., Jacquet-Lagreze, E., 2007. Integrating

analytical and simulation techniques in multi-echelon cyclic planning. In: D. Al-

Paper Smeltt%dtt%):%F::Rmanuscriptcentral.Com/tprs Email: ijpr@lboro.ac.uk 15



©CoO~NOUTA,WNPE

International Journal of Production Research

Dabass, R. Zobel, A. Abraham and S. Turner, eds. Proceedings first asia
international conference on modeling and simulation, IEEE, 460 - 464

Merkuryev, Y., Merkuryeva, G., Hatem, J., Desmet, B., 2008. Supply chain simulation in
the ECLIPS project. In: Proceedings second asia international conference on
modeling and simulation, IEEE, 684 - 690

Merkuryev, Y., Merkuryeva, G., De Haes, R., De Wispelaere, A., Desmet, B., Hatem, J.,
2009. Supply chain simulation in the ECLIPS project: real life benefit. Accepted for:
Third asia international conference on modeling and simulation, IEEE, 2009

Modarres, M., Taimury, E., 1997. Generalization of multi-item, multi-retailer distribution
systems. Production Planning & Control, 8 (7), 645-651.

Mohamed, Z.M., Youssef, M.A., Huq, F., 2004. An efficient model for multifamily lot-
sizing and scheduling: an application to a real life problem. Production Planning &
Control, 15 (1), 90-101.

Moreira, J.A.A., Bispo, C.F.G., 1999. An echelon inventory-based single-stage cost
function for a two-station tandem system. Production Planning & Control, 10 (7),
643-649.

Muckstadt, J.A., Roundy, R.O., 1987. Multi-Item, One-Warehouse, Multi-Retailer
Distribution Systems. Management Science, 33 (12), 1613-1621.

Muckstadt, J.A.., Roundy, R.O., 1993. Analysis of Multistage Production Systems. In:
S.C. Graves and A.H.G. Rinnooy Kan and P.H. Zipkin, eds. Handbooks in Operations
Research and Management Science Volume 4, Logistics of production and inventory,
Amsterdam: North Holland, 59-131.

Muckstadt, J.A., 2005. Analysis and algorithms for service parts supply chains. New
York: Springer.

Olhager, J., Persson, F., 2006. Simulating production and inventory control systems: a
learning approach to operational excellence. Production Planning & Control, 17 (2),
113-127.

Roundy, R., 1985. 98%-effective integer-ratio lot-sizing for one-warehouse multi-retailer
systems. Management Science, 31 (11), 1416-1430.

Roundy, R., 1986. 98%-effective integer-ratio lot-sizing for a multi-product, multi-stage
production/inventory system. Mathematics of Operations Research, 11 (4), 699-727.
Roundy, R., 1989. Rounding off to powers of two in continuous relaxations of

capacitated lot sizing problems. Management Science, 35 (12), 1433-1442.

Schwarz, L.B., Deuermeyer, B.L., Badinelli R.D., 1985. Fill-rate optimization in a one-
warehouse n-identical retailer distribution system. Management science, 31 (4), 488-
498.

Sherbrooke, C.C., 2004. Optimal inventory modeling of systems: Multi-Echelon
Techniques. Boston: Kluwer Academic Publishers.

Siajadi, H., Ibrahim, R.N., Lochert, P.B., Chan, W.M., 2005. Joint replenishment policy
in inventory-production systems. Production Planning & Control, 16 (3), 255-262.

Paper Smeltt%dtt%):%F::Rmanuscriptcentral.Com/tprs Email: ijpr@lboro.ac.uk 16

Page 16 of 21



Page 17 of 21 International Journal of Production Research

Simpson, K.F., 1958. In-Process Inventories. Operations Research, 6 (6), 863-873.

Swaminathan, J.M., Smith S.F., Sadeh N.M., 1998. Modeling Supply Chain Dynamics :
A Multiagent Approach. Decision Sciences, 29 (3), 607-632.

Van den Broecke, F., Van Landeghem, H., Aghezzaf, E., 2003. An application of cyclical
master production scheduling in a multi-stage, multi-product environment. Production
Planning & Control, 16 (8), 796-809

12 van Houtum, G.J., 2006. Multi-Echelon Production/Inventory Systems: Optimal Policies,

13 Heuristics, Algorithms. Working paper, to appear in Tutorials in Operations Research.

©CoO~NOUTA,WNPE

Paper Smeltt%dtt%):%PcRmanuscriptcentral.com/tprs Email: ijpr@lboro.ac.uk 17



©CoO~NOUTA,WNPE

International Journal of Production Research

Appendix

Distribution of the maximum of n independent exponentially distributed variables:

Let x;, ... x, be n independent exponentially distributed variables

and define y as the maximum of a sample (x;, ...,x,).
y= max(xl,...,xn)

The cumulative distribution function F for y can be derived as

(

™

Yo)
y

I/\
\_/

P(

P(m (xv )Syo)
=P((x1<y0) VN C S

P(x1<)’o) """ (nﬁ)’o)

E

(y ) (yo’ A,

where E is the cumulative exponential distribution function with rate A. The probability
distribution function f for y follows in taking the first derivative

- g[e(y,& M1EG.4, )}

J#

where e is the exponential probability distribution function with rate A.

Paper Smeltt%(%t%):%PcRmanuscriptcentral.com/tprs Email: ijpr@lboro.ac.uk

18

Page 18 of 21



Page 19 of 21 International Journal of Production Research

—1@A
—1®A

©CoO~NOUTA,WNPE

®A

-
N
o0

i — @A

17 Components Assembly
Figure 1: Example of assembly system with N components
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46 Figure 2. Calculation and simulation results for the average of the incoming service
time to the assembly operation
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Figure 4 Calculation and simulation results for the average of the actual assembly lead
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Figure 6. System safety stock as a function of the component service level
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