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ABSTRACT: This paper deals with the control of the manufaotyiactivities of an unreliable flow-shop in a slypp
chain environment. In fact, the transformation egstfaces an unreliable upstream supply and a randgmienishment
delay. Our objective is to determine the manufaotuactivities planning together with the raw maareplenishment
strategy in order to minimize the expected discedindtal cost. Obviously, an analytical solutiortlod problem is very
difficult to find. Thus a combined approach is psepd and is based on stochastic optimal controbrhe
discrete/continuous event simulation and genetiod@hm. Following two of our previous works (i.see introduction)
where we proved that the integrated manufacturing aupply problem leads to a combined replenishrpetity
depending on the raw material and the finished putsl inventory levels; The contribution of this papgonsists on
developing an optimization module making it possitd find in a stochastic dynamic manner the besttrol
parameters of the production and replenishmenboastisimultaneously with the best setup schedulingll be shown
that it is more profitable to consider in integrdtenanner the manufacturing and supply control peotd. In fact, for
the case under study we found that the total ireigost can be reduced up to 11 %.

KEY WORDS: Manufacturing activities, supply chain, replenisimhestochastic dynamic programming, simulation,
genetic algorithms.

1. INTRODUCTION complexity behind the size and the dynamic stoahast
aspects of a given manufacturing system (buffelead-f

In nowadays industrial context, operations planrang shops in our case).
control is gaining much more importance in compsinie
improvement process. To respond to real case prmble
three complex realities arises: the number of dmtss
the system size / configuration and the dynamic-
stochastic aspects of a given manufacturing systme.

of those systems present in a vast number of indass
the flexible flow-shops. They consist on severaiate
stages with buffers located between them and pinguc
multiple parts type of products. They are commothin
process industry including the electronics manuiiaag),

the food and cosmetics, the pharmaceutical sestomed

as the automotive industry.

In a supply chain context, one of the main issuesng
when dealing with the manufacturing activities coht
consists on the relationship with the suppliers.nivia
works have considered the stochastic aspect oflwsupp
(i.e., supply disruptions and unavailability). Rarkt al.
(1995) analyzed a periodic review inventory modehw
markovian supply availability. They proved the omdi-

ity of an (s, S) policy where, in a given periodlepends
on the state of the supplier in the previous peithin
such a policy an economic lot of raw material idesed
when the down stream inventory level rich s. Paalad
Perry (1995) considered a stochastic inventory mhode
where the supplier’s availability process is represd as

a two state continuous time markov chain. The bl
was to determine the reorder point and the ordantify

In the aforementioned work (i.e., Hajji et al. (Z@),
we addressed the problem of production and chamgeov
control in a class of failure prone buffered floheg. In
the conducted literature revue, it appeared that dy- when system is in ON and OFF states. In the saree-di
namic stochastic context, the joint production astup tion, Parlar and Perry (1996) analyzed the samieiries
control problem has been successfully solved oanly f with single and multiple suppliers. In their papearlar
simple systems. Although, many researchers considerand Perry stated « ideally one should use dynamde p
that even if optimal control policies can be foufua gramming to discover the optimal policy that maffed
realistic systems, they risk being too complicatedm- from the one used in this article ». Parlar (198ma-
plement. We showed that optimal control analysis wa lyzed a continuous review inventory problem witim-ra
valuable to propose joint control policies for cdexp dom supply interruptions; they extended the comtirsu
systems (i.e., failure prone buffered machinen parts review (g, r) model and shoed that the form ofpibcy
type flow-shop). Thus, we were able to overcome the change when supplier is unavailable. Gullu et E999)
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and Cheng and Sethi (1999) have also considered thgoint replenishment, production, setup and maimera
stochastic aspect of supply. Basically, the dynapna: planning problem in multi parts buffered flow-shops
gramming approach was employed using the concept of
K-convexity to establish the optimality conditionin The paper is organized as follows. Section 2 stttes
these works different proofs of the optimality af 8) problem and presents the main results of the optima
type policy were provided. Recently Lee and Wu @00 production and setup scheduling problem, fan auff-
have studied other features in the two-echelon Igupp ered machines multiple products manufacturing syste
chain replenishment problem. The concern was togbri addressed in Hajji et al. (2007a) as well as thenme
answers to how we can choose a suitable replenighme sults of the joint production and replenishmenttoan
policy. problem addressed in Hajji et al. (2007b). In secB®, a
revue of simulation based optimization approactes i
In the control literature, the stochastic productiand presented to introduce the proposed approach eletiail
supply control problems still be considered indepen section 4. Section 5 presents the genetic algorioh
ently. This is due, in part, to the difficulty bedi the the implemented optimization module. The obtained
mathematical formulation of the whole system dyrami results and related discussions are reported itiogeg.
However, the latest literature has shown that tite-i  The paper is concluded in section 7.
grated models through the intra-department planbing
integrating raw material procurement and it's prctchn 2. PROBLEM STATEMENT
is more realistic and will result to better perfame
than that when the planning is performed separélelg The manufacturing system under study consists of an
(2005)). In Lee's paper, an integrated joint ingent unreliable buffered flow-shop capable of producimg
control problem based on economic lot sizes ofimde  gjferent part type®, 1<i < n. As shown in figure 1,
and production batch has been investigated. He athow
that jointly considering the inventory supply andguc-
tion costs leads to less mean total cost thanahabn-

the considered flow-shop consists in a serial vaifen
machines. The machines are not completely flexible

- the sense that change over time (set-up activites)
sidering the two problems separately. However, he : i, ;
didn’t prove that the fact of considering the twmlp tween part types is not negligible. This setup el

lems mutually leads to the policy he consideregees ©n the whole line involves both time (i.€); ) and cost
cially in a stochastic dynamic context. (i.e.,Kij ). Note that@ij >0andK; =0, for,

This issue was addressed in Hajji et al. (2007H) bu i, j =1...,n,andi # j.

without considering the details of the manufacwrin part  type | have a  production  rate
shop floor. In Hajji et al. (2007b) the integrateehduc- maxd

tion and replenishment control problem was consider (< U|i< (t)S U « (i =1...nk= l---,m) on ma-
and it was shown that the optimal replenishmenicpol

depends on the raw material and finished produetsn-  chinek and have an average time between oefs.

tory levels. It is interesting to note that in titerature - _

we haven'’t found studies taking into account thaeae- MachinesM  andM ., 1<k < (m 1) are separated
ishment control problem together with other manuufac by a buffeB, . Each of which is required to store in
ing activities control.

ij

process products . The level of B, consists on the sum

Based on these facts, the main contribution oflaiser  of x! (t) 1<i<n (e, inventory level of produdt
is to propose a flexible and useful approach making

possible to address in a stochastic dynamic matieer onBy, 1<K < (m_ ) ).

Setup Part type tc Stock
actions ? produce Failures Repairs
Production Umax or d ®_> Demand -
— rates ? or@
Unreliable A Demand 2
Supplier Replenishment Strategy M- M2 b——_ Mm =
Order Point ? EC ; ; |
Order Quantity ? |
i Demand n
andom_ |
" Delay ~
Replenishment Cost Manufacturing Cost = [ Setup + inventory + backlog ] costs

Figure 1 :m machines parts flow-shop system in supply chain environment
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The difference between actual production and down-This issue was considered in Hajji et al. (200Thdre
stream demand at any time represents the surplas of details on the joint optimal production and repdémient

part type. For bufferB, , 1<k < (m—l) the differ-  Strategies are presented in section 2.2.

ence is always positive (i.e, inventory COSES are thus 2.1 Production and changeover mechanisms
charged) or equal to zero (i.e., starvation of nraeh

k+1), for bufferB, the difference is positive (i.e, inven- For the system considered in Hajji et al. (2007aj

developed parameterized heuristic can be considered
tory costs;::;n are thus charged) or negative (i.e., backlog valuable contribution, since it confirms existeasults
_ ) . and address the multi parts issue. The developetiato
costC,,are thus charged). Note that if the capacity of policy, illustrated by figure 2, point toward a nifoet
the bufferB, (1< k < (m—l)) is reached, ma- KANBAN MHCP control policies. Such a heuristic can
be employed, after optimization of the corresponden
chineM K could be blocked if the downstream demand is parameters, to control the production and the cbang

equal to zero. vers on multi parts multi machines flow-shops.

Regarding the production and changeover contrdbpro Without loose of generality (see Hajji et al. (2aD7or
lem, our decision variables are production ra- the general policies), fgf th(?b'fWO 31ach|nes ﬂOZfSh

AT o — two parts type we can describe and to parameténize
tesuy (t)'l =L..,mk=1...,mand a sequence of production policies by the following equations.

t denoted b@=1(7,,iqi ),\Z.,i.0,),..51. A set max!
setups denoted b§ {(o 01)(1 12) } setup ():{UllND{Slzl} <7l & X< z?

0 otherwise (1)

1
(7,ij )is defined by the time at witch it begins and a “
pair ij denoting that the production line was already se- .
tup to produce palit_and is being svyitched to be.able to ul( ): TJaXZ IND{Sl :]} X < 72
produce parf. Section 2.1 summarizes and reviews the ~2

production and changeover mechanism developedrin ou

previous work (i.e., Hajji et al. (2007a)).

0 otherwise

max2
Moreover, to prevent failures and to assure thdicon ~ u?( )=4Y1 IND(s, =1 X <Z;&x; <2}
ity and quality of production activities, prevergimain- 0 otherwise 2)
tenance actions are required. Definition and metait a2
on the considered strategies are presented irnaetR. 2( ): U ||\|D{s2 :1} x5 <272

When considering the manufacturing system in iterex 2
nal environment, one of the main issues to consider _
consists on a random raw material supply. As shown Where Z, ,i,k = 1,2.denote the different threshes in-

figuredl, the malnuéacturing s_ys(,jtemfunder ?‘Itugfﬂ';g volved in the modified KANBAN mechanism and
a random supply due to periods of unavailabilityt o . . . .
supplier and/or a random transportation delay. S ,1 = 1,2.define the system configuration described by

the following equations.

0 otherwise

Generalized Modified Hedging Corridor Policy
Z"

— e e e e - —— —— —— —— —— —— —— — — —— —— —— —— —— —— —— —— —— — —

yKANBAN Z72i
|
rates U :

Setup actions
> from Pi to Pj:
governed by

an HyperPlan

Producti Producti
; . :
?KANBAN z}| MKANBANZ] |

Figure 2 :m machines parts flow-shop control mechanism
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s()= 1 x<b,&xl>a,
0 otherwise

®)

s()=1* (¢=2a&x<n)|(¢<c)
2 0 otherwise

Where a,,b,,C ,i =12.denote the boundaries of the
setup zones.

2.2. Replenishment strategy

The joint production and replenishment control peab
addressed in Hajji et al. (2007b) and as showiguré 3
consists on finding the optimal policies functiohtbe
whole system states.

1 l |

Replenishment
Strategy

Order Point %
Order Quantity %

Unreliable
Supplier

Demand

Unreliable
Transformatior Y
system

Y

Raw

Finished
' Randomy | Materia product
“Delay | Stock Stock

Figure 3 : Joint production and replenishment pobl

The results show that the supply policy is goverbgd
State DependantEconomic Order Quantity policy, SD-
EOQ for short. This policy is governed by an ordempoi

3. SIMULATION
APPROACHES

BASED EXPERIMENTAL

In this section a brief review of simulation basext
perimental approaches to solve manufacturing system
control problems is presented. Before presentieglith
erature revue related to the problem under studg it
interesting to recall the importance of the simolat
modeling in such methodology. In fact, in classiopt
timization approaches such as mathematical program-
ming, it is indispensable to know in advance tlaasfer
function. Moreover, it is much easier to involvelyon
quantitative variables in the optimization proc&dss is
simply not the case in a stochastic manufacturyrstesn
context where the transfer function is difficultkoow in
advance and which could depend on qualitative param
ters. Thus, simulation modeling is a good altexmatd
describe the dynamic stochastic behaviour of tistesy.

In fact, in simulation based optimization approa;hbe
objective function and the system constraints age d
scribed in a simulation model which consists oresav
networks, each of which describes a specific tasthée
system (i.e., demand generation, control policytest of
the machines, inventory control..., etc.). Therefahe
decision variables are the conditions under which t
simulation is run, the performance measures areoone
multiple responses given by the simulation.

In the literature, simulation based optimization- ap
proaches can be classified in six categories. latvidi-
lows, the two most encountered categories nambéy, t
gradient based search methods and the heuristib-met
ods, are discussed. For more details on the oth#rads
see Carson and Maria (1997).

and an economic order quantity, these parametersRegarding gradient based search methods; they cover

depend on the whole state of the systeny @nda). The
order point reflects the necessity to have a sgcraiw
material stock level to face a possible randomveeyi
delay when the supplier is unavailable or a big amof
backlog accumulated after a period of unavailabitif
the transformation stage.

The SD-EOQ can be expressed by the following
equations.

_ Q' (xy) if x<sz&y<sk
Q y)=
SUpply(X y) { 0 otherwise

(4)

Recall thaS'RandS',: represent the order points in re-
spect to the raw material and finished product rimery

levels x and y of part typ'eanin (X, y) represents the

economic order quantities of part typwith the follow-
ing constraints.

sk 20;sk =0andQ'(x,y)>0 (5)

In the following section a revue of simulation bdse
experimental approaches is presented to introdhee t
proposed approach.

finite difference estimation (Andradottir (1998)keli-
hood ratio estimation (Glynn et al. (1991)), pdvaition
analysis (Ho (1984)) and frequency domain experimen
(Morrice and Schruben (1987)). These methods aim is
estimate the retained performance measure withecésp
to the decision variables.

In the other hand, heuristic methods consist candom
exploration of the admissible solutions in the vendk-
cisions space. The search process ends when the bes
solution is found. At each point of the search pss; the
objective function value of the problem is estindatéa
the simulation model. Thus, no information regagdin
the analytic form of the objective function is régd.
This category covers simplex search (Azadivar aed L
(1988)), tabu search, simulated annealing (Ogbu and
Smith (1990), Lee and lwata (1991)) and genetio-alg
rithms. All the aforementioned methods, except simu
lated annealing and genetic algorithms, requirgstes
having a fixed structure during the search pro@eus
with quantitative decision variables. In our case $ys-
tem under study has a variable structure. This ifaet
poses the recourse to simulated annealing or geakti
gorithms.

It is interesting to note that previous researdcas sur-
vey (Azadivar and Tompkins (1999), Chaudhry and Luo
(2005) and Ruiz et al. (2007)) have demonstrated th
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effectiveness of Genetic algorithms solutions. lar o
case, our approach combines simulation and geaktic
gorithms to optimize the system.

4. PROPOSED APPROACH

In order to bring an approach which could be eaey
plied to control manufacturing systems at the ojpanal
level, the descriptive capacities of discrete/aqurdius
event simulation models are combined with analitica
models and genetic algorithms.

1-The first part of the approach consists on adings
the optimal control problem mathematically. Thisue
was addressed in Hajji et al. (2007a & b), the Itegy
parameterized production, changeover and replemahm
control policies were summarized in section 2.1 2rd
2-The second part consists on building an optirnopat
module supporting the quantitative and qualitaipze
rameters governing the production, changeovergerepl

ishment and preventive maintenance mechanisms. Thi

module link a parameterized simulation model with a
genetic algorithm making it possible to run a g&net
algorithm search process for the best solutioraktim-
curred cost).

The search process is detailed in figure 4. It st&1®N
running the genetic algorithm with respect to ttpping
rule and evaluates each desired configuration tirabe
simulation model.

ized

P
Optimization Module Simulation mode/

Design of
experiment

Simulate the

desirec -
configuration of

the system

NO Genetic

algorithm

Solution
report

Simulation results (objective function values)

Is the stopping rule
satisfiec 7

YES

Figure 4: optimization module

3- The third part is the resulting decisional psxéor a
given configuration of the flow-shop manufacturisygs-
tem. The aforementioned configuration includes the
technical and economic aspects of the system.

5. OPTIMIZATION MODULE

This section deals with the presentation of theowar
elements which compose the optimization module.

5.1. Genetic algorithm

The main data structures in the GA toolbox (Chipper
field et al. (1994)) are chromosomes, phenotypbgoe

tive function values and fitness values. The chreonae
structure stores an entire population in a singirim of

sizeN, 4 X L;,4, where N, ,is the number of individu-

als and; 4 is the length of the chromosome structure.
Phenotypes are stored in a matrix of dimension
N,q X N, where, N is the number of decision

variables. A N, X N, matrix stores the objective

function values, wheré\ ;. is the number of objectives.
Finally, the fitness values are stored in a veatbr
lengthN, 4. In all of these data structures, each row

corresponds to a particular individual.

The GA toolbox uses MATLAB matrix functions to
build a set of versatile routines for implementmgvide
range of genetic algorithm methods. In this sectian
outline the major procedures of the GA Toolbox and
especially those used in our program.

3. Population representation and initialisatione {8A

Toolbox supports binary, integer and floating-point
chromosome representations. Binary and integerlpepu
tions may be initialised using the Toolbox functitm
create populationsrtbp. Real-valued populations may
be initialised usingrtrp. Conversion between binary and
real-values is provided by the routibs2rv.

2- Fitness assignment: the fitness function tramséahe
raw objective function values into non-negativeufigs
of merit for each individual. The Toolbox suppoti®
offsetting andscaling method of Goldberg (1989) and
the linearranking algorithm of Baker (1985).

2- Selection functions: available routines includelette
wheel selection (Goldberg (1989), routires) and sto-
chastic universal sampling (Baker (1987), routius).

3- Crossover operators: the crossover routinesmbioe
pairs of individuals with given probability to proce
offspring. Single-point, double-point (Baker (198@hd
shuffle crossover (Caruana et al. (1989)) are imple
mented in the routinesovsp, xovdp andxovsh respec-
tively. A general multi-point (Syswerda (1989)) sso
over routine, xovmp, is also provided.

4- Mutation operators: Binary and integer mutatare
performed by the routinewut. Real-values mutation is
available using the breeder GA mutation functimag-
bga.

The following steps summarize the employed Genetic
Algorithm:
1-Population representation and initialisation: apin

representation with R, ,» the number of individuals

and «Preci » the precision of the binary representation.
2- Fitness: the linear-ranking method of Baker &)98
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3-Selection: stochastic universal sampling of Baker
(1987). The technique needs to fix a ratiG@&AP » of

the best elements to keep.

4- Crossover: Single-point (Baker (1987)) with cmger
probability «Pc ».

5-Mutation:  binary  mutation  with  probabil-

ity P, =1/L,,, L, is the length of the chromosome

structure equdl; ; = PrecixN,,,.

Let «MaxGen » be the maximum number of generation if
the stopping algorithm rule is fixed following this
criteria.

5.2. Simulation model

The simulation model is build to describe the dyitaof
the system governed by the production, changeawer a
maintenance policies defined previously and paramet
ized by the aforementioned parameters (sectiomtse
factors are considered as input of such a modeltlaad
related incurred total cost is defined as its outfine
combined discrete/continuous parameterized sinuulati
model is developed using the Visual SLAM language
(Pritsker & O'Reilly (1999)) with C sub-routined. ib
interesting to note that the combined discreteinopus
simulation model is more flexible and reduces tkece-
tion time (Lavoie et al. (2007)).

The Visual SLAM portion is composed of various net-
works describing specific tasks (failure and repair
events, preventive maintenance cycles, changeawtr a
production threshold variables crossing, data exgéa
with Genetic algorithm, etc...). The simulation end
when current simulation time Tc reaches the defined
simulation periodT_fin. It is interesting to note that
T _fin is defined after several offline simulations con-
ducted to make sure that the simulation modelablst
(i.e., has reached the permanent regime). Figwieows

a bloc diagram representation of the simulation ehod

©

Demands rates

Productior &
Changeover

Failurcs - Repairs

‘ STATE EQUATIONS @ ‘4—{ Starvation / Blockage

O mac_/

Update incurred cost

Update Inventory levels
and cumulative variables

Send Resulte
to GA

Figure 5 : simulation model bloc diagram

END

5.3. Genetic algorithm parameters

When dealing with genetic algorithms, the choicehef
GA parameters (i.e., the precision of the binapresen-
tation and selection ratio for example) is an intgot
issue to be taken into account since it can affestop-
timization process and the final results. In theesrch
literature the choice of these parameters is gépera
based on experience. One of the few studies addgess
the GA parameters optimization is Pongcharoen et al
(2002) where they used design of experiment artessta
tical analysis approaches. In our case, this agproas
used in a significant number of our research studied

it can be easily integrated to our approach.

Table 1 shows the optimum parameters obtained after
running the simulations and analysing the resiie
refer the reader to Gharbi et al. (2006) for moetails

on the different steps of the statistical analjes#gling to
the regression model. The optimization of this nhade
the experimental domain leads to the following imati
values.

Low level High Optimum
Ning 60 I 100I 100
Preci 10 30 20
GGAP 0,6 1 0.75
Pc 0,6 1 0.77
MaxGen 60 100 100

Table 1: Optimal values of the GA parameters

6. CASE STUDY

In this section, the proposed approach is appbethree
buffered machines two parts manufacturing systesn fa
ing an unreliable supplier and a random supply ydela
For the considered control problem three decislonse

to be taken namely, the production rates of each ma
chine, the changeover actions and the replenishment
strategy. These decisions are governed by the ieqaat
and the parameters given in section 2.1 and 2.2.

To summarize, our objective is to find the bestdpim
tion and changeover control policies parametera/gls

as the best replenishment strategy to minimizeethe
pected discounted total cost of inventory, backkegups
and ordering.

For the considered system the optimization probiem

clude the following parameters: le< (governing the

production policy for producti and machinek)
;A ,bi ,C; (governing the changeover actions of product

i) andSiR; S:: ;Qi (governing the replenishment policy
of producti.

Regarding the comparative study, the same caseg stud
but with dissociated controls is conducted. Thisanse



MOSIM'08 — du 31 mars au 2 avril 2008 — Paris- Franc

that we will consider a classic replenishment stgt
depending only on the raw material inventory leart
governed by two parameters for each product nathely

order point and the order quantity (i.SiR; Qi ). Our

objective is to study the cost profit that one gamaran-
tee if the two problems (manufacturing and replenis
ment) are considered together.

The involved unit costs are detailed in the follogylist:

Inventory and setup costs:

K Setup cost to switch frorf to P,

Ci_?, Product typei backlog cost, incurred on finished
product (buffer3)

Ciﬁ Product type inventory cost incurred on buffd,
1<k<3

Replenishment

Replenishment cost:

K' : Ordering cost of part tyge
C'R : Unit raw material cost of part type
C'RH : Unit raw material holding cost of part type

C-'|- : Unit of raw material transformation cost of par

typei.

The following figure (i.e., Figure 6) illustrateket con-
trol mechanisms and the involved parameters. Fer th
considered system we are concerned with two opdimiz
tion problem. The first one under the replenishment
strategy 1 (joint problem) involve 18 quantitatipa-
rameters. The second one under the replenishnmat st
egy 2 (dissociated problem) involve 16 quantitajpze
rameters.

strategy 2
#—1
Replenishment Production rates control
strategy - policy parameters Sl 2
F SF
.Al 2.12
skiQ" s%iQ B B 2 21z .-
25 d
T = > B3/ » d2
o Q
= 35
) alvblvcl Setup policy
Unreliable Machines Ll
a,.by,c,

Random Delay

Figure 6 :3 machine® parts flow-shop control policies parameters

The system parameters governing the stochastic- proc6.1. Resultsunder replenishment strategy 1 (RS1)

esses, the machines configuration and the clierds a
given as follows:

9, Setup duration to switch fror to P,

d’ Demand rate for part type

maxi

U« Maximal production rate of part typ@n ma-
chinek

MTBF, Mean time between failures of machike
(random)
MTTR, Mean time to repair of machitkgrandom)

MTBU Mean time between unavailability periods of
the supplier (random)

MTTA Mean time for the supplier to become avail-
able (random)

DELAY Supply Delay (random)

The system parameters data and the unit cost aseeh t
the optimization module and to characterize thénugdt
production, setup and replenishment policies arergin
table 2.

The obtained results are given in table 3. It teresting
to note, given that we are facing a homogeneous-flo
shop and identical parts type with respect to tloeiiired
costs (see table 2), that following our expectatiba
policies parameters are the same for the three im&ach
and the two parts. The raison behind the choicthisf
case study is to insure a full control of the siatioin
model. For this case study, two interesting obsema
are concluded.

Regarding the production policy the values of thed:
ing levels are increasing from one stage to anofhieis
observation confirms partially the experimental eva-
tion of Lavoie et al. (2007) (see Haijji et al (2a)and
Lavoie et al. (2007) for more details).
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Regarding the changeover policy the valuesOptire

infinite. This means that it does not form any mpeeat
of the policy which confirms the results of Hajj al.
(2004). In fact, this parameter is involved only the
case of different parts type.

6.2. Compar ative study

In this section a comparative study involving theot
aforementioned replenishment strategies (see imtrod
tion of section 6) is conducted. The first stratdd$)
consists on replenishment actions taking into astthe
whole system where the feedback information depend

2 avril 2008 — Paris- Franc

on the levels of raw materials and finished produitie
results under this strategy were presented inaeétil.
The second strategy§) consists on replenishment ac-
tions depending only on raw materials inventoryeley
The aim of this study is to confirm the robustnetthe
approach and at the same time the results of theenu
cal results of Hajji et al (2007b) where the jgmbduc-
tion and replenishment problem have led to thet firs
strategy. It is important to note that the resutigler the
second strategy were obtained under the same @mmslit
(simulation and genetic algorithm), and followiniget
same approach under which the analysis was cordiucte
Sfor the first strategy (table 3).

PARAMETERS @ij d’ ncj\x'k MTBFR, MTTR,
VALUES 0.3 0.35 1.2 EXP(100) EXP(5)
PARAMETERS| MTBU MTTA DELAY Kij C3
1
VALUES EXP(150) EXP(2) EXP(6) 20 10
PARAMETERS| ~+ i [ i [
K ck Chi cf
VALUES 1 20 3 1 0.1
Table 2: Data parameters
PARAMETERS | VALUES However, the incurred costs for all the cases &yhen
1 -1 than those incurred under the first strategy (@svshin
21,25 88 table 4 for the illustrated case). The improvenarhe
2 _2 ’ cost lies between 6 to 11 %.
VANVA) 1010
73 73 1616 To confirm these observations and hence the adyanta
1,42 of the proposed joint control strategies compacethat
a of the dissociated control strategies, a studestt was
1’bl’cl J (7*0'_°°J performed in order to compare the performance ef th
ay,b,C; 7107 two policies. The confidence interval @g — C g is
S%{; 8,1: ;Ql (6; 7;13] given by (6).
2.2.12 6, 7,13 —* —* —% —*
Sk SF3Q Cps =Cys ~tz/2n-158(Cps —Cjs)
average — —x
total cost 42.37 <Cps—Cys< (6)

Table 3: control policies parameters
Table 4 shows the optimal control policies paramsete
underJS andDS.
It is interesting to note that the average totataoder
strategy 1 {9) is lower to up 11 % than that under the
strategy 2IDS).

Note that a sensitivity analysis was conducted utite

Cbs ~Cjs *+tg/21-158(Cps —Cjs)

where:
;201 iS the student coefficient function afand o,

with n the number of replications (set at 10) anch)1-
the confidence level (set at 95%).

—% —x S
se(Cps —Clg) =2

n

Standard error,

JS and DS. The results obtained have shown that the

variation of the policies parameters does make esens
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1 1 ski spiQ!
2’2 ay,by,¢ sk s£:Q” AVAERAGE
PARAMETERS 22,22
3 _3 a0, ¢, oot TOTAL COST
Z7,Z R»
1142
s&;Q?
838
7,0,—c0 6; 7,13
Values under strategy 1 | 1010 70— 6 713 42.37
1616 w T
838
7,0,—o0 814
Values under strategy 2 | 1010 [70 _ooj (8‘14] 47.6
1818 [ ] 4

Table 4: control policies parameters

1 n > should be taken and consists on the selectioneobést
2 - = e —Cr =nlci. = supplier when the decision to place an order isriak
Sh — Cpsi ~Cysi) —NCps ~Cys
=
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