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ABSTRACT

In recent years, product recovery business that is concerned with all activities related to
regaining materials and value added out of used products has been receiving growing
attention for various reasons such as consumer awareness, economic incentives,
environmental concerns and legal pressure. Product recovery can be performed in many
ways; e.g. remanufacturing, reconditioning, recycling, and refurbishing of products.
Remanufacturing is one of the highly important fields of product recovery. In the
context of our study, it refers to the process through which used products (also called
cores or returns) are brought to as good as new condition by inspecting their
components, and performing repairing, replacing, restoring operations and/or updating

them with new specifications when necessary.

Remanufacturing differentiates from brand-new production basically in two aspects.
One of the major differences between remanufacturing and new product manufacturing
systems lies in the supply side which is to take back used products before the end of
their useful life cycle due to the fact that manufacturers would like to retain some
fraction of the original manufactured value besides the value of the extracted and
refined material. Another main issue encountered by the manufacturers is the
uncertainty in the timing, quantity and quality of product returns which may affect the
cost of remanufacturing considerably, and may result in several challenging issues in
the (re)assembly stage. To cope with such uncertainties, firms involve take-back
campaigns and leasing agreements to reduce the uncertainty in the timing and quantity

of returns.

Many firms have been looking for ways to decrease their response times to the market
because the pressure for serving customers speedily and the impact of product
obsolescence increases. One way to deal with the aforementioned issues is to adopt an
assemble-to-order (ATO) manufacturing strategy and/or its variations (i.e., reassemble-
to-order (RATO), configure-to-order (CTO) etc.) instead of employing a traditional

make-to-stock system. In an (R)ATO system, the inventories are held at component or



part levels, which substantially reduces the inventory holding costs. This (R)ATO
system further increases customer satisfaction through decreasing response times to the
demands and increasing fill rates (i.e., the fraction of demands satisfied from on-hand

inventory to the total demands).

In this dissertation, a hybrid manufacturing and remanufacturing system in which a
remanufacturing plant operates along with a manufacturing facility in fulfilling
customer demand is analyzed. We consider a multi-component, multi-product, periodic-
review (re) assemble-to-order system (ATO) that uses an independent base-stock policy
for inventory replenishment of the components. Initially, end-of-lease cores are
returned at the beginning of each period. Since the quality of cores are random, they are
sorted, tested and graded into four pre-specified quality levels regarding their
conditions. Then, the random, jointly and continuously distributed demands for the
products are realized. Since some components, parts and modules are common to
several products, they can be pooled together and then allocated to the respective
products in accordance with their quality levels at the (re)assembly stage. In our
problem, partial fulfillment is not allowed. The system quotes a predetermined response
time window for each product, and it penalizes if the demand is not satisfied within this

time window.

We model this problem through a risk-averse, two-stage stochastic programming
problem, where the first stage decisions are the base stock levels for all components,
and the second stage decisions are the allocations of components to different products.
In order to control the manufacturers’ risk of losses/costs, a risk measure such as
conditional value-at risk (CVaR) is incorporated into the model. Risk adjustment is
modeled through a chance constraint, which is then replaced by a CVaR constraint. We
assume that the joint distribution of the random data is known, therefore, we
approximate the problem through the sample average approximation (SAA) method,
and we solve this approximation through the L-shaped method. We further analyze the

validity of our results and present some encouraging numerical results.
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RESUME

Suite a la sensibilisation des consommateurs, a sanctions légales et a la sensibilisation
du peuple a I’environnement les activités de recyclage deviennent de plus en plus
importantes. Ces activités consistent a regagner les matériaux et aux profits obtenus a
partir des produits utilisés. C’est grace a la reproduction, a la réparation, au
renouvellement et grice au recyclage qu’on obtient un profit du produit. La
reproduction est le point le plus important au niveau d’avoir un profit du produit. A
notre travail la reproduction contient le contrdle des morceaux des produits utilises (les
retours ou les produits retournes aux producteurs), la réparation, le changement, le
renouvellement et/ou au moment nécessaire a 1’aide des nouvelles spécifications

I’actualisation et mis a 1’état neuf de ces morceaux.

La reproduction se différencie de la nouvelle production par deux points : La différence
la plus importante entre la reproduction et la nouvelle production est au point de
I’approvisionnement, parce que les producteurs reprennent les produits utilises avant la
date d’expiration; ainsi ils ont dans leurs mains une partie du produit original et en
méme temps avec I’amélioration des morceaux utilisés ils essaient de gagner des profits.
La gestion du temps de retour des produits, leurs quantités et ’imprécision de leurs
qualités ont une grande influence sur la reproduction et créent des problémes au
moment du remontage. Pour écarter les imprécisions de la gestion du temps de retour
des produits et I'imprécision de leurs qualités, les firmes font une campagne de

récupération des produits et établissent des contrats de location.

A cause de la pression de service rapide aux clients, le risque que le produit ne soit plus
a la mode, plusieurs firmes essaient de minimaliser le délai de réponse a la demande des
clients. La meilleure fagcon de traiter le probléme est, au lieu de suivre le systéme
classique qui consiste a la production liée aux stocks; est de suivre la stratégie de
montage sur commande : MSC, et/ou ses variations: par exemple remontage sur
commande : RMSC, configuration sur commande: CSC. En suivant le systétme de

remontage sur commande on ne fait que I’inventaire des composants et des piéces, ainsi



on minimalise le prix de revient de l’inventaire. Le systéme de remontage sur
commande, en diminuant le délai de réponse aux demandes et en augmentant le
pourcentage de réponse aux demandes (c’est-a-dire la fraction de réponse aux demandes

d’apres les inventaires), augmente la satisfaction des clients.

Cette these analyse la coopération entre une firme de reproduction et une firme de
production de nouveaux produits. Production hybride et systeme de reproduction sont
¢galement analysés. Multi piece, multi produit, les suivis périodiques du systeme de
I’inventaire de montage sur commande sont des sujets d’étude de ce travail. L’étude du
renouvellement de I’inventaire des morceaux utilise le niveau de stock de base
indépendant. Premiérement au début de chaque période les produits utilisés dont les
contrats sont finis, reviennent aux producteurs. Les qualités des produits utilises étant
aléatoires, les produits retournés, testés et classifiés, sont gradues d’aprés quatre niveaux
déterminés a 1’avance. Ensuite réalisent pour les produits les demandes aléatoires
combines. On réunit les composants, morceaux et modules pareils pour plusieurs
produits ; et par rapport a leurs degrés de qualités, pendant le période de de montage
sont attribués aux produits. Notre probléme ne donne pas I’autorisation aux réponses
pour les demandes partielles. Le systéme fixe une date précise pour la réponse aux

clients et la demande non satisfaite dans ces périodes est pénalisée.

Nous modelons le probleme avec 1’aide du critére d’éviter les risques et avec une
programmation d’exces de stock a deux étapes. Le premier est la détermination des
stocks fondamentaux de tous les morceaux et la deuxiéme est I’attribution des morceaux
aux différents produits. Pour pouvoir conjecturer les pertes et les prix de revient des
producteurs ; un critére de valeur de risque dépendant des conditions (VRDC) est ajoute
au modele. L’adaptation de risque est formulée avec une contrainte probabiliste et
ensuite est changée avec VRDC. La distribution conjointe des données aléatoires étant
supposée connue le probléme est valorisé avec la moyenne d’exemplification et cette
approche est résolue avec méthode de forme L. En outre 1’analyse de la validité des

résultats nous donne des résultats numériques encourageant.
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OZET

Tiiketici bilinci, ekonomik tesvikler, ¢cevreye olan farkindalik, ve yasal yaptirimlar gibi
sebeplerden, malzemelerin yeniden kazanilmasi ve kullanilmis iirtinlerden elde edilecek
degerlere iliskin tiim aktiviteleri kapsayan iiriin kazanim faaliyetlerine olan ilgi son
yillarda biiyiiyerek artmistir. Uriin kazanimi, drnegin; iiriinlerin yeniden iiretimi,
onarimi, geri doniisiimii, ve yenilenmesi gibi bir¢ok sekilde yapilabilmektedir. Yeniden
iiretim, iirlin kazaniminda en 6nemli alanlardan biridir. Caligmamizda yeniden iiretim,
kullanilmig {irlinlerin (iadeler veya {ireticiye geri donen {iriinler olarakta tabir
edilmektedir) parcalarinin kontrol edilmesi, onarilmasi, degistirilmesi, yenilenmesi
operasyonlarini ve/veya gerektiginde yeni spesifikasyonlarla giincellenerek yenisi kadar

1yl duruma getirilmesini icermektedir.

Yeniden iiretim, yepyeni iiretimden temelde iki acidan farklilik gosterir. Yeniden
liretim ve yeni iiriin iretimi arasindaki en 6nemli farklardan biri tedarik boliimiindedir;
clinkii, treticiler kullanilmis tirtinleri kullanim siirelerinin tamamlanmadan geri alarak
orjinal {irliniin bir boliimiinii elinde bulundurmanin yanisira iirlinde kullanilan
malzemelerin iyilestirilmesi ile de defer saglamak istemektedirler.  Ureticilerin
karsilastig1 yeniden iiretimi ciddi bir sekilde etkileyen, ve sonucunda (yeniden) montaj
sathasinda giiclilk yasanmasina sebep olan bir diger 6nemli konu ise geri donen
tirlinlerin zamanlamasi, miktar1 ve kalitesindeki belirsizliklerdir. Geri donen {iriinlerin
zamanlamasinda ve miktarlarindaki belirsizlikleri gidermek i¢in firmalar, tiriinleri geri-

alma kampanyalar1 ve kiralama anlagmalar1 yapmaktadirlar.

Miisteriye hizli hizmet verme baskisi, ve iiriinlin modasinin ge¢me etkisinin hizla
artmasindan dolay1 birgok firma pazarda talebe cevap verme siirelerini azaltmanin
yollarin1 aramaktadirlar. S6zili edilen konu ile basa ¢ikmanin yollarindan biri klasik
stoga-iiretim sistemi yerine siparis-iizerine-montaj (SUM) iiretim stratejisinin ve/veya
onun varyasyonlarmnin (&rn., yeniden siparis-iizerine-montaj (YSUM), siparis-iizerine-
yapilandirma (SUY) vs.) kullamlmasidir.  Bir (Y)SUM sisteminde, envanterler

bilesenler ve parcalar seviyesinde tutulmaktadir, boylece envanter tutma maliyeti de



onemli olglide azalmaktadir. (Y)SUM sistemi, taleplere cevap verme siirelerini
azaltarak ve talep karsilama oranlarini (bir diger deyisle, toplam talebin eldeki
envanterden  karsilanma  fraksiyonunu)  arttirarak = miisteri = memnuniyetini

yiikseltmektedir.

Bu tezde, miisteri taleplerini karsilamada bir yeniden {iretim tesisinin, yeni iiriin liretim
tesisi ile birlikte faaliyet gostermesini kapsayan bir melez iiretim ve yeniden iiretim
sistemi analiz edilmektedir. Calismada, ¢coklu parca, ¢coklu iiriin, periyodik takip edilen
(yeniden) siparis-iizerine-montaj (SUM) envanter sistemi, pargalara iliskin envanterin
yenilenmesinde bagimsiz temel stok seviyesini kullanarak incelemekteyiz. ilk olarak,
her bir periyodun basinda sozlesmesi biten kullanilmis {riinler {ireticiye geri
gelmektedir. Kullanilmis tirlinlerin kalitelerinin rassal olmasindan &tiirii, test edilen,
siniflanan geri donen kullanilmis iirlinler 6nceden belirlenmis olan dort adet kalite
seviyesine gore derecelendirilirler. Ardindan, {iriinler i¢in birlesik siirekli dagilan rassal
talepler gerceklesir. Bazi bilesenler, parcalar ve modiiller bir¢ok iirlinde ortak olmasi
sebebiyle, hepsi bir araya getirilir ve sirasiyla iiriinlere kalite seviyeleri ile iliskili olarak
(yeniden) montaj safhasinda tahsis edilirler. Problemimizde, kismi talep karsilamaya
izin verilmemektedir. Sistemde her bir {iriin i¢in dnceden karar verilmis miisteriye cevap
verme siiresi belirtilir, ve belirlenen bu siire igerisinde karsilanamayan talep

cezalandirilmaktadir.

Biz, bu problemi riskten kaginma o6lgiitlii, iki-asamali stokastik programlama araciligi
ile modellemekteyiz. Ik asama karari, tim pargalarin temel stok seviyelerinin
belirlenmesi ve ikinci asama karari da parcalarin farkli {iriinlere tahsis edilmesidir.
Ureticinin, kayiplarin/maliyetlerinin riskini élg¢iimlemek icin sarta bagl-risk-degeri
(CVaR) gibi bir risk dlg¢iitii modele eklenmistir. Risk uyarlamasi, bir olasiliksal kisit ile
formule edilip, ardindan CVaR kisit1 ile degistirilmektedir. Rassal verilerin ortak
dagiliminin bilindigi varsayilmaktadir, bdylece problem 6rneklem ortalamasi yaklagimi
(SAA) ile degerlendirilmekte, ve bu yaklasim L-sekilli metot ile ¢oziimlenmektedir.
Ilave olarak, sonuglarin gecerliligi analiz edilip ortaya tesvik edici sayisal sonuglar

konmaktadir.
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1 INTRODUCTION

Remanufacturing is the process where a used product is disassembled and its modules,
components and parts are recovered, processed, and used in the production of new
products. The reuse of product returns can be very profitable, especially for the high-
tech products that have quite long product life cycles [1]. For instance, the
characteristic life cycle of a computer chip is 80,000 hours for which only 20,000 hours
are used; therefore, that chip can still be economically used for 60,000 hours in some
other products through, say, remanufacturing; see [2]. This high level recovery option
is broadly found for industrial products such as photocopiers, computers, cellular
phones, aviation equipments, vehicle engines, telecommunication, and medical

equipments [3].

Economic incentives, ethical responsibilities, environmental concerns, legislation,
market share and brand protection are some of the principal reasons why many firms
engage in remanufacturing activities (e.g., [4], [5], and [6]). From this point of view,
we consider a remanufacturing plant that operates along with a manufacturing facility in
meeting customer order. These systems are also known as hybrid manufacturing and
remanufacturing systems in the literature. Remanufacturing a used product, in general,
is less costly than manufacturing a new one [7]. However, remanufacturing has some
general attributes, which complicate the supply chain and production, i.e., uncertainty in
the timing, quantity, and quality of returns, compared to manufacturing. At this point,
leasing which is an ownership-based relationship will be a viable approach that aids to
manage the return processes. [8] discusses factors that complicate management and
planning of supply chain functions in a recoverable manufacturing system, including the
uncertainty in timing and quantity of cores, and the uncertainty in quality of cores. It is
found that lease agreements and take-back arrangements provide for greater certainty
regarding the return time and quantity of cores; see the Xerox Europe case study in [8].
Nevertheless, the quality of cores is difficult to predict. In a remanufacturing system,
components and modules can typically differentiate in quality so that some modules

have higher quality level and longer residual life than others. Under such conditions,



reassembly policy and inventory management are more complicated than traditional
assembly systems because the manufacturer must jointly manage inventories across

variable quality modules besides different types of modules.

In our model, end-of-lease cores at the beginning of each period are returned. Since the
quality of cores is random; they are tested, sorted, and graded into four pre-specified
quality levels. Then, production decisions are made based on these quality levels, see

Figure 1.1.
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Figure 1.1. Hybrid manufacturing and remanufacturing system.

In this dissertation, we consider a multi-component, multi-product, periodic review
inventory problem for a hybrid (re)assemble-to-order system, and we jointly analyze
assemble-to-order (ATO) and reassemble-to-order (RATO) inventory strategies. In the
ATO inventory strategy, products are designed around interchangeable items and
modules. A firm makes and keeps only the modules and the main components in
inventory, however, final products that may have common components, are assembled
only after customer orders are realized such as Dell Computer (e.g., [9] and [10]). ATO
systems can be found in the personal computer (PC) industry, in which customers are
offered a wide range of product configurations and specifications such as processors,
hard drives, memory cards, and other components (DVD, modem etc.) with a
reasonably short response time after the demands are realized. In the RATO inventory
strategy, on the other hand, returns are not remanufactured to stock and have chosen to
reassemble the required components and items per each customer order. The

remanufactured inventories are held at the component and part level. For instance,



Xerox uses a reassemble-to-order policy, due to the Xerox’s products are based on
modular design principles. This enables the firm to configure a remanufactured product
at the reassembly stage based on customer needs and preferences [8]. These strategies
are mainly advantageous to firms that have significant component replenishment lead

times, and the assembly times of products are relatively short.

In our system, partially order service, in which a customer order may be only partially
accepted, yet guaranteed to be met eventually is not allowed. For instance,
Amazon.com which is a e-commerce company, sells goods over the Internet. Their
product portfolio includes DVDs, music CDs, softwares, video games, electronics,
furnitures etc. If there is no available stock on their hand regarding the ordered product,
they may split customer orders into multiple shipments (i.e., the rest of the items may be
shipped from different fulfillment centers). In other words, if customer orders include
five products, and only if three of them are available in stock, then they will satisfy the
orders with available ones, and remaining orders are supplied to customer within a
predetermined time. However, if the remaining orders are not available in the other
fulfillment centers, these orders will be rejected at the beginning. We do not employ a
partial fulfillment in our model. That is, customer orders are satisfied within their
response window times if all items/parts requested are available in inventory. Our
system quotes a predetermined response time window for each product, and it penalizes
if the demand is not met within this time window. Firms whose inventory model is a
make-to-stock system, commonly employ partially order services, in addition, firms can

also use this model to evaluate customer impatiance.

Our presented inventory problem is defined through risk-adjusted (averse) settings that
the objective is to minimize the total expected cost/loss of the production system. This
mathematically refers to a stochastic optimization problem with chance constraints [11].
The risk-aversion is formulated through a probabilistic constraint, which is then
replaced by a Conditional Value-at-Risk (CVaR) constraint (see, e.g.[12]). [13]
describes a Conditional Value-at-Risk (CVaR), coherent risk measure, as the expected
value of tail distributions of returns or losses. Coherent risk measures meet stochastic

dominance conditions and cause a convex optimization problem [14].



To address our inventory problem, we formulate a two-stage stochastic program through
a risk-adjusted setting, where the first-stage decisions are the base-stock levels for all
components, and the second-stage decisions are the allocations of components to
different products. We solve the first stage of the problem to determine the base-stock
(order-up-to level) policy of the components for inventory replenishments by exploiting
a Monte Carlo simulation based technique called sample average approximation (SAA)
method, which approaches the expected objective function of the stochastic program
with a sample average estimation on a number of randomly generated scenarios; see
[15] and we solve this approximation through the L-shaped method that is an exact
mathematical technique, and the main idea of it is to approximate the non-linear term in
the objective (i.e., the recourse function). We assume that the replenishment lead time
of each component can be variable for different components. In the second-stage, we
determine component allocation decisions according to the on-hand inventory and the
received orders. Some components are common to several products, thus component
allocation decision is used to determine the amounts of components to be allocated to
each product. The growing popularity of fast serving and mass customization in
production systems has led to a new direction of study in fields of component

commonality and ATO systems (see, e.g., [16] and [17]).

In this study, multi-component, multi-product, periodic review hybrid (re)assemble-to-
order inventory system is considered and defined through a risk-adjusted manner. We
model this system as a two-stage stochastic programming problem. The risk-aversion is
formulated through a probabilistic constraint, which is then replaced by a CVaR
constraint. We assume that the joint distribution of the random data is known, thus we
approximate the problem through the SAA method, and we solve this approximation
through the L-shaped method. We solve the model using CPLEX using MATLAB as

its interface and report the results for different data instances.

The rest of the study is organized as follows. We present a review of the related
literature and the contibutions of this study in Section 2, we present a motivating
example, the description of the system and our risk-adjusted two-stage optimization
problem in Section 3. We define the Sample Average Approximation and the L-shaped
methods in Section 4. We present our numerical results in Section 5. Finally, we

summarize our contributions and discuss future research possibilities in Section 6.



2 LITERATURE REVIEW

This review is structured as follows. First, in Section 2.1, we shortly discuss the quality
uncertainties in remanufacturing systems. Section 2.2, continues with the related
literature on quality uncertainties in hybrid production systems. In Section 2.3, we
present the related literature of the (re) assemble-to-order inventory policies with
performance measures. Finally, in Section 2.4, we point out contributions of this study

to the existing literature.

2.1 Literature Review on Quality Uncertainty in Remanufacturing

There is a growing body of literature addressing core quality uncertainties and quality
based categorizations for remanufacturing systems. Firms include quality based
categorization in which returns are categorized with respect to their qualities, i.e.,
specification and functionality variations, in their production environment to have a key
competitive advantage in lowering costs, to facilitate remanufacturing and disposal

decisions of a manufacturer.

[18] considers production decisions of a remanufacturer under core quality
uncertainties. In this study, cores are graded with respect to their conditions. After
learning the product’s quality level, the firm decides to either remanufacture the product
or sell it as-is at a lower price to get some revenue from on-hand stock. This study
shows that the choice of optimal product combination is a critical decision for a
manufacturer because it may determine the long-term profitability of the firm. [19]
studies the issue of core quality overestimation and analyze its impact on the
remanufacturer’s profitability. We refer the reader to [20] and [21] for more

information on these systems.

Acquisition and sorting policies under return quality uncertainties are some of the other
important focuses in remanufacturing. [22] analyzes the optimal acquisition and sorting

policies for remanufacturers that encounter variable core conditions.



[23] considers the acquisition and remanufacturing decisions for situations with multiple

discrete quality categories under core quality uncertainties.

In the majority of the published papers, graded cores are completely disassembled and
stocked as components/parts at a remanufacturable inventory. We depart from the
existing literature in that not all of our graded used products are stored only as parts or
components. After required sorting and grading operations, cores are stocked as
products and parts separately according to their quality levels. Only the cores that
belong to the third class, are totally disassembled and stored as parts/items. If there is no
available component in this level to use, at this stage component procurement decision

will be made for a certain type of product(s).

2.2 Literature Review on Quality Uncertainty in Hybrid Production Systems

In hybrid production systems, where simultaneous remanufacturing of used products
and manufacturing of new ones are considered, firms initially tend to satisfy market
orders from remanufactured products since cores can be remanufactured at a lower cost
than the initial manufacturing cost. If there is no available stock on hand, then they will

fulfill the demand with the manufactured ones.

As proved in many researches, such an approach affects the profitability of companies
significantly. A considerable number of studies (e.g., [24], [25], [26], [27], [28] and
[29]) cope with cases in which both used and new products are used to meet the product

demand.

Quality uncertainty in returns and quality based categorization are also investigated
under hybrid manufacturing and remanufacturing context. [30] studies the issue of
stochastic nature of the returned products and analyze the conditions under which
quality-based categorization is most cost effective in a joint production system. [31]
focuses on a product recovery system in a hybrid manufacturing/remanufacturing
environment. In this study, the optimal recovery and production policies are assessed

and the effects of various sources of uncertainty are analyzed.



2.3 Literature Review on (Re) Assemble-to-Order Systems

Assemble-to-order (ATO) manufacturing system deals with multiple demand classes in
which many different types of customized products are produced using common
components, items or modules and share the component inventories. ATO enhances the
probability of meeting a customized demand in terms of time and low cost. In the
reassemble-to-order (RATO) system, on the other hand, returns are not remanufactured
to an inventory and have chosen to (re)assemble the required components and items per
each customer order. The remanufactured inventories are held at the component and

part level.

One of the other commonly used inventory strategy, which is configure-to-order (CTO)
system, is a special case of the assemble-to-order system, and it is widely employed
especially in the electronic products industry. In the CTO strategy, components are
divided into parts, and the customer chooses components from those parts [32].
According to [33], the CTO strategy allows customers to select a finished product by
choosing a customized set of components that go into the product. In this study, the aim
of CTO policy is defined as the minimization of the expected inventory investment

subject to fulfilling the service requirement for each product family.

Component allocation rules are considered in production systems to provide an effective
inventory management. If the component allocation decisions are poorly managed
which leads to the excessive on-hand inventories, the expected service level may not be
achieved. According to [34], the replenishment decisions and the component allocation
decisions should simultaneously be taken into consideration to lower the base stock

levels and to deliver better service to customers.

In our inventory model, product returns are classified into four different quality classes
that are determined by the quality of each module for remanufacturing. The
manufacturer must jointly manage inventories across variable quality modules as well
as different types of modules. However, these policies and inventory control are more
complicated than traditional assembly systems due to the wide variety of items,

products and variable quality modules.



A large body of literature within the context of ATO system focuses on base-stock
policies under some allocation rules, for instance, the first-come first-served (FCFS)
basis is used in continuous review models and the fixed priority rule is used in periodic-
review (discrete-time) models. In the majority of these studies, order fullfillment
performances are also incorporated into the multi-component ATO systems. [10] who
considers order fulfillment performance measures, incorporating the probability of
satisfying a customer demand within a specified time window for a multi-component
assemble-to-order inventory system with stochastic leadtimes. Demands are met on a
FCFS basis, and unsatisfied ones are backlogged. In this study, partial fullfillment is
allowed that can be applicable in case of customer impatiance, e.g. to avoid the risk of
losing customer. [17] studies a single product periodic-review ATO model under base-
stock control. They assume multivariate normal distributions for demand and constant
lead times for component replenishments. [9] analyzes the order-based backorders in a
continuous review, multi-component base-stock inventory system with constant lead
times and multiple demand classes. Order-based backorder refers to the average
number of customer demands that are not yet completely met, perceived as an important

measure to demonstrate customer satisfaction.

In some papers, heuristics are proposed for component allocations. [35] analyzes a
periodic-review model for joint order fullfillment probability (the probability of
satisfying all orders that arrive in a period within a pre-established time limit) in a
multi-component inventory system. Demands follow a multivariate normal distribution.
In this study, equal fractile heuristic is employed in terms of component allocation rule.
[16] studies a multi-component inventory control problem with component
commonality and correlated end product orders in any period. In this research,
component allocation is based on the fair shares allocation rule that a fraction of the
available stock is allocated to the different demands in case of shortages of item stocks.
Apart from them, we do not consider fair shares policies for component allocation. We
optimize our inventory problem, whereas they use heuristics to solve their model. [34]
considers an ATO system that uses the independent base-stock policy for inventory
replenishment. They model a two-stage stochastic integer program in order to
determine the optimal replenishment rule and the optimal component allocation policy

in an ATO system. They incorporate performance measures into their model, in which



the long-run average reward ratio is used to diminish the Type-II service level, also
called as the fill rate, for identical reward rates. The component allocation problem is
formulated as a general multidimensional knapsack problem (MDKP), and an order-
based heuristic is proposed to solve this problem. In this paper, the sample average
approximation method is also presented in order to determine the optimal order-up-to

levels, and compared with two variations of the equal fractile heuristic.

2.4 Contributions to the Literature

Our study differs from the existing literature in the following ways:

* This study considers the joint optimization of the base-stock levels and

component allocation in case there are cores of uncertain quality.

* The problem is considered in a risk-adjusted manner by considering the so-

called conditional value-at-risk constraint.

The first item was also considered in [34], yet they analyzed this item for ATO systems
without considering core quality uncertainties and in a risk- neutral enviroment. Our
study differs from them in that we have a risk adjusted approach in a hybrid
manufacturing and remanufacturing environment. We consider return (input) quality

uncertainties, and lastly we do not allow a partial fulfillment in our research.

To the best of our knowledge, the problem of inventory replenishment and component
allocation in a (R)ATO system in a risk-averse environment has not been addressed in
the literature. Thus, our study is the first that includes the combination of all these

aforementioned subjects.



3 PROBLEM DEFINITION AND FORMULATION

3.1 Motivating Example and the Model Description

We consider a firm that produces brand-new products and remanufactures cores into as
“good” as new ones to meet market orders. In the remanufacturing process, used
products are returned to the producer at the end of their leasing periods and
remanufactured. In this system, products are constituted based on an (re)assemble-to-
order inventory system and the orders are met based on a first-come first-served (FCFS)
inventory commitment rule. Finished product is assembled to order from a set of
components. That is to say, no serviceable goods inventory is kept for any finished
product, while each component has its own inventory, replenished from a supplier
following an order-up-to (base-stock) level. The cores are sorted into four different
quality classes and after the demand is realized, cores of the quality class 1 are
refurbished and cores of quality class 2 are remanufactured, and only if there is no
available stock on hand for remanufacturing, manufacturing decision will be made for a
certain type of product(s). From consumer’s point of view, remanufactured products are

perceived as good as manufactured products in terms of both price and quality.

In the remanufacturing plant, different quality levels could be processed, yet the
variation in core qualities may lead to a higher processing time and cost. We refer the
reader to [18] for more information who describe remanufacturing operations at
ReCellular for quality grading and remanufacturing processes. We analyze a joint (re)

assemle-to-order inventory system and the problem of interest is analyzed in two stages.

In the two-stage stochastic programming method for optimization under uncertainty, the
decision parameters are partitioned into two sets, and this approach is described in the
study of [36] as follows. The first stage parameters are those that have to be determined
prior to the actual realization of the random variables. Then, once the realizations of the
random variable occur, the second stage or recourse variables are decided to make

further design or operational system advancements. The aim is to select the first stage
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decision variables in a way that the sum of first stage costs and the expected value of the

random second stage costs is minimized.

A standard formulation of the two-stage stochastic program is as follows [36, 37, 38]:

. — T l
xl\g(l{g(x). T x +E[0(x, £@))], (3.1)
where
O(x,&):= min%Ty:Wyzh—TxJ' (3.2)
yey

is the optimal value and & := (q,T , W,h) represents the potential random vector. It is
supposed that some (or all) of the components/parts of é—'(a)) are random, and the
expectation in (3.1) is taken with respect to the probability distribution of & (a)) that is

assumed to be known. Problem (3.1), with variables x& R, form the first stage that

entails to be determined before a realization of &(w) occurs, and problem (3.2), with

variables y& R , form the recourse for given first stage decision x and realization & of

the random data. In our model, in the first stage, the base-stock levels for all
components, and in the second stage, the allocation of components to different products
are decided. In addition, we incorporate a response time window, which is a

performance criterion and measures the time to meet customer orders into our system.

To illustrate the model, we provide some numerical data from the existing research of
[33] and we demonstrate our model on this small instance, for details, see, Section 5.1.
Since the size of this instance is small, we take the number of Monte Carlo sample as
three for a simple example. The return time and quantity of the used products are
considered as deterministic (i.e., leasing contract etc.). In our model, we have the
following assumptions: (i) The joint distribution of demands follows a multivariate
normal distribution; (i) The expected processing times, manufacturing and
remanufacturing costs are known; (iii) The manufactured products do not differentiate

from remanufactured ones.
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In Section 5.1 and Section 5.2, test problems from the study of [33] and test problems
from the real-life (actual data) are presented, respectively. Then, computational results

are given to provide more insight into our model.

3.2 The System

We consider a hybrid assemble-to-order (ATO) and reassemble-to-order (RATO)
system with m components, indexed by i = 1, ..., m, and n products, indexed by j = 1,
..., n. The following sequence of events is typical for the system for every period 7, t =
0, 1, 2, .... At the beginning of a period, the inventory position of each component is
reviewed, and the component replenishment orders are placed according to the
inventory policy. After the receipt of the replenishment for earlier orders and update of
the inventory positions of the components, end-of-lease products (cores) are returned.
These cores are subject to be tested, graded, and sorted into a number of quality levels,
so that the random amounts of cores, which fall into each quality level are revealed.

Then, random orders for different products arrive through lease agreements.

Each component i operates under a periodic-review, independent base-stock policy with

the base-stock (order-up-to level) policy for component i denoted by S;. That is, if at
the beginning of a period, the inventory position of component i is less than §;, the

system orders up to S;; otherwise, it does not order. Furthermore, the ordering

decisions for component i are made on the basis of the inventory position of component
i only. Such a policy is in general not optimal, but it has been adopted in analysis and in
practice due to its simplicity and minimal requirement of system-wide information.

Moreover, the replenishment lead time of component i, denoted by L,, is a constant

integer which is an integer multiple of the review interval. These lead times can be

different for different components.

The lease agreements for the n products enable us to consider the return time and
quantity of the cores as deterministic. However, the quality of the cores is difficult to
predict; hence, they are tested, graded, and sorted into, say, four quality levels; see the
Xerox Europe case study in [8]. The cores of quality level 1 (i.e., best cores) are unused

products requiring only minor servicing, and the cores of quality level 2 are in good
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condition, but they require some of the components to be replaced during the
remanufacturing process. Moreover, the cores of quality level 3 are in good condition,
but not economically fit for remanufacturing. Therefore, these cores are disassembled,
and after being repaired, some of their components enter the reusable parts inventory.
Finally, the cores of quality level 4 are immediately disposed off. For product j, the
cores that are classified into four quality levels in period ¢ are denoted by the vector of

the random variables (RJ-,l Rin, R, R4 J(/ =1, ...,n), and the sum
R,y +R;p +R;5+R;, equals the deterministic amount of cores for product j returned
in period ¢. For product j, (R_,-ﬂ Rin,R;45,R; ,4J are correlated in the same period, but

are independently and identically distributed (iid) vectors across different periods.

Furthermore, the random amounts R;,.R;,,R;; and R;, are independent of the

jh

random demands for product j in the same period.

The major barrier to the success of remanufacturing has been the misperception among
some customers that remanufactured products are inferior to brand-new ones. In this
study, however, we assume no market segmentation between remanufactured and
manufactured products. In other words, the remanufactured products are perceived as
good as manufactured ones, and hence, for product ;j there is a single demand stream.

This demand stream for product j in period 7 is denoted by the random variable P,

where (Plt’le’ ...,Pm) are correlated in the same period, but are iid vectors across

different periods.

Each brand-new product is assembled from multiple units of a subset of m components,
and each core of quality level 2 is remanufactured by replacing a pre-specified number

of components. Let b; and b; denote the usage rates of component i to manufacture

and to remanufacture unit demand of product j, respectively, where b; = bj. The

ij

system quotes a response time window, w;, for product j. This time window is pre-

specified and fixed for every product type by the system. We assume that the system is

penalized by a unit penalty, g, if a demand for product j cannot be filled within w,

periods after its arrival. Furthermore, a demand for product j is considered to be filled if

!

jj2 units of component #; in other words, the product is

that demand is allocated b; or b
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really a product (incomplete if any of its components is missing), and partial shipment is
not allowed. The system uses the following order to fill the demands: first, the cores of
quality level 1, then the cores of quality level 2, and finally the brand-new products.
This order is reasonable because the production times and component requirements

increase in the same order.

The problem of interest is analyzed in two stages. The first-stage decisions are the
optimal base-stock levels §; for i = 1, ..., m, and these decisions are taken without
observing the realizations of the random demands for the n products. After the cores
are tested and graded, and customers’ demands are received, the second-stage decisions,
namely the amounts of inventories to be allocated to the unfilled demands, are made in
each period. We assume that the inventories are allocated to the unfilled demands
subject to a first-come first-served (FCFS) inventory commitment rule. Under the
FCEFS rule, the allocation problem is concerned with the demands for different product

types that occur in the same period. The FCFS rule enhances analytical tractability, and

has been adopted by [16], [34], and [35].

Now, we introduce new random variables, which depend on the joint random demands

(Pn Py, ...,Pm) for the n products and the joint random amounts of the cores that fall
into four quality levels (R_,-ﬂ Rip Rig:R;n J These new random variables will be used

to derive an equation for the inventory on-hand that simplify the formulation of our

model in the next section. Fori=1,...,m,j=1,...,n,andt=0, 1, ...

D, be the total demand for component 7 in period ¢

n
1.e.,Dl~Z = E [blrjz mln{(P]t—R]ﬂ),R]Q}F bij@jl‘_Rjﬂ _leQ)-_
j=1

0, be the total amount of component i disassembled from cores of quality level

3 in period ¢ with bl;.3 being rate of disassembled component i from product ;.

n
1.€., Qit = E blj3 R]B
j=1
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A, be the total amount of replenishment for component i in period z.

I, be the inventory level (i.e., on-hand inventory minus backlog) of component

i at the end of period ¢.

where, for any two random variables X and Y, (X -Y )+ = maX{X -Y, 0}. We further
denote the total demand, the total replenishment, and the total disassembled amount for

component I (i=1,...,m) from period s through period ¢ inclusive by D, =[s,t],

4= [S,t], and Q, = [s,t] respectively, where

Di[s,t]= iDl‘u Ai[S>’]= iAiu Qi[sa’]= inu

Whenever s > ¢, Di[s,t]s 0, Al-[s,t]s 0, and Qi[s,t]s 0.

Now, we derive an equation for the inventory on hand. Assume that & is a nonnegative

integer such that k < L, for any lead time L;. Later, we use k as an index of response

time windows for all products. Because each component is operated under an

independent base-stock level S;, based on Hadley and Whitin [39], the following

equation for the inventory level at the end of period ¢ + & can be written

Il-,,+k=S,-—Dl-[t+k—Ll~,t+k]+ Qi[t+k—L,~,t+k] i=1,...,m (3.3)

Furthermore, using balance equations and FCFS inventory commitment rule, the
inventory level at the end of period 7 + £ is related to the one at the end of period 7 — 1 as

follows
Lijek =1+ At e+ kDl e+ K]+ 01,1+ k] (3.4)
Substituting (3.4) and (3.3), we reach the following result

Lo+ ALt t+k]+ Ot t+k]=8; Dt + k=Lt ~1]+ Q)ft + k= L;, 1 + k] (3.5)
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Note that 7; ,_; + Ai[t,t+k]+ Ql-[t, t+k:| is the net inventory level at the end of

period ¢ + k after having received all replenishment orders and having disassembled all
repairable component i from cores of quality level 3, but before allocating any inventory
to the demands realized after period ¢ — 1. Furthermore, because of the FCFS rule, if the
amount S; — D, [t +k-L;,t- 1]+ 0, [t +k-L,t+ k] is positive, that inventory will be
committed to the demands (P, P,,,...,P,, ) of period ¢ before any demands of the

subsequent periods. Now, suppose that the response time windows for the n products

can be ordered as w; =w, <...<w, . Then, the on-hand inventory of component i to be

committed to (P, Py, ..., P, ) for k=0,1, ..., w, is given by

(S, =Dift+k-L;,t-1]+Qifr+k—L;, 1+ k] (3.6)

Before presenting the formulation, we assume the following: the longest response

window w, does not exceed the shortest of the lead times L;; i.e., w,, = min L;. This is
l=si=sm

a plausible assumption because if there exists any product j for which the lead time of
component i satisfies L; < w;, that component i can be replenished to fill the orders of
product j before its response time window w;. Hence, the component i will not be

considered in the allocation problem for product ;.

We consider an infinite horizon, and we shall focus on stationary random data; i.e.,

(P,.P,,....P,) and (Rjﬂ,R iR R j,4J are invariant in distribution over time, and

hence denoted by (Pl,Pz,...,Pn ), and (R R;),R;3,R J Moreover, the on-hand

j1>

inventory level of component i in (3.6) becomes

(Si _Di[Li _k]+ Qi[Li + 1]>+ (3.7
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3.3 Risk-Adjusted Two-Stage Stochastic Programming Formulation

We consider the following problem with a chance constraint:

min c’S+E[0(S,¢)]
S=(S )5Sy ) T ERM
s.t. Prob {Q (S, e)s r]}z l-a (3.8)
S=S

safe

where Sguro=24 Op4/L; . o is significance level where a € (0,1). z, is the a-
quantile of the standard normal distribution. For a realization & = (I? vouP R ... En A ]

of ¢, the second-stage cost O (S, £ ) is given by

min qTu

nok ~ ~ 3.9
St S Shipahys (5, - B[ &1+ O, +1]f (3.9a)

~

1
—_
~

I
(e

i isz e ;- B,z - k] (3.9b)

j=11=0

for £=0,1, Wy, and i =1, ... m

Wy -
EG;Z+x;?71)+uj=(13j—Rj1)forj=l,...,n (3.9¢)
=0

Wi -

Exj.lstz forj=1,...,n (3.9d)
=0

x;,zO,x;."le,uj =0 for /=0, W) and j=1,...,n.

In the following, we define the notation in (3.8) and (3.9). ¢= (cl, e Cpp )T is vector of

procurement costs per unit of the m components, S = (Sl, s S ) is vector of base-
m

stock levels of the m components, and # is upper bound on random second-stage cost
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0 (S, s). The first-stage here-and-now decisions are the base-stock levels (@'P S J,

and these decisions are made before observing the random data. Furthermore,

q= (ql, ...,qn)is vector of shortage costs per unit of n products, and u = (u1 poees U, )’ 1S
vector of shortage amounts of the n products. The second-stage wait-and-see decisions

are the remanufactured and manufactured amounts X7 and X of product j (] =1, ,n)
respectively, within its response time window / =0, 1, oW, and the shortage amounts

u;. The second-stage decisions are made after observing the random demands and the

random amounts of cores that fall into each of the four quality levels. Moreover, (3.9a)
and (3.9b) imply that the amount of component i used for remanufacturing and
manufacturing within response time windows cannot exceed its on-hand inventory level
respectively; (3.9¢c) implies that the total remanufactured and manufactured amounts of

product j within its response time window w; plus the shortage amount has to be equal

to the net demand (F] - Eﬂ) for product j, because the cores of quality level 1 (i.e.,

Rﬂ) are ready to fill the net demand for product j after only minor servicing.

Furtheromore, (3.9d) implies that the total remanufactured amounts of product j within

w; cannot exceed the remanufacturable amount R 2 for productj. Additionally, in case
all penalty costs are g, =1, the objective function in (3.9) divided by the sum of the

expected demands for all » products equals the expected average no-fill rate (i.e., the

complement of fill rate with respect to one).

The formulation (3.8) provides a risk-averse approach to the problem; i.e., it minimizes
the random second-stage cost O (S, £ )on average, while controlling its upper limit 1 for
different realizations of the random data. A well-known problem of such a formulation
is that chance constraints usually define non-convex feasible sets. It was suggested in
Rockafellar and Uryasev [40] to replace chance constraints by conditional value-at-risk
constraints, where the Conditional Value-at-Risk of a random variable Z at significance

level o is defined as

CV@R [z }= inf { +a-lE[z-1] . (3.10)
! )
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It was further shown in [40] that (3.10) is a convex conservative approximation to its

corresponding chance constraint; i.e., the feasible set defined by CV@R,, [Z ]sn is
contained in the feasible set defined by Prob [Z < 17]2 I-oa . Therefore, in our analysis,

we will replace the chance constraint in (3.8) by its corresponding CV@R , constraint.

Ignoring the chance constraint in (3.8), the formulations in (3.8) and (3.9) satisfy the

well-known relatively complete recourse assumption; i.e., given any feasible first-stage
solution (Sl,... S ), there exists a feasible second-stage solution (gcr. , XM u
JO i I

>~m

(j =1,...,n and/ = 0,...,ij for almost every (a.e.) realization of ¢. To see this,

consider the worst-case situation in which a feasible solution with S; =S i,saf ¢ for each

component i for (3.8) is given, but the right-hand-sides in (3.9a) and (3.9b) are all zero;

i.e., there is no on-hand inventory for any component i. Then, for a.e. realization of ¢,
ro- m _ =(P. R P = = . '
le—O, le—O,and 7y QD] leyfor j=1,...,n and / O,...,wj constitutes a

feasible solution for (3.9). However, the chance constraint and consequently the

CV(@R , constraint can make (3.8) infeasible. Therefore, we relax the CV@R,

constraint as follows. Let

p1[0(5.€):= 1-2) E[0(S.¢)]+ ACV@R ,[0(5.¢)] (3.11)

be a real-valued function of the random variable QO (S, € ), where E [Q (S, £ )] is assumed
to be well-defined and finite. In (3.11), /16[0,1] is a parameter that can be tuned for a

tradeoff between minimizing on average and risk control. Using (3.10) and (3.11), we
reformulate the first-stage problem (3.8) as follows, which we will use throughout the

study:

i I'S+At+EV(S,¢); 3.12
s &S HMAEL Soe)) (3.12)

where V = (S,e)=(1-1) 0(S.e)+ Aa"[0 6. )- t ] . Now, the second-stage objective
function in (3.9) is given by (1-1)qTu+ Aa‘l[un —t]. By introducing a new

variablev such that v = qTu -t and v = 0, the formulation in (3.9) becomes
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min (1-2)qTu+Aralv (3.13)
n k N ~
S.t. 21 ZEO bl/]zx;l = (S'l' - Dl' [Ll - k]+ Qi [Ll + I:D
Jj=ll=
for £=0,1, Wy and i=1,....,m
n k ~
> 2 bUXTJS(Si—Di[Li—k])
j=11=0
for £=0,1, Wy and i=1,....,m

3 et hs = 6 o=l

3

~

x;lstz forj=1,...,n

=0

qlu-v <t

x;IZO,x;”[zO,uj =20,v=0 for l=0,..,wj and j=1,...,n.

We assume that we can sample from the joint distributions of (2,P,,...,P,) and
(le,Rjz,Rj3,Rj4J for j=1,...,n through Monte Carlo simulation and solve the

problems in (3.12) and (3.13) through the sample average approximation method

combined with the L-shaped algorithm.



4 SAMPLE AVERAGE APPROXIMATION AND THE L-SHAPED
METHODS

In this section, based on [36], [38], and [41], we give further details on the Sample
Average Approximation method, and the L-shaped algorithm.

4.1 Sample Average Approximation Method

The main objective of Sample Average Approximation (SAA) method for solving

stochastic programs is as follows [36, 41].

Initially, a sample &!,...,5~ of N realizations of the random vector & (w) is generated,

therefore, the expected value function E[Q(x,&(a)))] is approximated by the sample

N
average function N -1 D Q(x, &n ) The obtained sample average approximation

n=1

N
Min{éN (x)=cTx+N-! EQ(x,&”)} 4.1)
x&eX n=l1

of the stochastic program (3.1) is then solved by a deterministic optimization method.

4.2 L-Shaped Method

The L-shaped method which is a decomposition technique, is helpful to solve problems
that have the form of a master (main) problem and many subproblems. This technique
consists of a number of iterations, and combined solution of it approaches in a finite

number of iterations to the optimum.

Except for the last iteration, each iteration adds one or many new constraints to the main

problem that limits the set of feasible values for the related parameters. They are called
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feasibility or optimality cuts; the optimality cuts cut-off solutions that cannot be optimal.
As the iterations proceed, the upper bound increases for a minimization problem. When
the upper and lower bound difference is less than the predefined tolerance level, the

process terminates and shows the best feasible solution found.

The essential idea of the L-shaped method is to approximate the nonlinear term in the
objective. The fundamental concept of this approach is that, since the nonlinear
objective term involves a solution of all second-stage recourse linear programs, we
would like to avoid many function assessments for it. Hence, that term is used to build
a master problem in s, yet only the recourse function is precisely assessed as a

subproblem.

The following extensive form of a stochastic program is considered with S realizations,

and p,be the probability that the s™ realization takes place:

_ S
min T (S,1)= S psal yg (4.2)
s=1
st. A(S,t)=b,
T,(S,t)+ Wy, = hy, §=1....,S.

S=28greys 20,tER

The above-stated structure of this extensive form has a L-shape and this algorithm is

defined by [38] as follows.

Step 0. Initialization: Set » =5 =v =0, where r is the index for the feasiblity cuts, s is

the index for the optimality cuts, and v is the number of iterations.

Step 1. Setv =v +1.Solve the following master LP (4.3), where 6 = E[v(s,&)]. We add

a lower bound t=-50,000,000, because otherwise the optimal objective value

would be — o .

min cTS+At+6 (4.3)

s.t. t =-50,000,000



23

S= S0t ER OER
DZ(S,Z)Zdl, [=1,...... 7,
E(S,1)+0=¢, I=1....5

Sz S0 0ER, 1ER

Let (x",@") be an optimal solution. If no constraint on #Vis present in the above

formulation, 6Vis set equal to — o and is not assessed in the computation of SVand 7V _

Step 2. For each scenario s =1,...,S . Solve the following subproblem.

min w =elvt +ely- (4.4)
n k ~ ~
S.t. 2 IE blljzx;l + V;l - V]_l = (gi - Di,S [Ll - k:|+ Qi,S [Ll + I:D
j=11=0

for k=0,1,...w_and i=1,....,m

n
n k ~

21 120 bl]x;”l +V}-Z—V]_.l = (Svl' _Di,S [Ll —kv
j=ll=

for k=0,1,...w_and i=1,....,m

n
IEO .};l+x;nl u]=@],S_RJ]’S)f0r]=1,,n

w

J ~
r + - = . | =
lzoxﬂ-'-vﬂ-l-vﬂ_sz’s forj=1,...,n

qlu-v <t

x;IZO,x;"le,uj =20,v=0,vt =0, v— =20, forl=0,..,wl. and j=1,...,n

in which el = (1, ...,1) until for some s, the optimal value w' > 0. In this case, o) is

the vector of simplex multipliers and define

T
Dr+1=(03v} ) T
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and

T
dr+1=(0;} ) hs

to generate a feasibility cut, and set » =r+1. T is a matrix which consists of the

coefficient of the first-stage decision variables, namely S;and z, and 4 is a vector that

consists of the realizations of the random right-hand sides in (4.4). That is, 51-,3 , éi’ s»
ﬁj,s . Rjjcand R . Add the resulting feasibility constraint to the master problem

and return to Step 1. If for all s, w' =0, go to Step 3.

Note that because for our problem, the relatively complete recourse problem is satisfied,

we skip step 2 in our application.

Step 3. For s =1,...,§ solve the LP

min (1-2)qTu+Aalv (4.5)
s.t. 2 Eobyzxﬂ_(g By - K1+ 0, [y +1])
]= =

for £=0,1, Wy and i=1,....m

n k ~
> 2 byxTy= (5'1' - DL, —kv

j=11=0

for k=0,1,...w_and i=1,....,m

n

Wj . _
lzogﬁ”}”z)*“j = (Pj,s —le,S) forj=1,....n

L Loas
Il\
>UI
o
=
~
Il
\;—‘

S

jle,xﬂzO u; 20,v=0, forl=0,..,wj and j=1,...,n

Let m)be the vector of simplex multipliers obtained at the optimal solution of (4.5)

Define
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Egi = ilps .Q[;‘}YTS'
S§=
and

€s'+1 = ilps QZ; th'
5=

Note that because we use sample average approximation method p, =1/N for our

application, where N denotes the Monte Carlo sample size.

Let w¥ =ey,1 - Eg (y",tV ) If 6V = wV, terminate; (9", tV) is an optimal solution,
else set s'=s"+1, add the optimality cut to the master problem, and return to Step 1.
Firstly, feasibility cuts are added to determine {9" , 1Y ) Q(x)< +OOJl, and then optimality
cuts that are linear approximation to Q on its domain of finiteness are added to the

model.



5 COMPUTATIONAL RESULTS

5.1 Test Problems from the Literature

We implement all experiments on a PC with Windows XP, Intel Pentium 4 CPU of 1.60
GHz, and 1.00 GB RAM. Because for now the instances that are detailed below are

small, the CPU times are negligible, and hence they are not presented.

The parameter values for our numerical study is taken from the existing research of
[33]. In this study, a family of three desktop computers are assembled from a set of 12
different components. Components used in the assembly of a finished product are
procured from outside suppliers, and also if available some components are taken form
parts/items inventory. The supplier leadtimes are assumed to be deterministic that
represents the time required to manufacture the component and ship it from a supplier
warehouse to the manufacturing plant. The lead times, the unit acquisition costs and the

bill-of-materials structure are given in Table 5.1, and Table 5.2, respectively.

Table 5.1. Components, Lead Times, and Unit Acquisition Costs For the Example
Configure-to-Order Systems In [33]

i Description Lead time Unit acquisition cost
1 Base unit 5 215
2 128 MB Card 15 232
3 450 MHz board 12 246
4 500 MHz board 12 316
5 600 MHz board 12 639
6 7 GB disk drive 18 215
7 13 GB disk drive 18 250
8 Preload A 4 90
9 Preload B 4 90
10 CD ROM 10 126
11 Video graphics card 6 90

12 Ethernet card 10 90
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We assume that the demands for the three products are multivariate normally distributed
with the mean vector (150, 100, 125), the variances (750, 625, 675), and the correlations
between the demands are randomly generated from the uniform distribution on (-1, 1).
The response window times are first considered as wi= 1, wy= 2, w3= 3 for products 1,
2, and 3. Later, we also consider wi= w,= ws;= 0, which enables us to observe
immediate fill rates for products 1, 2, and 3. Moreover, the amounts of cores (returned
products) are considered as (10, 15, 20) for products 1, 2, and 3. We assume that for
each product, the numbers of cores that fall into the quality levels 1, 2, 3, and 4 follow
multivariate normal distributions with the following mean vectors and variances: (1200,
1500, 2500, 2200) as the mean vector and (300, 500, 1000, 560) as the variances for the
product 1, (3500, 1200, 2200, 1800) as the mean vector and (1000, 600, 1200, 900) as
the variances for product 2, and (1500, 1500, 1500, 300) as the mean vector and (900,
900, 900, 125) as the variances for product 3. For each product, the correlations

between the quality levels are again randomly generated from the uniform distribution

-1, ).

Table 5.2. Bill-of-Materials Structure For the Example Configure-to-Order Systems In [33]

i Description Product 1 Product 2 Product 3
1 Base unit 1.0 1.0 1.0
2 128 MB Card 1.0 1.0 1.0
3 450 MHz board 1.0 - -
4 500 MHz board - 1.0 -
5 600 MHz board - - 1.0
6 7 GB disk drive 1.0 0.4 -
7 13 GB disk drive - 0.6 1.0
8 Preload A 0.7 0.5 0.3
9 Preload B 0.3 0.5 0.7
10 CD ROM 1.0 1.0 1.0
11 Video graphics card - 0.3 0.6
12 Ethernet card - 0.2 0.5

We denote the realizations of these multivariate normally distributed random variables

'~ ~ ~ ~ '~ ~ ~ ~ ~ ~ Al

by 0, =1,,,91,, 03,04 Ja 0, = 62,1,52,2,52,3,52,4 ]a and 03 =10;3,,03,,033,034
Note that because for a fixed product j, the sum of the fractions of cores that fall into the

four quality levels has to be equal to one, we compute these four fractions from the 5]
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through 5]-,1 10, (SNj’z 1p;, (SNj’3 /p;,and gj’4/ﬁj,where p; = gj,l +<5~j,2 +6~j’3 +gj’4.
Then, for example, we find the realizations of the cores of quality levels 1, 2, 3, and 4
for product 1 by 10x 611 /Py, 10x 6~1,2 /py, 10x 613 / py,and 10 x 6~1,4 / py , respectively.

The penalty costs are q7 = (22480, 25200, 33020).

We consider Aand a in (3.12) and (3.13) as parameters, and solve these problems for
several values of Aand a. We first solve the problems for wi= 1, w,= 2, ws= 3
(instance 1), and then repeat the experiments for wi= w>= ws= 0 (instance 2). We obtain
very similar results for both instances, hence we present results in Figures 5.1 and 5.2
only for instance 1. Note that after sampling the demands and the random amounts of
cores that fall into each quality levels, the problems in (3.12) and (3.13) are formulated
as two linear programming problems, which are then solved through CPLEX 12.2 using

MATLAB as its interface.

The optimal objective value for the problem in (3.12)

25 1 1 1 1 1 1 1
c.1 0.2 0.3 c4 0.s 08 o7 0.8 0.s

Tradeoff parameter A

Figure 5.1. Effects of Changing A on the Optimal Objective Value of the First-Stage
Problem In (3.12) : a = 10% and Fixed.

Note that increasing A or decreasing o would increase the relative importance of the
risk adjustment term, and hence would lead to a more conservative system; for « , this

can also be seen from the chance constraint in (3.8). Both Figures 5.1 and 5.2 reflect
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the increase in the conservatism of the system because the optimal objective value of the
first-stage problem in (3.12) increases as A increases in Figure 5.1, and it increases as

a decreases in Figure 5.2.
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Figure 5.2. Effects of Changing «a on the Optimal Objective Value of the First-Stage
Problem In (3.12) : A= 0.5 and Fixed.

5.2 Test Problems from Real-Life (Actual Data)

The choice of paramater values for our numerical study is based on actual data provided
by an International Data Corporation*, in which the data includes the quantity of
desktop PCs and portable PCs sold within 2008 and 2011 in Turkey. In order to
demonstrate the demand distributions of the acquired data, the input analyzer of Arena
10.0 is used, and the histogram and distribution summaries of demands for five products

are presented in Appendix A.

In our numerical analysis, we consider a family of five personal computers, i.e. desktop
PCs and portable PCs, are assembled from a set of 12 different components. Some
components are common to different products. Components used in the assembly of a

finished product are procured from external suppliers, and also if available some
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components are taken form parts/items inventory that the components of third quality

cores take place.

Table 5.3. Average Lead Times, and Unit Acquisition Costs of Each Component.

i Description Lead time Unit acquisition cost
1 Base unit 6 214
2 Processor: 2.2 GHz 15 90
3 Processor: 3.4 GHz 15 117
4 Memory: 2 GB 12 58
5 Memory: 4 GB 12 75
6 Memory: 8 GB 12 105
7 Hard Drive:500 GB 18 100
8 Hard Drive:1 TB 18 130
9 Operating system 1.0 7 186
10 Operating system 2.0 7 249
11 Software (Common programmes) 5 180
12 Optical drive 17 47

In this research, like [33], the supplier leadtimes are assumed to be deterministic which
represents the time required to manufacture the component and ship it from a supplier
warehouse to the production plant. The average lead times, the unit acquisition costs of
each component and the bill-of-materials of each product are illustrated in Table 5.3,

and Table 5.4, respectively.

The first stage in analyzing multivariate data is computing the mean vector and the
variance-covariance matrix. The mean vector consists of the mean of each variable and
the variance-covariance matrix consists of the variances of the variables along the main
diagonal and the covariances between each pair of variables in the other matrix

positions.

Covariance is a measure of how much two variables change or vary together. To
demonstrate the relationship between demands and products, we present the covariance
matrices in our research. The definitions, notations and formulations of mean vector

and variance-covariance matrix are available in Appendix B.

* Confidential data cannot be disclosed.
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Table 5.4. Bill-of-Materials of Each Product.

i Description P: 1 2 3 4 5
1 Base unit 1 1 1 1 1
2 Processor: 2.2 GHz 1 1 - - -
3 Processor: 3.4 GHz - - 1 1 1
4 Memory: 2 GB 1 - - - -
5 Memory: 4 GB - 1 - 1 -
6 Memory: 8 GB - - 1 - 1
7 Hard Drive:500 GB - 1 - - -
8 Hard Drive:1 TB 1 - 1 1 1
9 Operating system 1.0 - 1 1 - -
10 Operating system 2.0 1 - - 1 1
11 Software (Common programmes) 1 1 1 1 1
12 Optical drive - 1 - 1 1

We consider the set of 15 observations (demand periods), measuring 5 variables
(products) is described by its mean vector and variance-covariance matrix as illustrated

in Appendix C, and the results are as follows:

215.578.429 154.121.319 -99.430.121 13.577.471 - 274.639
154.121.319 277.251.123 -18.875.463  17.059.883 1.763.616

> =1-99.430.121 -18.875.463 210.154.931 8.133.767 —-5.757.537
13.577.471  17.059.883 8.133.767  12.583.302 -2.339.957

- 274.639 1.763.616 -5.757.537 -2.339.957 2.512.310

It is clear to see that covariance values are both positive and negative in different points,

and we can deduce that there are linear dependencies between variables.

We run the program with different penalty costs, and we found out that when these
penalty costs are high compared to the acquisition costs, the total estimated objective
value can become higher when the parameter A decreases. Hence, we fixed the penalty
costs as 1,5 times of the cost of original products, where the costs of original products
are taken as follows: 921,58; 892,76; 932,82; 1012,52; 1042,52. We run the program
for 6 different A values and two different o values, and in Figure 5.3, we obtained the

following changes
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Figure 5.3. Effects of Changing a and A on the Lower Bound of the Objective Value

When the parameter o decreases, our problem becomes more conservative, yet we
cannot say this for A due to the fact that it highly depends on the parameter values of
the A.



6 CONCLUSIONS

In this dissertation, we consider a multi-component, multi-product, periodic-review (re)
assemble-to-order system, and find the joint optimal base-stock levels and component
allocation policies in a risk-adjusted environment. We model this problem through a
risk-adjusted two-stage stochastic programming problem, where the first stage decisions
are the base-stock levels for all components, and the second-stage decisions are the
allocations of components to different products. Risk adjustment is achieved through
the conditional-value-at-risk constraint. We solve the resulting problem through the
sample average approximation combined with the L-shaped method. Our preliminary
numerical results are intuitively sound: as we make the system more conservative (by
increasing the parameter A or by decreasing the parameter « ), our expected total

optimal objective value increases.

Further research should include more numerical results by using different multivariate
distributions for demands. The majority of the published studies which consider joint
production systems, assume that there is no quality differences between manufactured
and remanufactured products that may have an effect on the consumers’ preferences.
Yet, consumers can be heterogeneous in their willingness to pay and they do not
necessarily value remanufactured products as good as brand new ones. Hence, this
perception of consumers can lead to market segmentations and multiple demand classes
for products. Consideration of segmented markets for manufactured and

remanufactured products is a further important issue.
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APPENDICES

Appendix A. Demand Distribution Histograms of Five Products.

Distribution Summary

Distribution:  Normal
Expression: NORM(D, 0)
fogquare Error: 0.042869

Kolmogorov-Smirnov Test
Test Statistic = 0.246
Corresponding p-value > 0.15

Data Summary

Humber of Data Points = 15

Min Data Value = 1.78e+004
Max Data Value = 7.95e+004
fample Mean = 4.09e+004
fample Std Dew = 1.52e+004

Histogram Summary

1.78e+004 to 7.95e+004
5

Histogram Range
Humber of Intervals
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Distribution Summary

Distribution: Normal
Expression: NORM(O, 0)
fquare Error: 0.042869

Kolmogorov-Smirnov Test
Test Statistic
Corresponding p-value > 0.15

&

Data Summary

Humber of Data Points = 15

Min Data Value = 1.78e+004
Max Data Value = 7.95e+004
fample Mean = 4.09e+004
Pample Std Dew = 1.52e+004

Histogram Summary

Histogram Range 1.78e+004 to 7.95e+004
Humber of Intervals =35
B

Distribution Summary

Distribution: Normal
Expression: NORM{0O, 0)
Sequare Error:  0.035746

Kolmogorov-Smirnov Test
Test Statistic = 0.218
Corresponding p-walue > 0.15

Data Summary
fumber of Data Points = 15
Min Data Value =0
Max Data Value = 5.54e+004
Gample Mean = 2.32e+004
Gample Std Dew = 1.72e+004

Histogram Summary
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pistribution: Normal
Expression: NORM(D, 0)
Bruare Error: 0.066915

Kolmogorov-Smirnov Test
Test Statistic =
Corresponding p-value =

Data Summary

Fumber of Data Points =
Min Data Value =
Max Data Value =
fample Mean =
Fample Std Dew =

Histogram Summary

Histogram Range
Funber of Intervals

Distribution Summary

0.299
0.114

15
1.84e+004
8.14e+004
3.85e+004
1.5e+004

1.84e+004 to 8.14e+004
5

Distribution: Normal
Expression: NORM(O, 0)
Scquare Error: 0.006119

Kolmogorov-Smirnov Test
Test Statistic =
Corresponding p-walue >

Data Summary

Fumber of Data Points =
Min Data Value
Max Data Value
Sanple Mean

Sanple Std Dev

Histogram Summary

Histogram Range =
flumber of Intervals =

Distribution Summary

0.163
0.15

15

6.01e+003
1.19e+004
8.67e+003
1.64e+003

6.01e+003 to 1.19e+004
5




40

Distribution Summary

Distribution: Normal

Expression: NORM{O, 0}

Brguare Error: 0.017260

Kolmogorov-Smirnov Test
Test Statistic
Corresponding p-value

Data Summary

Fumber of Data Points
Min Data Value

Max Data Value

fample Mean

fample 5td Dev

Histogram Summar

Histogram Range
Humber of Intervals

¥

0.15

15

a
1.26e+004
5.96e+003
3.67e+003

-0.001 to l.26e+004
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Appendix B. Definition, Formulation and Notation of a Variance-Covariance Matrix.

Let X = (Xl,Xz, ey Xp J be a random vector with mean vector u = (yl,uz, e Up J
The covariance cov (X i X jJ of the pair \X;, X jJ is a measure of the linear coupling
between these two variables. The covariance of two random variables, X;and X ; is

denoted by oy; in (Bl) i, = l,..., p and the covariance matrix is denoted by Y, in

(B2).
ofr =cov(X,~,Xj)=E|_(Xi—Mi)(Xj_“J')J (B1)

where w; =E(Xl~)anduj =E(<X'J~Jandlet,

o1 O - O

p
031 O -+ O3

E = al] = p . (B2)
Opl O9p2 Opp

Since cov (g(i,Xj J: cov (Xj,Xl- J, we have 0y =0 ;. Hence, > is symmetric with

(i, j)’h and (j, i)" elements indicates the covariance between X ; and X ;. Moreover,

since var (X ; )= cov (X . ¢ )=Gl~l~ , the /" diagonal place of 3 includes the variance of

X;. The matrix Y, is called the Variance-Covariance Matrix of X;.
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Appendix C. Variance-Covariance Matrix of a Sample Data

(011 012 013 014 015
021 O3 0323 0Op4 O35
Y=|031 03 033 034 035
041 042 043 044 O4s
| 051 Os2 053 Os4 Oss
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