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ABSTRACT

DESIGN AND ANALYSIS OF COLLECTION SYSTEMS
FOR INCENTIVE-DEPENDENT PRODUCT RECOVERY

In this thesis, we propose three reverse logistics models in which we address the
problem of locating collection centers of a profit seeking company that aims to collect

used products (cores) from product holders via a pick-up strategy.

Firstly, we formulate a mixed-integer nonlinear facility location-allocation model
to find both the optimal locations of collection centers and the optimal quality depen-

dent incentive values to be paid to product holders for returning their cores.

Furthermore, we elaborate on two bilevel programming formulations to model
the relationship between the government and the company engaged in core collection
operations. Since the company seeks only economic profitability, the collected amounts
may not be aligned with the target collection rate imposed by the government. In both
models, the government pays a unit subsidy to the company for each core collected.
The two models differ from each other by the attitude of the government towards the

company as being supportive or legislative.

We propose heuristic methods to solve medium and large size instances. For the
company’s problem, the main loop of the method is based on tabu search performed
in the space of collection center locations and Nelder-Mead simplex search is called to
determine the best incentives and the corresponding net profit. For the government’s
problem, we propose a solution approach based on Brent’s method, which is a root
finding method. Our heuristics obtain good results in all models compared to the

results of commercial solvers.



OZET

URUN GERI ALIMLARININ TESVIK MIKTARINA
BAGLI OLDUGU DURUMDA TOPLAMA
SISTEMLERININ TASARIM VE ANALIZI

Bu calismada kar amaci giiden bir girketin miisterilerden kullanilmig tiriinleri
toplamasi ve toplama merkezi yer secimi problemini igeren ii¢ tane tersine lojistik

modeli oneriyoruz.

Ik modelde sirketin karmi en iyileyecek sekilde en uygun toplama merkezi yerleri
ve miisterilere iirtinlerini idae etmeleri i¢in 6denecek tegvik miktarlarini belirlemeye

yonelik dogrusal olmayan bir karigik tamsayr modeli olugturulmustur.

Ayrica hitkiimet ve sirketler arasindaki tiriin geri toplama agisindan iligkiyi in-
celeyen iki seviyeli iki adet model kurulmustur. Bu modellerde sirket sadece karhilik
arttirmaya odaklandigindan toplanilan tiriin miktar: hiikiimetin hedefledigi toplama
oraninin gerisinde kalabilir. Hiikiimet girketi bu anlamda desteklemek igin her bir
toplanan tiriin bagina belli bir miktar parasal destek vermektedir. Her iki model bir-
birinden hiikiimetin sirketin kullanilmig tiriin toplama problemine destek verici veya

kanuni olarak zorlayici sekilde yaklagmasiyla ayrilir.

Orta ve biiyiikk boyuttaki problemleri ¢ozmek igin sezgisel yontemlerden yarar-
landik. Sirketin problemini ¢ozerken tabu arama metodu ile toplama merkezlerinin
yeri belirlenir. Daha sonrasinda ise Nelder-Mead simplex arama yontemi ile uygun
tegvik miktar1 bulunur. Hiikiimetin problemi ise Brent kok bulma metodu ile ¢oziiliir.

Biitiin modellerde ticari programlarin sonuglarina gore iyi sonuclar elde edilmigtir.
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1. INTRODUCTION

The development of distribution channels and systems for the recycling indus-
try was first mentioned in Guiltinan and Nwokoye (1975). This was a time when
the industry did not feel obligated to governmental regulations and customer perspec-
tive on environmental issues. After the first legislations of Environmentally Conscious
Production and Manufacturing (ECP/ECM) were introduced, ECP/ECM began to
draw the attention of production researchers and practitioners in early 1990s. It was
mainly driven by the escalating deterioration of the environment, such as diminish-
ing raw material resources, overflowing waste sites and increasing levels of pollution.
Even in non-regulated markets, some manufacturers engaged in ECP/ECM to reduce
production costs, enhance brand image and reputation, meet changing customer expec-
tations, protect aftermarkets, and preempt pending legislation or regulations (Giingor
and Gupta, 1999). In today’s context of sustainable development, ECP/ECM has

become a popular business strategy.

Motivated by both environmental and economical facts, in this thesis we develop
three models which deal with reverse flow of goods taken from the product holders and
carried to collection centers. The first part of this study is currently an article in press
referred as Aras et al. (2007). In this study, we propose a facility location-allocation
model to find the optimal locations of a predetermined number of collection centers
(CCs) as well as the optimal incentives offered by the company to product holders
depending on the condition of their used items. We consider a pick-up scenario in
which the company collects used products from the premises of the product holders
and all the collection related costs, i.e., cost of operating the vehicles and transportation
cost of used products are incurred by the company. The willingness of product holders
to return is assumed to be affected by the amount of the financial incentive offered. It
is important to note that we are only modeling the collection operation of the company.
Therefore, the decisions about the shipment of collected used products from collection
centers to disassembly centers or to remanufacturing facilities are out of the scope of

this study.



Based on this company’s collection center location problem, in the second part
of the thesis we develop a bilevel programming (BP) framework to model a company’s
relationship with the local, regional or national government which imposes a target
collection rate on used products. We propose two interrelated formulations in which
the follower’s role is assigned to the company in the lower level problem, and the
government takes on the role of the leader in the upper level problem. In the first
formulation, the government’s objective is to minimize the standard subsidy payable to
the company for each used product collected from customers while meeting a minimum
collection rate cumulative over all customer zones. The follower’s problem is then to
maximize its net profit from the collection operations for fixed value of subsidy from
the leader (government). In the latter formulation the government’s objective is still
to minimize the unit subsidy it will pay to the company; however, the government
now has to guarantee that the company achieves or exceeds a target profitability ratio
in its product recovery efforts. This time the responsibility of meeting the minimum
cumulative collection rate is transferred to the company. We believe that our work
establishes the first BP methodology in the literature where government subsidization is

merged into the design of a collection system for incentive-dependent product recovery.

The thesis is organized as follows. The second chapter includes further reviews
of the relevant academic literature. Chapter 3 develops a single level and two im-
proved bilevel model formulations on the research problem. Original tabu search based
solution procedures are described in Chapter 4. Computational results on randomly
generated problem instances are presented in Chapter 5 alongside with sensitivity anal-

ysis. Finally, Chapter 6 offers a conclusion, and suggests future research directions.



2. LITERATURE SURVEY

2.1. Reverse Logistics Concepts

A precise definition of reverse logistics is made by Rogers and Tibben-Lembke

(1998) as:

“The process of planning, implementing, and controlling backward flows of
raw material, in-process inventory, packaging, and finished goods from a man-
ufacturing, distribution or reuse point, to a point of origin for the purpose of
recapturing value or proper disposal.”

An increasing number of organizations in Asia, Europe and North America en-
gage in voluntary or mandatory end-of-life product management. The most promising
corporate endoflife strategies create both economic and environmental values (Geyer
and Jackson, 2004). Dowlatshahi (2000), for example, has found that remanufacturing
can reduce the unit cost of production by 40 to 60 per cent by reutilizing the prod-
uct components. Toffel (2004) observes that concerns for the end of life products are
motivated by legislation across Europe where the electrical /electronics industry has
experienced some of the highest regulatory pressures. The WEEE Directive of the
European Parliament and of the Council (Directive 2002/96/EC), establishes target
component, material and substance reuse and recycling rates at 75 per cent by weight
for large household appliances such as refrigerators, washing machines, and dishwash-
ers. For desktop/notebook computers as well as printers the target rate is set at 65

per cent by weight (EUR-Lex, 2003).

From a logistics point of view, product recovery creates a reverse flow of goods
that originates at the locations of product holders, also referred to as customer zones.
After used products are consolidated at some collection facilities, they are shipped
to disassembly centers where inspection, sorting, and disassembly operations are per-
formed. The final destination of the returns is either remanufacturing facilities where

product recovery actually takes place, or disposal sites.



Fleischmann et al. (2000) list the following activities found in product recovery

which is considered an integral part of ECP/ECM:

e Collection of used products (returns) from product holders,

e Determining the condition of the returns by inspection and/or separation,

e Reprocessing the returns to capture their remaining value,

e Disposal of the returns which are found to be unrecoverable due to economic
and/or technological reasons, and

e Redistribution of the recovered products.

The type of the product recovery is dependent on the condition of a return. The
possibilities are repairing, refurbishing, remanufacturing, cannibalization, and recycling

Thierry et al. (1995).

One of the key concerns of the companies involved in product recovery is used
product acquisition or collection as mentioned by Guide et al. (2003). It is indeed the
first activity of product recovery, and triggers the later activities of the recovery system.
Giingor and Gupta (1999) argue that collection of retired products must be planned
ahead in order to perform product recovery profitably and according to applicable laws

and regulations. In the authors’ view collection decisions involve:

e Location selection of collection centers (CCs) where used products are collected
and stored prior to distribution to recycling or remanufacturing facilities,

e Layout design of CCs (including material handling and storage),

e Transportation (designing the transportation networks to bring used products

from many origins to a single CC).

The biggest challenge in collection related problems is the level of uncertainty in-
volved in the quality and quantity of the used products collected. Some manufacturers
have been able to influence the quantity of returns by using buy-back (take-back) cam-
paigns and offering financial incentives to product holders. A successful implementation

in the power tools industry is mentioned in Klausner and Hendrickson (2000). Xerox



Europe obtained over $80 million savings by implementing an end-of-life equipment
take-back and reprocessing program in 1997 (Maslennikova and Foley, 2000). Clearly,
the amount of incentive offered by the company (also called unit acquisition price)
influences the quality level of collected returns. Accepting all end-of-use products in
the waste stream is not viable for most companies since a high percentage of these
will have a poor quality, hence will not be recoverable. As a consequence, adopting
a proactive approach and offering the appropriate incentive depending on the quality

status of a used product is crucial for a company engaged in product recovery.

2.2. Existing Models for Used Product Collection

Logistics literature is remarkably rich in papers that deal with the collection
operations in the context of product recovery and recycling. With the list below, we
would rather make the reader aware of the most pertinent published works that paved

the road to our research.

2.2.1. Discrete Facility Location-Allocation Models with Deterministic Quan-

tities of Collection

Jayaraman et al. (1999), Fleischmann et al. (2001), Salema et al. (2006), Lu and
Bostel (2007) are some of the papers which consider not only the reverse flow of used
products, but also the forward flow of new and remanufactured products to satisfy cus-
tomer demand. However, the mixed-integer linear programs (MILP) developed do not
take collection facilities into consideration, and assume that used products are shipped
from customer zones directly to disassembly centers. Even more restrictive is the as-
sumption that the quantity of returns is known for each customer zone. The number
and locations of CCs alongside with refurbishing centers are considered in Jayaraman
et al. (2003) who exclusively model the reverse logistics of hazardous products with a
multi-level warehouse location model. Theirs is also an MILP model where the num-
ber of hazardous products to be returned at each originating site is known exactly.
Another recent paper that explicitly deals with collection facilities is due to Min et

al. (2006). They solve an MILP to determine the optimal number and locations of



collection points as well as centralized return centers. A solution method based on
genetic algorithms is developed. Once again, the volume of products returned by con-
sumers is a deterministic parameter. There exist also case studies in the literature
which address reverse logistics network design problems in the framework of recycling.
For example, Barros et al. (1998) focus on a sand recycling network and formulate a
two-level capacitated facility location model. Louwers et al. (1999) present a nonlinear

facility location-allocation model for the collection and preprocessing of carpet waste.

2.2.2. Incentive-Dependent Quantities of Collection

Wojanowski et al. (2007) develop a model for optimally designing a drop-off
facility network and determining the sales price under deposit-refund requirements
using a continuous modeling approach. The customer is informed that the sales price
of the item includes a deposit which will be paid back when the used product is returned
at a collection facility. Customers’ purchasing and return decisions are incorporated
by a stochastic utility choice model. Aras and Aksen (2008) analyze an uncapacitated
CC location problem (CCLP) for incentive- and distance dependent returns. In the
presented profit maximization model a drop-off policy is in effect, i.e., customers are
asked to bring their used products to the centers by themselves. Their decision whether
or not to participate in this product recovery campaign is affected by the distance to the
nearest CC and by the financial incentive offered. The authors propose and solve two
mixed-integer nonlinear programming (MINLP) models with a tabu search heuristic
for the fixed-charge and p-median versions of the CCLP, respectively. Used products
owned by the participating customers are sorted into a finite number of quality classes,

and a different incentive is offered for each class.

2.3. Governmental Regulations on the Throughput of Collection

Operations

The importance of environmental awareness for companies that anticipate tighter
environmental regulations in the future is highlighted clearly by Rodrigue et al. (2001).

These companies want to leverage “greenness” of their production as a competitive ad-



vantage, however, they fear diminishing profitability due to compulsory product recov-
ery. All of the aforementioned works stem from a company standpoint, and formulate
models to increase the company’s welfare. Thus, the best solutions obtained may not
always satisfy target collection rates imposed by the government. In other words, the
profit maximization objective of the company does not match the objective of the
government to reach a desired collection rate. To ensure that this rate is met, the
government may choose to offer a subsidy for each collected item. Certainly, it tries to
keep the level of this subsidy as low as possible. The interactions between government,
company and product holders are illustrated in Figure 2.1, which has been adopted

from Young et al. (1997), and further augmented with government subsidies.

Gowernment

Eegulations,
Legislations,

. Consumer Opinion
Taxes and Fines

and Pressures

Subsidies

Legizlations,
Taxes, Fines

Lobhby Groups and Education

and Deputies

Consumer Opinion
and Pressures

Producers and
Dnstributaors

Consumer Education,
Enwironmental Reporting,
Eco-labeling

Custotners

Figure 2.1. Interactions between government, users, producers and distributors

The role of government subsidies is analyzed in the literature in different contexts.
For example, Kulshreshtha and Sarangi (2001) discuss a case where the government
gives a subsidy to a firm involved in recycling of product packages. In another study,
Sheu et al. (2005) indicate the difficulty of integrating logistics flows in a green-supply

chain on the grounds that coordinating the activities of all chain members is a compli-



cated issue, and externalities such as end-customer behavior and governmental policies
affect the performance. In their paper, the authors propose a linear optimization
model to improve the performance of a green-supply chain, which involves both cross-
functional product (logistics) and used product (reverse logistics) flows. The model
Sheu et al. formulate has a composite multi-objective function together with corre-
sponding operational constraints. The latter include also subsidies for used-product
recovery, return ratio enforced by the government for environmental protection, and
recycle fees charged to manufacturers. They find that used product return ratio and
corresponding unit subsidy significantly influence the green-supply chain management

performance.

A recent paper by Quariguasi et al. (2008) develops a framework for the design
and evaluation of sustainable logistic networks, in which profitability and its environ-
mental impact are balanced. The particular logistic network described in this paper
has multiple agents; i.e., producers, consumers, third parties working on recycling, in-
cineration and energy generation. The paper uses linear multi-objective programming
(MOP), and also introduces a technique based on the commonalities between data en-
velopment analysis and MOP to calculate the efficiency of existing logistic networks.
The authors then illustrate their findings as an efficient frontier for the European pulp

and paper sector.

2.4. Bilevel Programming

Bialas (2002) presents an easy-to-understand introduction to multilevel mathe-
matical programming explaining the underlying motivation in detail. He argues that
many decision making problems require compromises among the objectives of several
interacting individuals or entities, and they are often arranged within a hierarchical
structure with independent and perhaps conflicting objectives. The solution to such
problems is determined collectively by the choices of multiple distinct decision makers.
A bilevel programming problem (BPP) is a special case with two parties, one of whom
takes the leader’s position, and the other one is the follower making his or her plan

based on the leader’s decision. The effect of each party’s decision on the other party



is only indirect. In other words, there is not a single body that can make the trade-off

between the independent or conflicting objectives.

2.5. BP Applications in Network Design Problems

BP especially fits when the objectives cannot be weighted and aggregated into a
single objective in such a way that the resulting solution is accepted by both parties.
This situation arises quite frequently in transportation and network design problems.
Migdalas (1995), for instance, published an early review of BP in traffic planning where
the leader and follower relationship is found between the public sector and passengers.
Recent studies are due to Kara and Verter (2004) and Erkut and Gzara (2008) both of
which tackle the network design for hazardous material transportation as a bilevel inte-
ger programming (BIP) problem. The government agency is in a leader position aiming
to minimize risk while the carriers are followers who comply with the agency’s regula-
tion and aim to minimize cost at the same time. Kara and Verter transform the bilevel
program into a single-level mixed integer program by replacing the lower-level problem
by its Karush-Kuhn-Tucker conditions and by linearizing the complementary slackness
constraints, whereas Erkut and Gzara develop a heuristic method that exploits the net-
work flow structure to overcome the difficulty of the BIP model. Another interesting
application of BIP is given in Scaparra and Church (2008). The researchers address a
system planner (defender) making decisions about which facilities of an existing sys-
tem to secure or fortify against a potential attacker (interdictor) who deliberately hits
unprotected facilities in order to cause maximal reduction in system efficiency which
is measured in terms of accessibility or service provision costs endured by the users
of the system. In this inherently bilevel problem, the leader’s and follower’s roles are
assigned to the defender and attacker, respectively. The newest comprehensive review
on BP inclusive of literature survey, sample applications, and existing methods is due
to Colson et al. (2007). Finally, two principal textbooks on the subject written by Bard
(1999) and by Dempe (2002) particularly deserve the interested reader’s attention.

The only work that synthesizes a BP approach with the collection operations in

product recovery is due to de De Figueiredo et al. (2007). This is a very recent paper
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addressing a minimum-cost recycling network design problem with incentive-dependent
recyclable product collection and required quantity of recycled items per time period
which is referred to as throughput. The specific problem setting in this study is similar
to the properties of our problem. There is a recycler who wishes to determine the opti-
mal number and location of receiving centers as well as the correct incentive (price per
used /unrecoverable item to be recycled) it must offer to the collecting agents in order
to stimulate collection from a number of geographical regions to a degree required for
regulatory reasons. The authors model this problem as a large bilevel nonlinear mixed-
integer program, and propose a three-stage heuristic algorithm due to its complexity.
An illustrative case study in the recycling of unrecoverable tires in Southern Brazil is

also presented.

Our research distinguishes from De Figueiredo et al. (2007) in several aspects.
First of all, recyclable products are not classified into distinct quality levels; hence,
collecting agents (analogous with the product holders in our problem) are offered a
uniform incentive. Secondly, the government does not play the leader’s role in their
upper-level problem, and unlike in our case, it does not pay a unit subsidy to the
recycler to mitigate his conformation to the specified throughput requirement. Thirdly,
the recycler does not determine the number and loading scheme of vehicles used to haul
collected items from customer regions to the receiving centers or from those centers to
the processing centers. Instead, transportation cost is calculated by simply multiplying
the amount of collected items with the respective costs per unit item and per unit
distance. Finally, the authors represent the differences in individual collecting agents’
decision processes on whether or not to cooperate with the recycler using a binomial
logit function that accounts for factors such as the offered incentive, varying levels of
environmental awareness, and transportation costs. In this thesis, we resort to a right
triangular distribution function the only parameters of which are incentive payment
and product holders’ quality-dependent reservation price for used products. In fact,

our problem combines all of the following merits:

e A nonlinear discrete facility location-allocation and pricing model for the collec-

tion operations of product recovery.
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A pick-up policy with vehicles of limited capacity dispatched from CCs to cus-
tomer zones.

Profit maximization through quality-dependent financial incentives to control the
intrinsic willingness of customers to make a used product return.

A minimum collection rate imposed by the government.

A unit subsidy paid by the government for each used product collected.

BP structure with the government and the company as the leader and its follower,

respectively.
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3. MODEL DEVELOPMENT

3.1. Base Collection System Model

3.1.1. Model Preliminaries

The company under consideration manufactures products for a wide customer
base having different usage habits. Depending on the usage rate and the duration at
each use, the deterioration of used products, hence their condition will vary giving
rise to diverse quality states of the returns. The influence of quality-based collection
incentives on the quality and quantity of product returns is studied by only a few
papers. Guide et al. (2003) categorize returned cellular phones into quality grades
each with a different remanufacturing cost, and find optimal acquisition prices for each
grade to maximize the profit. In a similar fashion, Aras and Aksen (2008) divide
used products owned by the customers (product holders) into K separate groups with
respect to their quality conditions referred to as types. For each core type, a different
level of incentive is offered by the company. This way, the company can pursue an
endogenous quality differentiation in its product recovery efforts. In our study, we
adopt the very same quality differentiation as applied in Aras and Aksen (2008). We
denote the proportion of product holders in zone j having cores of type k (k € K)
by v which is assumed to be known. The number of product holders in zone j who
own type k cores is then given by hj; = v;xh; where h; is the total number of product
holders in zone j. For convention, type 1 cores are assumed to have the highest quality
and type K cores the lowest quality. The remaining value that can be captured from
the collected cores can be regarded as revenue due to the savings in the production
cost. The unit cost saving from a core of type k is denoted by s;. It represents the
positive difference between the production cost of a new product and the sum of the
handling and recovery cost (remanufacturing or material recycling) of a core. When
the company offers incentive Rj for a core of type k, the profit associated with that
core becomes (s — Ri). As a matter of fact, R, < s, must hold true for each type k

so that the collection operation is economically viable.
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We model product holders’ return decisions using the notion of consumer surplus.
We assume that each product holder having used product of type k (referred to as
product holder of type k) has a reservation incentive for returning his/her used product.
In other words, each product holder would be willing to return if the company offered an
incentive that is at least as large as the reservation incentive Rg. Clearly, the product
holders are heterogeneous in terms of their willingness. One of the most important
factors in this respect is people’s environmental consciousness. Like other authors
who take product holder willingness into account in their models (Ray et al., 2005;
Wojanowski et al., 2007; Aras and Aksen, 2008) we also use the uniform distribution to
model the heterogeneity of the product holders because it not only provides analytical
tractability in the formulation of the facility location-allocation model, but also helps to
incorporate a large degree of variability among product holders. With this choice, Ry
takes on values in the interval [0, ax] where a;, > 0 represents the maximum reservation
incentive level of product holder of type k. This means that if R, = a, then every
product holder of type k will return his/her used product. Therefore it is not viable
for the company to offer an incentive R; > a; for a return of type k, and Ry < ag
must always be true. Since Rgr ~ U (0, ay), the probability density and cumulative
distribution functions of Ry are given by f(Rox) = 1/ar and F (Rox) = Rok/ak,

respectively.

As mentioned before, the only factor affecting the decision of a product holder
is the incentive offered by the company. When the company offers incentive Ry, the

consumer surplus for a product holder of type k is

Ry, — Roy. (3.1)

Using the notion of consumer surplus, the proportion Pj; of product holders of type k

located in zone j that are willing to return a used product can be written as follows:

R
Pj, = Pr (R, — R > 0) = a—: (3.2)

Since ay, is not dependent on where the product holders are located, we can set P, = P;
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for all j. This way, the return probability of a product holder of type k will be the same
regardless of his/her location. On the other hand, consider two product holders having
used products of the best quality class (product holder of Type 1) and the second best
quality class (product holder of Type 2). When they are offered the same incentive
(i.e., Ry = Ry), the willingness of product holder of Type 1 to return will be obviously
less than that of product holder of Type 2. This implies that the maximum reservation
incentive level of product holder of Type 1 (a;) should be higher than that of product
holder of Type 2 (az). For all product holder types, the following inequalities must

hold true: a1 > ay > ... > ag.

As P, is the proportion of product holders of type k willing to return their
used products, the total number of potential returns of type k from zone j becomes
hjPy = hjpRy/ay. Hence the maximum possible profit H;k can be computed as
hjk Ry (s — Ri) /ax, which is realized if all returns are collected. When s, > ai, we

can write I explicitly as follows:

0 R, <0
;‘k = }Z—: (sgRr, — R2)  O0< Ry <ay - (3.3)
hjk (s — Ry) Ry, > ay,

When s, < ag, then the total profit from returns of type k in zone j becomes

0 R, <0
=N M (s Ry - R 0< Ry <sy - (3.4)
0 Ry = sy

At this point we want to emphasize that it may not be viable for the company to collect
all the returns of type k in zone j because of the collection-related costs. As a result,
the net profit, i.e., profit obtained from the returns less the collection cost thereof is
a function of the number of returns collected. For that matter, we define a quantity
Xk € [0,1] to denote the fraction of potential returns of type k collected in zone j

and carried to the nearest collection center at site 7*.
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The used product collection cost consists of two parts. The first one is the oper-
ating cost of a vehicle. Depending on whether the firm prefers to have its own vehicle
fleet or rent such a fleet for collection operations, the operating cost of a vehicle can
either be its rent or its initial purchasing cost discounted on a periodic basis. This
cost component may also include driver wages and other overhead costs such as in-
surance and tax. The volume of returns and the vehicle capacity determine together
the number of vehicles to be operated by the company. If we assume that the vehicle

fleet is homogeneous, i.e., all vehicles have the same capacity ¢, then the number of

X;+ihitRi/a
Zk; i*jk!tik k/ k-‘ Whel”e

vehicles needed to carry the returns from zone j is given by [ .

[z] denotes the smallest integer greater than or equal to z for z > 0. Thus, for a unit
"Zk Xi*jkhijk/ak-‘ The
, .

operating cost of ¢; the total vehicle operating cost equals ¢;
second part of the collection cost is the traveling cost of the vehicles. If the nearest
collection center to customer zone j is located at site ¢*, each vehicle has to go from
7* to zone j and come back. Denoting the road distance between the two locations by
d;-;, the traveling cost of a single vehicle becomes equal to 2cyd;-; where ¢, is the cost
per unit distance. Here we assume that the traveling cost is linearly proportional to

the total distance, and is independent of the load on the vehicle. To summarize, the

collection cost can be expressed as P:k Xi*jkthkRk/ L W (€1 4 2¢ad;x5).

Actually, there is also another cost component that should be taken into account:
the fixed cost of opening and operating collection centers. Under the assumption that
this cost is site-independent, i.e., it is the same at all candidate sites, the total fixed cost
of opening and operating collection centers becomes a constant since we are formulating
a model with a predetermined number of collection centers which is also the case in
the well-known p-median problem. Therefore, this cost component can be altogether

eliminated from further consideration.

Consequently, the net profit 1I; from the collected returns in zone j equals

Xiwiphik R
Hy — ZXz*JkH;k . ’VZk ]kq ik k/ak-‘ (Cl + 2C2di*j>
k

3 XijkhjeRi (sk — Ri) [Zk XiejuhjnRi/ax
Qg q

—‘ (Cl + 2C2dz’*j) . (35)
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It is obvious that if the collection cost equals or exceeds the profit from zone j, i.e.,
if II; < 0, then there is no motivation for the company to collect used products from
that zone. The profitability of zone j is also affected by the locations of open collection
centers since the collection cost is a function of the distance d;-; between zone j and
the nearest collection center at site ¢*. Another factor is the amount of the incentive
Ry, offered by the company as it has a direct impact on both the unit profit (s, — Ry)
and the proportion Ry /ay of product holders of type k who are willing to return their
used item. It is possible to establish some guidelines which would help determine the
number of vehicles dispatched from the nearest collection center at site i* to zone j.

We make use of these guidelines later on in our heuristic solution procedure.

1. If a fully loaded vehicle carrying type k returns is not profitable, then it
is optimal not to operate any vehicles carrying only type k returns from zone j to
collection center at site i. Mathematically speaking, this means if q (s, — Ry) < ¢; +
2cod;j, then a partially loaded vehicle with only type k returns will not be profitable.
This is so because the collection cost (c; + 2cad;;) associated with a single vehicle is
independent of the number of returns transported by the vehicle, whereas its profit is

increasing in the number of returns.

2. If a fully loaded vehicle carrying type k returns is profitable, then as many
fully loaded vehicles as possible should be put into service to carry only type k returns.
However, a partially loaded vehicle with exclusively type k returns is not guaranteed

to be profitable.
3. When operating a partially loaded vehicle with only type k returns proves

unprofitable, loading returns of lower quality classes k+1,k+ 2, ... to utilize the spare

capacity of the vehicle may yield profit.

3.1.2. Model Formulation

In the base model, there are n customer zones (j € J) and m (i € I) candidate

sites for collection centers to be opened. As is the case with the p-median problem
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the number of collection centers to be opened is predefined as p. The objective is
to determine the best p sites, the number and load composition of vehicles to be
dispatched from centers to each customer zone, the quality dependent incentive values,
and the amount of each used product type to be collected from the zones with the aim
of maximizing the total net profit IT = ;1. The indices and parameters used in the

model are defined as follows:

I : Set of candidate sites for opening a CC = {1,...,m}

[

: Set of customer zones = {1,...,n}

K : Set of types (quality states) of used products = {1,..., K}

d;; : travel distance between customer zone j and candidate site ¢

c1 : vehicle operating cost

¢y @ cost per unit distance traveled

q : vehicle capacity

hj : number of product holders living in zone j

v; © proportion of product holders of type k living in zone j (h;; = v;xh;)
hjr : number of product holders of type k living in zone j

sk . unit cost savings from a used product of type k

ap : the maximum reservation incentive level of product holder of type k

p : number of collection centers to be opened

The decision variables used in the model are as follows:

Y; : binary variable indicating whether a CC is opened at location
Xijr : fraction of potential returns of type k collected in zone j and transported to the

CC at site ¢

Vi;  : number of vehicles required to transport returns from zone j to the CC at site

Ry : unit incentive offered (unit acquisition price) for a used product of type k
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The collection center location problem (CCLP) is formulated as:

CCLP: max =Y Y > XyphjRi(se — Ri)/ax — Y > (c1+ 2e2diy)Viy (3.6)

iel jeJ keK il jeJ
s.t.
> X <1 jel:keK (3.7)
iel
Xin <Y, i€l jeJikeK (3.8)
> Yi=p (3.9)
i€l

> Xijrhje R/ ay

Vv, > B - ieLjel (3.10)
R, < ay ke K (3.11)
Ry < s ke K (3.12)
R, >0 ke K (3.13)
Vi; > 0 and integer ieljeld (3.15)
Y; € {0,1} iel (3.16)

The objective function consists of two parts. The first part calculates the sum
of profits from each customer zone j, which is obtained by multiplying the unit profit
(s — Ry,) for each type k with the amount collected (X;;xhjxRy/ai) and summing over
all types. The second part of the objective function is the collection cost. Recall that
since the fixed cost of opening and operating collection centers is site-independent and
the number of collection centers is given as p, this cost component is not included in the
objective function. Constraints (3.7) guarantee that either all used products of type
k in zone j are collected and shipped to the nearest collection center (), X, = 1),
or only a fraction of them are collected (0 < ). X;jx < 1), or they are not collected
at all (D, Xijx = 0). Constraints (3.8) ensure that used products of type k collected
from zone j can only be shipped to an open collection center. Constraint (3.9) enforces
that the number of open collection centers be equal to p. Constraints (3.10) determine

the number of vehicles V;; required to transport the returns from zone j to collection
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center at site 7. Since the sense of the objective is maximization, each V;; is assigned the

2w XijihinBi/ax

smallest integer value that is greater than or equal to the fractional term 7

Constraints (3.11) and (3.12) are upper limits on the incentive Ry. Depending on the

relative magnitudes of s and a, one of these constraints will be redundant.

The formulation of the CCLP is a mixed-integer nonlinear programming (MINLP)
model with {(n + 2)K + (K + 1)mn + 1} constraints, (mn + 1)K nonnegative linear
variables, mn nonnegative integer variables, and m binary variables. From the view-
point of locational analysis, the resemblance of the CCLP to the well-known p-median

problem, which is proven to be NP-hard (Kariv and Hakimi, 1979), is evident.

It should be pointed out that there is no upper bound on the total number of
items to be collected by the company either via an explicit upper bound or a purchasing
budget limitation. This implies that the model allows the firm to acquire as many used
products as would be profitable to remanufacture. In other words, it is an implicit

assumption that there is sufficient demand for remanufactured products.

3.2. Government-Subsidized Bilevel Models

3.2.1. Problem Setup and Model Development

We formulate two BP models called GSCSDP1 and GSCSDP2 (Government-
Subsidized Collection System Design Problem) for the used product collection opera-
tions of the company. The government is the leader and the company is the follower in
both models. The models differ from each other in the government’s action by either

forcing or encouraging the company to collect more cores from the customers.

Model GSCSDP1 (supportive model):

The government announces that a unit subsidy G will be paid to the company
for each core collected. If the amount of G is sufficiently high, the company will be

better off by collecting more used products. The government’s problem (GP1) is to
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determine the least possible value of G so as to make the company reach the minimum
collection rate 7. The company’s problem (CP1), on the other hand, is to maximize
its total net profit by determining the optimal number and locations of the CCs, the
number and loads of vehicles to be dispatched from each CC to pick up the cores, the
amount of the quality-dependent incentives to be paid to product holders for each core
returned, and the amount of each core type to be collected. A bilevel framework to

represent GSCSDP1 schematically is depicted in Figure 3.1.

Model GSCSDP2 (legislative model):

The company is obligated by governmental legislation to reach at a minimum
target collection rate 7. This, however, can cause the company to suffer a net loss,
i.e., a negative net profit from its collection operations. The government’s problem
(GP2) becomes minimizing the unit subsidy S paid to the company by guaranteeing
that the company achieves a net profitability ratio at least as large as a target value p.
The company’s problem (CP2) is the same as CP1 with an additional constraint which
fulfills the government’s collection rate legislation. A graphic representation of the BP
model GSCSDP2 is shown in Figure 3.2. In both problems, the government is certainly
not interested in which type of cores are actually collected by the company. It is also
not an issue, which customer zones participate in product recovery to what extent.
The government’s regulation will be satisfied once the overall cumulative collection

ratio reaches the target.

For these bilvel models, we revised the company’s problems based on the model
depicted in Section 3.1 with two main differences. Firstly, instead of uniform distri-
bution we assume that Ry follows a right triangular distribution (RTD) given as in
expression (3.17). By preferring the RTD we believe that we can better capture the
customers’ characteristic wisdom of “the more, the better” regarding the incentive of-
fering of the company. In other words, the RTD implies that the change in the number
of potential core returns occurs at an increasing rate per unit increase in Ry, (see Figure
3.3). Moreover, this wisdom can be incorporated into the model formulation without

sacrificing the analytical tractability that would be ensured otherwise by the use of



Govermment Agency]

. L . _
GP1: Minumize the unit subsidy so as to meet

——>|- the minitmum collection rate

-

Announce theﬁmit subsidy payrent to the company]
S

1
1
Response !

CP1: Maximize the net profit given thefunit subsidy payment

Eeport

[JU DI I the collection rate|curmulative over all custormer zones

L Company

Figure 3.1. The bilevel framework for GSCSDP1

Governiment Agency

GPZ: Mintmize the unit subsidy so as to meet

.- the target profitability ratio|demanded by the compary

Response 0000 ===------
1 ¥
A - o ™
CP2: Maximize) the net profit given the |unit subsidy payment
I

subject tor the government legislatiogj
I

Eeport
" the achieved net profitability ratio j J/

b L Company

Figure 3.2. The bilevel framework for GSCSDP2




22

=Rﬂk > RUJC

233

Figure 3.3. The RTD distribution of the reservation incentive

the uniform distribution. By implementing RTD, the proportion Py(= Pjj) of product
holders of type k in zone j who are willing to return their cores when the company

offers incentive Ry per unit core can be written as

f(Ror) = 2Rox/a} (3.17)
P, = Pr(Ry > Ry,) = F(Ry) = R} /a3, (3.18)

Note that Ro, again takes on values in the interval [0, ax] where a; > 0 represents
the maximum incentive level of product holder of type k. As Py is the proportion of
product holders of type k willing to return their used products, the total number of
potential returns of type k from zone j becomes h;.P, = h;pR:/a2. Also, for each
core collected the company receives a unit subsidy G. Hence the maximum possible
profit II’; can be computed as hjx(G + sp — Ry) Ri/aj, which is realized if all returns

are collected. When G + s > a5 we can write explicitly as follows

0 R, <0
hjk 2 3
2 ((G+sp)R; — R 0<Rp<a
;k: o2 (( k), 9 = 4 k ‘ (3.19)
hjk(G—l-Sk—Rk) ap < R, < G+ sy,
0 Rk>G+Sk
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When G + s, < ag, then the total profit from returns of type k in zone j becomes

0 R, <0
= %‘“((GJrsk)R,%—Rg) 0< Rp<G+sp - (3.20)
0 RkZG—FSk

Due to collection related costs like vehicle operating and facility opening, it may not
be profitable to collect all the cores customers agree to give away. In order to reflect
this situation in the model formulation we define a variable X;«;;, € [0,1] to denote
the fraction of potentially returned cores of type k collected in zone j and carried to
the nearest CC at site ¢*. So, the total profit realized from zone j for 0 < Ry <

min{ay, G + sx} is then given by

k

Furthermore, differing from CCLP we formulate company’s problems in such a
way that the number of collection centers to be opened is also a decision variable like
in the well-known fixed charge facility location problem. In that case, the trade-off
between the total fixed cost of opening and operating collection centers and the total
collection cost can be incorporated by adding the term f;Y;- to the objective function
where f; denotes the fixed cost of opening and operating a collection center at site
i. Moreover, constraint (3.9), ie., > .Y; = p will not be included the model. To

summarize, the total collection cost can be expressed as

’VZk Xy juhyi RE/ aj,

q —‘ (Cl + 202di*j) + fZY;* (322)

Thus, the total net profit from zone j becomes

ZXi*jkhjk(G + sp — Ry) R} Jai — [Zk sl B/ a
%

q -‘ (Cl + 202di*j) — sz;* (323)
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3.2.2. Model Formulations

We note that CP1 and CP2 are both variants of the uncapacitated discrete facility
location-allocation problem in which there are n customer zones indexed by 7 and m

candidate sites to open CCs indexed by i. Below we define additional parameters:

fi + fixed cost of opening a CC at candidate site ¢
p : target profitability ratio

T : target collection rate

The decision variables used in the models are as follows:

Y; . binary variable indicating whether a CC is opened at location ¢

Xijr © fraction of potential returns of type k collected in zone j and transported to the

CC at site ¢

Vi;  : number of vehicles required to transport returns from zone j to the CC at site
1

Ry : unit incentive offered (unit acquisition price) for a used product of type k

G : unit subsidy offered for each collected used product
The GSCSDP1 is formulated as:

GP1: minGZOG (324)

S.t

2
>0 ZXijkhjkf—g >y b (3.25)

icl jeJ keK jed
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where Xjji, Ry solves:

CP1l: max 1L, = Z Z Z X”khjk 2 G + sp — Ry) Z Z (c1 + 2¢2d;;)Vij

icl jeJ keK i€l jeJ
=Y fY; (3.26)
icl

s.t.
> Xy <1 jel:keK (3.27)

i€l
Xijk <Y, 1€l jeJ;ke K (3.28)

> Xijphje B3/ a,
Vv, > B p ieljeld (3.29)
R. < ay ke K (3.30)
R, < G+ sy, keK (3.31)
R, >0 keK (3.32)
Xijk >0 1eljed;keK (3.33)
Vi; > 0 and integer iel;jel (3.34)
Y; € {0,1} 1el (3.35)
The model of GSCSDP?2 is formulated as:

GP2: l'Ilil'lGZ(]G (336)

s.t.

IL,,es / (Z Z Z lekh'_]k 2 + Z Z 1+ 2C2dm ‘/2] + Z fl z) =
1€l jeJ keK i€l jedJ i€l

(3.37)
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where Xjji, Ry solves:

2
CP2: max I, = Z Z Z Xijkhjk%(G + s, — Ry) — Z Z (c1 4 2¢2d;5) Vi
k

i€l jeJ keK el jedJ

i€l
s.t.

> Xy <1 jel:keK (3.39)
i€l

> Xijphje B3/ a,
Vv, > B p ieljeld (3.41)
R2

iel jeJ keK D jeJ

Rk < ay, ke K (343)
R, >0 ke K (3.44)
Xijk >0 1eljed;keK (3.45)
Vi; > 0 and integer el jeld (3.46)
Y; € {0,1} 1el (3.47)

The inner problems (company’s problems) CP1 and CP2 are represented by con-
straints (3.27) — (3.35) and (3.39) — (3.47), respectively. The unit subsidy G in the
outer problems (government’s problems) GP1 and GP2 constitute an input parameter
for the inner problems. GP1 and GP2 have both the same objective function which is
to minimize the nonnegative value of the unit subsidy G in (3.24) and (3.36). The min-
imum collection rate constraint of GSCSDP1 for which the government is responsible
in the outer problem is shown by (3.25), while the same constraint to be satisfied by
the company in the inner problem of GSCSDP2 is shown by (3.42). The desired level
of collection is obtained by multiplying the target collection rate 7 by the total number
of available cores. In both CP1 and CP2 we maximize the same objective function,
namely the net profit as shown in (3.26) and (3.38), respectively, which is obtained
by subtracting the total vehicle operating cost and the cost of opening CCs from the
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total profit. The fraction of potential returns which are collected in reality should be
less than or equal to 100 per cent as stated in (3.27) for GSCSDP1 and in (3.39) for
GSCSDP2. Constraints (3.28) in GSCSDP1 (constraints (3.40) in GSCSDP2) ensure
that this fraction is zero if there is no CC at site 7. The number of vehicles V;; re-
quired to transport returns from zone j to the CC at site ¢ should be greater than
or equal to the total amount of returns collected from zone j divided by the vehicle
capacity ¢. Since vehicle related costs will be minimized in CP1 and CP2, V}; is going
to be set to the smallest integer value greater than ), X,h;,. This is taken care of
by the inequalities (3.29) as well as by the integrality constraints on Vj; in (3.34) for
GSCSDP1 (inequalities (3.41) and integrality constraints (3.46) for GSCSDP2). For
the incentive Ry, there are two upper bounds. One of them is a;, since all product hold-
ers would agree to make a return at or beyond this level of the incentive. The other
upper bound equals (G + s), because offering any incentive higher than (G + s;) will
result in negative unit profit for CP1. In that case, the company would be better off if
it did not engage in product recovery at all. However, the company of the legislative
model may be obliged to declare an incentive higher than (G + s;) when a, > G + sy,
because it has to fulfill the target collection rate requirement even though this triggers
a decrease in the total net profit. From government’s point of view, this implies at the
cost of having negative profit in some core types due to Ry, values above (G + sy), the
company is responsible for reaching the target collection rate 7 and by the contribution
of the product recovery of other profitable core types the targeted overall profitability
ratio p can eventually be attained. Constraints (3.30) and (3.31) (constraint (3.43))
serve as these upper bounds on Ry in GSCSDP1 (GSCSDP2). Finally, the constraints
(3.32) — (3.35) and (3.44) — (3.47) are nonnegativity and integrality constraints for
GSCSDP1 and GSCSDP2, respectively.

GP1 and GP2 are both continuous optimization problems in nonnegative variable
G for given values of X5, and Rj,. These problems are relatively easy to solve compared
to CP1 and CP2. The latter models are MINLP problems with mn(K + 1) + K(n+2)
and mn(K + 1) + K(n + 1)1 constraints, respectively.
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4. SOLUTION PROCEDURE

4.1. Solution Methodology for Base Collection System

The CCLP is formulated as a MINLP model which is difficult to solve even for
decent problem sizes. Hence heuristic methods can be used to obtain near-optimal
solutions. In this context, we propose such a solution method which makes use of the
following problem characteristic: given the locations of p collection centers, the CCLP
reduces to a nonlinear problem in variables Ry, for incentives and V;; for vehicles. Thus
it is possible to perform a search in a K-dimensional search space where each point
corresponds to a feasible set of R;, and Vj; values. The optimal objective value of each
point can be calculated by adding up the maximum net profits from customer zones. In
order to establish such profits the correct number of vehicles allocated to each customer

zone must be found based on the given vehicle capacity.

In the main loop of our heuristic we use a Tabu Search (TS) procedure to find good
locations for the collection centers. The main motivation of using TS is the similarity
of the CCLP to the well-known p-median problem. Very accurate solutions have been
obtained for this problem by heuristic methods based on TS. Rolland et al. (1996)
developed a TS procedure for the p-median problem which is found to be superior to
the node interchange heuristic. Rosing et al. (1998) made a head to head comparison
between the metaheuristics tabu search and heuristic concentration on a test bed of
21 challenging problems with 100 and 200 customers where p has been assigned values
between 5 and 20. Recently, Mladenovi¢ et al. (2003) worked on both a tabu search
and a variable neighborhood search method for solving the p-center problem rather

than the classical p-median problem.

TS is a metaheuristic algorithm that guides the local search to prevent it from
being trapped in premature local optima or in cycling (Glover and Laguna, 1997).
This is achieved by prohibiting the moves that cause to return to previously visited

solutions throughout a certain number of iterations. The basic TS algorithm starts



29

with an initial solution. At each iteration, a neighborhood of the current solution is
created by one or more types of moves. The best solution from this neighborhood is
selected as the new current solution if it is not classified as tabu. In the case this
solution is restricted as tabu, it may still be admitted as the new current solution
if it outperforms the incumbent (the overall best solution so far). This condition is
called aspiration criterion. The incumbent is updated if the new current solution is
both feasible and better than the incumbent. A tabu list which is updated at the
end of each iteration keeps record of the tabu attributes of the accepted moves. The
iterations are continued until one or more stopping criteria are satisfied. We propose
a TS procedure that uses 1-, 2-, and 3-Swap moves in which, respectively, one, two,
and three collection centers in the current solution are moved from their locations
to candidate sites without a facility. In other words, opened collection centers are

relocated.

A flowchart is provided in Figure 4.1 to describe the steps of our TS implemen-

tation referred to as TS-CCLP. First, we give the notation used in the flowchart.

num_iter number of iterations performed so far

Maz_Iter maximum number of iterations

num_nonimp_iter ~ number of iterations throughout which the incumbent does not
improve

Max_Nonimp_Iter maximum number of iterations throughout which the incumbent
does not improve

num_neigh number of neighbors generated in the current iteration

stze_neighy, number of neighbors generated in the current iteration
using the w* move, w = 1-Swap, 2-Swap, 3-Swap

Objy objective value of a newly generated neighboring solution

Obj_Best_Neigh objective value of the best neighboring solution

Obj* objective value of the incumbent

Ry optimal incentive for type k for the newly generated

neighboring solution
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Rbest optimal incentive for type k for the best neighboring solution
Ry optimal incentive for type k for the incumbent
Mazx_Tabu_ Tenure maximum tabu tenure (i.e., maximum number of iterations

during which a solution will be considered tabu-active.)

Initial Solution

For each candidate site we calculate its cumulative distance summed over all
customer zones. We obtain an initial solution by choosing the first p sites with the

lowest cumulative distance value.

Neighborhood structure and tabu restrictions

The neighboring solutions are generated from the current solution by applying
1-Swap, 2-Swap, and 3-Swap moves. With this choice of the neighborhood structure,
we prevent infeasible solutions—solutions in which the number of opened collection
centers is not equal to p—from entering the search space. The neighborhood of a
current solution is constructed by applying the three moves in such a way that an
equal number of solutions are generated from each one and the best one is selected by

comparing their net profit values.

As the current solution is updated throughout the iterations of TS-CCLP, we
employ tabu restrictions so that solutions visited earlier are not selected repeatedly.
Tabu restrictions are defined for the three moves as follows. In the 1-Swap move, if
collection centers at sites ¢ and j are swapped, i.e., one is added to and the other
is dropped from the set of opened centers, then the 1-Swap move cannot be applied
to them during the time they are tabu-active. In the case of the 2-Swap, suppose
collection centers at sites ¢ and j are about to be opened, i.e., to be added to the
current configuration, and two centers opened previously at sites k and [ are about
to be closed, i.e., to be dropped from the current configuration. Suppose further that

this 2-Swap move does not result in a better profit than the incumbent’s profit, which



dT0-SLPUd

OF[OS A[qRIOAE] B SB
JUI8 QUITLOTIT 217 TERL1E]

ApaLsTESs
TEOTFARID
2rnddoms

5, TIOFN[0 S PUREILD 31}
Jo aurry Surpregs et
ST LI R PI00E]

dTODSL JO Hreypmop o],

T omSig

SRS TIgE]

T+4350 GUEOnM  Lrtid
= ABJ] GHLEON WO PR
THABEI LT =1 dBJT LU

[aurtiap nrgey xepr 1]

Faqurn FaS e QU WopuRL B
ST BUFEAR] FUGEY ST USRS T

JUIALMD A1[] 58 T ja5 Pie
18Tt B] AT[] O] TIATN[os
BunoquBtan (sag alf] ppY

TeATATUT 21} T

TIOTHO S

"uS i eZis > WS B Wi

LS iTeg o < oo

O AT

o

JIOTH0 S STnIoqrEtats Fur

I0QUETaTE STy} Pr0aan]

u_ T+ LTS i = &m..nm.r_lﬁxr_Tl

'

_ [ = 48Jf GRUEioH el _

r

1§40 ATy} 5E

S
= e BUE

fgo = uSiapn itog lgo

Ty <Ay opuw fao = fGo

| =Epdnpue s gumot

S1f) S® IOQUSTaTI 51T 185

TAATIOR-TUHE]
ST FOQI{STaTE
L

ronnos SurioqrStats

I0QUETAT ST} PI0aay]

}8a0 4T} ST

. .
d.._.Eq = nn.wnwﬂ put
fgn = yStep jeeg o

IO QUETAL mETE AT}

Juazma a1y} Stmmngp
1 ajeiataZ-al 0 Op pUE

101 My sanea saTa0TH pLIE
3 aanoalgo atp) Ysyoe1sa

£

TIOTI[OS AL atf) o
M asour Burnoaxa Ao

Y

[ = SIS W3S OS]

"yS e 2Zic aTs pooIoqyEats
ST SIE[HOTED PUE [ = M Lof G -T

-

¥

1= M ja8 08Ty
‘OI8O WS iEp 1559 b
atifes aarioalgo
POOFOQUETAU (a0 AT} 1A g

PUR 4300 WD

PIAIIND PR JUIE QUINITIT 317
5B TOFN[0S [T WOPUWET B 185

HOIHVIS XTTINIS I0OUETAT AT SfRIAUE LD T = Moagfdomg-7 T = sl demg-T)
F0qSIeT ST Pro0eY arp} Ss ) M aopeIado aaor paropdietn TR 850010
_ ¥
dzax” .w_ww pue g0
1100 OI3T 0} ST SanfEa 2ATILE T PUE Vg Vg AG Gy
* LT T ELCL LR | aatoalgo s911as OSTY WOTNIOS “BaTa By e T nHAU_U o PR

wep ndu J100 190




32

means that it does not satisfy the aspiration criterion. Thus, it cannot be executed if
centers at sites ¢ and 7 had been closed, and those at sites k and [ had been opened
during the previous e iterations with € denoting the then-assigned tabu tenure. This
is, once a particular move has been performed upon some specific collection centers,
it is declared as tabu-active for the next e iterations, during which the outcome of the
move should not be reverted. The tabu attributes of the 3-Swap move are defined in a
similar way. According to the aspiration criterion, a move involving collection center
sites that are tabu can be executed provided that it produces a solution with a higher
net profit than the incumbent. The tabu tenure € are assigned random integer values

in the interval [1, Max_Tabu_Tenure] where Max_Tabu_-Tenure = [1.5p].

Termination Criterion

We use two termination criteria in TS-CCLP. The first one is the total number
of iterations performed controlled by the parameter Max_Iter = max {2m,100}. The
second criterion is the maximum permissible number of iterations during which the best
solution (incumbent) does not improve. This criterion is controlled by the parameter

Max_Nonimp_Iter = [Max_Iter/5]. The values of these parameters are taken from

Rolland et al. (1996).

As can be seen in Figure 4.1, for each alternative configuration of opened collec-
tion centers the TS-CCLP calls the simplex search method to determine the best values
of the incentive variables R ={R; : k =1, ..., K} and the corresponding net profit II.
Simplex search originally developed by Nelder and Mead (1965) for unconstrained non-
linear optimization is a derivative-free direct search method for maximizing a function
of multiple variables. In this method, the simplex is a polytope consisting of z 4 1 ver-
tices where z denotes the number of decision variables. Each vertex is represented by a
z-dimensional vector. The worst vertex is rejected and replaced by a new vertex along
the line joining this vertex and the centroid R of the remaining vertices. The exact lo-
cation of the new vertex is found by reflection, expansion, and contraction operations.

These operations are repeated many times until the simplex approximately shrinks to
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a single point which is declared as a local optimum. The (K + 1) initial vertices in
our problem are generated according to the suggestion in Bazaraa et al. (1993). The
reflection («), expansion (M), contraction (/3), and shrinkage (x) coefficients are fixed
at the following values as suggested by Nelder and Mead (1965): a =1, A = 2, 8 = 0.5,
and x = 0.5. If the new vertex is infeasible with respect to the bounds (0 < Ry, < sy),
then the coefficient used in that step is adjusted so that each component R;. of the new
vertex is within its lower and upper bounds. The steps of simplex search are provided

in Appendix A.

To determine the best values for R, the simplex search method needs to compute
the profit for each vertex (i.e., a set of values assigned to Ry). As the total net profit
IT can be calculated by summing up the individual net profits from customer zones, a
procedure is required to find II; from a single customer zone j. Since simplex search is
called inside the TS-CCLP with a given set of collection center locations, it is possible
to assign each customer zone j to the nearest collection center at site ¢*. In other
words, the vehicles that will transport the returns from zone j will be dispatched from
collection center at site ¢*. This decision is optimal since the collection centers are
assumed to have unlimited capacity. This would not be the case if we considered a
finite capacity version of the CCLP. There are two interrelated issues that need to be
resolved to determine the optimal profit in each zone. The first one is the amount of
each type k return that will be collected with the maximum number being h;, Ry /ay.
The other one is the number of vehicles that will be dispatched to carry the returns (of
any type) from zone j. These decisions should be made simultaneously. By recalling the
guidelines pointed out earlier, we develop an algorithm called vehicle loading procedure
1 (VLP-1) to compute II; at every zone j and hence Il = Zﬂj corresponding to a

j

vertex represented by a set of Ry values.

First we sort the used product types in nonincreasing order with respect to their
unit profits s, — Ry. Let sy — Ryp) = Sgig) — Ripe) = -+ = swx)] — Rix) be this
order. We start with item type k[1] yielding the highest unit profit and calculate the
net profit of a single vehicle if it is fully loaded with type k[1] returns. This is the case
when hjppRep/akpy > g The profit due to a fully loaded vehicle can be calculated
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as m = q (sk[l} — Rk[l]) — (1 + 2cad;+j). If m > 0, then it is always profitable to send
as many vehicles as possible to zone j provided that all vehicles carry ¢ returns of
type k[1]. Thus, the number of vehicles turns out to be V; = {%WWJ where
| 2| denotes the largest integer less than or equal to z for z > 0. The next question is
whether it is also profitable to send the (V; + 1)™ vehicle that will be partially loaded
with (hjk[l}Rk[l}/ak[l} -V ) returns of type k[1]. We also have the situation of partial
loading when type k[1] returns are not sufficient to fully load a single vehicle (where
V; =0), i.e., hjppRepy/aen < ¢ and (V; + 1)St vehicle has only hjrp) Rep)/arp) returns
of type k[1]. Note that this includes the case of hjyn)Ripj/akn) = 0 meaning that there

exists no return of type k[1].

Following the third guideline we load the (V; + 1)* vehicle with returns of type
k[2], k[3], ... until it is full with ¢ returns of various types or there are no returns
remaining. If the net profit of this vehicle is positive, then we also dispatch this vehicle.
Otherwise, the total number of vehicles sent to zone j is V. In case vehicle (V; +1) is
sent to zone j, vehicle (V; 4 2) is loaded in a similar fashion starting with the returns
yielding highest unit profit among the remaining ones that are still not loaded to any
vehicle. The steps of VLP-1 to determine the optimal amount of collected returns of
each type, the optimal number of vehicles to carry the returns from zone j to collection

center at site ¢*, and the optimal net profit II; in zone j are given in Figure 4.2.

Let ¢/“™ and u;“™ denote respectively the remaining capacity of vehicle [ and the
number of type k returns not collected. Also let m be the profit from vehicle [ and V;
be the optimal number of vehicles. Note that the total number of vehicles necessary

Dok hijk/ak-‘
q

to collect all the possible returns in zone j is given as [ , which makes an

upper bound on V"
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Figure 4.2. Pseudo code for VLP-1

(To be run for each customer zone j, j =1,...,n.)

1. (Initialization):

N o |

uzem = hijk/ak, k= 1, .. .,K.

m =0, [=1,..., {Lkhﬂ&“/aﬂ.
q

II% := 0.

V=

J

2. Sort the item types in nonincreasing order with respect to unit profit s — R and
let sp) — Ry 2> spgp — Rg) > - -+ > six] — Rjx) be this order. Also set,
l:=1k:=1

3. If ug" = ", then /* There are as much or more uncollected type k cores in

zone j than the slack capacity of the current vehicle. */
o=+ g™ (s[k] — R[;ﬂ) — (c1 + 2cod;+j).
If m <0, then
Stop and go to 4. /* It is not profitable to collect any other returns
from zone j. */
Else
17 =115 + m.

G =0,
Vie=Vi+1 /* Acquire a new vehicle for customer zone j. */
l:=1+1.
Go to 3.
EndlIf
Else (uf™ < ™) /* The volume of uncollected returns of type k is less

than the slack capacity of the vehicle. */
m = ™ (sw — B

qlrem = qlrem _ u’f]:]m.
g = 0,

Continued on Next Page



36

k:=k+1.
If £ < K, then
Go to 3. /* Proceed with the item type yielding the next highest
unit profit. */
Else

7 :=m — (c1 + 2¢2d;+j).  /* Compute the profit of the current vehicle. */
If 7 > 0, then
I} :=1I; + m.  /* Increase the total net profit by the current vehicle’s
net profit. */
Vii=Vr+1. /* Add the current vehicle to the set of vehicles allocated
for zone j. */
Stop and go to 4.
EndlIf
EndIf
EndIf
4. Report IT5, VI, and (hjp Ri/ar, — wp™).

4.2. Solution Methodology for Government-Subsidized Bilvel Models

Ben-Ayed and Blair (1990) proved that bilevel programs are NP-hard; hence, ef-
ficient heuristic methods are needed to obtain good solutions for this type of problems.
In both GSCSDP1 and GSCSDP2, the leader’s problem GP is a continuous optimiza-
tion problem with a single decision variable, namely the unit subsidy G. The follower’s
problem CP, however, is a MINLP model for a given value of G determined by the
leader’s problem. We propose a nested heuristic solution methodology, which mainly
utilizes Brent’s method (Brent, 1971) for solving outer problem GP, and a tabu search
heuristic for solving inner problem CP. The nested heuristic for the supportive model
GSCSDP1 is slightly different from that of the legislative model GSCSDP2. Therefore,

we provide the details of our heuristic separately by starting with the supportive model.
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4.2.1. A Nested Heuristic for the Supportive Model GSCSDP1

In GSCSDP1, the inner problem CP1 is to determine the maximum net profit
that can be attained by the company for a value of the unit subsidy G given by the
government. The government, on the other hand, wants to announce the smallest
possible amount of the unit subsidy that ensures the minimum collection rate. Hence,
it is possible to adopt an exhaustive search in the domain of G. We can start with
the smallest possible value of G, which is zero, and solve CP1. If this solution satisfies
the minimum collection rate constraint 3.25 of GP1, then we are done; otherwise we
can update G by a small increment, and solve CP1 again. This iterative procedure
continues until minimum collection rate constraint 3.25 is satisfied. Let us consider a
sample problem with n = 20 customer zones and K = 3 core types for which we solve
CP1 for different values of G in the interval [0, 10] with increments of 0.5, and record

the realized collection rate 1" which is computed as:

(Z > D Xiphj—s ) > h (4.1)

i€l jeJ keK jeJ

1.0

\

Fealized Collection Eate, T
= = i

|

Jo

Figure 4.3. Realized collection rate T" as a function of unit subsidy G

4 4]
it Subsidy, G

We plot T' in Figure 4.3 as a function of the unit subsidy G. As can be seen, T'

is a monotonically increasing function of G implying that the company collects either
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the same number of cores or more when the subsidy from the government increases.
This observation is also valid for other problem instances we experimented with, which

leads us to apply a more efficient method called Brent’s method to solve GP1.

4.2.1.1. Solving the Outer Problem GP1 by Brent’s Method. Brent’s method is aroot

finding method that combines bisection method, secant method, and inverse quadratic
interpolation. It can be employed when the function in question has a unique root.
It has been shown that this method often converges superlinearly, and is never slower
than the bisection method (Brent, 1971). In addition, it can be effectively applied
also to discontinuous functions (Hedge and Kesera, 2005). In order to apply Brent’s
method we modify the objective function of GP1 by taking into account the infeasibil-
ity of the solution of inner problem CP1 with respect to constraint 3.25, which occurs
if the realized collection rate T is less than the minimum collection rate 7. The new

function f1(G), which is to be solved for its root by Brent’s method, is defined as:

G ifT>r
[(G) = (4.2)
—M(1 —T) otherwise

where M is a big positive number. The function f;(G) is a nondecreasing discontinuous
function that takes on positive values equal to G for feasible solutions (7' > 7) and
negative values equal to — M for infeasible solutions (7" < 7). Moreover, it has a unique
root at T' = 7. Brent’s method can find this root, i.e., the minimum unit subsidy value
G to be paid to the company by the government so that the realized collection rate T’

is at least as large as the minimum required rate 7.

4.2.1.2. Solving the Inner Problem CP1 by TS-1. Similar to solving CCLP, we imple-

ment a tabu search (TS) heuristic for the inner problem CP1. To this end, we modify
the TS method developed in Aras and Aksen (2008) to solve an uncapacitated, fixed
charge CC location problem so that it accommodates the government-subsidized core
pick-up policy. Recent successful implementations of TS for finding optimal or near

optimal solutions to the fixed charge facility location problem can be found in Sun
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(2006), and Michel and Van Hentenryck (2004).

We name the TS procedure which tackles the inner problem CP1 in the sup-
portive model as TS-1. Each neighborhood solution in this procedure corresponds to
a particular CC location plan, and is obtained by the same moves as in the TS of
Aras and Aksen (2008). Once a CC location plan is given, the optimal assignment of
customer zones to the CCs opened in that plan is trivial. Since CCs are assumed to
have unlimited capacity, collecting the returns in zone j with the vehicles departing
from the nearest CC denoted by ¢*(j) will be optimal. A flowchart of T'S-1 is provided
in Figure 4.4. We note that TS-1 constitutes the middle shell of the nested heuristic
for GSCSDP1. It runs at each iteration of Brent’s method applied on GP1. TS-1
itself capitalizes on Nelder-Mead simplex search with embedded VLP-1 every time the
objective value of a newly generated solution (a configuration of opened CCs) needs to

be evaluated. General guidelines for TS-1 are given as follows. Same notation is used

used with the TS-CCLP at Section 4.1.

Initial Solution

The initial solution is created by opening only one CC at a candidate site that is

selected randomly.

Neighborhood structure and size

We generate neighboring solutions from the current solution by applying 1-Add,
1-Drop, and 1-Swap moves. This neighborhood structure proved efficient also in the
TS implementation of Aras and Aksen (2008). We select the best of the neighboring
solutions by comparing their objective (net profit) values, which we obtain from the
simplex search embedded in TS-1. 1-Add move opens a CC at one of the candidate
sites where no CC is available yet in the current solution. 1-Drop move removes an
opened CC from the current solution. Finally, 1-Swap move removes one of the opened
CCs in the current solution and at the same time opens a new one at a site that has

none, i.e., it relocates an already opened CC. If we denote o by the number of CCs
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available in the current solution, then size_neigh, values, namely neighborhood sizes
of the moves, will be as follows: size_neigh;_a4qa = (m — o), size_neighi_prop = 0,
size_neighy_gwap = min{3m,o(m — o)}. We ensure that no two neighboring solutions

generated in a given iteration of T'S-1 by a specific move are identical.

Tabu restrictions and aspiration criterion

In our TS-1 algorithm we resort to tabu restrictions in order not to be trapped in
location plans that have been created earlier. Tabu restrictions are defined as follows.
1-Add move: If the CC at site 7 is added to the current location plan, then ¢ is declared
as tabu, and cannot be selected by the 1-Drop move during tabu_tenure iterations.
1-Drop move: If the CC at site 7 is removed from the current location plan, then
i is declared as tabu and cannot be selected by the 1-Add move while tabu-active.
1-Swap move: If the CCs at sites ¢ and j are swapped, i.e., one is added to and
the other is dropped from the current location plan, then 1-Swap move cannot be
applied to them again during the time they are tabu-active. According to the so-called
aspiration criterion, a move involving those sites which are declared as tabu restricted
can be executed if it produces a solution with a higher profit than the incumbent’s
profit (current best profit). Like in the T'S method of Aras and Aksen (2008), the
tabu_tenure is assigned random integer values in the interval [1, Max_Tabu_Tenure]

where Max_Tabu_Tenure equals 25.

Termination Criterion

We use the same termination criteria with TS-CCLP.

4.2.2. A Nested Heuristic for the Legislative Model GSCSDP2

In GSCSDP2 the minimum collection rate constraint has to be satisfied by the
company in the inner problem CP2. This implies that it is mandatory for the company
to reach a minimum collection rate 7 by legislation. The government, on the other

hand, ensures that the company achieves a net profitability ratio at least as large as a
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target value p by declaring the smallest unit subsidy G. Then, it is possible to adopt
an exhaustive search in the domain of GG just as was the case with GSCSDP1. In other
words, we can start with the smallest possible value of GG, which is zero, and solve
CP2. If this solution satisfies the minimum profitability constraint (3.37) of GP2, then
we are done; otherwise we can increase G by a small amount, and solve CP2 again.
This iterative procedure continues until the minimum profitability constraint (3.37) is
satisfied. Let us consider a sample problem with n = 50 customer zones, K = 2 two
core types, and minimum collection rate 7 equal to 0.4. Using this setting, we solve
CP2 for different values of G in the interval [0, 10] with increments of 0.5, and record

the realized profitability ratio P computed as:

P = / (Z Y Xijkhjkf—z’% Y0 e+ 2edig) Vi + > fm> (4.3)
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Figure 4.5. Realized profitability ratio P as a function of unit subsidy G

In Figure 4.5 we plot P as a function of the unit subsidy G. We observe that
unlike the curve of the realized collection rate T in Figure 4.3, realized profitability
ratio P is not a monotonically increasing function of GG although it has an increasing
trend in general with increasing values of G. This result is the outcome of the discrete
nature of the inner problem CP2. The monotonicity of P in Figure 4.5 is destroyed

when there occurs a drop in P as G increases. In fact, an increase in G' gives rise to an
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increase in both the net profit II,,.; and total expenditures, but the amount of the latter
surpasses that of the former leading to a reduction in P. This is most likely caused by
the establishment of a new CC in the solution. Consequently, we apply Brent’s method

with the provision that the new function may have several roots.

4.2.2.1. Solving the Outer Problem GP2 by Brent’s Method. First, we modify the ob-

jective function of GP2 by taking into account the infeasibility of the solution of inner
problem CP2 with respect to constraint 3.37, which occurs if the realized profitabil-
ity ratio P is less than the minimum profitability ratio p. The new function fo(G) is

defined as:

G it P>p
f2(G) = (4.4)
—M(p — P) otherwise

where M is a large positive number. When Brent’s method is applied to fo(G), it finds
a unit subsidy value G at which f5(G) changes its sign, i.e., a root. However, because of
the nonmonotonicity of fo(G) it may not be the root corresponding to the smallest value
of G the company should receive from the government so that the realized profitability
ratio P matches or exceeds the minimum required ratio p. Therefore, we adopt the
following approach. After finding the best subsidy level (say G7) at the first trial,
we apply Brent’s method anew by taking the initial interval as [0, G| to find another
possible root G5 < G7 if there is any. If a second root G5 is found, Brent’s method is
started again with the new interval [0, G5]. We remark that at each restart of Brent’s
method the initial interval gets smaller, and we stop when we find the minimum level

of the unit subsidy G.

4.2.2.2. Solving the Inner Problem CP2 by TS-2. Just as the case with GSCSDP1, we

apply a TS heuristic called TS-2 to deal with the inner problem CP2 in the legislative
model GSCSDP2, which is run for each iteration of Brent’s method employed on GP2.
The structure of TS-2 is exactly the same as the one of TS-1, therefore we do not
provide a separate flowchart for it (see Figure 4.4). TS-2 also depends on Nelder-Mead

simplex search every time the objective value of a newly generated solution needs to
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be evaluated. The only difference between TS-2 and TS-1 exists in the vehicle loading
procedure called from simplex search for each vertex to compute the best profit II,,.;.
Recall that a vertex corresponds to a set of Ry values in simplex search. In the vehicle
loading procedure VLP-1 of TS-1, the aim is to obtain for a given unit subsidy G the
highest net profit, which is equal to the sum of the highest profits from each zone j,
without paying attention to the amount of cores collected in customer zones. In TS-2,
however, the collection rate constraint (3.42) must be satisfied in a solution to inner
problem CP2. Therefore, a new component is added to VLP-1, which builds upon the
solution provided by VLP-1 to restore the infeasibility with respect to the collection

rate constraint. The new component of the procedure is referred to as VLP-2.

Note that if VLP-1 yields a solution in which the realized collection rate T is
greater than or equal to the minimum collection rate 7, there is no need to call VLP-2.
Otherwise, new cores have to be collected in addition to those determined by VLP-1,
which definitely decreases the net profit Il,.;. VLP-2 works by collecting new cores
and operating new vehicles until the minimum collection rate is eventually reached
at the expense of a reduction in IL,.. If 7 is not attainable with the current Ry
values due to the insufficient volume of potential returns, VLP-2 assigns a very large
negative objective value to eliminate the corresponding vertex. The details of VLP-2

are described below.

Let L denote the minimum number of additional cores to be collected to reach
the minimum collection rate 7. Also let v7™ and z; denote the number of uncollected
cores of type k in zone j and the idle capacity of vehicles currently dispatched to zone
j, respectively. At this point we use a result from Aras et al. (2007) where it is shown
that only one of the vehicles dispatched to zone j from the nearest CC may have idle
capacity. Unless » . >, v7i™ < L holds, the next step is to determine (i) which zone
j should be selected to collect the additional cores and (ii) how many cores from each
type should be collected in the selected zone. These two issues need to be resolved so
that the reduction in 1L, is kept at a minimum level. By taking into consideration
the unit profits sj) + G — R from different core types sorted in nondecreasing order,

the number v7;™ of uncollected cores of type k in zone j, and the idle capacity z; of



45

the vehicles dispatched to zone j, we compute the best possible batch of cores to be
collected in zone j and the resulting profit loss Hé»oss. Notice that the collection opera-
tion associated with additional cores is never profitable, because otherwise they would
be identified by VLP-1. Zone j with the lowest profit loss, i.e., j* = argminj{ﬂg-"ss} is
selected to pick up new cores. After the values of v75", z;«, and L are updated, the

process is repeated until L < 0 at which point the minimum collection rate is attained.

The pseudo code of VLP-2 is shown in Figure 4.6 followed by the corresponding nota-

tion.
Notation:
L = minimum number of additional cores to be collected to
reach the minimum collection rate 7
vip™ = number of uncollected cores of type k in zone j
Z; = idle capacity of vehicles dispatched to zone j
bk = number of type k cores selected from zone j temporarily
X;+jr = fraction of type k cores collected in zone j and transported to
the nearest CC at ¢*
Vi = best number of vehicles dispatched to zone j
Hé-oss = profit loss from zone j after restoration iteration
[T, = Dbest net profit found in VLP-1 for given Rj values
) = auxiliary variable used to determine the batch of cores to be

collected at an iteration

M = a very large positive number



46

Figure 4.6. Pseudo code for VLP-2

1. (Initialization)
L=r ZJ: h; — EZ: ZJ: Zk: Xisjrhju It/ o
Vi = Xiejihgk Ry Jaf for each k € K and j € J
2= qVij =200 ;Xi*jkhiji/ai for each and j € J
i

2. IF Y > vipm < L /*If the number of cores not collected falls short of the 7 */
ik

then report II,,.; := —oo and stop. /* To have simplex search mark the
current Ry values as infeasible */
3. While L > 0 Do /* While the minimum collection rate is not satisfied yet */
4. For each zone 5 Do

If ;v;,im =0, then Hé-oss =M /* All cores in zone j have been already

collected */

Else /* There are some uncollected cores in zone j */
bjr =0 for k € K.
Tiloss — 0,
If z; = 0, then
2j =q. /* Assign a new vehicle to zone j if idle capacity
is zero */

Hg,oss = Hé.oss + (c1 + 2¢ad;). /* Compute the cost of the new

vehicle */
EndIf
EndIf /* There are some uncollected cores in zone j */
5. k=1
While £ < K Do /* Collect cores starting from the most profitable
core type */
y=0
If viem =0, then /* There are no uncollected cores of type k in
zone j */
k:=k+1.

Continued on Next Page
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Go to step 4

Else /* There are uncollected cores of type k in zone j */
If (s + G — Rpy) > 0, then let 6 =min(vjgT, z;)
Else let § =min(vf1, 2;, L)

3]
EndIf
EndlIf
ITloss .= T155° — § (s + G — Rpy).
bjtny := bjpy + 9.
2j = zj — 0.
If z; = 0 or (s + G — Rpyy) < 0 then break WhileDo
k:=k+1.
EndDo /* Consider the next customer zone */
6. Let j* := argmin {11}, /* Select zone j* with the lowest profit loss */

et = Tpep — 1125,

rem

Vit = vt — by for k€ K.

k
EndDo /* End of the outermost while-do loop */
7. Report:
U'I_‘ema2
X jk = }ifk—R{ for each j € J and k € K,

V= & ZXi*jkhjkf—;—‘ for each j € J, Il,cy.
& k
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5. COMPUTATIONAL RESULTS

In this section, we first describe how we generate random problem instances. In
all instances, the candidate sites for CCs coincide with the customer zones, implying
I=1J, and |I| = |J| = m = n. The z- and y-coordinates of customer zones are sampled
independently from a discrete uniform distribution in the interval [0, 100]. The number
of product holders in each zone is also generated from a discrete uniform distribution
supported on [1,100]. The travel distances between candidate sites and customer zones
are calculated using the Euclidean distance. We assume that the proportion of product
holders having cores of type k is the same across all customer zones, i.e., v;; = 75 for
all 7.Parameter values which differ with respect to core types, namely unit cost savings

Sk, maximum reservation incentive ay, and v are given in Table 5.1.

Table 5.1. Parameter values of the base case scenario

K=2 K=3

k|1 2|1 2 3
se |25 15|25 20 15
a, |15 5 | 15 10 5
v |05 05[1/3 1/3 1/3

5.1. Results for Base Collection System Model

This section is divided into two subsections. In the first subsection we perform
experiments to assess the performance of the TS-CCLP on randomly generated in-
stances both in terms of the solution quality and computation time. In the second
subsection we generate insights regarding the policy of the company to offer incentives
depending on the quality of the returns. For this purpose, we examine the case where
the company offers the same incentive to product holders regardless of the quality
type of their returns. Our main objective is to compare the profits obtained under the

two policies and to explore the situations in which offering quality-dependent incentives
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brings about significant additional profit to the company.

5.1.1. Performance of TS-CCLP

By assigning five distinct values to n (n = 10, 20, 50, 100, 200), four distinct values
top (p=1,2,3,4) and two distinct values to K (K = 2,3), we obtain 4 x 5 x 2 = 40
instances where each instance is labeled as a triplet (n,p, K). Also, other parameter

values are taken as ¢; = 90, co = 1, and ¢ = 10.

TS-CCLP has been coded in C using Microsoft Visual C++ 6.0. All the exper-
iments have been conducted on a desktop computer with 3.20 GHz Intel Pentium 4
HT processor and 2 GB RAM. In the implementation of TS-CCLP, the number of
neighboring solutions (num_neigh) is taken as p (m — p), which is the total number of
possible 1-Swap moves. Since there are three types of moves, i.e., 1-Swap, 2-Swap, and

3-Swap, we generate p (m — p) /3 neighbors from each of them.

In order to evaluate the performance of our TS-CCLP heuristic, we employ two
other methods to solve the test instances. One of them is exhaustive search and can
only be used for small CCLP instances. In this approach, we try all possible (2’;)
combinations of p collection centers on m = n candidate sites. For each combination
we vary the incentives Ry in the range [0, min {ay, si}| with increments of 0.01 to find
the optimal incentives and the corresponding optimal net profit. The combination that
provides the highest net profit and the associated incentive values becomes the optimal
solution to the instance under consideration. In Tables 5.2 and 5.3 we present the
results for two (K = 2) and three (K = 3) used product types, respectively. Those
instances for which the number of facility location combinations is less than 200 are also
solved by exhaustive search with grid size 0.01. Other instances (for which (ZL) > 200)
cannot be solved within reasonable computation time by exhaustive search. Therefore,
both the incentive values Ry and the net profits are missing for the latter as shown by
(—) sign. On the basis of these results we conclude that the objective values obtained
by TS-CCLP are as good as the ones provided by the exhaustive search. The reason
why TS-CCLP yields slightly better solutions than exhaustive search is that the latter
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is limited by the resolution of the grid, which is 0.01.

We also compare the results of TS-CCLP with those obtained by solving the base
collection model using commercial solvers. There are three solvers available for MINLP
models within the optimization suite GAMS v22.0. These are DICOPT, OQNLP, and
SBB (GAMS: The Solver Manuals, 2005). DICOPT is based on the outer approxima-
tion method in which a sequence of mixed-integer programs and nonlinear programs
are solved. It is expected to perform better on models that have a significant and dif-
ficult combinatorial part. OQNLP is a multi-start heuristic algorithm designed to find
global optima of constrained nonlinear programs that are smooth. By “multi-start” it
is meant that the algorithm calls a nonlinear programming solver from multiple starting
points which are determined by a scatter search application called OptQuest (Laguna
and Marti, 2003). SBB works different from the former two solvers. It performs branch-
and-bound where a nonlinear model is solved at each node of the branch-and-bound
tree by making use of an existing nonlinear solver. SBB may give better results on
models that are fairly nonconvex, or have more difficult nonlinearities. In order make
the decision on which solver to use we conducted a preliminary experiment. By putting
a time limit of one hour, we tried to solve eight instances (m =n = 10, p = 1,2, 3,4,
K = 2,3) using the three solvers mentioned above with their default settings. The
SBB solver has been employed two times by using nonlinear solvers MINOS 5.5 and
CONOPT. The results were surprising in the sense that for none of the instances
OQNLP could find a feasible solution at the end of the time limit, whereas SBB (with
both MINOS 5.5 and CONOPT) and DICOPT produced feasible solutions for all of
them. However, the profits corresponding to the feasible solutions obtained by DI-
COPT were significantly lower compared to the profit values of SBB. We decided to
carry out the experiments with SBB coupled with MINOS 5.5 since it gave results as
good as or better than those obtained by SBB with CONOPT.

Because the largest instance in our dataset is solved in 5967.328 seconds by the
TS-CCLP (see the last row of Table 5.3), we set a time limit of two hours for each
instance using the reslim option of GAMS. Among 40 instances, SBB can solve 15

instances within the imposed time limit. These are instances with 10 and 20 customer



Table 5.2. Results obtained for CCLP with K = 2 core types

Instance Exhaustive Search TS-CCLP

(n,p, K) | Ri Ry Net Profit | Ry Ry Net Profit CPU (s)
(10,1,2) | 6.73 291  686.52 | 6.742 2.907 686.641 0.328
(20,1,2) | 6.28 3.06  753.62 | 6.269 3.065  753.680 0.953
(50,1,2) | 5.44 244 1635.02 | 5.455 2.437 1635.109 4.593
(100,1,2) | 5.61 1.88  3805.51 | 5.599 1.884 3805.515 36.39
(200,1,2) | 5.28 1.77  5092.62 | 5.274 1.771 5092.646  272.641
(10,2,2) | 6.74 291 97547 | 6.742 2907 975.671 1.281
(20,2,2) | 6.37 3.03 1179.02 | 6.376 3.029 1179.189 4.375
(50,2,2) - - - 6.061 2.205 2524.908  24.656
(100,2,2) | - - - 6.076 1.871 5518.736  175.547
(200,2,2) | - - - 6.161 2.113  8422.826 1259
(10,3,2) | 6.94 2.84 1233.48 | 6.93 2.845 1233.651 2.937
(20,3,2) - - - 6.742 2.907 1545.176 9.343
(50,3,2) - - - 6.186 2.105 3166.757  54.953
(100,3,2) | — - - 6.241 2.001 6915.061  411.375
(200,3,2) | - - - 6.330 2.238 11124.785 3250.469
(10,4,2) - - - 7.266 2.733  1400.434 3.406
(20,4,2) - - - 7.420 3.145 1849.731 12.531
(50,4,2) - - - 6.437 2.110 3664.761  80.015
(100,4,2) | - - - 6.412 1.944 7815.201  617.359
(200,4,2) | - - - 6.405 2.120 12613.231 4662.437
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Table 5.3. Results obtained for CCLP with K = 3 core types

Instance Exhaustive Search TS-CCLP

(n,p,K) | Ri Ro Rs Net Profit | Ry Ry Rs  Net Profit CPU (s)
(10,1,3) | 6.84 5.12 290 663.40 6.839 5.102 2.909 663.42 0.437
(20,1,3) | 5.78 3.65 2.44 721.72 5.791 3.647 2.438  721.753 1.312
(50,1,3) | 5.81 4.02 244 1601.98 | 5.806 4.019 2.444 1601.987 6.718
(100,1,3) | 5.40 3.38 2.14  3606.93 | 5.395 3.384 2.140 3606.930 52.359
(200,1,3) | 5.26 3.45 1.95  4861.28 | 5.259 3.450 1.949 4861.284  414.016
(10,2,3) | 7.05 5.10 2.84 954.06 7.035 5.109 2.840  954.080 1.546
(20,2,3) | 6.78 4.66 3.15 114540 | 6.788 4.668 3.143 1145.436 6.156
(50,2,3) - - - - 5.971 3.922 2.305 2477.887 31.516
(100,2,3) | - - - - 5.880 3.670 2.055 5322.414  266.219
(200,2,3) | — - - - 5.834 3.667 2.478 8094.920 1801.687
(10,3,3) | 7.05 5.00 2.89  1224.85 | 7.038 5.011 2.888 1224.896 3.593
(20,3,3) - - - - 6.917 4.581 3.143  1515.056 12.063
(50,3,3) - - - - 6.095 3.988 2.319 3128.524 72.578
(100,3,3) | - - - - 6.307 3.960 2.046 6771.334  526.984
(200,3,3) | - - - - 6.089 3.843 2.305 10765.059 4355.453
(10,4,3) - - - - 7.339 4.951 2.818 1392.650 4.265
(20,4,3) - - - - 7.088 4.659 3.048 1840.563 16.296
(50,4,3) - - - - 6.507 4.100 2.170  3614.966 98.860
(100,4,3) | — - - - 6.387 3.965 2.017 7709.316  785.813
(200,4,3) | - - - - 6.294 3.931 2.326 12319.075 5967.328
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zones (see Table 5.4), and only one of them is the same as that obtained by TS-
CCLP while the remaining 14 solutions are inferior. The CCLP is a highly nonconvex
MINLP, and commercial solvers have a great deal of difficulty in handling such models.

As a result, heuristic methods are indeed necessary for solving moderate and large-size

instances of the CCLP.

Table 5.4. Comparison of the results obtained for CCLP by SBB solver and TS-CCLP

No. of customer zones 10 20 50 100 200
No. of instances § 8 8 8 8
No. of solutions returned 8 7 0 0 0
No. of solns. as good as TS-CCLP 3 1 - - -
No. of inferior solutions 5 6 - - -

In order to explore the effect of some parameters on the results we perform now
a sensitivity analysis by varying some parameters. We select the instances with K = 3
in which the used product types are equally distributed, i.e., 1 = 2 = 73 = 1/3 (there
are 20 of them). First, we consider vehicle operating cost ¢;, and vehicle capacity q.
Figures 5.1 and 5.2 display the net profit and the percentage of the potential returns
collected as a function of ¢; and ¢, where ¢; takes on values in the interval [70, 110] with
increments of 5 while ¢ assumes integer values in the interval [6,14].We remark that
the values are the averages obtained over 20 instances. As one may expect, both the
profit and the percentage of collected returns are decreasing in the vehicle operating

cost whereas they are increasing in the vehicle capacity.

Now we turn our attention to unit cost savings (si,ss,s3) whose values are
(s1,82,83) = (25,20,15) in the base case scenario. At this point we want to emphasize
that the maximum incentive levels a, at which all product holders of type k would
be willing to return are kept at their original values (ai,as,a3) = (15,10,5). Note
that the effect of changing all s; in the same way, i.e., increasing or decreasing them
simultaneously, can easily be predicted. Namely, if they are increased (decreased),
both the net profit and the percentage of collected returns increase (decrease) as well.

Therefore, we investigate the effect of unit cost savings s; by keeping sy = 20 and
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Figure 5.1. Effect of vehicle operating cost on the net profit (K = 3)
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Figure 5.2. Effect of vehicle capacity on the net profit (K = 3)

vary the values of s; and s3 concurrently either towards s, or away from s,. In other
words, we experiment with different scenarios: (s1, sq, s3) = (20 + A, 20,20 — A) where
A =1,2,...,9. Effectively, the different scenarios correspond to different variability
between used product types. While scenario A = 1 represents the lowest variability
among the types (unit cost savings are very close to each other), scenario A = 9 rep-

resents the highest variability. The profits plotted in Figure 5.3 are averaged over 20
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instances when ¢; = 90 and ¢ = 10 (the values in the base case scenario). We also

present in Table 5.5 the percentage of the collected returns for different quality types.
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Figure 5.3. Effect of the cost savings variance on the net profit (K = 3)

The profit curve does not exhibit a monotonic behavior as was the case in Figures
5.1 and 5.2. When A = 1, i.e., the variability among the quality types is lowest, the
percentages of collected items become (23 per cent, 30 per cent, 47 per cent) for the
three types, respectively. The number of collected returns of Type 3 is the largest. This
happens because the reservation incentive of Type 3 product holders is, on average,
lower than the other two reservation incentives (a3 < a1, as < az) although the unit
cost savings s3 obtained from Type 3 returns is about the same as those obtained from
other return types. This means it is possible for the company to offer a relatively
low incentive R3 and make a higher unit profit (s3 — R3) from Type 3 returns. As A
increases, the difference between the unit cost savings of Type 1 and Type 3 returns
becomes significant, and offering a higher incentive for Type 1 returns is justified. As
a result, more Type 1 returns are collected. Besides, reduced unit cost savings s3 of
Type 3 returns cause a lower incentive R3 leading to decreased collection amounts of
that return type. The combined effect is an increase (decrease) in the percentage of

collected Type 1 (Type 3) returns, which is evident in Table 5.5.
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Table 5.5. Percentage of the returns collected with respect to quality types

A 12 3 4 5 6 7 8 9

Typel 23 27 32 37 42 47 51 55 39
Type2 30 32 33 34 35 35 36 35 35
Type 3 47 41 35 29 23 18 13 10 7

5.1.2. The Effect of the uniform incentive policy

Convinced with the performance of TS-CCLP, we now want to generate insights
regarding the policy of the company to offer quality-dependent incentives. We examine
the case in which the company offers the same incentive to product holders regardless
of the quality of their returns. In other words, although the company recognizes the
quality profile of the used products (distribution of the used products) in advance,
it does not pursue incentive differentiation, but offers a uniform incentive R to all
product holders. Obviously, such a policy will result in a reduced total net profit.
Our aim is to investigate the magnitude of the profit reduction as a function of the
quality profile. Presented in Table 5.6 is the percent loss in net profit averaged over 20
instances for various quality profiles when there are two and three used product types.
Note that in the base case scenario we used quality profiles 5 and 1 for K = 2 and
K = 3, respectively. To determine the optimal value of the uniform incentive (i.e., R*),
we have to use a derivative-free line search method for one variable only. Therefore,
instead of the the simplex search we adopt the Fibonacci search method as it requires
less function evaluations and therefore is more efficient than other search methods such

as bisection search and golden section search (Bazaraa et al., 1993).

Table 5.6 suggests that the uniform incentive policy (UIP) results in a net profit
loss for all quality profiles both when there are two and three quality types. Further-
more, the magnitude of this loss changes with respect to the quality profile. When
K = 2, we observe that the benefit of the quality-dependent incentive policy (QDIP)
decreases as the proportion 7 of higher quality items increases (or equivalently, as the

proportion 7, of lower quality items decreases) except for 7, values below 0.3. This
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observation can be explained with the help of optimal incentive values obtained under
UIP and QDIP. It turns out that for all the instances we considered, the optimal uni-
form incentive R* is between R} and R} of the QDIP regardless of the quality profiles.
That is, R; < R* < Rj. When the firm offers a uniform incentive for all returns, R*
has to increase as the proportion ~; of higher quality items increases since this is the
only way to collect this type of items whose unit profit is higher. Note that the unit
profit of Type 1 returns is larger than the unit profit of Type 2 returns under the UIP,
ie., s —R* > so— R* since s; > sy. Therefore, R* will get closer to R} with increasing
~1. Consequently, the collected amounts of Type 1 returns will converge to each other
under both policies. Although the volume of lower quality (Type 2) returns will be
larger under the UIP, its effect is limited because of the small proportion of such items
and their lower unit profits. In a similar fashion, R* will be closer to R} for relatively
small values of v;. This implies that most of the higher quality (Type 1) used products
which were collected under the QDIP will not be returned by their holders when UIP
is in effect. This gives rise to a relatively large discrepancy between the net profits of
the two policies. However, when ~; is close to zero (e.g., 73 = 0.1), even under the
QDIP the amount of collected Type 1 items will not be so high, and therefore the
contribution to the net profit by those high quality items will be relatively limited.

This is the reason why the value of percent net profit loss is smaller at v; = 0.1 than

at y1 =0.2.
Table 5.6. Effect of the UIP with respect to quality profiles
(s1=25, s2=15) Quality Profile, K =2
1 2 3 4 5 6 7 8 9
"1 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Yo 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1

% Loss in Net Profit 1594 2552 26.58 21.23 17.73 1337 9.70 5.73 241

(s1=25, $9=20, s3=15) Quality Profile, K =3
1 2 3 4 ) 6 7
T 1/3 0.1 0.45 0.45 0.1 0.1 0.8
Yo 1/3 0.45 0.1 0.45 0.1 0.8 0.1
Y3 1/3 0.45 0.45 0.1 0.8 0.1 0.1

% Loss in Net Profit 11.27 10.73 1428 593 1731 3.04 294
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Also when K = 3, the same reasoning remains valid for the two extreme quality
profiles (profiles 5 and 7). Similar to the case with profile 9 when K = 2, the benefit of
incentive differentiation does not pay off for profile 7 where the proportion of Type 1
products dominates the others. On the other hand, the QDIP significantly outperforms
the UIP for profile 5 in which the proportion of Type 3 products dominates the other
types. For that profile, the percent loss in the net profit reaches nearly 17 per cent.
The results for other profiles lie between these two extremes. With the limited number
of sets of parameter values tested in this study, we can state that when the proportion
of lowest quality items is significant with respect to the others, which is the case for
profiles 1, 2, and 3, the percent loss ranges between 10-14 per cent. On the contrary,
when the proportion of lowest quality items is considerably low (as in profiles 4, 6, and

7), the benefit of incentive differentiation drops below 6 per cent.

Obviously, the exact impact of offering a uniform incentive or equivalently the
benefit of quality differentiation in offering incentives will depend on the values of the
parameters such as s;’s and a;’s. For example, it is not surprising that as the difference
between the savings of highest and lowest quality items (s; — sx) increases, the percent

loss in the net profit due to the UIP will also increase.

5.2. Results for Government-Subsidized Bilevel Models

As mentioned before, our nested heuristic consists of Brent’s method to solve the
outer problem GP1 (GP2), and TS heuristic TS-1 (TS-2) to solve the inner problem
CP1 (CP2). Since the quality of the solutions generated by the nested heuristic would
depend largely on the performance of TS-1 and TS-2, we first carry out experiments
to assess the accuracy of the solutions found by these TS heuristics. While solving the
problem instances some parameters are set to the following values: ¢, = 75, ¢ = 1,

g =10 and f; = 1000.
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Table 5.7. Comparison of the results obtained for CP1 by SBB solver and T'S-1

No. of customer zones 10 20 50
No. of instances 12 12 12
No. of solutions returned by SBB 12 12 11
No. of solns. as good as TS-1 3 1 -
No. of inferior solutions 9 11 11

5.2.1. The Performance of TS-1 and TS-2

In order to test the performance of TS-1 and TS-2 we employ SBB which is
one of the available solvers within the optimization suite GAMS v22.0 used for solving
MINLP models. The reason why we choose this solver is based on the results presented
in Section 5.1.1 where it is observed that SBB gives significantly better results than
DICOPT and OQNLP.

We take the previously generated test instances with n = {10,20,50} and K =
{2,3} and we solve inner problem CP1 for six different values of G = {0,2,4,6,8,10}
using both the SBB solver and TS-1. Using the same setting we also solve inner problem
CP2 with values of the minimum collection rate 7 from the set {0.2,0.4,0.6} by the
SBB solver and T'S-2. This makes a total of 36 instances for CP1 and 108 instances for
CP2. Recall that minimum collection rate requirement is not part of CP1, therefore
parameter 7 is not a parameter in CP1. To have a fair comparison we set a time limit
for the SBB solver equal to two hours, which is more than the time required by our
TS heuristics to solve the largest instance. T'S-1 and T'S-2 have been coded in C using
Microsoft Visual C++ 6.0. All the experiments have been conducted on a desktop
computer with 3.20 GHz Intel Pentium 4 HT processor and 3 GB RAM. The results
are displayed in Table 5.7 and Table 5.8. SBB can solve 133 out of 144 instances in
total. We observe that none of the results provided by SBB is better than those found
by the TS heuristics. The quality of the solutions is the same for 55 instances while
TS-1 and TS-2 outperform the SBB solver for the remaining 78 instances. The latter

case is more prominent for large-size instances. Since both CP1 and CP2 are highly
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nonconvex MINLPs, SBB has a great deal of difficulty in handling such models. Now
by incorporating Brent’s method in our nested heuristic, we turn our attention to the

solution of the comprehensive problems GSCSDP1 and GSCSDP2.

Table 5.8. Comparison of the results obtained for CP2 by SBB solver and TS-2

No. of customer zones 10 20 50

No. of instances 36 36 36
No. of solutions returned by SBB 36 35 27
No. of solns. as good as TS-2 36 15 -

No. of inferior solutions - 20 27

5.2.2. Results Obtained by the Nested Heuristic for GSCSDP1 and GSCSDP2

By choosing parameter values from the sets n = {10, 20, 50,100}, 7 = {0.2,0.4,0.6}
and K = 2,3, we generate 4 x 3 x 2 = 24 test instances for GSCSDP1, and solve them
using our nested heuristic. The results are shown in Table 5.9 and Table 5.10. When
the number of customer zones is fixed, we observe that unit subsidy G, net profit 11,,.;,
and realized profitability ratio P increase as the minimum collection rate 7 becomes
more stringent. This is an expected result, because the increase in the amount of
collected cores, hence in the profit, is only affected by higher values of G decided by
the government. Recall that the company in the supportive model GSCSDP1 never
collects additional cores to help reach the minimum collection rate requirement if it is

not profitable to do so.

Our next step is to solve test instances for the legislative model GSCSDP2, which
take an additional parameter as input, namely the minimum profitability ratio p. In-
stead of assigning arbitrary values to p, we adopt the following approach that helps us
also in the comparison of the results of the supportive model GSCSDP1 with those of
GSCSDP2. We take the same 24 problem instances listed in Table 5.9 and Table 5.10,
and solve them as GSCSDP2 instances with the minimum profitability ratio parameter

p of each instance set to the value of realized profitability ratio P of the corresponding
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GSCSDP1 instance. The results are provided in Table 5.11 and Table 5.12.

Table 5.9. Results obtained for GSCSDP1 with K = 2 core types

Instance | No. CCs Net Profit, Realized Coll. Realized Prof. @ CPU
(n,7) opened Ry R G Lt Rate, T (%) ratio, P(%) (s)
(10,0.2) 1 12.09 5.00 1.97 0.08 38.1 0.0 98
(10,0.4) 1 11.95 5.00 2.79 187.82 41.3 3.5 101
(10,0.6) 1 11.80 5.00 6.14 1196.27 64.4 13.7 142
(20,0.2) 1 10.06 4.99 1.77 0.05 26.4 0.0 388
(20,0.4) 2 12.09 5.00 4.11 755.71 57.0 6.0 487
(20,0.6) 2 12.09 5.00 4.44 944.81 61.1 7.1 579
(50,0.2) 2 10.04 4.03 1.13 688.21 31.3 4.2 3113
(50,0.4) 2 10.81 4.92 1.70 1166.49 40.0 5.6 3122
(50,0.6) 4 12.04 5.00 3.63 3761.43 70.4 9.9 4795
(100,0.2) 3 9.58 3.91 0.00 2389.53 31.2 7.8 687
(100,0.4) 4 10.40 4.39 0.44 3214.12 42.1 7.9 24,919
(100,0.6) 5 11.15 497 1.46 6012.73 61.7 10.0 26,661

On the basis of these results, we can make an observation similar to the one
made earlier for the GSCSDP1 instances. That is, for a given number of zones unit
subsidy G and net profit Il,.; increase as the minimum collection rate 7 increases.
More importantly, we can conclude that G is lower, and the company makes less profit
in GSCSDP2 compared to GSCSDP1. In other words, by shifting from a supportive
to a legislative role the government can reduce the subsidization budget allocated to
collection operations. Actually, when the government does not guarantee a minimum
profitability ratio p for the company in GSCSDP2, the company might even end up
with a negative net profit as a result of the minimum collection rate requirement. This
is never the case in the supportive model since the company would simply refrain from

collecting any cores if the collection operations turn out to be unprofitable.

When we look at the CC location plans in GSCSDP2 versus in GSCSDP1, we
see that the number of CCs opened in GSCSDP2 is either equal to or less than that
in GSCSDP1. This observation can be explained as follows. Notice that for those
instances in which GSCSDP2 ends up opening fewer CCs than GSCSDP1, there is a
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wider gap between the unit subsidy values and realized collection rates. This implies
that in order to realize the same minimum collection rate 7, unit subsidy Sgscsppi
has to be relatively higher than the value of Sgscsppa. However, since pasospps is set
equal to pgscspp1 for the same instance, despite lower subsidization the company still
needs to be as much profitable in GSCSDP2 as it was in GSCSDP1. This can be only
accomplished by collecting the same amount of cores with fewer CCs, thereby saving
the heavy cost of opening a CC which has clearly a negative effect on profitability.
Therefore, under the same minimum collection rate 7, the legislative model would
open either an equal or lesser number of CCs in order to match the profitability of the
equivalent supportive model. The proposed nested heuristic spends significantly more
computational effort in solving GSCSDP2 instances as indicated by the CPU times in
last columns of Tables 5.9—5.12. This is caused by restarting Brent’s method several
times due to the nonmonotonicity of the function fo(G) as explained in Subsection

4.2.2.

Lastly, observe that CP1 and CP2 becomes MILP problems for given values
of Ry’s. MILPs can be solved to optimality with CPLEX solver. In order to test
the performance of TS-1 and TS-2 again, we solved these problem instances with
CPLEX by giving the realized Ry and G values we have found in Tables 5.9—5.12 as a
parameter. 43 out of 48 problems gave the same results which are found by TS-1 and
TS-2. However, with 5 instances CPLEX obtained better total profits. This indicates
that these TS based procedures perform well but may not give optimal solutions since

we are using heuristics.
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6. CONCLUSIONS

In the first part of this thesis, we deal with CCLP of a company. We focus
on a pick-up scenario in which a homogeneous fleet of vehicles with limited capacity
is sent from CCs to customer zones in order to collect and bring the returns. The
number of vehicles operated and the amount of each return type collected are also
decision variables that are contingent on both the locations of collection centers and the
incentives. We assume that the financial incentive offered by the company determines
the willingness of product holders to return their used products. The amount of this
incentive has two conflicting outcomes. Offering a lower incentive enhances on the
one hand the company’s unit profit from the returns; on the other hand, doing so
may critically diminish product holders’ willingness to return. For this problem we
formulate an original MINLP model and develop a Tabu Search based heuristic called

TS-CCLP which incorporates a simplex search procedure as a subroutine.

We generate a test bed consisting of 40 instances, and compare the accuracy of
our heuristic with an exhaustive search on small instances, and with the SBB solver
of the GAMS suite v22.0 on all instances. The experimental results reveal that for all
the instances our heuristic exhibits a favorable performance both in terms of solution
quality and running time. After being convinced with its performance, we use TS-
CCLP to explore the effects of vehicle operating cost and capacity on the profitability
and on the percentage of the collected items. We observe that while a larger vehicle
capacity boosts both the profitability and the percentage of collected items, a higher
unit vehicle operating cost has just the adverse effect. Another empirical finding of
experimentation suggests that as the gap between the unit savings from returns of
highest and lowest quality types increases with their respective reservation incentives
and the average unit savings remaining unchanged, the collection percentage of higher

quality returns as well as the total net profit show an upward trend.

We employ TS-CCLP also to scrutinize the effect of the policy to offer a uniform
incentive for all quality types (UIP) opposed to the quality-dependent incentive policy
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(QDIP). We experiment with different quality profiles when there are two and three
quality types. We find that in terms of the total net profit the UIP is always inferior to
the QDIP. Moreover, we explain why the UIP causes an even higher profit loss when
the proportion of lowest quality products is relatively large. This insight is supported

by the results of our scenario analysis under the UIP versus the QDIP.

Secondly, we develop two types of BP models. The first model (GSCSDP1) is a
supportive model from the perspective of the government in the sense that it does not
impose a minimum collection rate restriction on the company, but allows the company
to be free in its profit maximization objective. The second model (GSCSDP2) is a
legislative model in which the government issues a regulation requiring the company
to reach or exceed a minimum core collection rate. This, of course, reduces the net
profit of the company, and in order to not discourage the company from collecting
cores, which is the triggering activity in reverse logistics and closed-loop supply chain
management, the government guarantees that the profitability ratio of the company
would not drop below a certain level. Both models have been formulated as bilevel

programs, which are intrinsically difficult to solve.

For the solution of GSCSDP1 and GSCSDP2, we develop a nested heuristic so-
lution methodology. The government’s problem (outer problem) is solved with Brent’s
method, which is an effective root finding method for one-dimensional functions. A
tabu search heuristic is used to solve the company’s problem (inner problem), which
performs tabu search in the solution space of CC location combinations and calls sim-
plex search to find the best incentive values and the best net profit for a given set of

CC locations.

We evaluate the performance of the proposed tabu search heuristics T'S-1 and T'S-
2 in solving the inner problems CP1 and CP2 of GSCSDP1 and GSCSDP2, respectively,
by comparing with the commercial solver SBB. This comparison proves the accuracy
of TS-1 and TS-2. We carry out experiments on a set of randomly generated 24
test instances. The results demonstrate that the subsidy paid to the company by the

government depends on the policy of the government regarding its support to reverse
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logistics operations. In a supportive role, the amount of the subsidy will be higher,
and the company makes a higher profit compared to the case of a legislative role of the

government.

As an extension for future research, one may look into the location-routing version
of this comprehensive problem in which vehicles visit more than one product holder
address on a tour before returning to their base CCs. Vehicle tours will likely be con-
strained by capacity and maximum tour duration restrictions. From a methodological
point of view, it is obvious that simultaneous determination of CC sites and associated
vehicle routes complicates the solution of the government-subsidized collection system
design problem by a great deal, and demands specifically tailored techniques. Also,
value of information for knowing the number and condition of cores at each customer
zone may be investigated. In addition, to be more realistic fixed cost of opening a CC
may be zone dependent and the capacity related operating expenses of a CC may be
considered as a cost component. Lastly, the demand for remanufactured items in the
market can be included in the model since it will directly affect the profitability of the

company.
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APPENDIX A: Simplex search algorithm

1. Construction of the initial simplex: Choose points R', R?, ..., RX*! to form a
simplex in X. Choose a reflection coefficient o > 0, an expansion coefficient

A > 1, a contraction coefficient 0 < # < 1, and a shrinkage coefficient y > 0.

2. Initialization: Let R™* = argmaxj<p<x+1 I (Rh), R™" = arg min;<p<g4+1 11 (Rh),
_ K+1
R = % > R".
h:1|Rh’7éRmin
3. Reflection: Let R” = R + o (R — R™7).
If [T(R") > II (R™), go to Step 4.

If IT(R") < IT(R™>), but IT(R") > minygnegmn IT (R"), then R™™ := R to
form a new set of K + 1 points and go to Step 6.

4. Expansion: Let R® =R+ A (R" — R).

R™" .= R" if I(R") < IT(R®) and R™" := R¢ if II(R") > II(R) to yield a
new set of K 4+ 1 points and go to Step 6.

5. Contraction: Let R® = R+ (f{min — I_{> where R™" = arg max {II (R™") ,II(R") }.
If I (R) > 11 (ﬁmin), Rmin .— Re,

IFIT(R) < TR ), RY = RY 4y (R™ = RY) for h=1,.., K + 1,

K+1 - 1/2
6. Termination: If {ﬁ hzl [II(R") —II(R)] 2} < ¢, then stop and set R"s! :=

R™* else go to Step 2.
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