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The third problem focuses on the study of robust and reconfigurable 

disassembly cell formation problems. This part of the research makes a significant 

contribution to the state of the art in Disassembly Systems Design and Cellular 

Manufacturing Systems for two reasons: first we consider two different 

approaches to deal with demand variability in disassembly systems: one 

reconfigurable and the other robust. In the reconfigurable approach the product 

demand varies form period to period in a deterministic manner; while in the 

robust approach the product demand varies in a random manner, however, this 

variation can be described in a number of probabilistic scenarios with a given 

occurrence probability. The problems are characterized and formulated as integer 

programming models. Second, given the complexity of the problems, we design a 

Variable Neighborhood Search ( V N S ) algorithm to efficiently solve them. The 

experimental analysis on a set of adapted (previously published) and randomly 

generated instances shows the good performance of the proposed algorithm. 



Chapter 1 

Introduction 

1.1 Problem Background 
This dissertation focuses on two topics: Reverse Logistics (RL) and Waste of Electrical and 

Electronic Equipments (WEEE). On one hand, during the last years RL has become a 

relevant topic not only for academics but also for practitioners. Companies are giving each 

day more and more importance to this field, because mainly of two reasons: the 

environmental issues and the impact of these issues on the public opinion, and the economic 

benefits that the company can obtain by the improvement of their return's processes. On the 

other hand, the strong increase of solid waste generation is a matter of concern in most 

industrialized countries. In Mexico the Ministry of Environment and Natural Resources 

(SEMARNAT) through the National Program for Prevention and Integrated Waste 

Management 2009 - 2012 has established as one of its main lines of action the design and 

implementation of Management Plans for the treatment of post consumer WEEE, which 

foresees the participation of all sectors involved under the principle of shared and 

differentiated responsibility. In Europe the new legislations based on the European Union 

Directive 2002/96/EC (EU, 2003) on WEEE have led to essential changes in the field of 

electronic scrap recycling. These situations make the interrelation between both subjects a 

wide and interesting field of research. 

A reverse logistic system can be described as the logistic system that takes care of 

collection, selection, transportation, disassembly, recovery, disposal and re-distribution of 

discarded products. This offers a wide scope for the design and implementation of 

optimization models within the logistics - production - manufacturing interface. Thus in 
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literature are found contributions related to facility location problems, disassembly planning 

problems and inventory models that combine original and remanufactured products, just to 

mention a few. Also in previous research are found applications and case studies in various 

industries; for example in the automotive industry (Blanc et ai, 2006), the editorial industry 

(Soto, 2005), the recovery of construction wastes (Listes and Dekker, 2005), the recovery of 

WEEE (Shih, 2001), the tire remanufacturing industry (Strom, 1997), the recovery of 

returnable containers (Kroon and Vrijens, 1995) and the replacement of industrial equipment 

(Sharma, 2004). 

In Europe, electronic waste is estimated to reach 12 million tons by 2015. This is the 

equivalent of approximately 14 kg per person per year (Goosey, 2004). In recent times, over 

90% of the electronic waste still ends up in landfills, causing serious environmental 

problems. In response to this growing problem, the European Union Directive 2002/96/EC on 

WEEE has imposed to all member states the development of legislations based on the 

principle of extended producer responsibility to finance the treatment, recovery and recycling 

of all types of electronic waste. In Spain the directive came into effect on February 25 2005 

by The Royal Decree 208/2005. The adoption of this legislation has led to essential changes 

in the field of electronic scrap recycling. Particularly, producers and importers of large and 

small electrical appliances are affected by the new normative, since they will have to manage 

over 75% of the total electronic waste. To cope with this new responsibility, companies have 

come together to create a number of Collective Management Systems (CMS) to be 

responsible for the operation of collecting and recycling systems. 

Typically a C M S is a fund management committee created by industry associations 

representing the sector of manufacturers and importers of large and small appliances. Its 

responsibilities include: a) the establishment and management of the collection, transport, 

storage, recovery, treatment and control of WEEE and their packaging; b) to assist the 

maintenance and enhancement of natural and energy resources through the collection, 

treatment and management of WEEE, as well as improving health conditions of citizens and 

the environment, and c) the studies and research on the collection, transport, storage, 

recovery, treatment and control of such waste. 

The collection process in which a CMS is involved can be described as follows (see Fig. 

1.1): a CMS in particular establishes an agreement with a group of stores and collection 

points to collect the electronic waste from a given category (see Section 2.5 for the 

classification of WEEE categories provided by the European Directive), for example white 

goods like refrigerators and washing machines. Every store has a given capacity (directly 
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related to sales volume) to collect WEEE. In turn, every store has allotted in its warehouse a 

certain space for WEEE collected. Whenever this space is about to be saturated, the store 

manager calls to the coordination call center so that these items be taken off by the 

corresponding depot. Each depot holds a heterogeneous fleet of capacitated vehicles, which 

are used in the harvesting of WEEE. Their activities include the harvesting of WEEE from 

stores, consolidation at the depot, and in some cases value-adding activities such as sorting 

and packaging. The WEEE collected by the depots are then consolidated and shipped to the 

disassembly plants, where the returns are dismantled. 

Figure 1.1 The WEEE collection process. 

Many economic and environmental benefits can be achieved by electronic waste 

recycling, however to obtain these benefits an efficient reverse logistics system must be 

designed. From a logistical point of view, the design of a reverse logistic system has two 

main components: the location of collection depots and for each one of them, the design of 

the harvesting routes between its corresponding stores. Both problems fall into the reverse 

logistics management field. The first one aims to select which depots must be opened within 

a list of candidate sites, and to allocate collection points (stores) to depots. The second relates 

to the design of harvesting routes with capacitated vehicles. However, it should be noted that 

although the logistic function is an important activity, the product recovery aims to obtain 

useful components with economic value through reuse, remanufacturing or recycling, or to 
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remove hazardous components in compliance with safety regulations, and regardless the final 

destination for the collected products, disassembly operations are always required and must 

be optimized to improve the overall performance of the reverse logistics system. 

1.2 Scope of the Research 

The scope of this research is delineated in Fig 1.2 which provides a schematic view of the 

activities managed by a collective management system. This dissertation studies not only 

location and routing problems in WEEE reverse logistics, but also seeks to contribute to the 

development of the state of the art of disassembly systems, specifically to the design of 

disassembly cells. The aim is to embrace all the scope of incidence of the collective 

management systems. 

Although both location and routing problems are interrelated, their analysis is often 

performed in a separate way, as we do in our research. Reverse logistics literature contains 

examples and case studies on each one individually, for example Shih (2001), Hu et al. 
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(2002), Listes and Dekker (2005), Lieckens and Vandaele (2007) and Aras et al. (2008) 

studied the location of collection depots, while Schultmann et al. (2005), Blanc et al. (2006), 

and Kim et al. (2009) analyzed the collection routing problem. On the other hand, though the 

cell formation problem has been one of the most studied in the manufacturing literature and 

there is a vast literature on disassembly systems (see for example Gungor and Gupta 2001, 

Tang et al. 2002), the contributions concerning disassembly cells are practically null. 

In the literature we can found contributions dealing jointly with the location-routing 

problem (Min et al., 1998; and Nagy and Salhi, 2007), furthermore, we found a contribution 

which deals with the combined problem of jointly designing a cellular manufacturing into a 

supply chain network (Schaller, 2008). In fact, it is mathematically possible to design a 

model that combines location, routing and cellular manufacturing problems; however, 

coupled with the fact that its algorithmic solution would be highly complex, we do not see the 

usefulness of such approach in a WEEE recovery system. Therefore, the three problems are 

addressed independently. In later chapters we provide more arguments supporting our point 

of view. 

1.3 Research Contributions 
The research objective of this dissertation was: 

'To develop optimization models and solution algorithms for designing and improving 

reverse logistics systems for WEEE recovery" 

As stated above this research studies three problems named: 1) designing a recovery 

network for WEEE collection, 2) designing collection routes for WEEE, and 3) designing 

robust and reconfigurable disassembly cells. Therefore, there are particular objectives for 

each one, which are respectively stated below: 

1. In the network design problem the objective is to redesign the logistics network of a 

Collective Management System which collects WEEE in the Spanish region of 

Galicia. 

2. In the WEEE collection routing problem the objective is to solve a real-world 

problem of designing routes where a fixed and heterogeneous fleet of capacitated 
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vehicles with special features is used in the harvesting of WEEE from a set of 

customers. 

3. The objective of the third problem is to design robust and reconfigurable 

disassembly cells to deal with two different kinds of demand variability. A Variable 

Neighbourhood Search (VNS) algorithm is proposed to solve them and we analyze 

for which one it is better suitable. 

Given the complexity of the problems, the design of metaheuristic algorithms is required 

to solve real-world instances. For each problem a specific metaheuristic framework is 

selected based on its characteristics. The proposed metaheuristics can be used in real world to 

aid organizations improve their recovery systems. This was accomplished by demonstrating 

the validation of the algorithms with real world data provided by the ECOLEC foundation. 

The remaining of this section briefly discuses the contributions or each addressed problem. 

1.3.1 Network Design for WEEE Collection 

This part of the research aims to redesign the reverse logistic network of the Collective 

Management System - E C O L E C Foundation- for the collection of Waste of Electric and 

Electronic Equipment, in the Spanish region of Galicia. As a basis for our study a three-phase 

hierarchical approach is proposed. In the first phase a facility location problem is formulated 

and solved by means of a mixed integer linear programming; in the second phase a new 

integer programming formulation for the corresponding heterogeneous fleet vehicle routing 

problem is presented, and a savings-based heuristic algorithm is developed to efficiently 

solve the related collection routing problems; in the third phase a simulation study is 

performed on the collection routes in order to assess the overall performance of the recovery 

system. The results show a good performance of the proposed procedure, and an improved 

configuration of the recovery network compared to the one currently in use (particularly 

transportation costs are reduced by 29.2%). 

The contribution of this case-oriented research focuses on the description of a 

methodological approach which combines three operational research techniques -integer 

programming, heuristic algorithms and simulation- to solve a real-world problem with 

substantial economic and environmental significance. The heuristic algorithm designed in 

this part of the research corresponds to a savings-based algorithm which was used to solve 

the corresponding vehicle routing problems in the recovering network of Galicia. 
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1.3.2 Vehicle Routing in WEEE Reverse Logistics 

This part of the research focuses on the study of a Vehicle Routing Problem (VRP) for 

reverse logistics. It specifically addresses the problem of designing routes for the collection 

of WEEE. As will be shown in the literature review (see Chapter 2), though in recent years 

there has been an increasing interest towards so-called rich VRP models that include 

important issues arising from real-world applications, the literature on vehicle routing for 

reverse logistics is still very scarce. Most of the papers address specific problems and case 

studies, while theoretical contributions mainly deal with the VRP with simultaneous pick-up 

and delivery, or the V R P with backhauls. 

This research makes a significant contribution to the state of the art in V R P and R L for 

two reasons: first we characterize and formulate as a mixed integer programming model a 

new variant of the V R P which includes important issues arising from real-world applications 

in WEEE recovery systems. Difficulty for this problem arises from the fact that it is 

characterized by four variants of the V R P that have been studied independently in the 

literature, but not together, including: (1) the use of a heterogeneous fleet of vehicles, (2) 

customers with high demand that may be split to fit the vehicle capacity, (3) the fact that a 

same vehicle may be assigned to more than one route, and (4) the agreement of a time 

interval for visiting customers. These characteristics make the problem complex and 

interesting, while complicating its classification within the standard V R P literature. We label 

this variant of the VRP as the Vehicle Routing Problem with Split Loads and Date Windows 

(VRP-SLDW). Second, given the complexity of the problem, we design a Greedy 

Randomized Adaptive Searching Procedure (GRASP) algorithm to solve it. The experimental 

analysis on a large set of randomly generated instances shows the good performance of the 

proposed algorithm. Moreover, computational results using real data show that the method 

outperforms real existing approaches to reverse logistics. 

1.3.3 Robust and Reconfigurable Disassembly Cells 

This part of the research focuses on the study of cell formation problems for disassembly 

operations in reverse logistics. It specifically addresses the problem of designing robust and 

reconfigurable disassembly cells to deal with demand variability typical of this problem. 

Even though the performance of a cellular manufacturing system and particularly of a 

disassembly system is highly dependent on the accuracy of the input data and it may rapidly 

deteriorate if demand and product quality changes, most of the current methods designed for 
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the manufacturing cell formation problem have been developed for a single-period planning 

horizon, which assume that problem data are constant for the entire planning horizon. 

Furthermore, given the practical differences between manufacturing systems and disassembly 

systems, typical cell formation problem formulations are not suitable for the Disassembly 

Cell Formation Problem (DCFP). In manufacturing systems, all operations belonging to a 

product are required by every product of the same type, while in the disassembly process not 

all operations for a given product type are required by every product. For instance, a 

computer unit could arrive to the disassembly shop without the hard disk drive. On the other 

hand, though the cell formation problem has been one of the most studied in the 

manufacturing literature and there is a vast literature on disassembly systems, the 

contributions concerning disassembly cells are practically null. Most studies in disassembly 

systems designs fit into three major areas: 1) modeling and representation of product 

disassembly sequences, 2) disassembly process planning, which includes the extent to which 

disassembly should be performed and how to decide the optimal disassembly sequence, and 

3) disassembly system design and line balancing. 

This research makes a significant contribution to the state of the art in Disassembly 

Systems Design and Cellular Manufacturing Systems for two reasons: first we consider two 

different approaches to deal with the DCFP with demand variability: one reconfigurable and 

the other robust. In the reconfigurable approach the product demand varies form period to 

period in a deterministic manner; while in the robust approach the product demand varies in a 

random manner, however, this variation can be described in a number of probabilistic 

scenarios with a given occurrence probability. The problems are characterized and formulated 

as integer programming models. Second, given the complexity of the problems, we design a 

Variable Neighborhood Search (VNS) algorithm to efficiently solve them. The experimental 

analysis on a set of adapted (previously published) and randomly generated instances shows 

the good performance of the proposed algorithm. 

1.4 Outline 
The remaining of this thesis is structured as follows: In Chapter 2 this dissertation reviews the 

essential literature published in order to acquaint the reader with the areas related to the 

research. It presents a literature review covering the various aspects of the studied problems. 

In particular this chapter provides a practical and concise introduction to reverse logistics and 

it summarizes current literature in topics such as operation research models in reverse 
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logistics, including network design problems, vehicle routing problems and cell formation 

problems. Chapter 3 states the research problems and outlines the solution approaches, while 

Chapter 4 formulates the mathematical models and shows its complexity. Chapter 5 describes 

the solution algorithms. Chapter 6 describes the experiments performed to validate the 

proposed algorithms, and discusses and analyzes its results. Finally, Chapter 7 summarizes 

and presents the conclusion of this dissertation, and discusses significant directions for future 

research. 
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Chapter 2 

Literature Review 

This chapter provides the background of the literature reviewed in order to acquaint the 

reader with the areas related to the research. In particular this chapter provides a practical and 

concise introduction to Reverse Logistics. It reviews past and current developments of 

Operations Research models in Reverse Logistics with special emphasis on location and 

network design issues, vehicle routing for reverse logistics and disassembly systems. Finally, 

a sample of Reverse Logistics related dissertations from 1995 to 2009 are described in a 

chronological order. 

2.1 Introduction 

Increased competition in the global market has forced companies to seek new ways to 

improve operations, increase profits, reduce costs, maximize productivity and attract more 

customers. This has led organizations to realize the need for agile, adaptable, and aligned 

supply chains to survive in a world where individual efficiency is not enough. An efficient 

Supply Chain Management (SCM) emphasize the importance of coordinating and integrating 

the key business processes of the involved organizations, thus avoiding local optimization 

and emphasizing integration (Krikke et al., 2001a). 

By the late eighties and early nineties, the organizational requirements were beyond their 

business process integration given the significance that the environmental issues got in 

business. This change motivated the managers of the organizations to face a paradox. On the 

one hand, the growing demand for new and better products to meet customer expectations for 

ever-lower prices, implied an increase of organizational productivity and an emphasis on 

economic aspects. On the other hand, the pressure of the consumers, who had a growing 
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environmental awareness, and the establishment of governmental laws demanded a reduction 

in their environmental impacts, even at the expense of productivity. 

To address this paradox, managers began by considering that the task of logistics within 

the supply chain does not end with the delivery of finished products to final consumers. But 

from the standpoint of the product-life-cycle there should exist a parallel reverse flow 

perfectly managed to withdraw them at the time of becoming obsolete, damaged or for any 

other reason, in order to dispose of them in a place where a higher value could be obtained. 

This situation gives birth to the concept of Reverse Logistics (RL). 

A R L network can be seen as a supply chain that is (re)designed to systematically manage 

the flow of parts and products destined for remanufacturing, recycling, or disposal activities. 

This enhanced supply chain is, therefore, capable of effectively using resources that were not 

previously considered or utilized (Dowlatshahi, 2000). Seitz (2004) stated that many product 

recovery strategies are based on regulations requiring companies to take responsibility for 

end-of-life or end-of-use products. The reality in many markets for remanufactured products, 

however, is based on potentially profitable business opportunities linked to the recovery of 

used products. This feature entails a competitive dimension to product recovery and RL 

activities. 

Under a general classification, R L networks can be classified as: open loop supply chains 

or closed loop supply chains. If both markets coincide, we see a closed loop distribution-

collection network; in contrast, if both markets are different, two open loop networks are 

formed (Fleischmann et ai, 2001). Typically, material recovery networks are open loop, 

while products or parts recovery networks are closed loops (Beamon and Fernandes, 2004). 

While in USA the economic benefits of product recovery and recycling practices make 

Original Equipment Manufacturers (OEM) formally responsible for the recovery of their 

'own' products after disposal, in Europe, new political policies aim at the closure of material 

flows, causing the same result: to reduce emissions and minimize residual waste. Particularly 

relevant for this dissertation is the European Union Directive 2002/96/EC (EU, 2003) on 

Waste of Electrical and Electronic Equipment (WEEE), whose general purpose is to prevent 

the creation of electrical and electronic waste and to promote reuse, recycling and the other 

forms of recovery in order to reduce final disposal. This directive has imposed to all member 

states the development of legislations based on the principle of extended producer 

responsibility to finance the treatment, recovery and recycling of all types of electronic waste. 

The adoption of this legislation has led to essential changes in the field of electronic scrap 

recycling. Particularly, producers and importers of large and small electrical appliances are 
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affected by the new normative, since they will have to manage over 75% of the total 

electronic waste. To cope with this new responsibility, companies have come together to 

create a number of Collective Management Systems (CMS) to be responsible for the 

operation of collecting and recycling systems. 

One of the key problems CMS have to deal with as a result of WEEE directive is the set

up of an RL system for their discarded products. In the context of a WEEE collection system, 

an R L system can be described as the logistic system that takes care of collection, selection, 

transportation, disassembly, recuperation, disposal and re-distribution of discarded products. 

The aim is to recover maximal economical and ecological value at minimal economic costs 

while maintaining an accurate customer service level. Although this chapter reviews several 

optimization problems faced in the design of R L systems, the focus is on specific classes of 

logistics-manufacturing problems: logistic network design, vehicle routing problems and cell 

formation problems. These will be reviewed below. 

This chapter has nine main sections. In Section 2.2 we review what literature says about 

reverse logistics. We will take a tour between the different existent definitions analyzing 

them, and pointing out the main findings in a historical perspective. In Section 2.3, we 

characterize R L systems, deriving a framework for both classifying R L networks and set a 

series of preliminary considerations to implement a recovery product program. In Section 2.4. 

we review published literature in R L and Operations Research (OR) with the aim to evaluate 

the actual state of development of the area. In Section 2.5, we review the E U directive on 

WEEE. The problems related to network design, vehicle routing problem and disassembly 

cell formation problems are reviewed in Sections 2.6 to 2.8. Finally, Section 2.9 review past 

dissertations on RL. 

2.2 Reverse Logistics: definition and scope 

There are several authors proposing a definition for reverse logistics. Even though R L was 

initially considered an extension of the traditional forward logistics, but in the reverse 

(opposite) direction, its concept and field of study have evolved over the last decade. Our 

purpose in this section is not to develop new concepts or theories about reverse logistics, but 

to provide a brief summary of the principal statements found in the literature. 

In the early nineties, the first formal definition of RL was proposed by the Council of 

Logistics Management (Stock, 1992); stressing the role of all the logistics activities related to 

12 



recycling, waste disposal, and management of hazardous waste. In the same year, Phlen and 

Farris (1992) guided by a marketing principles perspective defined RL as "the movement of 

goods from the consumer to the producer in a distribution channel". By the mid-nineties 

Kroon et al. (1995) took up again a purely logistical guidance, defining R L as "all the 

logistics activities related to the management, reduction, reverse distribution and disposal of 

end-of-life items", which creates a flow in the opposite direction to forward logistic activities. 

Considerably advancing toward the establishment of a formal understanding of the RL 

concept, Carter and Ellram (1998) offered a definition with a focus on business efficiency, 

defining R L as "the process by which organizations can become more environmentally 

efficient through the reuse and recycling of materials". This later definition allowed that the 

economic benefits of recycling and reuse were considered on designing R L systems. Despite 

the progress made in its conception, the studies of these authors in search of a comprehensive 

theory, led them to conclude that the available literature was not enough to establish a formal 

understanding of RL. However, Dowlatshahi (2000) closed the gap described by Carter and 

Ellarm to describe the strategic and operational factors in R L systems. Gradually the R L field 

was able to attract the attention from organizations, practitioners, academics and researchers 

who wanted build a formal understanding of RL. 

Several definitions arose to the light. The emphasis was toward the systematic recovery of 

product or parts previously embarked that for some reason required to be reprocessed by a 

previous member in the supply chain (Dowlatshahi, 2002). One of the most representative 

contributions can be found in the work of Rogers et al. (1998) who not only emphasized the 

logistic process of RL, but also considered the concept of value added activities. They define 

R L as: "the process to plan, implement and control efficiently and cost effective the flow and 

storage of materials, in-process inventory, final goods and related information from the point 

of consumption to the point of origin in order to obtain value or to promote the proper 

disposal". 

Summarizing this contribution, the Reverse Logistics Executive Council (RLEC), an 

emerging organization focused on the development of concepts and practices related to RL, 

defines R L as: "the process of moving goods from their typical final destination to another 

point with the aim of obtain value or to facilitate the proper disposal of products". On their 

own R E V L O G , an European organization oriented to study the impact of R L practices in 

several industries, point out that R L refers to all the logistic activities related to the collection, 

disassembly and processing of used products, spare parts and/or materials to ensure a 

sustainable recovery (environmentally friendly). R E V L O G defines RL as "the process of 
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planning, implementing and controlling flows of materials, in-process inventory and finished 

goods from the point of use to the point of collection or disposal". According to Brito et al. 

(2003a), the essence of the definition provided by Rogers et al. (1998) is maintained by the 

R E V L O G , but the later do not relate to matters such as "point of use" or "point of origin", 

recognizing the existence of several types of returns by extending the scope for consideration 

of reverse flows of materials, and packaging of products whose life cycles are not finished. 

In short, the definition of R L has changed over time, starting from an extension of forward 

logistics but in an opposite direction, to its emphasis on environmental and value added 

issues of the recovery process. Figure 2.1 describes a "rich picture" of the various activities 

involved in the planning and execution of the RL networks. 

Figure 2.1 Rich picture of the strategic and operational activities of recovery networks. 

RL appears to be a growing supply chain management topic for academic researchers, 

especially in the field of operations management and operation research. The available 

literature that provides in-depth treatments and analyses of sub-sets of R L is far less than 

short, practitioner-oriented, and conceptual-based literature in RL. In the literature, we can 

distinguish contributions mainly in quantitative models, case studies and theoretical 

developments underlying the theory in reverse logistics. Rubio et al. (2008) provided a 

description and analyses of the main characteristics of published literature in R L from 1995 

to 2005 with more than 200 citations. The authors developed a database consisting of 

methodology and the techniques of analysis, as well as other relevant aspects of R L research. 
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In Guide and Van Wassenhove (2009) we can find a recount of the evolution of research in 

this growing area over the past 15 years, during which it developed from a narrow, 

technically focused niche area to a fully recognized subfield of supply chain management. An 

updated literature review of R L is found in Dowlatshahi (2010), which identified the present 

state of theory in R L regarding cost-benefit. Figure 2.2 describes some of the contributions 

that we consider of particular relevance to provide a historical perspective of the evolution of 

RL. 

Figure 2.2 A historical perspective of reverse logistics. 

The impact of logistic operations in the organizational performance is quite significant; in 

2003 logistic costs were estimated about 8.5% of GDP in the USA economy. However, the 

inconsistent monitoring of R L costs makes them more difficult to estimate. Nevertheless, 

there are many estimates cited by various authors about the importance of R L and the 

economic impact of returned items. At the organizational level, Harrington (1994) reported 

that A T & T Network Systems Division has saved approximately $100 million in the nineteen 

months that has operated an R L program for the change of telephone equipment. Robbins-

Gentry (1999) stated that customer returns are estimated at 6% of the overall sales and may 

be as high as 15% for mass merchandisers and up to 35% for catalogue and e-commerce 

retailers. Rogers et al. (2001) estimate that in 1999 the costs of RL in the USA were 
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approximately $37 billion dollars, representing 4% of total logistic costs in that year. Stock 

(2001) mentioned that R L costs in the USA are about $35 billion per year, or 4% of total 

logistic costs, which is consistent with the reported by Rogers et al. (2001). Daugherty et al. 

(2001) cited an estimate that returns for direct sales catalogue companies can be as high as 

20% of sales. They also mentioned that RL accounts for 5 to 6% of total logistic costs in the 

retail and manufacturing sectors. Pogorelec (2000) estimated that 50% of online sales are 

potential returns, which makes managing R L a major priority. In 2004, the R L E C estimated 

that the costs of R L operations in the USA fluctuated between 0.5% and 1% of GDP. 

A commonly found problem in the speech of logistic managers is the confusion between 

RL, green logistics, and related terms. This situation implicitly highlights the need to delimit 

the scope of RL, defining the differences with other concepts, such as: Waste Management, 

which refers to the management of those wastes for which there are not further uses (Brito et 

al., 2003b); Green Logistics, which refers to the consideration of environmental aspects (such 

as green procurement) and other related efforts to measure and minimize the environmental 

impact of logistic activities (Brown et al, 2003; Rodrigue et al, 2001, Rogers et al, 2001); 

the Green Supply Chain, which presents a value-search approach to prevent pollution, taking 

green initiatives as competitiveness resource (Van Hoek, 1999); Return Management, which 

is commonly used as a synonym concept of RL, however, both are at different decision 

levels. The R L is a set of processes that are performed on tactical and operational levels of a 

network recovery. On the other hand, return management is a tool to support all operations of 

R L to ensure that the recovery of products and packaging are cost effective while meeting all 

environmental obligations (Croxton et al, 2001, Dekker, 2003). 

2.3 Characterization of Recovery Networks 

The development of R L systems has become an essential issue in the supply chain 

management agenda. Its development as a business unit has drawn the attention of 

researchers from various disciplines. If we review the number of articles published under the 

keyword of "reverse logistics", the number of papers presented at several international 

conferences, as well as the number of theses and dissertations at various universities more 

than 1000 references will appear. There are several papers presenting a review of the 

literature in the area of reverse logistics. These works include Fleishmann et al. (1997), 
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Carter and Ellram (1998), Dowlatshahi (2000), Kocabasoglu Prahinskia (2005), and more 

recently Dowlatshahi (2010) to mention a few. Drawing on these works and in some other 

papers in this section we discuss their contributions to derive a general characterization of R L 

systems in six dimensions. This structure will allow us on one hand to count with a 

framework for the classification of R L systems, and the other a set preliminary considerations 

for implementing a recovery program. Table 2.1 describes the dimensions and main questions 

to be considered, which are briefly discussed below. 

2.3.1 Motivation and Drivers 

From a macro-perspective, the need to implement a product recovery program obeys to 

economical and environmental issues. Such issues are usually motivated by external factors 

such as suppliers, customers, government and competitors. However, some product recovery 

programs are encouraged proactively, given the strategic implications of partial or total 

product recovery benefits on business performance. The focus of product recovery programs 

is waste reduction, which is a major concern in industrialized countries and one of the major 

initiatives for the growing interest in the reuse and recycling. This goal is translated into 

company level through environmental laws, which force organizations to recover their end-

of-life products and take care of their future treatment. In addition, a "green image" is 

becoming an important marketing factor, especially for customers with growing 

environmental awareness. 

By comparing the case studies related to RL between the USA and Europe, Brito et al. 

(2003b) found that in the USA the main motivators for the development of R L were the 

economic benefits, while in Europe the primary motivator has been the environmental law. 

Naturally, the importance that each supply chain gives to each one of these factors at the 
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moment to extend its logistics network operation to a recovery network depends on its 

characteristics and internal motivators. In this sense, every supply chain faces its own 

obstacles or areas of improvement. 

2.3.2 Recovered Items 

The first examples of product recovery programs are found in both the remanufacturing of 

auto-parts and in the collection of returnable containers. However, in recent years its scope 

has expanded to various industries with characteristics and/or particular business 

environments that require different types of recovery networks. Therefore, each type of return 

requires an R L network appropriate to the characteristics of the returned products to optimize 

value recovery. Previous studies have shown that RL projects have been directed in many 

industries. Hence most of the published papers in the literature have been practitioner 

oriented, where real-world problems have been outlined as optimization problems within the 

logistics-production interface which falls within the R L management field. For example, 

Ammons (1997) studied the problem created by the recovery of carpets in the USA, Barros et 

al. (1998) dealt with the problem caused by the generation of construction wastes in the 

Netherlands, Sharma (2004) addressed the problem caused by the recovery of leasing 

equipment due to technological change, to name a few. In addition, some particular industries 

as the computer hardware industry has already begun to embrace R L programs by taking 

steps to streamline the way they deploy old systems; and in the process make it easier for the 

customers to refurbish existing computers or buy new parts. 

The analysis of this practitioner oriented problems allows us to categorize the main types 

of recovery items in: packages (e.g. pallets, cans, containers), spare parts (e.g. tools, engines, 

engine components), waste of electric and electronic equipments (refrigerators, washing 

machines, microwave ovens), office equipment (e.g. copiers, phones, cameras), waste 

products (e.g. construction waste, carpet, tires, paper, steel), hazardous waste (e.g. batteries, 

pharmaceuticals), others (e.g. books, products in retail stores). The return percentages vary 

widely by product category, by season and across global markets, and are typically much 

higher for internet and catalogue sales. Return rates are also rising in Europe rapidly due to 

new European Union policies governing internet sales, and the entry of powerful USA based 

resellers. 
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2.3.3 Recovery Options 

For every product type there is a candidate set of recovery options, which differ according to 

the product quality standards, the deterioration process, and its pattern of use (Brito and 

Dekker, 2003). In general, once the items have been recovered, a detailed inspection is 

needed for a proper selection and classification. After that, the decision maker must decide 

between a direct recovery (e.g. reuse, resale or redistribution), or indirect recovery (e.g. 

repair, remanufacturing, recycling, refurbishing, etc.). Some of them can be applied both to 

product and packaging (see Rogers etal, 2001 p.133). In Table 2.2 we list some of them. 

2.3.4 Involved Actors 

The actors involved in the recovery activities may include both original producers and third 

party logistics service providers (3PL). This will depend on the activities of collection, 

storage, sorting, disassembly, reprocessing and remarketing that the recovered items usually 

require. However, typical recovery network structures combine the forward supply chain 

actors with specialized actors for the movement and treatment of the returns. Usually, 

collective management systems are created by the original manufacturing enterprises to take 

their products back. 

2.3.5 Types of Returns 
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The returns can be broadly classified as internal returns and external returns. The internal 

returns are known as manufacturing returns, i.e. all those products that are returned in the 

production phase, either for not complaining with quality standards or because they were not 

fully completed due to lack of material, usually these returns are referred to as rework or 

reprocesses. External returns are all those goods that have left the manufacturing plant, these 

include guaranty returns, i.e. products that are damaged, products whose quality was not able 

to meet customer needs or products that need to be repaired; commercial returns, i.e. 

products that were excess of inventory or whose season (off season) already happened and 

were not sold: end-of-life returns, i.e. products whose economic and/or functional life-cycle 

has been fully completed; end-of-use returns, i.e. those products that the customer has the 

opportunity to return within a certain period of time, but whose life-cycle is partially 

consumed, this is the case of used books. Identifying the type of return is of paramount 

importance to define its final destination. It should be noted that there is a vast literature for 

other types of reverse flows as the post-sales services and the guaranty returns. 

2.3.6 Advantages over Traditional Logistics Models 

Several authors have described the benefits obtained by the implementation of an effective 

product recovery system. These include the improvement of customer satisfaction, the 

reduction in the investment of raw materials, savings in acquisition, disposition, maintenance 

and transportation costs of inventories. In many organizations the recovery of packaging and 

products has become a practice capable of reducing the environmental impact of the supply 

chain, facilitating the elimination of waste while increasing profits (Rogers et al., 2001, 

Autry et al., 2001, Ritchie et al., 2000). The return on investment is maximized by 

recovering value in the products, improving the collection process and improving the 

relationship with customers. Also better information management systems are reported by 

including end-customer feedback and facilitating the forecasting process (Hughes, 2003; 

Krikke et al., 2001a; and Hillebersberg et al, 2001). Furthermore, consolidating return 

volume form fewer locations improves vehicle fill, reduces transport/courier cost; eliminate 

costs for failed collections. Accurate stock returns leading to a reduction in disputes/credits. 

Faster cycle times means less product damages, fewer losses. 
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2.4 Operations Research Models for Reverse Logistics 

The use of optimization models in the areas related to RL is not a new process. According to 

Guide et al. (2003) remanufacturing operations have been present in some industries, e.g. the 

automotive industry since 1920. However, the novelty of this field of study is the growing 

need to develop viable business models capable of adjusting the business aims with the 

environmental sustainability in the same plane. To define a framework for organizing the 

review is a difficult task, given the interrelationship between the various areas of research and 

analysis. However, for the purposes of this chapter the following areas of research are 

considered: 1) facility location and network design, 2) inventory control and production 

planning, 3) disassembly operations and recovery alternatives, 4) vehicle routing in reverse 

logistics, and 5) forecasting and information technologies. 

These areas are very similar to those performed in the forward logistics process; therefore 

several authors (Fleischmann et al., 1997; Soto, 2005, Dekker et al., 1998) have proposed 

similar classification schemes. Each area corresponds to a decision and/or optimization 

problem, which are interrelated although their study is commonly dealt independently. Each 

area has a significant impact on the design and management of R L systems, and despite its 

apparent similarity with the determinants of performance of a forward logistics system, there 

are certain differences that justify the development of new theories. 

2.4.1 Facility Location and Network Design 

This area of research comprises all the design of the reverse network. It is concerned with the 

optimization of the location and capacity of the facilities as well as the flow of goods 

between them. In traditional location models, the demands and operational costs are 

considered inputs of the location models. In R L demands are located not only at one side of 

the chain but in both, since the secondary markets, disposal facilities, etc. also receive the 

product of the company. 

There are a number of considerations which establish that the recovery networks differ 

from typical forward-only networks. Between the main differences reported in the literature 

are: a) the natural convergent structure of the network from several sources to few points of 

demand, versus the divergent structure of forward distribution, b) the combination of pull and 

push systems in recovery networks, versus the strong presence of pull systems on forward 
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logistics, c) the high degree of uncertainty of returns in terms of quantity and quality, that is 

translated into an undefined process of returns to be transformed in reusable products, d) the 

non uniform price of returns due to its variable quality (Fleischmann et al. 1997; Tibben-

Lembke et al., 2002). Furthermore, in a typical forward-only logistic network the target 

market is known in advance, whereas in a recovery network the final decision about the 

destiny of returns widely depends on the characteristics and quality of the goods that have 

been recovered, being the potential market for recoverable products another source of 

uncertainty (Rogers and Tibben-Lembke, 2001; Guide et al, 2000; Fleischmann, 2000). As a 

direct consequence, coordination between the disposer market and the reuse market is 

required. 

To determine when reverse flows should be integrated with forward flows Fleischmann et 

al. (2001) simulated the impacts of reverse flows in a logistic network. According to them 

influence of return flows is very much context dependent. The main reasons to create a 

separate infrastructure for reverse flows is when forward and reverse flows differ with respect 

to geographical distribution or cost structure and when return volumes are substantial. 

Tibben-Lembke and Rogers (2001) studied the efficiency of centralizing returns handling 

into a forward distribution centre. They claim that the return process is often neglected in 

favor of the "more important" forward process. Their study concentrated on commercial 

returns. With end-of-use returns there is often a need for expensive testing equipment and 

skilled labor. Then there is mainly a tradeoff between transportation and investment costs. In 

the case of end-of-use returns centralization is also limited by legislation, as waste cannot be 

transported across international borders. 

During the last decade, a considerable number of articles that report facility location 

issues on recovery networks have been published. In each of the articles a quantitative model 

for the recovery network design problem has been developed. Facility location models 

presented in these articles range from mixed integer linear programming (MILP) optimization 

models (Kroon and Vrijens, 1995; Shih, 2001; Hu et al., 2002), to continuous approximation 

models (Fleischmann, 2001), including life cycle models (Bloemhof et al., 1996), stochastic 

models (Listes and Dekker, 2005) and mixed integer nonlinear programming models 

(Lieckens and Vandaele, 2007). 

From the analysis of previous research works we point out the following observations: a) 

most of the location models presented in the literature preserve the same characteristics of the 

traditional location models minimizing the overall system linear cost and proposing slight 

modifications and extensions taking into account special characteristics such as the 
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convergent structure of the network from many sources to few demand points as well as 

technical rates of reuse feasibility, effective recovery and recovery; b) several papers in this 

area are practitioner related, in which a model is designed for a specific problem and/or 

company, nevertheless, given the complexity of the recovery networks derived from the 

uncertainty in both quality and quantity of the returns, it is difficult to create models for 

general purposes; c) except by Shih (2001) and Hu et al. (2002) which present cost 

minimization models in different industries; environmental parameters (e.g. environmental 

cost, waste, energy) have been excluded from the models, leading special attention to the 

economical structure of costs; d) except by Jeung-Ko and Evans (2006), dynamic distribution 

networks and nonlinear models are rarely studied as an integrated aspect for optimizing the 

forward and return network simultaneously; e) most of the papers discussed addressed 

uncertainty in product returns by examining a finite set of scenarios, however, Ammons et al. 

(2002) extend this idea by developing a solution methodology using an upper and lower-

bounding scheme on a robust objective function, to 2004 Assavapokee (2004) extends it 

further to develop a methodology to solve problems where the parameters can take values 

from a compact real interval; finally, f) most of the models presented are solved using 

commercial mathematical optimization solvers like CPLEX, AIMMS, MPL, and LfNDO. 

2.4.2 Inventory Control and Production Planning 

In the recovery networks, inventories take the form of original and recovered raw materials, 

work in process, finished goods, returns and disassembled parts. The variability in RL 

systems makes the sorting and the storage activities an important process. Therefore, it is 

important to design proper inventory control mechanisms to integrate reverse flows in the 

production process. In some cases traditional inventory management models may be 

appropriate for R L systems, specifically for specialized recycling companies, where used 

goods are purchased by third parties. However, in remanufacturing environments adapted 

policies are required to simultaneously control manufacturing and remanufacturing 

operations. It is not surprising that most research on production planning and inventory 

control for R L has been performed for this type of environment. 

A comprehensive analysis of previous published literature of inventory control in 

remanufacturing is provided by Van der Laan (1997). Thereafter new models and approaches 

have been developed. In this section we only discuss some recent contributions to assess the 

progress in this area. There are two lines of research for this problem: some efforts have been 
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aimed at finding a methodology for the systematic analysis of inventories in the context of 

reusable items, while on the other hand there are some efforts towards the valuation of 

inventories and the calculation of the costs associated with such systems. The first line 

presents a purely operational guidance to develop models to examine the effect of return 

policies on inventory levels, pricing strategy and perceived risk. The second line presents a 

marketing orientation, to study the possibility of using the return policies as a tool for the 

coordination of sales channels. 

The most relevant papers can be categorized into three groups: cash balance models, 

periodic and continuous review models. Basically the difference between them is that in 

continuous review models, lead and repair times can be modeled, while in periodic review 

and cash balance models they cannot. But in the last case the value of demands and returns 

are modeled in money and, some inventory control policies are considered (Van der Laan et 

al, 1997). 

Several quantitative papers have been made on production scheduling, inventory control 

and remanufacturing. Fleischmann et al. (2002) propose an inventory model for a single item 

with independent Poisson demand and returns, they show the optimality of an (s, Q) policy 

for the purchasing of new items. In Teunter and van der Laan (2004) we have a good starting 

point to address issues related to the valuation of inventories in R L systems. In Teunter et al. 

(2000) different methods for calculating the rates for the opportunity costs of remanufactured 

and manufactured items are discussed and compared. Minner (2001) shows the need for a 

balance between safety stock levels and the savings in purchasing costs when (re)designing a 

supply chain to embrace an RL system. Van der Laan et al. (1999) studied the production 

planning and inventory control in systems where manufacturing and remanufacturing 

operations occur simultaneously. They present a methodology to analyze a push control 

strategy (all returned products are remanufactured as early as possible) and a pull control 

strategy (where all returned products are remanufactured as late as it is convenient). They 

derive some managerial insights into the inventory-related effects of remanufacturing. Guide 

et al. (1997) evaluate some priority dispatching rules in combination with a modified drump-

buffer-rope scheduling system under a variety of utilization levels (low, intermediate and 

high). They simulate those scenarios and evaluate the results obtained. Savaskan et al. (2004) 

propose a model to find the optimal mix of products for manufacturing and remanufacturing 

environment. Finally, Ferrer and Whybark (2001) describe an integrated material planning 

system to assist the administration of a remanufacturing plant. 
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2.4.3 Disassembly Operations 

Disassembly is an activity which is not present in forward logistics. This activity consists in 

doing the inverse process of assembly. There are several issues to consider in this area, first 

decision is concerned with disassembling or not disassembling a product, since the quality of 

the parts is unknown. There is a probability that depends on the cause of return of the product 

of getting a part (or assembly) of good quality for remanufacturing. Second common decision 

in this area is on the level of disassembly. If the company decides to disassembly the product 

in several assemblies, and some of the assemblies don't work, the company decides whether 

disassembling again these assemblies or not. The decision is up to which level of disassembly 

is profitable for the company to disassembly. An additional problem arises from the 

upgrading or downgrading state of the product during its use by the customer. These changes 

in the product due to repair, upgrading or downgrading, increases the uncertainty of the 

quality state of the assemblies when the product is disassembled. There is also a damage risk 

in this disassembly process, since up to now; products have not been designed to support a 

disassembly process. To deal with these problems companies are working today in Design for 

Disassembly processes to minimize the impact in the disassembly process at the end of the 

life of the product. 

Several authors illustrate the problem of disassembly. Zussman (1995) propose a 

disassembly system where the end of life value of the product is taken into account to 

evaluate the strategy to follow in the disassembly process. The process is complemented with 

a correct identification of the assemblies with adhesive labels, previously attached to the 

product when it was manufactured. Krikke (1998) proposes a model for the disassembly 

strategy for a single product. He proposes a two step optimization model to solve the problem 

and, complements the problem with the case of a television device. Gungor and Gupta (1998) 

propose a methodology for the Disassembly Sequence Plan. They propose to first generate a 

precedence disassembly matrix that represents the physically based precedence relationships 

between the assemblies of the products. Then an optimum disassembly sequence plan is 

proposed, and finally third step consists in performing the disassembly process, following the 

optimal disassembly sequence plan and, adjusting the process when an unexpected situation 

arises. Guide et al. (1999) examine the impact of the variability of the highly variable lead 

times on the control of parts released from the disassembly area to the remanufacturing area. 

They evaluate various disassembly release mechanisms for releasing the parts. Lead time 

variation is shown to have a significant effect on the choice of the disassembly release 
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mechanism. They only consider the lead time as a source of uncertainty, it is necessary to 

evaluate also the impact of other factors such as the variation in the number of returns 

received and the size and location of the inventory buffers. Gonzalez and Adenso-Diaz 

(2004) propose a scatter search metaheuristic to deal with the optimum disassembly 

sequencing problem for the case of complex products when they should be reused or 

shredded at the end of its life. They use sequence-dependent disassembly costs, assuming that 

only one component can be released at each time. They evaluate the heuristic with a set of 48 

products comparing it with the time spent by a feasible sequence consisting of disassembling 

the components in the reverse order of their assembly sequence. 

2.4.4 Vehicle Routing in Reverse Logistics 

The vehicle routing problem (VRP) is one of the most studied in the combinatorial 

optimization field and in the logistics literature. There are different variants of the V R P that 

can be characterized by the type of fleet, the number of depots, or the type of operations 

involved, among others. While in recent years, there has been an increasing interest towards 

so-called rich V R P models that include important issues arising from real-world applications 

(Battarra et al., 2009), the literature on vehicle routing for reverse logistics is still very scarce. 

Even more, comparing the published literature between facility location issues and vehicle 

routing issues in R L , a considerable gap in vehicle routing for R L can be observed. 

In reverse logistics most of the papers address specific problems and case studies. 

Schultmann et al. (2006) deal with the problem caused by the collection of plastic 

components of vehicles at the end-of-life phase in a closed-loop network in Germany. The 

problem is formulated as a symmetric VRP with backhauls, capacitated vehicles and 

maximum length tour constraints. The authors describe a tailored tabu search algorithm to 

generate a tour schedule at minimal cost. Blanc et al. (2006) describe the problem of 

optimizing a closed-loop collection network for container vehicles in the Netherlands. The 

problem is formulated as a multi-depot V R P with simultaneous pickup and delivery in 

alternate locations. Kim et al. (2009) discuss a case study in which the metaheuristic 

approach T A B U R O U T E applied for solving the design of W E E E collection routes in South 

Korea. On their own, the theoretical contributions founded under the keywords vehicle 

routing in reverse logistics or collection routing, mainly deal with the vehicle routing 

problem with simultaneous pickup and delivery (Dethloff, 2001; DellAmico et al., 2006). 
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It could be due to the fact that, contrary to the facility location problem, the differences in 

the V R P between the forward logistics and the R L are not perceived at first sight. From a 

general standpoint, the vehicle routing problem makes no difference whether the items are 

new or used, or if they need to be delivered or collected. Therefore, some authors have 

considered that there are not differences between classical vehicle routing problem and 

routing collection problem. However, a more detailed analysis that considers the 

characteristics of R L systems and the collection context provides us with a better 

understanding of these differences. Beullens et al. (2004) identified five dimensions to 

characterize routing systems in RL: a) the collection infrastructure, 2) the collection policy, 

3) the level of combination in the collection, 4) vehicle characteristics, and 5) degrees of 

freedom. The collection context refers to the type of items to be collected. From 

transportation point of view is not the same to collect batteries, auto parts, construction waste, 

returnable containers, or waste of electric and electronic equipments among others. Each 

return type has specific characteristics and the vehicles used in their collection are different. 

Furthermore, in the case of outsourcing, for the logistics service providers is not relevant 

whether a product will be delivered or collected. 

2.5 Waste of Electric and Electronic Equipments (WEEE) 

The production of electrical and electronic equipment (EEE) is one of the fastest growing 

markets in the world. At the same time this also means that the amount of waste electrical 

and electronic equipment (WEEE) will continue to increase in the coming decades. In its 

collection and management process several actors are involved; each one performs a specific 

function at each stage of the process. To understand how management is performed it is 

required to clarify which actors are involved and how are the interactions between them. 

Figure 2.3 shows a flow chart of the entire WEEE collecting and treatment process. As can 

be seen during the flow of W E E E from the moment they are generated until they reach the 

treatment plant several actors may be involved. 
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The WEEE is generated when the appliances (i.e. EEE) are replaced by new ones or when 

they have outlived their usefulness, even if they are not replaced. Its origin can be from the 

domestic (household products) or professional field. There is also a small fraction of WEEE 

originating from the manufacturers (producers), usually for being defective. The first stage of 

the management process is the collection. This can be accomplished in different ways such as 

municipal waste collection services for bulky equipment; in this case the city council of each 

municipality is responsible for the collection of WEEE and its transportation to treatment 

centers or intermediate facilities where there is storage pending to be recycled. Other options 

are the collection points, electric appliance distributors, installers and waste managers. In the 

second stage of the management process the treatment facilities are found. For the treatment 

of W E E E the authorized centers may be of several types depending on the characteristics of 

the waste to be treated. Sometimes, after collection, the WEEE goes through compaction 

process before arriving to the treatment centers. Within the process of treatment of WEEE it 

should be noted the role of scavenging as a special type of agents that also take part of this 

management system. The last stage of the process determines the final destination of the 

various fractions resulting from the treatment of WEEE. 
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2.5.1 The WEEE Directive 

The Directive 2002/96/EC (EU, 2003) of the European Union on Waste Electrical and 

Electronic Equipment (WEEE) imposes on all E U member states to develop legislation based 

on Extended Producer Responsibility (EPR). The WEEE directive was approved by the 

European Parliament on 27 January 2003. EPR makes the Original Equipment Manufacturer 

responsible for the take-back and recovery of returned products. Its main aim is to promote 

reuse and recycling by imposing collection and recovery quota and to reduce e-waste by 

enhancing the eco-design of products. Also, certain product recycling information must be 

made public and product marking must be applied to products new on the market. 

This so-called WEEE-directive distinguishes 10 product categories (see Table 2.3) both 

concerning B2B and B2C markets. For each category, three recovery options are allowed: 

component reuse, material recycling and incineration (or energy recovery). There are two 

types of quota defined: the consumer electronics market has to meet a number of targets that 

define minimum rates, such as minimum rate of recovery of 70-80%, which includes 

incineration with energy recovery, and a minimum rate of component, material and substance 

reuse and recycling (represented by so-called weight balances) of 50-70%. In addition, 

treatment of the collected products is required to remove fractions or groups that contain 

hazardous materials, such as batteries, printed circuit boards, cathode ray tubes, and external 

electric cables. The mandatory isolation of (mostly) hazardous contents fixes a minimum 

degree of disassembly for products containing these substances and also the recovery route is 

prescribed in detail; see Annex II of the Directive (EU, 2003). 

Table 2.3 The 10 W E E E product categories. 

The purpose of the WEEE directive is to prevent the creation of electrical and electronic 

waste and to promote reuse, recycling and the other forms of recovery in order to reduce final 

disposal. Responsible are the currently acting producers and importers of electric equipment 
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who can fulfill their obligations individually or by joining a collective scheme. Member 

states must assure that the treatment is undertaken by competent, officially approved 

operators. In Spain the directive came into effect on February 25 2005 by The Royal Decree 

208/2005. The adoption of this legislation has led to essential changes in the field of 

electronic scrap recycling. Particularly, producers and importers of large and small electrical 

appliances are affected by the new normative, since they will have to manage over 75% of 

the total electronic waste. An operational end-of-life consumer electronics recovery system 

should have been ready as of August 13, 2005 (Toffel, 2003). However, many member states 

have not met this deadline, there is little doubt that enforcement will become firmer, and that 

in the long run member states need to comply. 

2.6 Designing Recovery Networks for WEEE Collection 

Most of the previous work dealing with the design of reverse logistics networks for WEEE is 

based on facility location models. Queiruga et al. (2008) provide a method to rank 

alternatives for recycling plant installations in Spain. Walther et al. (2008) focus on facility 

location planning for the treatment of large household appliances (WEEE category 1). A 

capacity and facility adaptation planning model for remanufacturing mobile phones is 

presented by Franke et al. (2006). Other contributions consider the problem of locating 

collection and disposal areas for urban waste. Vuk and Kozelj (1991) apply the 

PROMETHEE methodology and the geometrical representation of multi-criteria analysis to 

select locations for disposal sites of municipal waste in Slovenia. Bautista and Pereira (2006) 

develop GRASP heuristics to solve the waste collection site location problem. Kara et al. 

(2003) and Kara et al. (2007) present a simulation model to calculate collection costs for 

EOL appliances in the Sidney Metropolitan area. 

Few recent studies particularly deal with WEEE recovery optimization in networks. 

Walther and Spengler (2005) combine reverse logistics and disassembly planning models. 

Walther et al. (2008) explore the negotiation coordination mechanism in product recovery 

networks by using contract theory. Shih (2001) aims at optimizing the infrastructure design 

and the reverse flow in an integrated approach for the recycling of computers and electronic 

devices in Taiwan. Nagurney and Toyasaki (2005) develop an integrated framework for 

modeling the R L networks that include WEEE recycling. Brian and Lu (2006) analyze the 

localization options to determine the feasibility of carrying out an R L program for an 
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international manufacturer of electronic equipment in the Asia-Pacific region using the 

analytic hierarchical process. Aras et al. (2008) develop a tabu search algorithm for solving 

the problem of locating collection centers and to establish the optimal values of the incentives 

for different types of returns. It is assumed that users of the products have an inherent interest 

to make returns, and make the decision on the basis of financial incentives offered by the 

company. The incentives depend on the condition of the items returned. Of particular interest 

to our problem is the fact that harvesting is carried out with capacitated vehicles. Finally, 

Grunow and Gobbi (2009) present an optimization-based decision support tool for the design 

of W E E E networks. The approach was tested for the WEEE network in Denmark, where 

substantial improvements were obtained for all actors in the network. 

2.7 Vehicle Routing in WEEE Reverse Logistics 

Two of the main assumptions under which the classic V R P model is founded are the use of a 

homogeneous fleet of vehicles and the fact that the demand of each node is smaller than the 

capacity of the vehicles used. Note however that in the context of WEEE collection, both 

assumptions should be relaxed given the way in which these systems work, where the amount 

of WEEE generated by the collection point tends to be greater than the capacity of vehicles 

used in the harvesting, more over in WEEE collection systems, a heterogeneous fleet of 

vehicles with special characteristics is frequently used. Just one reference (Kim et al. 2009) 

was found to deal with the V R P in WEEE reverse logistics; however, the authors simplify the 

assumptions and apply the metaheuristic algorithm T A B U R O U T E to solve the WEEE 

collection problem in South Korea. 

The vehicle routing models designed for WEEE collection problems in reverse logistics 

should consider that a fixed and heterogeneous fleet of capacitated vehicles with special 

features is used in the harvesting of WEEE from a set of customers. Each vehicle can perform 

at most a predefined number of tours, while the given maximum operation time is not 

exceeded. The amount of end-of-life items to be collected (hereafter referred to as the 

demand) of each customer can be greater than the capacity of the largest vehicle in the fleet; 

as a result the demand of a single customer may be split to be fulfilled by more than one 

route. Thus, each customer can be visited more than once on the same day. Collection orders 

to customers are triggered by a call from them. With each order there is an associated demand 

to be fulfilled and a range of dates within the collection should take place. 
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This problem is characterized by four variants of the V R P that have been independently 

studied in the logistics literature, including: (1) the use of a heterogeneous fleet of vehicles, 

(2) customers with high demand that may be split to fit the vehicle capacity, (3) the fact that a 

same vehicle may be assigned to more than one route, and (4) the agreement of a time 

interval for visiting customers. These characteristics make the problem complex and 

interesting, while complicating its classification within the standard V R P literature (Eksioglu 

et al, 2009). 

2.7.1 Variants Related to WEEE Collection Problems 

The variants that characterize the problem addressed in this research have been previously 

cited. Feature (1) mentioned above is referred as the heterogeneous fleet vehicle routing 

problem (HF-VRP), of which there are three variants, two of them relating to the number of 

vehicles of each type: limited or unlimited; and the third one refers to the accessibility 

restrictions of vehicles to customers. Among the first authors undertaking the HF-VRP we 

refer to Golden et al. (1984). Recently Imran and Wassan (2009) propose an adaptation of the 

Variable Neighborhood Search metaheuristic embedded with two variants of the Dijkstra 

algorithm for the general problem. The third variant of the HF-VRP is referred to as the Site 

Dependent V R P (SD-VRP), and was introduced by Nag et al. (1988). Feature (2) is referred 

to as vehicle routing problem with split loads (VRP-SL), which was introduced by Dror and 

Trudeau (1989) detailing its heuristic properties. They showed that the partition of loads may 

result in savings, for both the total travelled distances as well as in the number of vehicles 

used. Recently, Mitra (2008) shows that by allowing the loads to be split, still better results 

may be obtained than those reached by the combined objective of minimizing the fixed costs 

of load and costs associated with the routes of vehicles. 

Feature (3) refers to the contributions in the vehicle routing with multiple use of the same 

vehicles. Despite the standard V R P definition implicitly assumes that each vehicle is used 

only once over the planning horizon, in reality once the routes have been designed, it is 

possible to assign several of them to the same vehicle in such a way that the vehicles can 

operate feasible in the planning horizon. The problem of designing routes with multiple trips 

is known in the literature as the multi-trip VRP (MT-VRP) and was introduced by Taillard et 

al. (1996) and Brandao and Mercer (1998). The problem featured by (4) does not establish 

periodic visits as in the periodic VRP, nevertheless in each call the interval of days within the 

collection should take place is previously set, so this feature can be understood as a date 
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window that provides route flexibility. It should be noted the dissimilarity with the V R P with 

Time Windows (VRPTW), which is a generalization of the classical V R P wherein each 

customer i must be served within its corresponding time window [e„ /,•], hence the routes 

should be designed in such a way that each customer be visited only once by exactly one 

vehicle within the given interval of time. On the other hand, the VRP with Date Windows 

(VRPDW) is less restrictive than the VRPTW respecting to the time of visits, however the 

V R P D W is conducted at a broader level in a period T, without being a periodic VRP (each 

customer must be visited any time in a predefined interval of days). For example in the 

VRPTW two different customers [ij] cannot be served at the same time by the same vehicle, 

however in the VRPDW two different customers can be served by the same vehicle on the 

same day. The VRPDW is neither periodic given that what is collected on day t is dependent 

on what was collected on day t - l . 

The literature review shows that features (1) and (2) were studied in joint form by Belfiore 

and Yosbida Yoshizaki (2008), which propose a Scatter Search algorithm to solve a real-

world problem with a heterogeneous fleet of vehicles with time windows and split loads. On 

their own, the research that more resembles the assumption described by the feature (4) is the 

one developed by Alvarez et al. (2009), who consider a VRP in which despite the existence 

of a delivery due date, there is certain flexibility to perform the delivery some days before. 

Features (1), (3) and (4) were addressed by Alonso et al. (2007) who introduced the Site-

Dependent Multi-Trip Periodic VRP (S DMT VRP). Nevertheless, to the best of our 

knowledge these four features have not been studied all together. 

2.8 Disassembly Cell Formation Problems 

New trends in environmental conscious manufacturing and reverse logistics have motivated a 

significant effort to improve the performance of several recovery systems. Product recovery 

is an important activity either to obtain useful components with economic value through 

reuse, remanufacturing or recycling, or to remove hazardous components in compliance with 

safety regulations. Regardless the final destination for the collected products, disassembly 

operations are required and must be optimized to improve the overall performance of the 

recovery system. 

The use of Cellular Manufacturing Systems (CMS) based in the Group Technology 

paradigm, have proved to give good results in typical manufacturing enterprises. Reported 
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benefits include reduced set-up times, material handling cost, in-process inventory, better 

production efficiency and quality as well as market response time (Jayaswal and Adil 2004; 

Nsakanda et al. 2006; Chakravorty and Hales 2008). Most of these benefits come from the 

fact that the cells have a certain amount of functional autonomy, facilitating better control on 

the shop floor. These benefits can be extended to recovery systems, specifically to the 

disassembly process if we consider the use of a cellular configuration to take into account the 

similarities in the disassembly tasks. Usually disassembly processes are characterized by the 

arrival of several, similar types of products to be dismantled each one with a low-medium 

volume. Hence, the use of a cellular configuration is justified. 

This section reviews published literature on cell formation problems. It specifically 

reviews the problems of designing robust and reconfigurable disassembly cells to deal with 

demand variability. The motivation for this study is based on the fact that, contrary to the 

assembly process, in reverse logistic systems most of the recovered products arrive to the 

disassembly center in a variable quantity and quality. Therefore, there is a need to include 

such variability in a proactive manner to decision-making process. 

2.8.1 Manufacturing Cells versus Disassembly Cells 

Cellular manufacturing systems have been a profiler research area during the last 55 years; in 

fact the cellular manufacturing philosophy has emerged to cope with global competition, 

shorter, life cycles and shift on product demand. Cellular manufacturing involves the 

processing of a collection of similar parts (part families) on dedicated clusters of dissimilar 

machines or manufacturing processes (cells). Group technology is an approach to 

manufacturing and engineering management that identify similar parts, and group them 

together into families to take advantage of their similarities in manufacturing and design 

(Selim et al., 1998). The aim of CMS is to form perfect (i.e. disjoint) groups in which 

products do not have to move from one cell to the other for processing achieving benefits of 

economy. The benefits of C M S can only accrue to the company if strategic decisions are 

based upon results obtained from models that accurately describe its structural and 

operational features (Kioon et al., 2009). Therefore it is important for companies that use 

CMS to invest enough time in the design and planning phase of any CMS implementation. 

Among the main technical problems faced in the design of CMS, the cell formation 

problem has been one of the most studied problems in the manufacturing literature, and the 

first problem faced in practical applications. Cell formation means determination of the 
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assigned machines to each cell and determination of the manufacturing family corresponding 

to these machines. To address this problem, several and diverse solution procedures have 

been developed and published over the last years. Wemmerlov and Hyer (1989), Singh 

(1993), Selim et al. (1998), and Papaioannou and Wilson (2009) provide extensive reviews of 

prior research. Singh (1993) has classified the approaches to cell formation into the 

categories of coding and classification systems, machine-components group analysis 

methods, graph theoretic methods, neural networks and heuristics, fuzzy clustering based 

methods, similarity coefficient based mathematical models, knowledge and pattern 

recognition methods, mathematical and heuristic methods. Selim et al. (1998) have 

categorized the approaches as cluster analysis, graph partitioning, descriptive procedures 

(part families identification, machine groups identification, part families/machine grouping), 

mathematical programming (linear, integer and quadratic programming, goal and dynamic 

programming), artificial intelligence approaches. 

Most of the techniques available on literature for designing CMS consider the operation 

commonality by defining a measure of similarity between parts and then grouping parts into 

families. The similarity measure helps ensure that cells are focused if parts produced within a 

cell have a high level of similarity. However, a similarity measure approach generally does 

not consider part volumes, machine capacities and processing times. Part volumes are 

important because high volume parts may have a much larger impact than lower volume parts 

on material handling costs. Machine capacities are important for two reasons. First it may be 

that when processing loads are considered it may be required to have multiple machines of a 

given type and these machines can be allocated to smaller, more focused cells. Also, when 

considering processing loads it may happen that multiple machines of a type are required in a 

cell. Therefore, CMS designs are currently being researched with the emphasis on more 

integrated models and solution methodologies (Kioon et al., 2009; Mansouri., 2000; Selim et 

al., 1998; Singh, 1993). Some cell formation techniques have explicit or implicit objectives, 

such as the minimization of intercellular movements that do not necessarily produce the best 

overall cell performance or satisfy application-specific objectives. 

Given the practical differences between manufacturing systems and disassembly systems, 

typical cell formation problem formulations are not suitable for the Disassembly Cell 

Formation Problem (DCFP). In manufacturing systems, all operations belonging to a product 

are required by every product of the same type, while in the disassembly process not all 

operations for a given product type are required by every product. For instance, a computer 

unit could arrive to the disassembly shop without the hard disk drive. Though the cell 
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formation problem has been one of the most studied in the manufacturing literature and there 

is a vast literature on disassembly systems (see for example Gungor and Gupta 2001, Tang et 

al. 2002), the contributions concerning disassembly cells are practically null. 

Tang et al. (2002) groups research issues in the disassembly field into three major areas: 

1) modeling and representation of product disassembly sequences (e.g. Moore, 1998) 2) 

disassembly process planning, which includes the extent to which disassembly should be 

performed (e.g. Adenso-Diaz et al., 2007) and how to decide the optimal disassembly 

sequence (e.g. Lambert, 2003) and 3) disassembly system design and line balancing (e.g. 

Gungor and Gupta, 2002). Most studies in disassembly system design deal with disassembly 

lines (Gungor and Gupta 2001, 2002). When only one type of product is to be disassembled 

and its value and/or demand volume is high, a dedicated disassembly line may be justified. 

However, it is often the case that there are several similar types of products to disassemble, 

each one with a low-medium volume. Therefore, it may be better to use a cellular 

configuration that can take into account the similarities in the disassembly tasks. Kizilkaya 

and Gupta (1998) describe a typical disassembly scenario in which each family of products is 

disassembled in a separate cell with each disassembly cell being a succession of workstations 

in series. Das et al. (2000) also propose sorting the products into disassembly families each of 

which is processed in a different disassembly facility. They define a disassembly family as a 

group of products that have sufficient commonality, such that they can be efficiently 

disassembled in the same facility. To the best of our knowledge, the first reference regarding 

the DCFP is found in Adenso-Diaz et al. (2006), which present a mixed integer programming 

formulation that minimizes the total costs function of machinery depreciation and 

intercellular movement of products. The proposed model seeks to group the disassembly 

tasks and assign them to cells together with their required resources so that total costs are 

minimized. Finally, Andres et al. (2007) propose a two-phase approach for determining the 

optimal disassembly sequence when the disassembly system has a cellular configuration. 

2.8.2 Variability Issues in Disassembly Cells 

Uncertainty is an inherent element to all systems in reverse logistics, where variability in the 

quantity and quality of recovered products significantly affect the disassembly process. 

According to Kouvelis and Yu (1997) the best way to handle uncertainty is to accept it and 

make an effort to structure it, understand it and eventually make it part of the reasoning 

process in decision-makings. Therefore, in this section we identify the uncertainty and 
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variability elements in the disassembly process, allowing us to extend the deterministic DCFP 

model to formulations that incorporate the element of variability. 

The performance of a cellular manufacturing system and particularly of a disassembly 

system is highly dependent on the accuracy of the input data. It may rapidly deteriorate if 

demand and product quality changes. However, most of the current methods designed for the 

manufacturing cells formation problem have been developed for a single-period planning 

horizon. These models assume that problem data (e.g., product mix and demand) are constant 

for the entire planning horizon. To address the problem of demand variability, created 

(among other factors) by the variability of the market and short life cycles, several 

approaches have been developed including dynamic, flexible and robust designs. 

In the reconfigurable approach the product demand varies form period to period in a 

deterministic manner. Due to this dynamic condition of the demand the best cells 

configuration for one period may not be efficient or even feasible for subsequent periods, and 

some redesigns would be required; for instance to change the number and allocation of 

machines to cells from period to period, to adjust to demand variability. The main assumption 

that supports this approach states that although the demand for each period is known a priori, 

finding an optimal configuration for each period could be prohibitively expensive. In the 

robust approach the product demand varies in a random manner. However, this variation can 

be described in a number of probabilistic scenarios with a given occurrence probability. The 

aim of this approach is to obtain a cellular design in which the machines remain constant and 

do not move, only the flow of products changed once the demand have been observed. In 

both approaches the robustness and the ability to reconfigure respectively are indicators of 

the flexibility that has a cellular manufacturing system to manage demand variability. The 

election of the approach to use hardly depends of the assumptions that most reflect the 

manufacturing system reality. We refer to Balakrishnan and Cheng (2007) for a detailed 

literature review on robust and reconfigurable cell formation problems. 

2.8.3 Reconfigurable Cell Formation Problems 

Even though most of the models consider static conditions, dynamic situations are more 

realistic when a multi-period planning horizon is considered. In such environments the 

product mix and demand in each period is different. This occurs in seasonally or monthly 

production systems. As a result, the cell configuration in one period may not be optimal in 

another period. To address this problem, several authors recently proposed models and 

solution procedures by considering dynamic cell reconfigurations over multiple time periods 
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(e.g. Chen, 1998; Wicks and Reasor, 1999; Mungwattana, 2000; Tavakkoli-Moghaddam et 

al., 2005a,b; Balakrishnan and Cheng, 2005; Defersha and Chen, 2006; Saidi-Mehrabad and 

Safaei, 2006; Schaller ,2007). 

Allowing system reconfiguration enhances the flexibility of disassembly systems to 

respond to this dynamic condition of demand. In fact, by rearranging the cells, the 

disassembly system can continue operating efficiently as the product mix and demand 

change. Reconfiguration consists of swapping the existing machines between cells (machine 

relocation); adding/removing machines to/from cells, machine duplication and changing the 

process plan of the part-operation. Also, the reconfiguration may consist of increasing or 

decreasing the number of formed cells in each period. The purpose of the reconfigurable 

approach in our disassembly cell formation problem is to design a cell configuration within 

each period that establishes a perfect balance among operating and reconfiguration costs 

between successive periods to adjust to long-term demand changes. 

2.8.4 Robust Cell Formation Problems 

2.8.4.1 Robust Optimization 

Robust optimization is a framework for modeling optimization problems that involve 

uncertainty. It has been applied to several areas of research and practice, such as production 

planning, machine programming, international supplies, and logistics. We refer to Cao and 

Chen (2005) for an example in the manufacturing cell formation problem field. The robust 

optimization methodology uses scenario-based approaches to deal with the uncertainty, 

where the scenarios correspond to the possible realizations of the uncertainty. The 

specification of a set of scenarios provides a way to incorporate different attitudes toward 

risk, relaxing the assumptions of knowing the probability distribution of uncertain data, 

thereby making a difference to stochastic programming. Defining the set of scenarios is a 

difficult task. It requires for the decision maker the dual task of identifying the main factors 

causing uncertainty and describes the relationship between them. This process helps reduce 

the number of scenarios, eliminating those that are unrealistic, favoring its analysis. 

The objective of the robust optimization approach in our disassembly cell formation 

problem is to design a cell configuration that performs well across several potential 

realizations of uncertainty over a specified planning horizon. Since the definition of good 

performance is context-dependent, there exist several definitions of robustness. Particularly 
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relevant to our research are those provided by Kouvelis and Yu (1997) and Mulvey et al. 

(1995). The first describes the goal of robust optimization as finding a solution whose 

objective function remains close to the optimal solution for each of scenario, while the latter 

defines it as finding a solution that minimizes the largest deviation from optimality. Both 

approaches propose their respective robust optimization modeling frameworks (ROMF) 

which are summarized and adapted to our particular problem below. 

2.8.4.2 Robust Probabilistic Models 

Mulvey et al. (1995) propose an ROMF subject to noise with uncertain or incomplete data, 

integrating goal programming formulations with a scenario-based description of the problem 

data. Its framework was developed using the theory of stochastic programming for 

mathematical programming problems with continuous variables, in which they use 

appropriately defined penalty terms in the objective function to penalize decisions that are 

deviated from optimality in any scenario. From a modeling point of view, the definition of a 

robust optimization problem requires a set of future possible scenarios S = {1, 2, 3, £2}, 

each with a probability of occurrence ps such that Y^=iPs ~ 1- Also, for each scenario seS 

let {fi„ Cj, gs} be the set of realizations for the coefficients of the control constraints. The 

R O M F distinguishes between a robust solution (with respect to optimality, if it remains 

'close' to optimal for any realization of the scenario s), and a robust model (with respect to 

feasibility, if it remains 'almost' feasible for any realization of s). Since it is unlikely that a 

solution remains both optimal and feasible for any realization s, the ROMF allows the 

measurement of a tradeoff between model solution robustness. The following model 

formalizes a way to control (and measure) this tradeoff. 
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The first term of the objective function measures solution-robustness, while the second 

term measures model-robustness. The A, is a weighting factor that measures the relative 

importance of obtaining a model-robust solution versus a solution-robust solution. For 

instance, if X = 0, the objective function minimize the term fi-) and the solution may be 

infeasible for some scenarios; whereas, if X is assigned to be sufficiently large, the term h(-) 



dominates the objective function and results in a higher cost. Note that there is a variety of 

choice for the cost function f{x,y\,yi,...,ya) and the feasibility penalty function h{e\,ei,...,en) 

used to penalize violations of the control constraints. It is, however, necessary that the chosen 

functions lead to consistent preferences between alternative decisions, and that the weight 

assigned to X reflects the preferences of the decision-maker. Typically, robust optimization 

formulations include a set of robust variables or design variables, whose values must remain 

the same across all scenarios being considered, and a set of control variables, which are 

subjected to adjustment once the uncertain parameters are observed. Additionally, the 

recourse variables are often included in the objective function to penalize infeasibility in 

complying with constraints in some scenarios. These variables represent the gaps (shortages 

or excesses) in the constraints. 

2.8.4.3 Minimax Regret Models 

Kouvelis and Yu (1997) propose a general robust optimization framework that applies the 

minimax regret criterion to differentiate the performance of different solutions on a given set 

of possible scenarios, which is mainly developed for models with discrete decision variables. 

The framework focuses on the problem of making a strong decision in a decision making 

environment with significant uncertainty. A Robust Decision is defined as one that performs 

well in all scenarios, and that offsets the worst case scenario. According to the authors, 

different approaches can be used to select a robust decision. By using the minimax regret 

criterion, the authors distinguish between two variations depending on how the regret is 

defined. In a minimization model, this can be measured as the difference between the cost of 

a decision that a decision-maker would make with the anticipated knowledge that a scenario 

occurs, and the cost of a decision made without such knowledge. The authors refer to this 

resulting decision as the robust deviation decision. Alternatively, the regret can be defined as 

the ratio of both quantities, serving as a surrogate measure of the percentage deviation of the 

robust solution regarding the optimal solution for any scenario. The authors refer to this 

resulting decision as the relative robust decision. 

The choice of the robustness approach to be used crucially depends on the process used to 

generate the scenarios, and as such require a sharp intuition about the environment from the 

decision-maker. It should be noted that the concept of robustness adopted by Kouvelis and 

Yu (1997) corresponds to the concept of robust solution in the terminology of Mulvey et al. 

(1995). However, for both approaches, the robust model accuracy is as good as the estimated 
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values for each scenario undertaken by the decision maker. If the range of parameters does 

not cover all potential values or it includes unrealistic ranges, the robust solution obtained 

could be of poor quality. 

In a specific situation, one or all of robustness criteria can be applied, however, the 

relative robustness criterion should be used in environments where both the performance of a 

simple optimal scenario fluctuates in a wide range of values or the performance of a decision 

through the scenarios is highly variable. Thus, to obtain a robust formulation for the 

disassembly cell formation problem under the minimax regret criterion, we may consider 

obtaining a relative robust decision, which exhibits the best worst-case percentage deviation 

from optimality among all feasible decisions on all scenarios. 

2.8.4.4 Prior Cel l Formation Problems with Uncertainty 

Considering uncertainty of production demands and product mix, Dahel and Smith (1993) 

proposed a bi-criteria optimization model with design flexibility as one of the criteria to 

accommodate possible production demand changes. Based on the random nature of product 

mix, Seiffodini (1990) and Harhalakis et al. (1994) addressed the issue of robustness of 

cellular manufacturing systems. By assigning probabilities to discrete product mix and to the 

associated machine-component incidence matrix, Seiffodini (1990) developed a probabilistic 

cell clustering model to address possible changes of product mix. Harhalakis et al. (1994) 

discussed cell formation problems under random product demand and developed a 

mathematical programming model to minimize the expected inter-cell material handling cost. 

Cao and Chen (2005) consider a system configuration problem with product demands 

expressed in a number of probabilistic scenarios. They develop an optimization model 

integrating cell formation and part allocation is developed to generate a robust system 

configuration to minimize machine cost and expected inter-cell material handling cost, and 

propose a two-stage Tabu search based heuristic algorithm to solve it. 

2.8.5 Other Approaches to Handle Variability in CFP 

Safaei et al. (2007) propose a fuzzy programming based approach to design a cellular 

manufacturing system under dynamic and uncertain conditions. Virtual cellular 

manufacturing (VCM) has been proposed as an alternative to CMs, for functional layout 
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settings where a conversion to CMs is not feasible from a technical or financial perspective. 

Instead of a physical reallocation of machines - as in CMS - V C M aims to reduce set-up 

times by grouping similar jobs in production planning and control. 

2.9 Past Doctoral Dissertations on Reverse Logistics 

There have been a number of PhD theses on the field of recovery networks and reverse 

logistics leading the current trends of research in the area. A recent study performed by Stock 

and Broadus (2006) reveals that research in reverse logistics were among the ten main topics 

for doctoral research in supply chain management and logistics related areas from 1999 to 

2004. In this section a sample of reverse logistics related dissertations from 1995 to 2009 are 

described in a chronological order. As expected, each of the 15 reviewed PhD dissertations 

dealt with a set of particular issues within reverse logistics. A diversity of subjects can be 

found as recycling systems, inventory control of remanufacturing, recovery strategies, 

network design and vehicle routing. Furthermore, most of the theses made a link with 

practice. The theses included studies on the electronics and communication industries (IBM, 

Ericsson), automobile industry (BMW and Volkswagen), and packaging industry (Tekpak), 

among others. Most of the reviewed thesis corresponds mainly to European universities; 

however, a good number of recent dissertations are from U S A universities. 

(1995) Thierry studied the impact of product recovery management in the electronics and car 

industries. Special attention was given to the impact on product design, logistics, and 

relations between actors. The author made use of two real life cases: a copy machine 

remanufacturing company and product recovery by the car manufacturer B M W . 

(1995) Jahre investigated the performance of collection and recycling systems of household 

waste, with specific emphasizes on packaging materials. Two main aspects were 

taken into account: the degree of separation at the source and co-collection. The 

author employed data provided by the European Recovery and Recycling 

Association (ERRA). 

(1997) Van der Laan analyzed the effects of remanufacturing on inventory control. Special 

attention was given to coordination mechanisms between the manufacturing and 

remanufacturing operations and to which actions deal to cost-efficiency. The findings 

were tested with real data from Volkswagen on car parts remanufacturing. 
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(1998) Krikke addressed the determination of recovery strategies and the logistics network 

design. For each of the issues, a case study was discussed in detail. On the recovery 

strategies, for the recycling of computer monitors, the author considered Roteb, the 

municipal waste company of the city of Rotterdam, in the Netherlands. On logistics 

network design, the author dealt with the copier reverse logistics network of an 

international company, with headquarters in Venlo, the Netherlands. 

(2000) Fleischmann dealt with quantitative models for reverse logistics network design and 

for inventory management with returns. In particular, the thesis inquired under which 

conditions a network can be split into two separate networks, the forward and the 

reverse. In addition, the practical issues arising from reverse logistics were illustrated 

with a case study at IBM. 

(2000) Newton presents robust approach for planning the strategic infrastructure of a reverse 

production system (RPS). The proposed algorithm generates a strategic design of the 

infrastructure which includes the location of collection and production facilities, the 

production equipments to be installed at the production facilities and the collection 

routing of raw materials. The author considers the robust optimization and the bi-

level programming. 

(2001) Beullens focused on the use of Operations Research (OR) tools for supporting the 

facility location decision, process planning and vehicle routing in reverse logistics. 

A l l the issues were illustrated with real life examples. 

(2001) Kobeissi considered the evaluation of options for recovery of end of-life products. 

The thesis described the required resources and the different activities of the 

evaluation process. The focus was on the collection strategies, taking into account the 

product, or the geographic zone of collection. The measures of performance were 

maximization of profit and the satisfaction of the customer. Besides this, particular 

informational issues were considered as follows: how to integrate information in the 

collection schemes and what is the impact on efficiency. 

(2002) Brodin analyzed the influence of both the product and the relationship between actors 

on the efficiency of logistics systems for recycling. To do so, the author made use of 

1) a case study of the electronics recycling in the Netherlands; 2) a survey of the 

Swedish recycling market; and 3) interviews with Ericsson, Telia (large customer of 

telecommunications equipment), Stena Technoworld (recycling company) and 

Tekpak (a US package producer). 
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(2002) French (2002) explores reuse practices in plants within the process industry, focusing 

on those that produce homogeneous products. The sources of returned products 

included both internal sources, such as obsolete materials, and external sources, such 

as returns due to shipping errors. The reuse options were also studied. Both the 

sources and options were analyzed against a number of descriptor variables to 

understand why a given firm might have certain sources or reuse options. The results 

indicated that for homogeneous product producers, a larger percentage of returns are 

from internal rather than external sources. Common internal returns include out-of 

shelf-life products, obsolete products, partial container returns and rework. Common 

reuse options are: dispose or destroy, repackage, blend into the same or a similar 

product, and find a customer or market. 

(2003) Alshamrani study the integration of forward and reverse movement of products at the 

routing level for a system consisting of a depot and a number of geographical 

dispersed customers who order quantities of a single product every period that need 

to be recovered in the following period (e.g. returnable containers, blood for 

hospitals). The problems considered under a multi-period planning horizon where 

future customer demands are uncertain. 

(2003) Brito presents a research thesis designed to provide a better understanding of reverse 

logistics. She brought insights to reverse logistics decision making and laid down a 

theoretical ground for the development of reverse logistics as a research field. This 

thesis aimed at a) structuring reverse logistics as a research field, b) a better 

understanding of reverse logistics practices, c) structuring and supporting reverse 

logistics decision-making, and d) conjecturing about the future development of 

reverse logistics as a research field. 

(2005) Soto proposes a collaborative production model for strategic and tactical planning, 

within a remanufacturing environment for the Spanish editorial sector. He identified 

a lack of research in business planning combining a collaborative approach for 

multiple products and factories with the introduction of the returned parts and 

assemblies in production process. The current competitive situation of business 

requires the use of models where these factors are combined. The author propose a 

mathematical model to solve the production collaborative planning taking into 

account the following elements: a) a supply chain that consists on several factories, a 

recovery center and a distribution center, b) multiple periods, products, production 

processes and materials, c) a Modified Bi l l of Materials (taking into account the 
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returned parts and assemblies). The benefits of this model are to help the companies 

to do the strategic and tactical production planning in the presence of returns and 

collaborating between them. Finally, he presents two small examples that represent 

the potential of these benefits. 

(2006) Serrato-Garcia present a quantitative analysis of an outsourcing system in R L based 

on a Markov model. 

(2006) Du addresses the analysis of reverse network design that deal with the returns that 

require post-sale service. An R L facility location problem with two objectives is 

proposed: minimization of the overall costs and minimization of the total tardiness of 

cycle time. The solution approach designed for solving this bi-objective optimization 

model consists of a combination of three methods: scatter search, the constraint 

method and the dual simplex method. 

(2006) Sastry addresses the special reverse supply chain performance measurement problem 

faced by electronic companies. The research objective of this dissertation was: "To 

develop a quantitative methodology for evaluating the reverse supply chain 

performance in the consumer electronics industry, to maximize revenue within given 

technical and environmental constraints". The methodology was based on a 

composite reverse logistics overall performance index (RLOPI) to benchmark 

organizational performance across industry. 

(2009) Topcu studied decision-making and modeling issues that arise in facility and 

warehouse designs in a remanufacturing context. The models include uncertainty in 

yield rates and demand, reconfigurable and flexible designs, interdependencies 

between returned products, and type of inventory control system. A mixed-integer, 

multi-period and multi-component stochastic programming recourse optimization 

model has been developed which identifies optimal schedules of internal, external, 

and reconfigured amounts of inventory space for a given time period. In order to 

better emulate a generalized remanufacturing facility with random receiving patterns, 

component yields, and refurbished demand over multiple time periods, a Monte 

Carlo simulation model has been developed. Finally, a heuristic approach based on a 

multi-dimensional golden section search algorithm is implemented to identify the 

optimal storage capacities and reconfiguration decisions that minimize long-term 

expected total costs. 
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Chapter 3 

Problems Description 

The aim of this chapter is to describe in more detail the three problems that are addressed in 

this thesis. Section 3.1 describes the WEEE collection problem in Galicia and discusses the 

need for its redesign. Section 3.2 describes the vehicle routing problem with split loads and 

date windows and discusses its importance in a real-world problem like the collection of 

WEEE. Finally, Section 3.3 describes why the use of a cellular configuration could improve 

the performance of a disassembly system. 

3.1 Design of a Recovery Network for WEEE Collection 
The strong increase of solid waste generation is a matter of concern in most industrialized 

countries. In Europe, electronic waste is estimated to reach 12 million tons by 2015. This is 

the equivalent of approximately 14 kg per person per year (Goosey, 2004). In recent times, 

over 90% of the electronic waste still ends up in landfills, causing serious environmental 

problems. In response to this growing problem, the European Union Directive 2002/96/EC 

(EU, 2003) on Waste of Electrical and Electronic Equipment (WEEE) has imposed to all 

member states the development of legislations based on the principle of extended producer 

responsibility to finance the treatment, recovery and recycling of all types of electronic waste. 

In Spain the directive came into effect on February 25 2005 by The Royal Decree 

208/2005. The adoption of this legislation has led to essential changes in the field of 

electronic scrap recycling. Particularly, producers and importers of large and small electrical 

appliances are affected by the new normative, since they will have to manage over 75% of 

the total electronic waste. To cope with this new responsibility, companies have come 

together to create a number of Collective Management Systems (CMS) to be responsible for 

the operation of collecting and recycling systems. The ECOLEC Foundation (hereafter 
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referred as the CMS) is one of the collective management systems with a higher percentage 

of WEEE collection: from category I electronic waste, which includes large electrical 

appliances, the CMS collects more than half of those generated in all Spain. 

3.1.1 The WEEE Collection Problem in Galicia 

In the region of Galicia (settled in northwestern Spain, with a population close to 3 million 

inhabitants) more than 3,239 tons of WEEE were collected in 2008. Currently, the 

management of the recovery network is in charge of third part logistics service providers 

(3PL) recruited by the central coordination of the CMS, which are responsible for the 

logistics activities in each district. Their activities include the harvesting of WEEE from 

stores to a depot managed by each 3PL, consolidation at the depot, and in some cases value-

adding activities such as sorting and packaging. 

The collection process can be described as follows: every store has a given capacity 

(directly related to sales volume) to collect WEEE. In turn, every store has allotted in its 

warehouse a certain space for WEEE collected. Whenever this space is about to be saturated, 

the store manager calls to the coordination call centre so that these items be taken off by the 

corresponding depot. Based on historical records, it is assumed that the average number of 

items that a given store has available for its delivery whenever it is visited is known and 

constant over the planning horizon. Each depot holds a heterogeneous fleet of capacitated 

vehicles, which are used in the harvesting of WEEE. The collection should be completed 

within the period of one week after receiving the call from the store. 

To complete the collection on the 707 stores and collection points that the CMS currently 

serves in Galicia, a network consisting of seven depots is currently used (Fig. 3.1); such 

depots have been located and sized as a result of a historical evolution of the CMS 

relationships with their 3PL. Consequently, the recovery network has been developed on an 

ad hoc basis, where collection and storage activities are mainly based on the limited 

capabilities and available resources of the 3PLs without any detailed assessment of the 

environmental and economical benefits of the recovery activities. Therefore, the current 

management of the recovery network provides to the CMS just with a superficial 

understanding of the products they are recovering, isolating the collection and recycling 

activities. Furthermore, the CMS is now faced with the challenge to improve their collection 

activities to recover a larger proportion of WEEE at a reasonable cost and at the same time to 

meet the ever-increasing number of legislative requirements. Motivated by these facts, the 
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central coordination of the CMS has considered redesigning the current network 

configuration to be more involved in the collection process. 

The potential locations of candidate depots (which would replace the current ones in 

leasing) are to be selected from a list of 20 candidate sites that have been predetermined 

based on subjective factors such as local laws, community attitudes, availability of resources, 

and proximity of transportation networks, among others. From there, the items collected will 

be directly shipped to one of the two recovery plants, where they will be disassembled in its 

basic components to remove the hazardous and polluting elements from those that can be 

recycled or reused. 

3.1.2 Problem Remarks 

Many economic and environmental benefits are achieved by electronic waste recycling. A 

recent study on the environmental impact of European regulations on WEEE recycling 

(Barba-Gutierrez et al, 2008) shows that inefficient recovery networks could cause even 

greater environmental impacts in transport harvesting than the ones saved by recycling 

practices. From a logistical point of view, the design of a recovery network has two main 

components: the location of collection depots and for each one of them, the design of the 

harvesting routes between its corresponding stores. Both problems fall into the reverse 

logistics management field. The first one aims to select which depots must be opened within 

a list of candidate sites, and to allocate collection points (stores) to depots. The second relates 

to the design of harvesting routes with capacitated vehicles. Although these two problems are 

interrelated, their analysis is often performed in a separate way, as we do in our research. 

Reverse logistics literature contains examples and case studies on each one individually, for 

example Shih (2001), Hu et al. (2002), Listes and Dekker (2005), Lieckens and Vandaele 

(2007) and Aras et al. (2008) studied the location of collection depots, while Schultmann et 

al. (2005), Blanc et al. (2006), and Kim et al. (2009) analyzed the collection routing problem. 
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Figure 3.1 Geographical location of Galicia, current depots and collection points. 

3.2 The Vehicle Routing Problem with Split Loads and Date 
Windows 
The vehicle routing problem (VRP) is one of the most studied in the combinatorial 

optimization field and in the logistics literature. There are different variants of the V R P that 

can be characterized by the type of fleet, the number of depots, or the type of operations 

involved, among others. While in recent years, there has been an increasing interest towards 

so-called rich V R P models that include important issues arising from real-world applications, 

the literature on vehicle routing for reverse logistics is still very scarce. Most of the papers 
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address specific problems and case studies, while theoretical contributions mainly deal with 

the VRP with simultaneous pick-up and delivery, or the VRP with backhauls. 

This part of the research focuses on the study of a VRP for reverse logistics. It specifically 

addresses the problem of designing routes for the collection of Waste of Electric and 

Electronic Equipment (WEEE). The motivation for this study is twofold: 

1. First, the fact that the majority of European countries have recently implemented the 

European Union Directive 2002/96/EC (EU, 2003) on WEEE, whose general purpose 

is to prevent the creation of electrical and electronic waste and to promote reuse, 

recycling and the other forms of recovery in order to reduce final disposal. 

2. Second, to generalize and extend the vehicle routing problem faced in the case of 

study performed in the northwestern Spain, which was depicted in Section 3.1. There 

the collection reports (i.e. number of visits that each truck made to the customers and 

the number of items collected in each visit) were taken as the input data to the routing 

problem. Thus based on historical records, it was assumed that the average number of 

items that a given store has available for its delivery whenever it is visited is known. 

However, given that every store has allotted in its warehouse a certain space for 

W E E E collected, whenever this space is about to be saturated the store manager calls 

to the coordination call center so that these items be taken off by the corresponding 

depot. The depot, that holds a heterogeneous fleet of capacitated vehicles used in the 

harvesting of WEEE, must collect all the items from the store within the period of one 

week after receiving the call from the store. Usually, the amount of end-of-life items 

to be collected (hereafter referred to as the demand) of each customer can be greater 

than the capacity of the largest vehicle in the fleet; as a result the demand of a single 

customer may be split to be fulfilled by more than one route. Thus, each customer can 

be visited more than once on the same day. Therefore the operational decision 

includes how the demand of each customer should be split to be collected by the 

capacitated vehicles. 

Given that this is a real-world problem practical restrictions are imposed, like the 

availability of a fixed and heterogeneous fleet of capacitated vehicles with special features 

used in the harvesting of W E E E from a set of customers, the existence of a maximum 

operation time for each vehicle, which limit the number of tours that each vehicle can 

perform. It should be noted that collection orders to customers are triggered by a call from 
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them, and that with each order there is an associated demand to be fulfilled and a range of 

dates within the collection should take place. In Fig. 3.2 the problem structure is depicted. 

Figure 3.2 Problem illustration of the VRP-SLDW. Suppose that there are m stores that need to be 

visited, we known the amount of demand to be collected and the interval of days within the collection 

should take place. 

This problem is characterized by four variants of the VRP that have been independently 

studied in the logistics literature, including: (1) the use of a heterogeneous fleet of vehicles, 

(2) customers with high demand that may be split to fit the vehicle capacity, (3) the fact that a 

same vehicle may be assigned to more than one route, and (4) the agreement of a time 

interval for visiting customers. These characteristics make the problem complex and 

interesting, while complicating its classification within the standard V R P literature. We label 

this variant of the VRP as the Vehicle Routing Problem with Split Loads and Date Windows 

(VRP-SLDW). 

3.3 Disassembly Cell Formation Problems 

New trends in environmental conscious manufacturing and reverse logistics have motivated a 

significant effort to improve the performance of several recovery systems. Product recovery 

is an important activity either to obtain useful components with economic value through 

reuse, remanufacturing or recycling, or to remove hazardous components in compliance with 

safety regulations. Regardless the final destination for the collected products, disassembly 
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operations are required and must be optimized to improve the overall performance of a 

recovery system. 

The use of Cellular Manufacturing Systems (CMS) based in the Group Technology 

paradigm, have proved to give good results in typical manufacturing enterprises. Reported 

benefits include reduced set-up times, material handling cost, in-process inventory, better 

production efficiency and quality as well as market response time (Jayaswal and Adil 2004; 

Nsakanda et al. 2006; Chakravorty and Hales 2008). Most of these benefits come from the 

fact that the cells have a certain amount of functional autonomy, facilitating better control on 

the shop floor. These benefits can be extended to recovery systems, specifically to the 

disassembly process if we consider the use of a cellular configuration to take into account the 

similarities in the disassembly tasks. As is the case in manufacturing, when only one type of 

product is to be processed and the volume is high, a dedicated disassembly line may be 

justified. However, disassembly processes are characterized by the arrival of several similar 

types of products to be dismantled, each one with a low-medium volume. Hence, the use of a 

cellular configuration is justified. 

3.3.1 Robust and Reconfigurable Disassembly Cells 

This part of the research focuses on the study of cell formation problems for disassembly 

operations in reverse logistics. It specifically addresses the problem of designing robust and 

reconfigurable disassembly cells to deal with two different kinds of demand variability: 

probabilistic and deterministic. In the reconfigurable approach the product demand varies 

form period to period in a deterministic manner. Due to this dynamic condition of the 

demand the best cells configuration for one period may not be efficient or even feasible for 

subsequent periods, and some redesigns would be required; for instance to change the 

number and allocation of machines to cells from period to period, to adjust to demand 

variability. The main assumption that supports this approach states that although the demand 

for each period is known a priori, finding an optimal configuration for each period could be 

prohibitively expensive. On the other hand, in the robust approach the product demand varies 

in a random manner. However, this variation can be described in a number of probabilistic 

scenarios with a given occurrence probability. The aim of this approach is to obtain a cellular 

design in which the machines remain constant and do not move, only the flow of products 

changes once the demand has been observed. 
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The motivation for this study is based on the fact that, contrary to the assembly process, in 

reverse logistic systems most of the recovered products arrive to the disassembly center in a 

variable quantity and quality. Therefore, there is a need to include such variability in a 

proactive manner to decision-making process. 

It should be noted that the aim of this part of the research is to describe and formulate 

integer programming models and metaheuristic algorithms for both approaches (robust and 

reconfigurable); however we do not pretend to design a cellular manufacturing system under 

both dynamic and uncertain conditions as for example Safaei et al. (2007) did. We consider 

that although in both approaches the robustness and the ability to reconfigure respectively are 

indicators of the flexibility that has a cellular manufacturing system to manage demand 

variability, the election of the approach to use hardly depends of the assumptions that most 

reflect the manufacturing system reality. We refer the reader to Balakrishnan and Cheng 

(2007) for a detailed literature review on robust and reconfigurable cell formation problems. 
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Chapter 4 

Mathematical Formulations 

In this chapter we provide the mathematical formulations of the studied problems. Section 4.1 

presents the mathematical formulations of the related depot location and collection routing 

problems. Section 4.2 presents the mathematical formulation of the vehicle routing problem 

with split loads and date windows and comments on its computational complexity. Finally, in 

Section 4.3 four integer programming formulations for the disassembly cell formation 

problem and its variations are presented. 

4.1 Modeling the Recovery Network for WEEE Collection 

Despite of the fact that facility location (Melo et al, 2009) and vehicle routing (Toth and 

Vigo, 2002) problems are closely interrelated, given the algorithmic complexity they tend to 

be addressed independently in literature. Currently there is a general discussion about the 

advantages and disadvantages of dealing jointly with the location-routing problem. On one 

hand, some authors point out that when the routes are stable for long periods, solving the 

combined location-routing problem leads to better solutions than solving them separately 

without considering their relationship, thus avoiding the risk of sub-optimization. On the 

other hand, different authors claim inappropriate to combine the location and routing 

problems in the same planning framework due to the difference in their planning horizons. 

We refer to (Min et al, 1998; and Nagy and Salhi, 2007) for a detailed literature review on 

location-routing problems. 

In reverse logistics, there are certain features that complicate the treatment of the problem 

as a combined location-routing problem, such as the inherent variability and uncertainty in 

the amount and time in which WEEE is returned by the final consumer. Therefore, this 
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research aims to solve the problem in a hierarchical and sequential manner, solving and 

analyzing the related problems of location and routing as well as their interrelationships 

between different nodal configurations and routes. 

4.1.1 Modeling the Facility Location Problem 

A considerable number of articles reporting reverse logistics facility location issues have 

been published (e.g. Hu et al, 2002; Listes and Dekker, 2005; Lee et al, 2009). Most of 

these location models preserve the same characteristics of the forward logistics models, 

minimizing the overall system linear cost, and proposing slight modifications and extensions 

to take into account special features such as the convergent structure of the network as well 

as technical rates for reuse feasibility or effective recovery. 

The facility location model for our particular problem must be able to indicate the nodal 

configuration of points on a WEEE recovery network. It means to determine the number, size 

and location of regional depots, where the WEEE is temporarily stored on its way to the 

disassembly plants. For a formal definition of the problem, let / = {iu i2, ;'/) be the set of 

collecting points (stores) whose location and demand (i.e. the amount of WEEE collected in a 

given store) are well known, and P = {px, p2,pp) stands for the set of disassembly plants. 

Due to technical limitations or capacity conditions, not every plant can receive all the waste 

generated in the region; so it must be ensured that no more items than its capacity will be sent 

to plant p; similarly, there are conditions on the contract, indicating that any plant should 

receive at least some amount of return for processing, so we will ensure that plant p, will be 

sent at least some percentage Lp of W E E E generated. A set of W = {w\, w2, % ) potential 

locations for regional depots, and a set of K = {ki, k2, kK) vehicle types that may be 

assigned to the depots are also considered. The capacity to be installed at each depot is 

decided by the model considering both the amount of WEEE moving through the depot, and 

the turnover y„ in the depot. For every candidate depot to be opened, the annual fixed cost per 

unit of capacity to be installed (leasing cost) is known. For each vehicle k we know its 

maximum load capacity, the set of stores that vehicle k may visit (because of street access 

restrictions), as well as its fixed annual cost and its variable travelling cost. The problem 

consists of finding the best combination of (1) the set of depots to open, within the list of 

candidate sites, (2) their capacities, (3) the types of vehicles to be allotted to the depots, and 

(4) the stores allocation to the depots, in order to minimize the total cost. To facilitate the 
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description of the mathematical model proposed here, the notation used is described in Table 

4.1. 

Table 4.1 Notation used for the location model. 

The objective of the proposed model is to minimize a linear cost function of the logistics 

network. The total reverse logistics cost involved in the objective function includes four 
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major cost items: (4.1.1) total leasing cost, (4.1.2) fixed cost of vehicles, (4.1.3) total 

transportation cost for harvesting at stores, and (4.1.4) total transportation cost between 

depots and recovery plants, as shown in the following objective function equations: 

(4.1.1 ) 

(4.1.2) 

(4.1.3) 

(4.1.4) 

Considering the required conditions or specifications for WEEE collection and vehicles 

capacities, and other requirements limited by operating capacities, nine groups of constraints 

were defined: 

Zirk 6 {0,1} ; Nwrk, vrk e Z + ; xwrk,sw > 0 

Constraint (4.2) ensures the harvesting of all kilograms of WEEE collected by store i with 

a single vehicle type k, able to access to store /, belonging either to a depot w or a recovery 

plant p. Constraint (4.3) ensures that the total amount of kilograms generated among all the 
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stores arrive to any recovery plant p, either directly from the stores i or by means of a depot 

w. Constraint (4.4) ensures that all returns collected by the depot w have been sent to a 

recovery plant p or to another depot w\ Constraint (4.5) determines the capacity to be 

installed at each depot w. Constraints (4.6) and (4.7) guarantee the capacity conditions for 

disassembly plants. Constraint (4.8) determines an upper bound for the number of vehicles k 

required by facility r e W u P. Constraint (4.9) avoids allotting type 1 and 2 vehicles 

(usually used for collection at stores) to any plant p. Constraint (4.10) sets a lower bound for 

Nwrk variables, where Xwrk/q\ is the number of trips to perform from w to r in k if weight 

capacity is considered, and Xwrk/p-q2

k accounts for the number of trips to complete from w to r 

in vehicle type k if unit capacity is considered. Finally, constraint (4.11) deals with the nature 

of the decision variables. The problem is formulated as a mixed integer linear programming 

with {(W(2 + P + 2K(W + P) + K) + P(2K + + 1} constraints. 

4.1.2 Modeling the Collection Routing Problem 

Contrary to the reverse logistics facility location problem, literature on collection routing 

problem is merely scarce. Most of the references address specific problems and case studies 

(Schultmann et al., 2006; Blanc et al., 2006; Kim et al., 2009), while theoretical contributions 

deals mainly with Vehicle Routing Problems (VRP) with simultaneous pickup and delivery 

(Dethloff, 2001; Dell'Amico et al, 2006). 

Two of the main assumptions under which the classic V R P model is founded are the use 

of a homogeneous fleet of vehicles and the fact that the demand of each node is smaller than 

the capacity of the vehicles used. Note however that in the context of WEEE collection, both 

assumptions should be relaxed given the way in which these systems work, where the amount 

of W E E E generated by the collection point tends to be greater than the capacity of vehicles 

used in the harvesting, more over in WEEE collection systems a heterogeneous fleet of 

vehicles with special characteristics is frequently used. 

Formally speaking a customized model of the WEEE collection routing problem requires 

the definition of a directed graph G = (V, A) where V= {v0, vh vm} is a set of vertices, and 

A = {(v„ v,): / * j) is a set of arcs. Vertex v 0 denotes the depot at which a heterogeneous fleet 

of capacitated vehicle types has been allotted, and the remaining m vertices of y represent the 

cities to be visited. With every city there is associated a positive demand ay,. For every pair of 

vertices i,je [V: i ^ j] the distance d{j between them is known. For each vehicle type k we 
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know the maximum load capacity, the set of stores that vehicle type k may visit, and the 

variable travelling cost of vehicle type k. The problem consist of designing a set of least cost 

vehicle routes in such a way that every route starts and ends at the depot, and every store V 

\{v0} is visited exactly once by exactly one vehicle. Apart from these general limitations, the 

following side constraints must be satisfied: i) the total demand of every route should not 

exceed the vehicle capacity qk used in such route; if) the location of some stores restrict the 

type of vehicle to be used in routes, and therefore some vehicles cannot be used to serve a 

given set of stores. Notation used in our mathematical model is depicted in Table 4.2. 

Table 4.2 Notation used in the routing model. 
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Constraint (4.13) ensures that vertex j can be reached directly just from a single vertex i ^ 

j, with a single vehicle k capable of accessing vertex j. Constraint (4.14) guarantee that the 

number of tours leaving the depot is equal to the number of tours arriving to depot. Constraint 

(4.15) establishes the continuity conditions and ensures that the vehicle arriving to a given 

vertex is the same vehicle leaving such vertex. It should be noted that inequalities (4.16) to 

(4.19) are variations of the sub-tour elimination constraints, which were lifted following the 

procedure described by Desrochers and Laporte (1991) and Kara et al. (2004) to replace 

weaker requirements. Constraints (4.16) and (4.17) establish the heterogeneous fleet capacity 

conditions and sub-tour elimination constraints, where M = 1 + T.iev w i a n d M = M X 

1000, Constraint (4.16) was lifted to replace the weaker requirement ujk > M + if x0jk = 1 

for all jeV, keK. Constraint (4.17) is a modification of the capacity cut constraints allowing 

the existence of stores with a greater demand than the capacity of the smaller vehicle type 

used. This constraint was lifted to replace the weaker requirement ujk > uik + 0)j if xijk = 1 for 

all jeV, ksK. Constraints (4.18) and (4.19) provide the lower and upper bounds for the 

variable uik, which together with constraint (4.15) enforces the tour to end at the depot when 

the inclusion of some other vertex in the tour exceeds the capacity of vehicle k. Constraints 

(4.18) and (4.19) replace the weaker requirements M < uik< M + qk for all ie V, ksK. This 

formulation differs from the heterogeneous vehicle routing problem formulations presented 

by Yaman (2006), and enclose {2K (n2+n-\) + n) constraints. 
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4.2 Modeling the VRP-SLDW 

Formally speaking the mathematical formulation of the Vehicle Routing Problem with Split 

Loads and Date Windows (VRP-SLDW) requires the definition of a directed graph G = (V, 

E) where V = {v0, V i , vm} is a set of vertices, and E ={(v,-, y,-): i&j] is a set of arcs. Vertex 

v0 denotes the depot at which a heterogeneous fleet of K capacitated vehicles has been 

allotted, while the remaining m vertices of V represent the customers to be visited. For every 

pair of vertices i,je {V: i * j} the distance d,, between them is known. For each vehicle k we 

know the maximum load capacity, the set of customers that vehicle k may visit (because 

street access restrictions), and the variable travelling cost of vehicle k. For the collection, the 

independent customers make use of a call system with a timely collection guarantee. Each 

collection order predefines the quantity of items w, to be collected from customer i and the 

range of dates within which the collection should take place. The time interval to carry out 

the collection from a single customer is specified by its date window [st,fi\, where st and/ are 

respectively the first and last days within which the collection must take place, such that s, < 

For all customers the service time [ij is assumed constant, since most of the times each 

customer is served in a full truck load, being visited when it has at hand a sufficient number 

of items to be collected. For the sake of real practice, when the number of items to be 

collected from any customer i is less than a constant factor e, those items are not collected 

and labeled as backorders to be considered in a following request. The notation used in the 

mathematical formulation is described in Table 4.3. 

The mathematical model for the VRP-SLDW is given by: 
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The objective function (4.21) minimizes the total routing cost. Equations (4.22), (4.23) 

and (4.24) provide the connectivity and continuity constraints. Equation (4.25) and (4.26) 

specify collection bounds for each customer on any route. Equation (4.27) guarantees the 

proper use of tours in every route. Moreover, constraints (4.26) and (4.27) strength the 

formulation by restricting duplicate solutions, which reduce the number of nodes in the 

branch-and-bound tree. Equation (4.28) ensures the collection of customer's demand in one 

or more routes, or its consideration as backorder. Equation (4.29) sets the maximum service 

time for each vehicle, whereas equations (4.30) and (4.31) provide both the capacity 

restrictions and the sub-tour elimination constraints. Finally, equations (4.32) and (4.33) deal 

with the nature of the decision variables. Note that although x/'*r> and o, are declared as 

continuous, the formulation forces them to take integer values. 

4.2.1 Problem Complexity 

The problem modeled above can be characterized as a new variant of the VRP that 

incorporates several elements that have been independently studied in the literature. This 

problem is NP-Hard since it is a variant of the VRP that incorporates a larger number of 

decision elements. To show the difficulty of the problem, a trial example with just 10 

customers totalizing 607 units of demand was solved: a set of 3 vehicles with capacities of 

25, 30 and 50 units respectively, was allotted to the depot; each vehicle can carry at most 3 

trips per day, without exceeding a 7 working hours per day on a period of the week. This 

sample problem results in a mixed integer linear programming model with 7,570 variables 

(6,300 of which are binary) and 21,333 constraints. The problem was modeled on A M P L and 

solved by C P L E X v. 11.1 using an Acer PC with an A M D Athlon X2 Processor running at 

1.90 GHz and 2 GB R A M . After 3 hours of computing time, the best solution found was 

1,229.66, with a relative mipgap of 0.3008, and an absolute mipgap of 369.981. 
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4.3 Disassembly Cell Formation Problems Formulations 

In Adenso-Diaz et al. (2006), after performing a literature review, they concluded that 

although most researchers recognize the need to identify disassembly families and design the 

system to benefit from existing similarities in products structure and tooling, no mathematical 

model for disassembly cell formation had been proposed. In this section we formulate and 

detail not only its proposed mathematical model, but also we propose three integer 

programming formulations for the corresponding reconfigurable and robust variations. 

The notation that will be used in the mathematical formulations is described in Table 4.4. 
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4.3.1 The Basic Disassembly Cell Formation Problem 

For a formal definition of the Disassembly Cell Formation Problem (DCFP) let M = {mi, m2, 

mM\ and P = {pu p2, pp} be, respectively, the set of machine/tools (such as 

screwdrivers, shears for cutting material, mechanical multi-devices for grinding, separation 

and treatment of gases...) and the set of products (such as washing machines, dryers, ovens, 

refrigerators...) that need to be dismantled with the aim of obtain parts or materials of 

economic value and/or remove toxic elements to promote the proper disposition. Let Q = [qu 

q2, qo] be the set of disassembly operations (such as removal of the printed circuit board 

and the power supply, or removal of condensers, mercury switches and batteries), and let Qp 

c Q be the set of disassembly operations required to dismantle product p. To this end, a 

product p and an operation q are not independent, and each pair {p, q] represent a 

disassembly task. Let N = *Lps,P card(<2p) be the total number of disassembly tasks, which have 

to be grouped into a subset of cells C = {cu c2, cc}. Both the amount of returned products 

(hereafter referred as the demand) and the physical conditions (hereafter referred as the 

quality) in which the product arrive to the disassembly center are known with certainty. For 

each product it is known the sequence in which the disassembly operations need to be 

performed. The optimal disassembly sequence can be obtained for example trough Adenso-

Diaz et al. (2007). Two cost elements are considered: machine/tools acquisition (i.e. 

amortization) costs and material handling costs. Assuming that cell sizes are not large and 

that inter-cell distances are small, intercellular transportation costs are considered as 

surrogate of material handling costs. To keep cell sizes bounded a maximum number of 

operations per cell is imposed. Thus the objective of the DCFP consist on grouping the 

disassembly task and assign them to their corresponding cells with their resources so that: 1) 

total costs are minimized, 2) all recovered items are disassembled, and 3) the following 

restrictions are met: a) the total number of disassembly tasks assigned to a given cell must be 

between the corresponding lower and upper bounds, b) the operating time assigned to a 

machine must not exceed its capacity, and c) any task should be assigned to a single cell. 

The following assumptions are also considered: for each machine/tool m both their 

capacities and amortization costs are known; for each disassembly operation q the set of 

machines required to carry it out, and the time required to perform such operation in a given 

product p are known. The uncertain physical state of the units to disassemble is considered 

through a relative frequency factor that represents the probability of a given task being 

required. The number of machines is determined by the solution to the model. However, it is 
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assumed that multiple units of the same machine type may be required in a single cell, thus 

machine duplication is allowed. The production capacity of all machines in the disassembly 

system should be sufficient to dismantle all products. The maximum ([/) and minimum (L) 

number of tasks allowed per cell result in the maximum and minimum number of cells to 

form respectively: Cnmx = \_N/LJ and C„„„ = [N/u\ 

The model DCFP model proposed by Adenso-Diaz et al. (2006) is given by: 

DCFP (Disassembly Cell Formation Problem) 

The objective function in equation (4.34) minimizes the non-linear total costs function of: 

0 machine/tool acquisition (i.e. depreciation) costs and ii) material handling costs. Assuming 

that cell sizes are not large and that within-cell distances are small, intercellular 

transportation costs are considered as surrogate of material handling costs. Constraint (4.35) 

establishes a feasibility condition, ensuring that each disassembly task {p, q] is assigned to a 

single cell. Constraint (4.36) provides bounds conditions and ensures that the total number of 

disassembly task assigned to a cell does not exceed predefined levels. The capacity 

conditions are given by constraint (4.37) which ensures that the capacity of the machine type 

m is not exceeded, while ensuring that all recovered products are disassembled. Finally the 

constraints (4.38) to (4.40) deal with the nature of the decision variables. 

The above is a quadratic integer program with linear constraints. The objective function is 

a non-linear equation due to the quadratic terms of intercellular movement. In Adenso-Diaz 

et al. (2006) the objective function was linearized using the following transformation: 
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4.3.2 The Reconfigurable Disassembly Cell Formation Problem 

In a multi-period context, the variability can be observed in the change of demand from 

period to period. Allowing system reconfiguration enhances the flexibility of disassembly 

systems to respond to this dynamic condition of demand. In fact, by rearranging the cells, the 

disassembly system can continue operating efficiently as the product mix and demand 

change. Reconfiguration consists of swapping the existing machines between cells (machine 

relocation); adding/removing machines to/from cells, machine duplication and changing the 

process plan of the product-operation. Also, the reconfiguration may consist of increasing or 

decreasing the number of formed cells in each period. The aim of the reconfigurable 

approach in our disassembly cell formation problem consist on designing a cell configuration 

within each period that establish a perfect costs balance among operating and reconfiguration 

costs between successive periods to adjust to long-term demand changes. We refer to 

Tavakkoli-Moghaddam et al. (2005) and Schaller (2007) for two examples of reconfigurable 

approaches in the manufacturing cell formation problem. 

Formally speaking the formulation of the Reconfigurable Disassembly Cell Formation 

Problem (DCFP-D) requires the definition of a set of T - {t\, t2, tT} periods for the 

planning horizon. The product demand varies from period to period in a deterministic manner 

over the entire planning horizon. The capability and capacity of each machine type are known 

and constant over time. The machine relocation is allowed and it is performed between 

periods and it requires zero time, also the machine relocation cost of each machine type is 

known and it is independent of where the machines are actually being relocated. Finally, the 

time value of money is not considered. The objective of the DCFP-D consist on group 
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disassembly tasks and assign them to cells together with their required resources so that total 

costs are minimized, while allowing system reconfiguration between successive periods. The 

mathematical formulation for the DCFP-D is formulated as follows: 

The objective function in equation (4.44) has been linearized according to equations (4.41 

- 4.42) to remove the nonlinearity caused by the quadratic terms of intercellular movement. It 

minimizes the total sum of the machine amortization cost, the machine relocation cost and the 

intercellular material handling cost over the planning horizon. The first term represents the 

cost of all required machines. The machine amortization or investment cost is obtained by the 

product of the number of machine type m in cell c in period t and the respective costs. The 

second term is the machine relocation cost. It is the sum of the product of the number of 

machines relocated and the respective costs. The number of machines relocated is obtained 

by the sum of the number of machines to be added plus the number of machines to be 

removed in all cells in all periods. The third term is the intercellular material handling costs. 

Constraint (4.45) sets a feasibility condition. It ensures that in period r, the j'-th operation of 

product p, will be assigned to one and only one cell. Constraint (4.46) provides the lower and 
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upper bounds conditions of cells. It ensures that the total number of tasks assigned to one cell 

does not exceed the predefined bounds. Capacity conditions are given by constraint (4.47). It 

guarantees that machine capacities are not exceeded, while ensuring that all recovered 

products are dismantled during each period. The parameter 0W implies that during all the time 

required by the j-th operation of product p, the machine/tool type m cannot be used in any 

other operation; all that time corresponds to the machine type m, not matter whether the use 

of other machines were also considered in the total duration time of the operation. Constraint 

(4.48) determines how many machines of each type are relocated into or out of each cell 

during each period. It states that the number of machine type m assigned to cell c in the 

current period (?) equals the number of machine type m assigned to cell c in the previous 

period (f - 1) plus the number of machine type m added to cell c at the beginning of period t, 

minus the number of machine type m removed from cell c at the beginning of period t. It 

should be noted that the number of machine type m assigned to cell c in period zero are zero, 

i.e. at the beginning of the planning period no machine has been installed in any cell zmco = 0, 

Vme M, ce C. Constraint (4.49) provides the conditions under which the objective function is 

linearized, where v'Pjyc and u'Pjyc (with / > j) are two nonnegative continuous variables. 

Finally, constraints form (4.50) to (4.53) deals with the nature of the decision variables. 

4.3.3 The Robust Disassembly Cell Formation Problem 

The aim of robust optimization approach in our disassembly cell formation problem is to 

design a cell configuration that performs well across several potential realizations of 

uncertainty over a specified planning horizon. Since the definition of good performance is 

context-dependent, there exist several definitions of robustness. Particularly relevant to our 

research are those provided by Kouvelis and Yu (1997) and Mulvey et al. (1995). The first 

describes the goal of robust optimization as finding a solution whose objective function 

remains close to optimal solution for each scenario, while the latter defines it as finding a 

solution that minimizes the largest deviation from optimality. 
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4.3.3.1 Robust Probabilistic Formulation of the D C F P 

To formulate a robust DCFP with demand uncertainty under the concept of robust 

optimization described by Mulvey et al. (1995) we assume that the decision variables related 

to the formation of cells (yc) and the decision variables related to the number of machines 

allotted to cells {zmc) are the design variables valid for all scenarios, and we let the decision to 

allocate the j-th operation of product p to cell c form the control variables, which can be 

adjusted once the demand is observed. Thus, the cells are formed and the machines are 

assigned to them, and then decisions regarding disassembly task and flow patterns are made 

for each scenario realization. Consequently, we will have a variable number of tasks 

processed in each cell c, in relation to each scenario seS, which is expressed in the decision 

variable xs

pjce {0,1}. We introduce the error or recourse variables etc and eus

c to indicate any 

shortages or excesses in the size of cells respectively, and ems

c to indicate any capacity 

surplus in the machines. Note that although these variables are declared as continue, the 

formulation forces them to take integer values. We also introduce five extra parameters: 

parameters Xu X2 and ^ 3 that the decision maker can adjust to give varying importance to each 

component of the function that penalizes infeasibility in the objective function; and 

parameters ai and a? representing the percentage of the maximum permissible deviation for 

each error variable efc and euc, respectively. 

To measure the solution-robustness we make use of a function commonly used in 

stochastic lineal programming formulations (expected value) /(•) = XsesPs' 4S + 

HmeM'Zcec fim' zmc< where ^ is the objective function (previously linearized) to be 

minimized under scenario s, i.e.: 

On the other hand, to measure the model-robustness we make use of the following 

function to minimize the expected value of the associated error X- /i(-) = YsesPs ' 

Ticeci^i' e ' c + ^2 ' euc + ^ 3 ' em£). Thus the robust disassembly cell formation 

problem is formulated as follows: 

(4.54) 
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DCFP-R (Robust Model for the Disassembly Cell Formation Problem) 

Constraint (4.56) sets that for each scenario s, the 7-th operation of product p must be 

assigned to one and only one cell. Constraints (4.57) and (4.58) are control constraints, the 

error variables el\. and euc determine whether to a cell c has been allotted less than L tasks or 

more than U task respectively under a given scenario s. For example in (4.57), if for a given 

scenario s, the total number of disassembly task assigned to cell c is greater than L, then the 

lower bound is met and the deviation will be el\ = 0, however, if less than L disassembly task 

are assigned then els

c = L — Y,pEpT,jEQp

xpjC when the objective function is minimized, 

which is similar in (4.58). Constraint (4.59) is also a control constraint, where the error 

variable em\. measures the lack of capability in cell c. Constraint (4.60) is auxiliary to keep 

the model linearized. Constraints (4.61) and (4.62) define the maximum permissible 

deviation for error variables el\. and euc respectively. Finally constraints from (4.63) to 

(4.67) define the nature of the decision variables. 
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4.3.3.2 Minimax Regret Formulation of the D C F P 

To obtain a robust formulation for the disassembly cell formation problem under the minimax 

regret criterion, we will consider to obtain a relative robust decision, which exhibits the best 

worst-case percentage deviation from optimality among all feasible decisions on all 

scenarios, i.e.: 

With regard to the framework of robust optimization discussed in this section, the relative 

robust model for the design of disassembly cells with demand uncertain is formulated as 

follows: 

DCFP-REG (Minimax Regret Model for the Disassembly Cell Formation Problem) 

Minimize S (4.69) 

Subject to: 

The objective function (4.69) is the robustness measure for a given set of decision 

variables. The variable 8 is the robust objective; it represents the maximum percentage 

deviation from optimality among all scenarios, which must be minimized. The maximum 

relative deviation across all scenarios is computed in constraint (4.70), and it measures the 
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relative difference between the value of the optimal solution for the DCFP in a particular 

scenario and the value of the objective function evaluated for the robust solution in such 

scenario. The remaining constraints are similar to those used for the robust model formulated 

under the framework of Mulvey et al. (1995), the same binary decision variables yc applies to 

all scenarios, and also the integer decision variables zmc\ both determine respectively the cells 

to form and the allocation of machines to those cells. While the binary decision variable xpic 

represents the variable number of tasks to be processed in each cell c, associated to each 

scenario s. 

4.3.4 Problems Complexity and Remarks 

It has been proved that the cell formation problem is a variation of the NP-hard fixed charge 

problem with additional decision variables for cell formation (Cao and Chen, 2004), and 

therefore, it is essentially an NP-hard problem. Thus it is usually inefficient to use a brute 

force algorithm to solve it for real-life problems. Computational difficulties are mainly 

caused by the machines capacity constraints (essentially a knapsack type constraint). 

It should be noted that both the DCFP-D and the DCFP-R are more complicated problems 

than the classical cell formation problem with additional decision variables associated to the 

use of multiple periods and scenarios, and it follows that both are also NP-hard problems 

difficult to solve even for relatively small instances. Also note that in solving the above 

problems, the number of machines assigned to the formed cells is relatively small. Therefore, 

round-off solutions of the corresponding relaxed linear programming models cannot be used 

as the approximate solutions to the originals problems. Actually, to solve practical problems, 

feasible integer solutions are obtained after a reasonable computational time in a commercial 

MIP solver. 

In the subsequent sections within this thesis, a metaheuristic algorithm to solve the 

disassembly cell formation problem with demand variability is proposed. Because of regret 

models require a different approach to deal with robustness, which implies knowing a priori 

the optimal solution for any possible realization of the scenarios, the designed heuristic 

procedure shall deal just with the reconfigurable model and with the robust probabilistic 

model developed under the ROMF proposed by Mulvey et al. (1995). 
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Chapter 5 

Solution Approaches 

The aim of this chapter is to describe the solution approaches used in each corresponding 

problem. In Section 5.1 we propose a methodological approach, for designing a WEEE 

collection network, which combines integer programming, heuristic algorithms and 

simulation. In Section 5.2 we propose a GRASP algorithm for solving the vehicle routing 

problem with split loads and date windows. Finally in Section 5.3 two metaheuristic 

algorithms are designed: a Tabu Search algorithm for the basic disassembly cell formation 

problem and a Variable Neighborhood Search algorithm for the robust and reconfigurable 

disassembly cell formation problems. 

5.1 Methodological Approach to Design WEEE Collection 
Networks 

The problem sketched in Section 3.1, requires a redesign of the WEEE collection network. 

To solve this problem two interrelated sub-problems should be addressed: the facility 

location problem and the vehicle routing problem. Therefore, in this section, a three-phase 

hierarchical approach based on the logic of the Preview-Solve-Review approach is proposed. 

An overview of the solution approach is depicted on figure 5.1. Based on a geographically 

dispersed group of customers that need to be served, and a set of potential locations of depots 

for WEEE collection, the problem is solved as follows: (1) solve the facility location problem 

as an optimization problem, using a commercial general purpose optimizer; (2) for every 

depot solve the collection routing problem in a weekly basis in order to determine the set of 

routes for each period, using the customized algorithm described just below; (3) analyze the 
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routes performance through a simulation study in order to identify the most appropriate value 

for nk (number of vehicles type ifc allotted to the depot) and the inventory policy in the depot. 

Figure 5.1 Methodological solution approach to design the recovery network for WEEE collection in 

Galicia. 

5.1.1 Heuristic Algorithm for Solving the WEEE Collection Routing 

Problem 

Since it has been proved that the vehicle routing problem is NP-hard, it is common to find 

implementations of heuristic algorithms to solve it. In general, heuristic algorithms for 

routing problems consist of two phases: a tour construction procedure to generate an initial 

route, and an improvement procedure, which tries to find a better solution given an initial 

tour. Probably the best known, more discussed and analyzed heuristic procedure in literature 

is the constructive savings algorithm C & W (Clarke and Wright, 1964). Since its publication, 
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several variants and improvements have been proposed (see e.g. Mandl, 1979), some of them 

aimed at improving its computational efficiency through a use of better data structures, and 

other aimed at improving their effectiveness in terms of the quality of their solutions 

(Cordeau et al., 2007). The following approach for designing harvesting routes is tailored to 

the task of W E E E collection in Galicia, where the three-stage heuristic procedure is capable 

of managing a heterogeneous fleet of capacitated vehicles (Fig. 5.2). 
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The purpose of the R o u t e s G e n e r a t o r procedure is to construct a set of feasible 

routes, analyzing when required, the feasibility of using a different vehicle type for merging 

two different routes. A route is feasible if the capacity of the vehicle along the route is not 

exceeded, and the change in the use of a different vehicle type is feasible if when combining 

two routes: the new vehicle can access to all stores in both routes and using such new vehicle 

is less expensive than using both routes in their own. We make use of a recursive function 

implementation for the systematic generation of routes. The general procedure to generate 

routes is detailed below. 

In the starting phase, using the logic of the C & W algorithm it is assumed that each store i 

allotted to the depot under consideration is served by an independent vehicle k of least cost 

that is able to respond, considering: (1) the amount of WEEE that such store has available for 

delivery every time it is visited, (2) the distance travelled between the depot and the store, 

and (3) the accessibility of the vehicle to the store. In the saving Jist phase, the procedure 

determines a list of pairs of existing routes i and j to merge. The pairs are formed for all the 

combinations without repetition of nodes that are directly linked to the depot, without 

considering that pair of nodes that are in the same route. The list is sorted in decreasing order 

based on the resulting savings from the union from the point of view of the distance. The 

procedure continues combining routes according to the sorted list, while the list has not been 

exhausted and without limiting to strictly positive savings (sy > 0), as greater savings could 

result in changing the type of vehicle. The feasibility of their merge is tested according to the 

following conditions in the merge ̂ feasibility phase: 

i . If both routes (i, j) are served by the same type of vehicle k, then: 

1. Check if their union does not exceed both the capacity of the vehicle (qk) used, as 

well as the bound set as the maximum distance (Lk) to travel by the vehicle type k; if 

both constraints are not exceeded the route i will join the route j, the remaining 

capacity of the vehicle and the length of the route are updated. 

2. Otherwise, we analyze whether a change in the use of a vehicle K with larger 

capacity (load and travel), is economically more efficient to meet the union of the 

two routes. To this end, for each vehicle hSK — {k}\qh > qk it will be assessed if: 

(a) the vehicle type h can access all the stores contained in the two routes, (b) the 

vehicle type h has sufficient load and travel capacity to cover both routes, (c) the use 

of the vehicle type h is cheaper than making the two existing routes separately, 

considering the savings by getting rid of the smaller vehicle and the costs incurred 
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when using a larger vehicle capacity across the route at the rate of fixed and variable 

costs per kilometer; the savings in the use of vehicle h is given by Ah — (2n'k + 

K x (dRoute_i + dRoutej)) - (jt'h + Xh x d N e w R o u t e ) , where n'k represents the 

fixed cost per kilometer traveled by the vehicle type k. If the three assumptions are 

positive the algorithm changes from vehicle k to vehicle k', combining two routes into 

one that will be addressed by the new vehicle type k\ which updates its remaining 

capacity and the length of the route. Note that k' — avgmax{Ah\Ah > 0} and h 

satisfy conditional triplet from (a) through (c). 

i i . If the route i requires a different vehicle than the route j, the formation of a new route will 

be analyzed, considering the vehicle with the larger capacity (load and travel) that has 

been assigned to any of the two routes, providing that such vehicle can visit every store in 

both routes. Repeat steps 1 and 2 above. 

If the union of at least a couple of routes was feasible, the algorithm updates the saving 

list and repeats the procedure, otherwise, proceed with the combination of routes. 

Finally, the CombineRoutes procedure determines the set of routes that one vehicle 

can serve in a given period, trying to optimize the number of trucks required to serve the 

routes. The result of this procedure is a set of routes per period, which will be input to the 

simulator. Below, an analysis of the performance of the procedure when compared with 

optimal solutions for small instances is provided. 

5.1.2 Routes Simulation 

Based on the routes previously generated by the heuristic algorithm for the T-week planning 

period, the routes behavior will be simulated varying the number of vehicles of each type to 

allot to the depot, using collection orders generated following empirical distributions. The 

interval between two successive collection orders includes the time required by the system to 

authorize the vehicle to leave the depot to undertake the tour. Every time an order is 

generated for a collection route of a vehicle type k, the simulator selects the next available 

truck within the fleet of such vehicles type to undertake the tour. Concluding the tour, the 

truck must be unloaded. Assuming limited resources in the unloading process, a truck that 

had just concluded a tour must wait in a queue to be served. Regarding to the shipping orders 

from depots to disassembly plants, these are made under a continuous review inventory 
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policy. Every time the depot reaches a c\% of its maximum capacity a shipping order is 

generated to be completed during the planning period. The simulation analysis will give us 

insights on the evolution of the daily load in the depot for different values of the £ parameter, 

as well as the vehicle usage rate and the average waiting time of trucks in the downloading 

process, as a function of the final number of vehicles of each type allotted to the depot. 

5.2 GRASP Algorithm for the VRP-SLDW 

In this section we introduce a Greedy Randomized Adaptive Searching Procedure (GRASP) 

based heuristic to solve the Vehicle Routing Problem with Split Loads and Date Windows 

(VRP-SLDW) described in Section 3.2 and modeled in Section 4.2. GRASP was introduced 

in Feo and Resende (1989) and later formalized in Feo and Resende (1995). The motivation 

for using GRASP in this particular application is based on the fact that there is a natural form 

to define a priority function to select the customer to be inserted in the initial solution, by 

linking the customer demand and the available time for its collection. 

5.2.1 General Outline of the Metaheuristic Procedure 

When designing an algorithm it is important to define a good structure for encoding the 

solution. Computationally speaking, in our particular case the simplest structure to consider 

for representing the solution is a L O A D matrix (see example in Fig. 5.3) which has as many 

rows as the total number of routes (K x R x T) and as many columns as the number of 

customers to serve (m). Every route n is defined by the set of three attributes: the day f, the 

vehicle k and the tour r (7t'tr). Each cell (7t, i) specifies the amount of demand /„• collected on 

route n from customer i. Since every row in L O A D corresponds to a route and every column 

corresponds to a customer, a feasible solution must satisfy that: a) for each row its sum must 

not exceed the capacity of the vehicle k used in route n, b) the cumulative sum for the 

traveling time in a subset of routes using a vehicle k in a given day t must not exceed Lk, and 

c) for each column its sum must be at most equal to the demand of each customer co,. 

Although the mathematical model requires the collection to be done between s, and the 

solution algorithm must relax this feature allowing the collection after/, but incurring in a 

penalty cost for each day after the collection date promised. Therefore, the use of an 
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appropriate data structure is required to identify when a route is feasible (i.e. the vehicle 

allotted to the route has enough time and load capacity to serve the customer), unrestricted 

(i.e. the vehicle allotted to the route may access to the customer's location) and non-penalized 

(i.e. the day allotted to the route belongs to the customer's date window) for each customer ('. 

A feasible solution s has associated a set of feasible routes 17 = {nu j^,}. The simplest 

structure considered to represent the set of routes corresponds to another matrix ROUTE (see 

Fig. 5.4) with the same dimensions than the L O A D matrix. Each row in the ROUTE matrix 

represents a route n, each column a customer i and each cell (n,i) (with lKi >1) indicates the 

order in which the customer / is visited into route n. Given a new assignment in the L O A D 

matrix, the cost of the modified route is evaluated by solving the corresponding TSP 

(Traveling Salesman Problem) in ROUTE. Each route ns 77 has an associated travel time hK 

related to both the number of customers visited in the route and the order in which they are 

visited. Since the traveling time sum across the set of routes that uses the same vehicle k on 

the same day t should not exceed Lk (i.e. 'Znen\n=nk hn < lk) both matrix L O A D and 

ROUTE are interdependent. 

5.2.2 Greedy Randomized Construction 

The construction mechanism at each iteration aims to allocate the largest amount of 

unsatisfied demand from customer ie V\{0} to a single route ne77 such that n is feasible, non-

penalized and unrestricted for /. A route n is feasible for customer i if and only if the vehicle 

allotted to the route can be used to serve such customer; on their own a route n is non-

penalized for customer / if the day on which the route has been allotted is within the date 

window [sh f] for customer i; and finally a route it is unrestricted for customer i if both the 

remaining capacity of the route Qk and the maximum operation time Lk of all routes using the 

same vehicle k on the same day t are not exceeded when the customer i is inserted on route it. 

The basic principle for the construction phase aims to fulfill the routes as much as possible 

and split the demand as few as possible. The constructive procedure starts with an empty 

solution, and iteratively the customers demand is distributed among the routes according to 

the greedy randomized construction scheme. When the total demand of each customer has 

been distributed among the routes or the pending demand to assign of each customer is 

smaller than a value e, the constructive phase finishes and the local search procedure is 
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initiated. To select the next customer i to be included in the solution, we make use of a 

greedy function which relates the pending demand mt to satisfy from each customer i and 

the time available to perform the service. The value (])(/) measures the critical ratio for 

customer /, so the higher it is the most urgent its service is. This ratio is computed as: 

where slackj = / - s,- represents the available time to carry out the collection from customer i. 

I f / = 5 , , then §(i) = INF. 

Customers 

Figure 5.3 LOAD matrix: solution to the trial example. Column Qk states for the remaining capacity 
of the vehicles used in its corresponding route and a, the amount of items not collected from customer 

Gray cells indicate that the route n is penalized for a given customer i; i.e. those days are out of the 
specific date window for the customer. Only routes with load assigned are shown. 
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Customers 

Figure 5.4 R O U T E matrix for the trial example. Each cell (7t, i) indicates the order in which the 

customer i is visited into a route n. This figure only shows those routes (rows) used in a particular 

solution. 

The detailed procedure is depicted in Fig. 5.5. If there is at least one customer i with = 

INF, then the Restricted Candidate List (RCL) is exclusively formed by such customers; 

otherwise, a customer / with <)>(/) > 0 belongs to the R C L if: <j>(/) > <t>max - a-(O m a x - O ^ ) , 

where <J>min and O m a x are respectively the lowest and highest value obtained by the greedy 

function, and a (0< a <1) is a parameter that controls the degree of randomness allowed. The 

selection of a customer within the R C L is done randomly. Subsequently a call to the 

A s s i g n L o a d procedure is performed, whose main function consist on finding a feasible 

route n for the selected customer /, to whom the largest amount of pending load (03,) for such 

customer can be assigned; to this end we define 17' cz 77as the subset of feasible, unrestricted 

and non-penalized routes for customer i, and the following scenarios are considered: a) if |77'| 

= 0, then the date window for customer i is artificially augmented by one day, without 

affecting slack,; b) if |77'| = 1, then xni = min{C2 ,̂ to",}, where x m represent the load of 

customer to be assigned to route n; and c) if |77'| > 1, then customer (' is assigned to route n 
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capable to carrying the largest load (in case of ties customeri is assigned to the route JI where 

Hn-Qn- xm is minimized). Finally, customer is inserted into the route JC, and both matrix 

ROUTE and L O A D are updated. The remaining load space Q„ in route n and the pending 

load to satisfy to", for customer (' are also updated. When updated, if the pending load to satisfy 

for customer i is less than or equal to e, then customer i is removed from the set of customers 

with pending load U. As pointed above, this is a common practice in any routing system, 

where a trip to collect a very small number of devices is never justified, however, these are 

considered in a following request. 

Figure 5.5 Greedy Randomized Construction Procedure for the VRP-SLDW. 

5.2.3 Local Search 

The local search procedure is carried out by manipulating the allocation of the portion of 

demand lKi in the L O A D matrix and updating the routes involved in ROUTE. This procedure 

comprises two phases. Phase I verifies if penalties exist by serving the customers on a 

penalized route, and seeks to eliminate it. Phase II explores four neighborhoods of the 
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solution space in order to reduce the routing costs. A l l the movements described in the VRP-

SL literature analyzed so far are included in our exploration. The movements are described 

below. 

5.2.3.1 Phase I of the Local Search: penalties elimination 

The movements considered in this phase of the local search are: mn the insertion move, and 

mE\ the exchange move. The neighborhoods created by these moves are completely explored 

under the best improving strategy. Given an initial solution, a greedy local search is 

implemented by choosing each time the best possible move among both neighborhoods. To 

detail both movements, the definition of the following sets is required: let P be the set of 

penalized customers i and C the set of customers j 4- i that have an assignment in some of the 

routes of 77 for which is non-penalized and the insertion of i would be feasible and 

unrestricted. 

Insertion Move \(mn). This move comprises two steps. In the first step, for each customer 

ye C with > 0, the portion x%j of load allotted to n that can be assigned to any other 

feasible, non-penalized and unrestricted route it for j is computed, such that x%j =min{C?s, 

l„j}. Let Xj= maXft[x%j} the maximum load for customery that can be moved from TC to H', 

and X* = max\Xj}. The following options are considered: a) if X* = 0, then it is not possible 

to reduce the load in penalization by means of the insertion move, and it is passed to the next 

move, b) if X* > 0, then move the x%j units from the route n of customer j that gave rise to 

X*, to the route ii. In the second step we define QK+ X* as the space that would remain 

free in the route TC after removing X* units. Then for each customer i e P such that the route 

7i is feasible, we compute x*t = min{lri, En} the maximum amount of penalized load for 

customer i that can be moved from its current penalized route r to the non penalized route TC, 
and its corresponding pending load still penalized CP, = lri - x*t. The best move in this 

neighborhood is the one where x*i is maximum and CP, is minimum. 

Exchange Move (mEl). For each customer i e P visited on a route TC, we consider the 

exchange of x*( = min{lni, Z S j} units with all the routes TT e 77 of each customer j e C such 

that n is a feasible and non-penalized route fory. With every move the corresponding CP, is 

84 



computed: CP, = /OT -xnf. The best move in this neighborhood is the one where x [ is 

maximum and CP, is minimum. 

5.2.3.2 Phase II of the Local Search: cost minimization 

The movements considered in this second phase of the local search are: m 1 2 the insertion 

move, w E 2 the interchange move, m c the route combine move, and m E the route elimination 

move. The neighborhoods created by these moves are also completely explored under the best 

improving strategy. Given an initial solution, a greedy local search is implemented by choosing each 

time the best possible move among all neighborhoods (see pseudo-code in Figure 5.6). Thus the order 

in which the neighborhoods are explored does not have any influence on the algorithmic performance. 

Figure 5.6 Local search procedure for the VRSP-SLDW. 

Insertion Move 2 (ma). This move is based on removing the largest portion of the load that a 

customer / has assigned on a route K, and inserting it into another feasible, non-penalized, and 

unrestricted route n for customer /. The portion of load to be moved is given by x™(= 

min{Q^, lni}. If x%i = lKi implies that all the load of customer (' on route n was removed and 

reassigned into another single route ft. See example in Fig. 5.7. 
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Figure 5.7 Insertion Move 2. This figure illustrates the m / 2 move to insert 15 units from route K to 

route ft for a given customer i. 

Interchange Move (mE2). This move is based on removing a customer from one route and 

inserting it into another route. For each pair of different customers ^ j, such that has an 

assignation lKi in n e 77 and j an assignation l^j in ft e 77, the procedure explores the 

interchange of x™{ = min{lni, l^j} units between both routes. See example in Fig. 5.8. 

Figure 5.8 Interchange Move. This figure illustrates the mE2 move to interchange 15 units between the 

routes n and ft for customers i and j. 

Route Combine Move (mc). This move aims to merge two different routes into a single one 

while the routing costs are minimized. For each pair of routes nl ^ id, the procedure 

evaluates in the first place the union of both routes in that with the largest vehicle. If the 

union is feasible in terms of the vehicle capacity and the accessibility and time constraints are 

satisfied, both routes are merged into a single one. Otherwise the procedure seeks for a larger 

vehicle in the fleet. See example in Fig. 5.9. 
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Figure 5.9 Combine Move. This figure illustrates the mc move to combine routes Jtl and Jt2 into route 
Jt3. 

Route Elimination Move (mE). This move aims to reduce the number of routes, by 

reallocating the entire load of a route among the others. For each route Jt e 77, let C be the set 

of customers with load assigned in route jr., and IT c 77A{Jt} the subset of feasible, 

unrestricted and non-penalized routes for customer i e C. While C ^ 0 or the reallocation of 

the entire load of it among the others routes were impossible, repeat: for each customer ie C 

the largest portion of load assigned to n that may be reassigned to any other route Jr e 77 is 

computed as x%t= miniQft, /„} . Let i* = argmax^x^} the customer i who would reassign the 

largest amount of load from JT. to any other route ft e IT. In case of tie, the customer i* that 

when inserted into route ft yields in the greatest routing cost saving is selected. Update i*, x*i 

and ft. If x™i=lni then customer i* is deleted from C. If the entire load of a route n was 

reassigned and the saving obtained by eliminating the route is greater than the resignations 

cost, then the movement is recorded as valid. See example in Fig. 5.10. 

Figure 5.10 Elimination Move. This figure illustrates the mE move, which eliminates route TT.2, by 

redistributing its load among routes jtl, Jt3 and JC4. 
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5.3 Metaheuristic Algorithms for the DCFP and its Variations 

When a problem, such as the Disassembly Cell Formation Problem (DCFP) or any of its 

variations, is of such great complexity, the usual method for obtaining a solution consists in 

defining some kind of heuristic that will resolve it. In this section we describe not only the 

Tabu Search algorithm designed to analyze the performance of typical moves of the cell 

formation problem on a real-world instance of the DCFP, but we also describe a Variable 

Neighborhood Search algorithm that will be used in this thesis to generate quality solutions 

for both the robust and the reconfigurable disassembly cell formation problems. 

Most of the techniques available on literature consider the operations commonality by 

defining a measure of similarity between parts and then grouping parts into families. The 

similarity measure helps ensure that cells are focused if parts produced within a cell have a 

high level of similarity. However, although new approaches have considered the processing 

sequence information by modifying the classic 0-1 part machine incidence matrix, a 

similarity measure approach generally does not consider part volumes, machine capacities 

and processing times. Part volumes are important because high volume parts may have a 

much larger impact than lower volume parts on material handling costs. Machine capacities 

are important for two reasons. First it may be that when processing loads are considered it 

may be required to have multiple machines of a given type and these machines can be 

allocated to smaller, more focused cells. Also, when considering processing loads it may 

happen that multiple machines of a type are required in a cell. 

5.3.1 A Tabu Search Algorithm for the Disassembly Cell Formation 

Problem 

In this section we introduce a Tabu Search (TS) heuristic to solve the disassembly cell 

formation problem depicted above. Tabu Search is an adaptive search procedure for solving 

optimization problems, designed to guide other methods to escape the trap of local 

optimality. TS has been used in a wide variety of classical and practical problems of high 

degree of complexity, giving rise to highly efficient algorithms. For a thorough description of 

TS, we refer to books (Glover and Laguna, 1996) and tutorials (Glover, 1990; Glover and 

Laguna, 1995) that cover this technique. 
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To implement a TS strategy the following questions must be answered: How is a solution 

defined? What is a move? What is the structure of the neighborhood of an existing solution? 

How many moves are retained in the tabu list? What are the criteria for stopping the 

procedure? What diversification strategy is employed? The remaining part of this section 

explains this procedure on the disassembly cell formation problem. 

5.3.1.1 Solution Coding 

In our first metaheuristic implementation for solving the disassembly cell formation problem 

a feasible solution xic consists of an assignment of each disassembly task (i = {p,j}: operation 

j of product p) to a cell c. In turn, xic can be view as a matrix that has as many rows as the 

total number of disassembly tasks (AO and as many columns as the number of cells to form 

( O ; that satisfies: 

5.3.1.2 Initial Solution 

The initial solution is obtained by the following two steps greedy procedure which aims to 

minimize intercellular transfer costs: 
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Step 1. In the first step, all products are assigned into a single cell c, resulting in a null cost 

of intercellular transfers. This configuration (i.e. the trivial solution) is an infeasible 

solution, given that the cell size constraints are not satisfied. 

Step 2. In the second step, the procedure looks for feasibility while reducing machine 

acquisition costs, at the expense of slight increases in the intercellular transfer cost, 

by moving disassembly tasks into their own cells. 

a. The procedure begins by identifying the product p* with the lowest expected 

cost of intercellular transfers, wherep* = argmin(p){apxDp} 

b. Then, the procedure identifies the disassembly task i* associated to product 

p* that requires the machine m with the largest duplication cost (i.e. identify 

the machine that if duplicated would increase more the total cost). 

c. The remaining jx disassembly task associated to product p* are moved from 

the current cell c to a new cell c with their corresponding resources, where 

ju = min{NOP(p*) - 1, W{\) - L] and NOP(p*) is the total number of 

disassembly task associated to product p*. 

d. If W(c') + n<L then continue with the same cell c else open a new cell. 

Step 3. Repeat step 2, until L < W(c') < U. 

Finally, the number of machines allotted to cells and the total cost are computed. As will 

be seen, solutions with smaller number of cells are preferable, and hence the search will start 

from a solution with a large number of cells and will progressively try to reduce this number 

while intermediate solutions are being explored. 

5.3.1.3 Neighborhood Structures and Move Definition 

TS metaheuristic is an iterative procedure based on a neighborhood search technique; where 

at each iteration we move from a current solution x to a new solution x' in a neighborhood 

N(x) of x. Hence the notion of neighborhood is a basic component of this procedure. The 

neighborhood of a solution N(x) is the set of all the solutions that can be reached from the 

current solution x through a single move. This means that in general, the neighbor solutions x' 

are generated by applying slight modifications or moves m e MOVE to a solution x. The set 

of moves MOVE is specific to each problem. Mathematically speaking, we denote by x' = x © 

m the neighbor solution x' generated by applying the move m e MOVE to solution x. Note 
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that if any constraint is imposed, not every move is feasible. The moves that provide a 

feasible solution are called feasible moves. Then, the neighborhood N(x) of x is specified as 

N(x) = \x'\ x' = x © m for some m e MOVE]. 

In the cell formation problem the moves may be defined in several ways. The most 

common types of moves considered are the swap, insertion, union, and split moves (see for 

example Adenso-Diaz et al., 2001; Tavakkoli-Moghaddam et al., 2005; Cao and Chen, 2005; 

Schaller, 2005 and Schaller, 2007). The aim of this set of moves is to manipulate the 

assignment of tasks into cells. In the search of a better solution, for our particular case a move 

will be feasible if the cell cardinality constraints are satisfied. This means that a move would 

be feasible if L < W(c) < U. If a given move is implemented, W(c) will be updated in a proper 

manner. The moves modified to deal with the disassembly cell formation problem are 

depicted below. 

Insertion Move, m 7 . An operation is deleted from its current cell and included in a different 

one. Thus for each disassembly task such that xic = 1, if x © ml then xic = 0, while 

xic' — 1 for each c' c £ C. The cardinality of the source cell must be greater than the 

minimum number of operations per cell W(c) > L. In addition, the cardinality of the target 

cell must be less than the maximum number of operations per cell W(c') < U. The move will 

increment the cardinality of the target cell by one unit, reducing that of the source cell in the 

same quantity. Therefore W(c) is updated as follows: W(c) = W(c) - 1 and W(c') = W(c') + 1. 

Swap Move, mE. Two operations belonging to different cells are swapped, while the rest of 

the variables remain unchanged. Thus for each pair of disassembly tasks i and j such that 

xic = 1 and XjC' = 1, if x © mE then xic = 0 while xyc = 1, and XjC< = 0 while xic< — 1. 

Hence this move will not modify any of the values W(c). 

Union Move, m 0 . A l l the operations from two different cells are put together. Thus for each 

pair of cells c and c' such that: i) W(c) > L, ii) W(c') > L, and iii) W(c) + W^c1) < U, if 

x © my then all the disassembly tasks i such that xic> — 1, turn into xic> — 0 while xic = 1. 

W(c) and W(c') are updated as follows: W(c) = W(c) + W(c') and W(c') = 0. 

Splitting Move, ms. To allow an increase in the number of cells in the search process, we 

consider the possibility of splitting one of the cells into two. This is only possible if the 
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cardinality of the cell to be split is large enough to produce two cells with more than L 

operations each. Therefore we select nopers operations (L<nopers<surplus) to be removed 

from cell c and reinserted into a cell c', where c' is originally an empty cell, and surplus = 

W(c) - L is defined as the maximum number of operations that can be removed from cell c 

and reinserted into a cell c'. W(c) and W(c') will be updated as: W(c) = W(c) - nopers and 

W(c') = nopers, what is exactly the opposite to the union of two cells. 

The set of moves MOVE is the union of the four moves defined above M = mE U m, U 

my U ms. Consequently, each move has its corresponding neighborhood, and we define 

neighborhood N(x) as the union of all these types of neighborhoods N(x) = NE(x) U 

N 7 (x )Ufy ,0Ou t f s (* ) . 

Given the multiple representation of a single solution, not all the elements in N(x) must be 

considered (because of cell size constraints), considerably reducing the number of candidates 

to explore. As will be seen, solutions with smaller number of cells are preferable, and hence 

the search will start from a solution with a large number of cells and will progressively try to 

reduce this number while intermediate solutions are being explored. Therefore, in relation to 

the neighborhood Ns(x), good results are obtained when its corresponding move is considered 

only after 5 number of iterations without improvement, thus acting as a first-level search 

diversifier that increase the number of cells once more and continue the search in another 

region of the solution space. 

5.3.1.4 Short Term Memory Structures 

Since the value of the objective function is not necessarily strictly increasing, a safeguard 

against cycling in local optimal solutions is required. TS uses a short term memory strategy 

to avoid returning to a solution already visited, which keep track of some attributes or 

characteristics of the moves that were recently used. In our TS implementation, we use two 

short term memory structures to keep track of moves that remain tabu during a specified time 

horizon (tabu tenure). 

Swap Matrix. We label tabu those moves that reverse the exchange of disassembly tasks that 

recently had been swapped. The short term memory structure takes the form of a matrix that 

has the same dimensions than the solution xic, i.e. as many rows as total number of 

disassembly tasks (AO and as many columns as the number of cells to form (C). If a swap 
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move is implemented in iteration iter then the value iter + pi is added to the corresponding 

entries in the swap matrix, i.e. swap_matrix(i, c) = iter + pj and swap_matrix(j, c') = iter + 

pi, where p, is the corresponding tabu tenure for swap. When evaluating the neighborhood of 

a solution in an iteration iter, a certain swap move will be discarded if swap_matrix(i, c)>iter 

or swap_matrix(j, c') > iter, with the exception described in the aspiration criterion. 

Insertion Matrix. We also label tabu those moves that involve the reinsertion of any 

disassembly task that recently had been eliminated from a given cell. This second short term 

memory structure also takes the form of a matrix with the same dimensions than the solution 

xic. If an insertion move is implemented in iteration iter then the value iter + p 2 is added to the 

corresponding entry in the insertion matrix, i.e. insertion_matrix(i, c') = iter + p2, where p 2 is 

the corresponding tabu tenure. When evaluating the neighborhood of a solution in an iteration 

iter, a certain insertion move will be discarded if insertion_matrix(i, c) > iter, with the 

exception described in the aspiration criterion. 

The size of the tabu tenure for each matrix is an important parameter regarding the 

efficiency of the heuristic; however its best value is not easily determined. Furthermore, it is 

often more efficient to use a variable tabu tenure size. In this variant, the tabu tenure size 

used at each iteration is a random integer such that p^n < p < pmax. The extreme values 

used in this implementation were: N/7 < px < N/3 for the swap move and N/S < p2 < 

N/3 for the insertion move. 

5.3.1.5 Aspiration Criterion 

In our implementation, we use the simple aspiration criterion that overrules the tabu 

restriction if the candidate solution is better than the current, best encountered one. This 

means that if a move will result in an improved incumbent value, then the move will be 

implemented even if it is tabu. Other refinements that could be implemented include 

overruling when the candidate is better than all the solutions in a region, or in a prescribed 

number of iterations. 

5.3.1.6 Diversification Procedure 

If r] iterations have elapsed since the last update of the best solution then diversification move 

is implemented to restart the search in another zone. The diversification move will assign 
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each operation to a new cell, being more likely the assignment to the cells to which it was 

assigned more rarely in the past. To this end, the frequency (i.e. the fraction) of the solutions 

explored in which the disassembly task has been assigned to each cell c (ulc) is computed. 

Specifically, every time that a move is performed wiC is updated according to: 
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(5.6) 

where the smoothing coefficient oc e (0, 1) controls the weight given to the most recent 

visited solutions. The assignment of a disassembly task i to a cell c is made with a probability 

ViC — 1 — uic- This is implemented through the table look-up method that is normally used to 

generate samples of a discrete distribution. After a number of experiments we opted for a 

fixed a = 0.75. 

5.3.1.7 Stopping Criterion 

If y iterations have elapsed without an improved solution, or maxjter iterations have been 

performed then the algorithm stops. We decide to fix y = 200. With regard to the maximum 

total number of iterations before stopping, maxjter, this can be assigned a sufficiently high 

value (e.g. 1000) in order to guarantee that the search will not end too soon. 

5.3.1.8 Outline of the Tabu Search Procedure 

A detailed description of the TS procedure is depicted in Fig. 5.11. 



Figure 5.11 Tabu search algorithm for the disassembly cell formation problem. 

5.3.2 A Variable Neighborhood Search Algorithm for the Robust and 

Reconfigurable Disassembly Cell Formation Problems 

In this section we introduce a Variable Neighborhood Algorithm (VNS) based heuristic to 

solve the robust (DCFP-R) and reconfigurable (DCFP-D) disassembly cell formation 

problems formulated in Sections 4.3.2 and 4.3.3. VNS is a meta-heuristic approach that has 

been used for solving many different types of combinatorial optimization problems. It was 

introduced by Mladenovic and Hansen (1997), and since then it has had a rapid development 

in both methods and applications (see Hansen et al. (2009) for a review). The VNS is a 

simple and effective search procedure that performs a systematic change of neighborhood 

within the local search algorithm. To develop an effective VNS algorithm two kinds of 

neighborhood structures must be defined to achieve a valuable neighborhood change: the 

neighborhood structures for shake NSK

k(x) and the neighborhood structures for local search 
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N i(x). The indices, k and /, are used to identify the neighborhoods structures within each 

function (shake and local search respectively), which ease switching from one to another 

neighborhood. Note that 1 < k < fcmax and 1 < I < / m a x , where fcmax and / m a x denote the 

boundaries of both indices respectively. A typical VNS metaheuristic gets an initial solution, 

x, and then manipulates it through the three steps that enclose the main loop of the algorithm: 

shaking, local search and neighborhood change. Initially the neighborhood indexes k and / are 

set to 1, then the shake procedure acts as a diversifier of the incumbent solution, i.e., it 

produces a solution x' within NSK

k(x), which moves away from the current solution x. The 

local search procedure takes x' as a starting solution, and explores for an improved solution 

within the predefined neighborhood structure A ^ x ) until a local minimum x " is found. If x" 

is better than the incumbent solution x, then x is replaced with x ' ' . The neighborhood change 

procedure needs to answer two questions: (i) whether to move or not: what criteria to use in 

changing the incumbent solution; and (ii) next neighborhood: which will be the next 

neighborhoods NSK

k(x) and ^ " ( x ) for shake and local search functions respectively, in case 

the solution is changed and in case the incumbent is not changed. The method repeats these 

three steps until the stopping condition is met. 

The motivation for using VNS in this particular application is based on the fact that 

although a simple metaheuristic, which combines a systematic change of neighborhoods with 

a local search; it has shown to be highly efficient and easy to implement. Furthermore in the 

literature several neighborhood structures have been proposed for the cell formation problem 

which have been used under different metaheuristic schemes such as tabu search, genetic 

algorithms and simulated annealing among others. A modification of some of such structures 

can be easily applied to define the shaking and local search functions in a proper manner with 

the aim of reaching high quality solutions. It should be noted that the two models described 

above, namely DCFP-D and DCFP-R, have the same structure and variables, and if we 

replace the term scenario with the term period, the only difference lies in the evaluation 

function given by the distinct features of each objective function. We now present in more 

detail the steps of our VNS based heuristic for solving the robust and reconfigurable 

disassembly cell formation problems. 

5.3.3.1 Solution Coding and Evaluation 

When designing an algorithm it is important to define a good structure for encoding the 

solution. An appropriate selection of a solution coding provides an efficient way for 
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implementing the moves and evaluating the solutions. For designing this algorithm we 

improve the solution coding regarding the one used in the Tabu Search algorithm. Now for a 

formal definition of the solution space in the DCFP, let N be the number of disassembly tasks 

to be considered. Since the purpose of the DCFP is to group the disassembly tasks into cells 

with their respective resources, whilst satisfying some additional constraints, the simplest 

structure might be to consider an array of N elements in which the number of the cell to 

which the i-th task is assigned in a particular solution is indicated in the i-th position of the 

array. With this array the feasibility condition: E r e C xpjc = 1 for all pj, which sets that each 

disassembly task must be assigned to one and only one cell, is easily satisfied. Once the 

solution concept has been thus defined, the concept of a feasible solution is defined for each 

version of the disassembly cells formation problem. 

Reconfigurable DCFP. In the reconfigurable version of the DCFP the purpose is to group 

for every period the disassembly tasks into cells with their respective resources, whilst 

machines reallocation is allowed to deal with demand variability. Thus, a feasible solution x 

in the DCFP-D define a set of arrays x, = (x,(l), x,(2), x,(N)) for each period (x = (Jter * t ) 

that does not violate the cardinality constraints. Each position of x, indicates the cell c to 

which the i-th disassembly task has been assigned in period t (x,(i) - c), see example in Fig. 

5.12. Therefore, the use of an appropriate data structure is required to identify the feasible 

solution. 

Figure 5.12 Solution coding for the reconfigurable approach. This figure shows a possible 

representation of a solution with three cells for a problem with 5 parts (where each one requires 2 

disassembly operations) therefore there are 10 tasks. Each position of xt indicates the cell c to which 

the i-th disassembly task has been assigned in period t (x,(i) = c). For instance x2(7) = 1 means that in 

period 2 the disassembly task 7 has been assigned to cell 1. 
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To comply with cardinality constraints a feasible solution x must satisfy that L < W,(c) < U 

for all c and for all f, where W,(c) is the number of disassembly tasks assigned to cell c during 

period t. For a given solution x, the number of machines of each type required in each cell 

during each period (ZMCI) can be obtained using the constraint (4.47) as follows: 

(5.7) 

where l(p) and u[p) are the first and last disassembly tasks associated to product p 

respectively. Consequently the total number of machines type m reallocated in each cell c 

(A,„,.) can be computed as follows: if Amc > 0, then z +

m c , = A m c and Z ~MC, = 0; otherwise Z "„„, = 

abs(Am c), and z + „„ = 0, where Amc = Z,„LV) - Zmc«- n . 

After the number and types of machines for each cell have been calculated the total cost 

which includes the machines acquisition and reallocation as well as the intercellular 

transportation costs can be calculated as follows: 

Robust DCFP. The robust version of the DCFP aims at finding a robust cellular 

configuration of machines that performs well across all possible realizations of scenarios to 

deal with product demand variability. It should be noted that the cells are formed and the 

machines are assigned to them, and then decisions regarding disassembly tasks and flow 

patterns are made for each scenario realization. Thus, a feasible solution x in the DCFP-R 

define a set of arrays xs - (xs(l), xs(2), xs(N)) for each one of the S scenarios, i.e. x = 

U s e s ^ s ' m a t does not violate the cardinality constraints. Each position of x, indicates the cell 

c to which the /-th disassembly task has been assigned in scenario 5 (xs(i) = c), see example in 

Fig. 5.13. 
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Figure 5.13 Solution coding for the robust approach. This figure shows a possible representation of a 

solution with three cells for a problem with 5 parts (where each one requires 2 disassembly operations) 

therefore there are 10 tasks. Each position of xs indicates the cell c to which the i-th disassembly task 

has been assigned in scenario s (xs(i) = c). For instance x2(5) = 3 means that in scenario 2 the 

disassembly task 5 has been assigned to cell 3. 

T o comply with cardinality constraints a feasible solution x must satisfy that L < Ws(c) < 

U for all c and for all s, where Ws(c) is the number of disassembly tasks assigned to cell c 

under scenario s. For a given solution x the number of machines of each type required in each 

cell under scenario s (z 1^) can be determined using the constraint (4.59) as follows: 

(5.9) 

Thus, the number of machines required in the robust solution is given by zmc = m a X j f z V h 

while the variable emc = zmc-zs

mc. Finally, it is easy to compute the total cost associated to a 

solution x as follows: 

(5.10) 

T o facilitate the exposition of the proposed metaheuristic from hereafter, unless otherwise 

stated, index s will refer to the stage -period for the reconfigurable problem and scenario for 

the robust problem- within a solution. 
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5.3.3.2 Initial Solution 

To obtain an initial solution of good quality, the greedy heuristic procedure designed for the 

basic DCFP was adapted. The heuristic procedure tries to find a feasible assignment of 

disassembly tasks to cells, period by period or scenario by scenario. The procedure begins 

with an infeasible solution, and then step by step it looks for feasibility while the machine 

amortization costs are minimized at the expense of slight increase of intercellular movement 

costs. It should be noted that although in the context of reconfigurable cell formation, the 

allocation of machines between two consecutive periods directly affects the costs of 

reconfiguration and thus the total cost, the objective of this procedure is to find a feasible 

solution in each period, so that the costs of reallocation are not considered in this phase. 

Subsequently, the procedure searches moves to reduce overall costs. 

The following steps are repeated for all stages: 

Step 1. In the first step, all products are assigned into a single cell c, resulting in a null cost 

of intercellular transfers. This configuration (i.e. the trivial solution) is an infeasible 

solution, given that the cell size constraints are not satisfied. 

Step 2. In the second step, the procedure looks for feasibility while reducing machine 

acquisition costs, at the expense of slight increases in the intercellular transfer cost, 

by moving disassembly tasks into their own cells. 

a. The procedure begins by identifying the product p* with the lowest expected 

cost of intercellular transfers, where p* = argmin w {a p xD s

p }. 

b. Then, the procedure identifies the disassembly task i* associated to product 

p* that requires the machine m with the largest duplication cost (i.e. identify 

the machine that if duplicated would increase more the total cost). 

c. The remaining n disassembly task associated to product p* are moved from 

the current cell c to a new cell c with their corresponding resources, where n 

= min{NOP(p*) - 1, - L} and NOP(p*) is the total number of 

disassembly task associated to product p*. 

d. If Wj(c') + n<L then continue with the same cell c' else open a new cell. 

Step 3. Repeat step 2, until L < Ws(c') < U. 

Step 4. Update xs and proceed with the next stage s, until the solution xis completed. 
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Finally, the number of machines allotted to cells and the total cost are computed for the 

corresponding problem. As will be seen, in both problems solutions with smaller number of 

cells are preferable (as in the basic DCFP), and hence the search will start from a solution 

with a large number of cells and will progressively try to reduce this number while 

intermediate solutions are being explored. 

5.3.3.3 Neighborhood Structures and Move Definition 

VNS metaheuristic is an iterative procedure that performs a systematic change of 

neighborhood within the local search algorithm. Hence the notion of neighborhood is also a 

basic component of this procedure. In the remaining of this section, we define a set of 

neighborhood structures that will be used in the shaking and local search phases of the 

algorithm. In general, we use the same moves than in the TS algorithm, but we also include 

new moves. The moves modified to deal with our particular problems are briefly depicted 

below. A detailed description of the moves is provided in Appendix A. 

Insertion Move, mh Within this move a disassembly task is deleted from its current cell and 

reinserted in a different one. See Fig. 5.14. 

Figure 5.14 Insertion move. In the initial solution xS(2) = 1, then after performing x ffi m; a 

neighboring solution is xS(2) = 3. 

Swap Move, mE. Within this move two disassembly tasks belonging to different cells are 

swapping, while the rest of the tasks remain unchanged. See Fig. 5.15. 
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Figure 5.15 Swap move. In the initial solution xs(3) = 3 and xs(6) = 1, then after performing x © mE a 

neighboring solution is xs(3) = 1 and JC.,(6) = 3. 

Figure 5.16 Union move for the robust problem. For illustration cells 1 and 2 are joined in all 

scenarios. 

Figure 5.17 Union move for the reconfigurable problem. For illustration in the initial solution 

x5(2) = 1, xs(4) = 2, xs(6) = 1, and xs(8) = 2, then after performing x © mv a neighboring solution is 

xs(2) = 1, xs(4) = 1. xv(6) = 1, and xs(8) = 1. 

1 0 2 

Union Move, mv. Within this move all the disassembly tasks of two different cells are put 

together. The implementation of this move is different in the robust problem than in the 

reconfigurable problem. The main difference lies in the fact that while in the reconfigurable 

problem the number of cells can vary from period to period, in the robust problem the 

number of cells must remain constant for all scenarios. See Fig. 5.16 for an example of the 

union move for the robust problem and Fig. 5.17 for an example for the reconfigurable 

problem. 



Split Move, ms. To allow an increase in the number of cells in the search process, we 

consider the possibility of splitting one of the cells into two. As in the union move, the split 

move in the robust problem increments the number of cells in all scenarios, while in the 

reconfigurable problem the number of cells may be increased in only one period. The split 

move for the reconfigurable problem is illustrated in Fig. 5.18. 

Figure 5.18 Split move for the reconfigurable problem. In the initial solution xs(\) = 1, xS(2) = 1, xs(3) 

= 1, xs(6) = 1 and xs(J) = 1, then after performing the movex © ms a neighboring solution is x s(l) = 1, 

.̂-Insertion Move, m^. In previous experiments we found that sometimes it is required to 

move more than one disassembly task a time which belongs to the same cell to obtain an 

improving move, therefore we consider the movement of X disassembly tasks a time. Within 

this move X disassembly tasks are deleted from their current cell and reinserted into a 

different one. For an illustration see Fig. 5.19. 

Figure 5.19 The ^.-insertion move. Given X = 3, three disassembly tasks that belong to the same cell 

are reinserted in a different cell. In the initial solution x,(l) = 3, xv(5) = 3 and x,(7) = 3, then after 

performing x ffi m\ a neighboring solution is x,( 1) = 1, x,(5) = 1 and x,(7) = 1. 

1 0 3 



5.3.3.4 Shaking 

The shake procedure in the VNS heuristic allows escaping from a local minimum without 

destroying completely the good properties of the current solution. It is expected that the 

shaking procedure will diversify the incumbent solution x*, i.e., it will produce a solution x' 

which moves away from the current solution/. To this end, our shake procedure consists of 

three neighborhood structures: the NSK

x{x) which use the split move, NSK

2(x) which use the 

random insertion move and NSK

3(x) which combines the random insertion move and the split 

move successively. The rotation of the three neighborhoods is described within the 

neighborhood change section. 

Our first shaking procedure uses the split move defined above. We select \x disassembly 

tasks from cell c at random and reallocate them in cell c'. Our second shaking procedure uses 

the random insertion move defined above. Given a size r) for the second shaking procedure, 

we choose r\ times a disassembly task at random and we insert it into a different cell. For r = 

1 to T) we randomly select the r-th disassembly tasks form the N available tasks to be 

reinserted into a different cell. If xs(ir) = c, we randomly select a c ' ( c ^ c') and assess if L < 

Wj(c') + 1 < U and Ws(c) - 1 > L to evaluate the feasibility of the move. If the move is 

feasible then the disassembly task ir moves from xs(ir) = c to xs(ir) = c', also Ws(c) and Ws(c') 

are updated as follows: Ws(c) = Ws(c) - 1, and Ws(c') = Ws(c') + 1, and r is updated as r + 1, 

else Ws{c), Wj(c') and r remains unchanged. We do not allow r| become larger than \NIA\. 

Finally, in our third shaking procedure, given a solution x we randomly reallocate r| 

disassembly tasks into a different cell and then we split two cells to obtain a solution x'. 

The random insertion and split neighborhood schemes were chosen for the shaking phase, 

as they can provide changes in the structure of the solution by changing both the allocation of 

disassembly tasks into cells and the number of cells, and hence provide diversification to the 

search. The split move provides solutions which cannot be reached via insertion or swap 

moves due to the capacity constraints. On the other hand, by applying r\ times the random 

insertion move very diverse solutions are reached. 

5.3.3.5 Local Search 

The local search looks for an improving solution within the type of neighborhood structure 

being explored. Our local search procedure uses four neighborhood structures: the insertion 
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neighborhood Nfe), the swap neighborhood NE(X), the union neighborhood Nu{x), and the X-

insertion neighborhood Ni(x). These neighborhood schemes were chosen for the local search 

phase, as they have been used in previous research to provide quality local optimal solutions 

to the cell formation problem. 

These neighborhoods are used according the following schema: 

Thus, given a solution, a greedy local search with respect to N^iix) e {N^^x), NLS

2(x), 

N^iix), N^^x), A , L S

5(x)} is implemented by choosing each time the best possible move 

among the nested neighborhoods (see pseudo-code in Fig. 5.20). Note that the cardinality of 

each nested local search neighborhood is successively incremented. Therefore, even though 

the size of the neighborhood A^"(x) is reduced (because of cell size constraints, which 

consequently reduce the number of candidate neighboring solutions to explore) its cardinality 

could be too large for instances of realistic size to explore them in a best improvement basis. 

Note that when X becomes larger there are more improvement choices and improvement 

results may be better. However, computation time increases exponentially with X, which 

complicate a complete exploration of the A,-insert neighborhoods. In our case, X is limited to 

2 and 3. 

There are two ways to improve the current solution: best improvement and first 

improvement. First improvement searches the current neighborhood until it finds the first 

solution which is better than the current solution. Best improvement searches the whole 

neighborhood and chooses the best solution found in each improvement step. Neighborhoods 

NE(x), Nj(x) and Nrj(x) will be explored under the best improvement strategy whereas 

neighborhoods N^2(x) and N^(x) will be explored under the first improvement strategy. 
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Figure 5.20 Pseudo-code of the Local Search for the robust and reconfigurable DCFP. 

Since the insertion move could reverse the random insertion generated in the shaking 

phase, it is applied after the first local search neighborhood. The split move diversify the 

search increasing the number of cells, which forces the swap and insertion moves to continue 

the search in another region of the solution space. However, as will be seen, solutions with 

smaller number of cells are preferable, and hence the union move is implemented in the local 

search. In relation to the ^-insertion neighborhood, its solution space is incremented as X 

increase; therefore it is implemented at the end. 

5.3.3.6 Neighborhood Change 

Neighborhood change is a very important step in the VNS framework. Several different 

neighborhood change strategies within VNS have been suggested in the literature. The 

neighborhood change function requires to answer two questions: (i) whether to move or not: 
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what criteria to use in changing the incumbent solution; and (ii) next neighborhood: what will 

be the next neighborhood in a case when the solution is changed and in a case when the 

incumbent is not changed. 

Since we use several neighborhoods for both shaking and local search, we need to define 

for each whether to move or not from one neighborhood to another and what will be the next 

neighborhood. 

Move or not. The acceptance criterion for moving, within the local search, from x' to x" is 

based on the objective function value, if fix") <fix) then inner solution x' is changed to x". 

While the acceptance criterion for moving, within the shaking, from x* to x' is also based on 

the objective function value, if fix') <fix*) then incumbent solution x* is changed to x'. 

Next neighborhood. We have defined three neighborhoods for shaking and four 

neighborhoods for local search. Within the local search, if the inner solution is improved then 

we continue the search in / = 1; otherwise, the next neighborhood is explored, i.e. 1 = 1+ 1. 

For the shaking, if the incumbent solution is improved then we use the first neighborhood for 

shaking to diversify the solution (k = 1); otherwise, the next neighborhood for shaking is 

considered. 

5.3.3.7 Outline of the Proposed V N S Procedure 

With the above introduced concepts and explanations, the proposed VNS procedure for the 

disassembly cells formation problem with demand uncertainty is described within this 

section. A detailed pseudo-code is given in Fig. 5.21. In line 1 the InitSol() procedure is used 

to generate an initial solution x° applying the greedy heuristic defined above, then a greedy 

local search among all the nested neighborhoods is performed to generate a high quality 

incumbent solution x*. In line 5 the incumbent solution is perturbed using the k-th 

neighborhood of the Shake() procedure to obtain a solution x'. In line 8 the local minimum 

of the solution x' within the l-th neighborhood of the LocalSearch() procedure is searched to 

obtain the improved solution x". If x' is improved then in line 10 the inner loop solution x' is 

updated with x", and the next neighborhood of the LocalSearch(x) procedure is explored. 

After exploring all the neighborhoods of the local search, the inner loop solution is compared 

against the incumbent solution to decide if a change in the neighborhood of the Shake( ) 

procedure must be performed. 
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Figure 5.21 VNS algorithm for the robust and reconfigurable disassembly cell formation problems. 
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Chapter 6 

Experimental Results 

The objective of this chapter is to describe the experimental frameworks and to present the 

results obtained in each problem addressed in this thesis. In Section 6.1 the results obtained 

after applying the methodological approach for redesigning the WEEE collection network in 

Galicia are shown. Specifically, Section 6.1.1 explains how the data were gathered while 

from Section 6.1.2 through Section 6.1.5 the results of each element of the methodological 

framework are discussed. Section 6.1.6 compares the performance of the current 

configuration versus the proposed configuration. In Section 6.2 the experimental results 

obtained with an implementation of the GRASP algorithm proposed in Section 5.2 are 

presented. Section 6.2.1 describes the instance generator while the experimental framework 

and the computational results are discussed and analyzed in Section 6.2.2. Finally in Section 

6.3 the experimental results obtained with an implementation of the TS and the VNS 

algorithms proposed in Section 5.3 are discussed and analyzed. Section 6.3.1 describe the 

application of the proposed TS algorithm to solve a real-world instance, while the 

computational results obtained by an implementation of the VNS proposed for the robust and 

the reconfigurable problems of the DCFP are discussed and analyzed in Section 6.3.3 and 

Section 6.3.4 respectively. 

6.1 Results of the WEEE Collection Network 
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6.1.1 Data Gathering to Design the Recovery Network in Galicia 

As discussed in Section 3.1, the CMS serves 707 geographically dispersed stores in Galicia 

from which the total amount of items collected per week are recorded. Data related to the 

fleet of vehicles used in the harvesting process, distances and travel times, as well as the real 

amount of items collected along 2008 in every store were provided by the CMS. In general 

two types of vehicles with different load capacity (15 and 25 items) are used in the harvesting 

process. The first (hereafter referred as vehicle type 1) are smaller than the corresponding 

vehicles with a load capacity of 25 items (hereinafter referred as vehicle type 2), therefore 

they can access to all stores, although the latter have a loading platform that facilitates the 

collection task. Annual fixed costs are respectively 34,993.47 and 41,723.96 €/year, while the 

variable costs reach 0.15 and 0.17 €/km. Every depot works an average of 40 hours per week, 

5 working days, 245 days per year, and according to strategic requirements set by CMS, 

recovered items should stay at must an average of one week at the depot. Currently there are 

two recovery plants; one is able to process all items that are sent, while the second is only 

capable of processing at most 40% of the retrieved items given that it cannot process 

refrigerators. However, to ensure the economic viability of both facilities, at least 20% of the 

recovered items should be sent to each plant. Finally the cost per unit of capacity to install in 

a depot is 67.5 €/year, regardless of their location. 

6.1.2 Location - Allocation Results 

As mentioned above, we were able to solve to optimality the facility location model (Phase 

I). Although the current recovery network of the CMS in Galicia consists of seven collection 

depots, which serve all the 707 stores where they collected, the solution obtained by solving 

the model (4.1.1) - (4.11) with C P L E X v l 1.1 gives rise to a new network that consists of just 

five depots (Fig. 6.1) whose characteristics are shown in Table 6.1. 

Table 6.1 Facility location model results. 
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Depots 2, 3 and 4 send all collected items to recovery plant 1, while the remaining depots 

carry shipments to both plants. As a result, to the facilities of plant 1 arrive 45,045 end-of-life 

electrical appliances each year, representing 76.19% of the harvest in Galicia, whereas to 

plant 2 arrive 14,076 items corresponding to the remaining 23.81%. At the aggregate level 

depots provide relevant information relating to the number of served stores, for instance, 

depot 2 serves 175 stores, whose weekly demand varies from 20 to 1478 items. 

Figure 6.1 Optimal recovery network configuration for W E E E recovery in Galicia. 
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6.1.3 Validation of the Proposed Heuristic for the Collection Routing 

Problem 

To assess the performance of the algorithm proposed in Section 5.1.1 for solving the routes 

collection problems in Galicia, and given that it is not possible to solve optimally the sized-

problems handled here, a set of 30 random instances were generated -of up to 20 stores from 

the actual case study- for experimentation and analysis. The heuristic was coded in C using 

the Microsoft Visual C++ 6.0 programming environment under Windows Vista operating 

system. A l l solution procedures were implemented using an Acer A M D Athlon X2 PC with a 

processor operating at 1.90 GHz and 2.00 GB R A M . Results are summarized in Table 6.2, 

where the number of stores (n), the total amount of items collected Q ] " = 1 ^i), and the set of 

vehicle types used (K) are listed for every instance. 

In the comparison experiments we are interested in both optimal solutions and high 

quality feasible solutions. These are used to measure the performance of the heuristic 

algorithm in terms of its efficacy and efficiency. The best way to evaluate the efficacy of a 

heuristic algorithm is to compute the gap between optimal and heuristic solutions. However, 

given the complexity of our problem, optimal solutions are hard to find even for small 

instances. Thus, a time limit of 4 hours of CPU time was set on C P L E X v. 11.1, taking the 

best solution found until that time. In Table 6.2 the costs obtained and solution times (in 

seconds) required by C P L E X , and by the heuristic algorithm are respectively reported. The 

best solution found is presented in bold characters, and when the optimal solution is reached, 

it is identified with (*). To measure the gap between both solutions the relative percentage 

deviation is computed as ((ZHEU- ZCPLEXVZCPLEX^OO, where ZCPLEx and ZHEU are the C P L E X 

and heuristic solutions respectively. Experimental results show a good performance of the 

proposed heuristic, on average the heuristic solution obtained is at 1.13% from the best 

solution found. In only one instance a deviation greater than 7% was obtained, however in 

80% of the instances the deviation was lower than 2.50%, been possible to achieve the 

optimal value in 9 of the 30 instances generated (30%). In fact, for many instances our 

approach was able to reach better solutions in less than one second, than a commercial MIP 

solver after hours of computation. 
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Table 6.2 Comparative study of the heuristic performance, versus optimization model (with a time 
limit of 4 hours of CPU time). The best solution found is presented in bold characters, when the best 
solution found corresponds to the optimal solution, this is identified with (*). The relative percentage 

deviation is computed as: ((ZHEU - ZCPLEX)/ZCPLEX) x 100. 

On the other hand, the efficiency of the proposed algorithm is related to the CPU required 

by the heuristic to reach a solution. However, our heuristic algorithm usually requires a 

negligible computing time, which cannot be fairly compared against the time required by 

C P L E X to get a solution, even if the model's formulation is strengthen. To overcome this 

drawback, the default values for the algorithmic control directives of C P L E X were shifted to 

give more emphasis towards finding high quality feasible solutions. Under these settings the 
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solutions founded by C P L E X in a CPU time limit of 5 minutes can be fairly compared 

against the heuristic solutions, to evaluate the effectiveness of the proposed algorithm to reach 

high quality feasible solutions in negligible computing times. It is possible given that under 

these settings the MIP optimizer works hard to find high quality feasible solutions, rather 

than proving optimality, which let the optimizer quickly find feasible solutions that are 

otherwise very difficult to find. In Table 6.3 the best feasible solution found by C P L E X , and 

the absolute MIP gaps for model (4.12)-(4.20) are shown. When the optimality of the best 

feasible solution found by C P L E X is proved, it is identified with (*). It can be seen that high 

quality feasible solutions found by C P L E X in 5 minutes are optimal or very close to optimal 

solutions in instances with 10 and 15 customers; giving better bounds (1.14% better) than the 

heuristic solutions. Indeed in some instances the best feasible and optimal solutions are equal 

(see for example instance 11), however optimality has not been proved for the best feasible 

solution, so the corresponding MIP gap is reported. For instances with 20 customers the 

heuristic algorithm reached better solutions than the high quality feasible solutions found by 

C P L E X . This proves the effectiveness of the proposed algorithm. It was not possible to 

determine any negative trend in the algorithm performance, as a result it is expected a similar 

behavior in larger instances, such as those commonly found in real situations. 

6.1.4 Collection Routing Results 

To design the collection routes for the harvesting on the 707 collection points (stores) served 

every week, the collection data for the last 4 months of 2008 were used, given that during this 

period a significant upturn of WEEE was generated as a consequence of governmental 

policies that promote recycling, taking what could be considered a worst-case scenario. By 

applying the heuristic procedure all over the five depots 1,638 routes were generated totaling 

161,060.50 km. Regarding the tour length characteristics, Table 6.3 shows that while the 

number of routes per depot has a range of variation of 79 tours, the average tour length 

between the corresponding areas remains almost constant. Nor it is possible to determine any 

relationship between the number of tours and the number of stores allocated to each depot. 

For example, while the number of stores allocated to depot 1 ranks it as the second place in 

descending order, the number of tours ranks it in the third place; however depot 5 is located 

in the fifth place in both categories. A similar situation is presented when assessing the 

annual travelled distance by the vehicles allotted to each depot in combination with the 

specific costs of transportation. 
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Table 6.3 Details of the tours in each depot, given by the proposed heuristic. 

Since for every period every depot requires a variable number of type 1 and 2 vehicles, 

variable transportation costs reflect this features. The annual travelled distance in each depot 

provides information on two parameters: the size of territory to be covered by the depot, and 

the frequency of visits to the stores. These results indicate the differences between the size of 

the regions and the density of stores. For example, depot 4 features an annual harvest of 

10,700 items, against 13,233 items collected by depot 1 (23.67% more); however the land 

area covered is smaller. Therefore, in the latter the length of tours is very small. Due to 

demand variability, in all regions there are periods in which few vehicles are required, in 

contrast there are other periods that require more vehicles and more tours are conducted. 

6.1.5 Simulation Results 

After running the vehicle routing heuristic in a weekly basis and knowing the routes to be 

served, we could determine the maximum, minimum and mode regarding to the number of 

type 1 and 2 vehicles required for every depot (see Table 6.4). It should be noted that in 

general, the number of vehicles of each type most often required is the minimum one. For 

vehicle type 1 the number of trucks required ranges from 1 to 2, while for vehicle type 2 it 

ranges from 0 to 4 trucks. If the number of vehicles type k to allot to every depot were 

defined as nk = max,{n'k] lower rates of vehicle use will result, especially if such amount of 

vehicles is required infrequently, in contrast, defined as nk = min^n'*} will lead to inefficient 

service levels. 
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Table 6.4 Number of vehicles of each type required by every depot, considering the weekly results of 

the vehicle routing heuristic. 

With the aim of finding the most appropriate values for these and other variables, different 

scenarios were analyzed by means of a simulation study, as detailed above. Two values for cj 

were considered: 50% and 75% to generate a shipment order to the recovery plant, while for 

every depot being analyzed, we range nk from its lower to its upper bound for each k. The 

CMS has defined as a target performance for vehicle use, utilization rates up to 50% on 

average. In addition, it seems reasonable to consider that in no more than three weeks the 

utilization rate achieves values over than 100% (and therefore extra vehicles should likely be 

needed), and never yields an utilization rate greater than 130%. Table 6.5 describes the 

scenarios for which the simulation results show the best system performance under the set of 

conditions stated above. 

Table 6.5 Simulation study results for every depot, for determining the most appropriate number of 

vehicles of each type, under the predefined constraints. 
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Concluding the simulation analysis, two dissimilar situations were compared to define 

bounds on the number of load/unload stations to install at every depot. In the first situation 

(scenario A) it is assumed that every depot has just one load/unload station, therefore every 

truck who has finished a tour needs to wait in a queue to be downloaded; in the opposite 

(scenario B , the most expensive) it is assumed that every truck is served independently in its 

own station, as a result once the truck has completed a tour it is immediately downloaded. 

Derived from Table 6.5 results, figure 6.2 presents a week by week comparison of the 

utilization rate for type 1 and 2 vehicles under both scenarios at depot 4. The value of this 

variable as well as the inventory policy are strategic factors that the decision-maker must 

adjust in every depot to improve the overall recovery system performance. 

( a ) One single station for all trucks ( b ) One station for each truck 

Figure 6.2 Usage rate for each vehicle type at depot 4. Graph (a) show the usage rate for type 1 and 2 
vehicles for the last 4 months in 2008, considering a single load/unload station serving to all trucks, 
while graph (b) shows the usage rate for the same type of vehicles and period, considering as much 

load/unload stations as trucks used. 

6.1.6 Overall Comparison Regarding Current Configuration 

Table 6.6 shows a detailed comparison of the current configuration against those obtained by 

the optimization models. The analysis on the results obtained leads to the major conclusion 

that the proposed network outperforms the one currently in use. Particularly, the annual costs 

of depot leasing turn out in a 12.5% improvement. Given that in the current configuration 

there are 2 more depots than in the proposed configuration, the size of the territory covered 

by each depot in the first of them is smaller. Therefore, the number of tours in the proposed 

configuration is 9.4% greater than the number of tours in the current configuration, however 

the current configuration makes a frequent use of vehicles type 2 (the most expensive). In 
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fact, in the current configuration the vehicle type 2 runs over 924 tours regarding the vehicle 

type 1, while in the proposed configuration the number of tours with both types of vehicles is 

almost uniform. Hence, even though the variable transportation cost in tours for the proposed 

configuration is 10.8% worst, this drawback was offset by an improvement of 29.2% in the 

fixed cost of vehicles in-use. 

Table 6.6 Comparative results between current and proposed configurations. In parentheses the 

percentage of the improvement obtained by the proposed configuration regarding to the current one in 

use. 

6.2 Results and Analysis of the VRP-SLDW 

In this section we present the experimental results obtained with an implementation of the 

GRASP algorithm for this vehicle routing problem. The heuristic was coded in C using the 

Microsoft Visual C++ 6.0 programming environment under Windows Vista operating 

system. A l l experiments were conducted on an Acer A M D Athlon X2 PC with a processor 

operating at 1.90 GHz and 2.00 GB R A M . The proposed algorithm must be capable to solve 

efficiently real-world sized instances of the problem described above. To test whether this is 

so, a sufficiently large number of instances is required for analyzing the performance of the 

algorithm. However, large-sized instances were not available in the literature published to 

date. Moreover, to the best of our knowledge, the V R P with date windows has not been 
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addressed before. To overcome this drawback, a random instance generator was designed to 

generate instances for which their best known feasible solutions were available, allowing us 

to compare our results. 

Although this is not a common practice, this approach has been used in the literature when 

describing a new problem for which, besides the absence of instances against which to make 

a benchmark, there is not a mathematical formulation of the problem (see for example 

Gonzalez and Adenso-Diaz 2006), or when although there is a mathematical formulation of 

the problem it is of such a great complexity that it is not possible to find bounds by a "brute 

force" approach using a MIP commercial software (see for example Taillard, 1993). In 

Gonzalez and Adenso-Diaz (2006) the pseudo-optimal (or best known solution) of the 

instances for its disassembly sequence problem is obtained by disassembling the components 

in the reverse order of their assembly sequence, which is always available. Taillard (1993) 

test his proposed algorithms on a set of random generated problems for which he conjecture 

that the optimum solutions are known. For him the optimality has been conjectured because 

his algorithm has produced such type of solution for small instances for which he has not 

found any evidence for such solutions to not be optimum. 

6.2.1 Instance Generator 

Real-world instances are mainly characterized by situations where the date window and the 

collection capacity are both moderate and highly constrained. However, with the aim of 

studying the behavior of the algorithm under different situations, we have defined the random 

instances generator considering the following factors: FI - number of customers {Fu - 50, 

Fu - 100, F]3 -150}; F2 - demand type {F2\ - balanced among all the customers, F22 -

unbalanced}; F3 - date windows tightness { FM - tightly, Fn - halfway, F33 - loosely}, F4 -

capacity tightness regarding demand {F 4 1 - collection capacity of 15% over the total 

customers demand, F42 - idem 50%, F43 -idem 85%}, F5 - dispersion of customers grouped 

in clusters, measured as the distance from the center of the cluster to the depot {F51 - 1/3, F 5 2 

- 1/15}. An instance assignment (or class) is defined by a combination of these five factors; 

for illustration the Fig. 6.3 shows an instance generated for the assignment (2, 2, 1,3, 1). It 

should be noted that the number of classes obtained is (3)(2)(3)(3)(2) = 108. 

119 



Figure 6.3 Random instance generated for the assignment (2, 2, 1, 3, 1), representing the location of 

100 customers with unbalanced demand, a tightly date window and a load capacity of 85% over 

demand, with customers spread 1/3 of the distance between the center of the cluster to which they are 

assigned and the depot. 

Due to the complexity of the problem, optimal solutions with the minimum routing costs 

are difficult to obtain. Therefore, the purpose of the instance generator is to create random 

instances for which high quality feasible solutions were available. These best known feasible 

solutions will be referred, from now on, as B K solutions. It should be noted that B K solutions 

are not obtained from the instance by applying some kind of heuristic procedure (i.e. B K 

solutions are not heuristic solutions). Instead, for each instance, we start by designing a 

solution and then we derive the instance data like the distances and travel times for that 

solution. Thus our GRASP algorithm, without a previous knowledge of the solution, will try 

to find the solution or even improve it. Below we describe the procedure to generate the 

random instances, and in Appendix B we illustrate the procedure by designing a trial 

example, and we show that the instance generator is able to create instances with B K 

solutions close to optimal. 

Each instance contains the following data: the number of customers to be served, the 

number of vehicles, which were fixed at 4 (two of 15 units of capacity and two with capacity 

of 30 units). Each one of these vehicles can complete at most 3 tours. Thus, the total 

collection capacity of the systems is computed as: Xfcex Qk'T • R = 1,620. The customer's 

demand is computed and generated considering factors F l , F2 and F4. The next step consists 

on forming the L O A D matrix, which is generated by taking the customer with the largest 

demand pending to allocate and inserting the largest portion of such demand to the first route 

that more load is able to receive, the data structure is then updated, and the procedure is 
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repeated until the total demand of all customers have been allocated. To ensure full truckload 

routes, the customer's demand is complemented in each route that requires it. To define the 

date windows, for each customer the procedure identifies the first and last day in which it is 

visited; then under the factor F3 consideration it determines the width of the date windows. 

The size of the area to locate customers ranges from (-50 to 50) for x and y, the depot is 

located at (0, 0). To ensure high quality feasible routes, to be used as benchmark, all 

customers assigned to the same route are grouped into clusters, the coordinates of the clusters 

are calculated, and its amplitude is defined by the factor F5. 

It should be noted that for instances with spread customers this solution could not be close 

to a high quality solution, however this solution is always available, and therefore it can be 

used as a reasonable reference to measure the efficacy of the algorithm. 

6.2.2 Analysis and Discussion of Computational Results 

The experimental framework consists of four different experimental situations used to 

analyze the performance of the proposed algorithm and to gain insights into the 

implementation issues. To this end, the solution found by GRASP was compared against the 

B K solution for each instance in its corresponding experiment. To measure the difference 

between both solutions the percentage deviation (DEV) is computed as Z g r a s p Z b k X 100, 
ZBK 

where ZGRASP and ZBK are the GRASP and B K solutions respectively. The remainder of this 

section describes the design of every experiment and discuses its results. 

6.2.2.1 Experiment A - Behavior of the Quality Parameter a 

This experiment is focused on the appropriate choice of the quality parameter a in the 

construction phase, which regulates the size of the Restricted Candidate List. The purpose of 

this experiment is to evaluate the algorithmic performance as a function of the value of a. For 

evaluating the performance of the algorithm in terms of a, we compare the results obtained 

with the different values of a e {0.1, 0.3, 0.5, 0.7, 0.9), on a subset of nine problem classes. 

A summary of the results is displayed in Table 6.7. For each problem class the average 

percent deviation from B K , the worst percent deviation from B K , and the percentage of 

infeasible solutions in the construction phase are shown. The average is computed over 5 
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instances from each class. The class of problems selected to perform the analysis, correspond 

to instances with 100 customers, which are spread 1/3 of the distance between the center of 

the cluster to which they are assigned and the depot, and with unbalanced demand. The 

variation in the date windows and load capacity characterize each problem class. The choice 

of problem class is justified because we want to evaluate the algorithmic performance in 

problems with both date windows and load capacity loosely constrained and harder 

constrained, to resemble the situations currently observed in real-world applications. In 

addition, performing an Analysis of Variance test it can be demonstrated that factors like the 

date windows and load capacity affects the quality of the obtained solutions. 

Table 6.7 Evaluation of quality parameter a. For each problem class it shows: (A) the average percent 

deviation from BK, (B) the worst percent deviation from B K , and (C) the percent of infeasible 

solutions in the construction phase. 

As can be seen, for the instances in the DS1, DS2, and DS3 class (characterized by hardly 

constraint date windows), the best results were obtained with a = 0.5, whereas for instances 
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in DS4, DS5, and DS6 class, a = 0.1 gave the best results. Possibly, a = 0.4 is a better 

compromise in this sense. For the instances in the DS7, DS8, and DS9, a = 0.1 gave the best 

results, even if the worst relative gap is the largest one. In any case, the obtained results 

indicate that as the instances become more tightly constrained and, thus, more difficult to 

solve, medium to low values of a can be preferred. From the analysis of the table it can be 

noticed that the percent deviation clearly increases as higher a values are used, meaning that 

in terms of solution quality the variants which favor greedy implementations are to be 

preferred to random implementations. Moreover, high values of a require a significantly 

larger computational time, which is especially spent by the local search phase to reach local 

optima from highly random solutions. 

6.2.2.2 Experiment B - Behavior of the Local Search Procedure 

The aim of this experiment was to investigate the behavior of the local search procedures. To 

this end we set the GRASP parameters iters = 100 and a = 0.4, and we compare the results 

obtained on the same set of instances used in Experiment A. A summary of the results is 

displayed in Table 6.8. For each problem class the average percent deviation obtained after 

each phase of our GRASP algorithm in comparison with the best solution known (BEST) is 

shown. Such a comparison permits us to evaluate the importance of each phase of our 

GRASP algorithm, including the local search procedures, in the overall quality of the 

solutions generated. The time ratio used for each phase in comparison with the total solution 

time are also shown. 

As can be seen, the results in Table 6.8 indicate that the local search indeed provide with 

considerably improved solutions. For instance, for the DS2 class the average percent 

deviation from BEST obtained by the greedy randomized construction phase is 25.18%, the 

local search phase permits an additional improvement, reaching a final solution deviated 

0.78% on average from BEST. The greedy randomized construction phase takes the 19.11% 

of the total time, while the local search takes the remaining 80.89%. Most of the solutions 

obtained after the greedy randomized phase are feasible (i.e. unpenalized solutions), but are 

often far from the best known solutions (34.91% on average and up to 62.50% in some 

instances). The local search phase improves these results significantly (32.08% of 

improvement in average). Even, the instances with poor results (DS7, DS8, and DS9, which 

correspond to classical V R P instances) show an improved, though still poor results (with a 

final solution above 25% form BEST) following the local search phase. 
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Table 6.8 Evaluation of local search. For each problem class it shows: the average and the worst 

percent deviation from B E S T and the average ratio time required by each phase of our algorithm. 

In some GRASP solutions, infeasible solutions were generated, but even in such cases the 

local search phase was able to reduce infeasibilities. In general, initial solutions were 

improved by 23.71%. Especially relevant are the phase I local search moves which were able 

to reduce infeasibilities in all cases. Moreover, Phase I moves were required 20% of the times 

reaching an average improve of 68.91% over the initial solution. Regarding the phase II 

moves, the m K and mE2 moves were applied 99.05% and 93.64% of the times respectively, 

while mc was applied 65.77% of the times. These improvements have a cost, the local search 

phase uses the greater part of the CPU time (more than 80%). 

6.2.2.3 Experiment C - Solution Spectrum of Our Complete G R A S P Procedure 

The aim of this experiment was to analyze the influence of different factors on the quality of 

the solution obtained and on the efficiency of the algorithm. To this end, an experimental 

design was established to include the five factors (from F l to F5) used in the generation of 

the random instances. We set the GRASP parameters iters = 100 and a = 0.4. In order to gain 

insight into the performance of the proposed algorithm, the percentage deviation was 
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computed for each instance. The number of observations obtained for the dependent variable 

DEV is 540, which corresponds to five replicates for each one of the 108 problem classes. 

Experimental results show a good performance of the proposed algorithm: on the average 

the metaheuristic solution obtained is at 4.32% from the B K solution in an average 

computing time of 113.68 seconds. In fact, for many instances (225) our approach was able 

to reach better solutions than the B K solution. The average DEV for each combination of 

factors ranges from -7.49% to 40.37%. This situation tells us that our algorithm performs 

better in some combination of factors than in others. Therefore, the results were analyzed 

using a 5-way A N O V A with repeated measures, where the five factors were considered to 

have fixed effects and are the object of the analysis. 

Table 6.9 shows the inter-subject effects corresponding to the dependent variable DEV. 

The last column gives the significance level of each factor (respectively two-way interaction), 

which measures the probability of occurrence of the observed averages of the dependent 

variable for the different levels of the factor (respectively combination of levels of two 

factors) if they all had the same mean. Thus, if the significance level of a certain factor is 

below the significance level 0.05, this means that we can consider that factor as statistically 

significant, thus having influence on the results of our algorithm. 

Table 6.9 A N O V A table for the quality of the solution DEV (R2 = 0.827). 

Analyzing the factorial design with the A N O V A , it can be seen that factors FI , F3, F4 and 

F5 are statistically significant for DEV. It cannot be demonstrated that a factor like the 
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demand type (F2) affects the quality of the obtained solutions. Since factors F3 and F4 are 

obviously significant (because each combination level corresponds to a different instance), 

this result implies that the problem class makes a difference. A l l two-way interactions are 

significant at the 0.05 level, except some that involve factor F5. The significance level of the 

two-way interaction between F2 and F5 is larger than 0.60. This implies that there are not 

significant interactions between the demand type and the dispersion of customers, as also 

does the dispersion of customers and the date windows tightness. It should be noted that the 

model fit (R2- 0.827) indicates that the five factors and their two-way interactions explain 

much of the variance of the observed results. 

A depth analysis reveals that the algorithm performs better in instances where the date 

window and the collection capacity are tighter constrained; on the other hand worst results 

are obtained in those instances where the collection capacity is larger and customer demand 

is shorter. This is because the algorithm was designed to deal with the first group of 

instances, while instances easier to solve with wide date windows, large collection capacity 

and customers with low demand do not require to be split; in fact such instances resemble 

classical V R P problems, wherein inter and intra routes moves are required to improve 

heuristic solutions. 

6.2.2.4 Experiment D - Case of Study 

In this part of the work, we perform a comparison of the proposed approach with current 

practice. To this end we consider the particular situation of a national WEEE Collective 

Management System operating in Galicia (northwestern of Spain); who in 2008, collected 

more than 3,239 tons of WEEE from 707 geographically dispersed stores via 5 depots. Data 

related to the fleet of vehicles used in the harvesting process, distances and travel times, as 

well as the real amount of items collected along 2008 in every store were provided by the 

collective management system. In general two types of vehicles with different load capacity 

(15 and 25 items) are used in the harvesting process. The first (hereafter referred to as vehicle 

type 1) are smaller than the corresponding vehicles with a load capacity of 25 items 

(hereinafter referred to as vehicle type 2), therefore they can access to all stores, although the 

latter have a loading platform that facilitates the collection task. Annual fixed costs are 

respectively 34,993.47 and 41,723.96 €/year, while the variable costs reach 0.15 and 0.17 

€/km. To design the collection routes, for each depot we select the week with the higher 

demand collected within the last quarter of 2008 (see Table 6.10), given that during this 
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period a significant upturn in WEEE generation was generated due to governmental policies 

to promote recycling, taking what could be considered a worst-case scenario. It should be 

noted that each store has its own demand, and its corresponding date window. The GRASP 

parameters were set on iters =100 and a = 0.5. 

Table 6.10 Input data do the case of study. 

By applying the heuristic procedure all over the five depots 229 routes were generated 

totaling 15,589.62 km. Regarding the tour length characteristics, Table 6.11 shows that 

except for depot 2 the number of routes per depot and the number of kilometers traveled 

between the corresponding areas remain almost constant. The travelled distance in each depot 

provides information on two parameters: the size of territory to be covered by the depot, and 

the number of stores; characterizing the differences between the five regions. 

Table 6.11 Routing details in each depot, given by the proposed algorithm 

To perform the comparison of the proposed approach with current practice, the field data 

were analyzed to estimate the transportation cost of the current delivery method from stores 

to the corresponding regional depots. The datasets employed contained only the number of 

items collected each day from each store for the corresponding regional depot, and they did 

not specify the types of trucks or the number of trucks that were utilized. Additionally, the 

records did not include specific cost information. Hence, some assumptions to estimate the 

cost were made, reflecting the current standard for routing and scheduling WEEE collection 

activities. From the records, the number of items was transformed to the type and number of 

trucks that might be utilized. We assume that type 1 trucks were used, and based on the 
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analysis of current practices, this assumption appears valid. We assume that whenever 

possible, a full truck load was used, and we also attempted to minimize the number of trucks 

used. In other words, routes are optimized based on the known supply of end-of-life 

electronic items from each store. After the number of tours was estimated we calculated the 

distances of the entire tours by multiplying the two-way distance from each store to the 

corresponding regional depot. To compare the performance of the two methods more 

directly, we estimated the transportation cost of each method. The results are presented in 

Table 6.12, along with the results of the proposed algorithm. 

Table 6.12 Comparison between the current method and the GRASP algorithm. 

Even though one cannot directly compare the distances of the two methods because of the 

different types of computation used, distance was reduced between 1,333 and 3,927 km with 

the proposed method, and the number of tours was reduced between 31 and 55. The 

transportation cost of the five depots fells an average of 15.96% from the current levels per 

week, with the largest reduction at depot 3, which had the largest installed capacity, and the 

smallest reduction occurred at depot 5, which had the smaller territory. Results indicate that 

both the appropriate use of vehicles and a suitable partition loads is a determinant factor in 

the performance of any WEEE collection system. 
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6.3 Results and Analysis for the DCFP and its Variations 

In this section we present the experimental results obtained with an implementation of the 

proposed algorithms for the disassembly cell formation problem (DCFP) and its variants 

(Robust: DCFP-R, and Reconfigurable: DCFP-D. The heuristics were coded in C using the 

Microsoft Visual C++ 6.0 programming environment under Windows Vista operating 

system. A l l experiments were conducted on an Acer A M D Athlon X2 PC with a processor 

operating at 1.90 GHz and 2.00 GB R A M . 

6.3.1 Analysis of the TS Algorithm for the DCFP 

As previously stated the purpose of this experiment is to analyze the behavior of the swap, 

insert, union and split neighborhoods, which have been previously used in manufacturing cell 

formation problems, in a real-world instance of the DCFP (taken from Adenso-Diaz et al. 

2006) implementing them under a metaheuristic scheme like Tabu Search, to further 

formalize and expand them for the robust and reconfigurable disassembly cell formation 

problems. 

6.3.1.1 Problem Data 

There are many electrical and electronic products, which according to a European 

Commission Directive must be recycled. Disassembly is required for all those products and 

the following assumptions hold: a) a large number of these products are small-sized products 

(electric toothbrushes, clocks, etc.) whose automated disassembly is hard to justify 

economically; b) in other cases, the products are large appliances (tobacco vending machines, 

for instance), but the number of units is not large enough to justify the creation of a treatment 

facility at a regional level. Products chosen are both large in volume and weight as well as 

having a substantial number of units that must be disposed of annually. For each product to 

disassemble, its annual demand (units available for recycling) and its unit material handling 

cost in the shop (which depends basically on their weight) are known. Each disassembly 

operation that must be carried out in the facility, as well as the machinery type it requires is 

known. Finally, we know the annual depreciation cost and capacity of each machine. 
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In the given instance 14 products, 16 operations and 6 machine types were considered. 

The products were classified into computer products (CPUs, CRTs and T V sets), cold 

appliances (refrigerators, combis and freezers), appliances for washing clothes (washing 

machines and dryers), kitchen appliances (ovens, microwave ovens, ceramic hobs, cookers, 

hobs and dish washers), and appliances used in the bathroom (water heaters). Table 6.13 lists 

the products to disassemble, with their annual demands (units available for recycling) and 

unit material handling costs in the shop (which depends basically on their weight). 

Table 6.13 Annual demands and unit material handling costs (€). 

Taken form from Adenso-Diaz et al. 2006. 

6.3.1.2 Results and Analysis 

Table 6.14 and Table 6.15 show the results of the optimal solution found by C P L E X for the 

instance. In this particular case, with 14 products to process on 6 machines, the model is 

composed of 2,400 variables (384 of which are integer), and 1,132 constraints, the CPU time 

needed being just 44.53 seconds for the exact optimal solution. The solution found by 

C P L E X considers the use of two cells. Cell CI carries out all the operations required by 

products 1, 3, 4, 5, 6, 7, 9 and 12, while the remaining products perform almost all their 

operations in cell C2, except those assigned to cell C I . The resulting intercellular 

transportation cost, associated to intercellular movements is 19,595.94 €. It can be seen that 

the cheaper machine/tools (specifically M3, M4 and M5) are the only ones that appear 

duplicated in both cells, thus satisfying the capacity constraints. The total depreciation cost of 

purchasing all the required machine/tools comes to 68,695.00 €, which, added to the 
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intercellular transport costs, comes to a total of 88,290.94 € per year, a sum which is the 

objective function value of the optimal solution. 

Table 6.14 Configuration (assignment of operations to cells) within the optimal solution. 

Table 6.15 Number of machines and their distribution to cells within the optimal solution. 

The solution obtained by the Greedy Procedure is shown in Table 6.16 and Table 6.17. 

The transportation costs associated to intercellular movement reach 187,642.49 €, while the 

total depreciation cost of purchasing all the required machine/tools comes to 71,340.00 €. 

Thus, the total cellular configuration costs reach 258,982.49 € per year. 
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Table 6.16 Assignments of operations to cells in the greedy solution. 

The TS procedure obtains a solution, shown in Table 6.18 and Table 6.19, which also 

considers the use of two cells. Intercellular transportation costs, associated to intercellular 

movements shown in red in the table are 22,179.57 €. The assignment of machines to cells is 

equal to the one obtained by the optimal solution. The total depreciation cost of purchasing 

all the required machine/tools comes to 68,695.00 €, which, added to the intercellular 

transport costs, comes to a total of 90,874.57 € per year. 
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Table 6.18 Configuration within the TS solution. 

Table 6.19 Number of machines and their distribution to cells within the TS solution. 

Table 6.20 summarizes the performance results for the proposed heuristic procedures. The 

table shows the time in seconds required to solve the problem and the percentage deviation 

from the optimal solution for each procedure on this test problem. TS performed significantly 

better than the greedy solution procedure. Thus, TS deviated 2.93% from the optimal solution 

and took less than 3.12 seconds, while the greedy solution deviated 193.32% from the 

optimal solution and required negligible computing time. 
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The results showed that the greedy heuristic procedure proposed although quite efficient 

provides a poor quality solution. However, the Tabu Search procedure generates a relative 

good solution in 92.7% less time compared to C P L E X . 

6.3.1.3 Comments on the Algorithm Performance 

When comparing the optimal and the resulting TS configurations we observe that both are 

very similar except for the allocation of operations for products 7 and 13. In fact, the number 

and allocation of machines are identical. Therefore, we performed a deeper analysis to 

discover why the optimal solution was not reached. 

We use the same greedy procedure but we force it to form exactly two cells as in the 

optimal solution. Results are shown in Table 6.21. Only the assignment of operations to cells 

is shown since the number and allocation of machines is the same than in the optimal 

solution. The transportation cost associated to intercellular movement of products is 

24,353.29 €, which added to the machine cost comes to a total of 93,048.29 € per year. Note 

that in this case, the greedy solution deviates just 5.39% from the optimal solution in a 

negligible computing time. The only difference is in the assignment of the 1s t to 4 t h operations 

from product 7 as regards to the optimal solution. 
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Table 6.21 Configuration within the greedy solution starting with C m i n cells. Total cost 93,048.29356: 

Machines acquisition 68,695.00€ plus Intercellular movement 24,353.2935€. 

To improve the initial solution the TS procedure was applied. It was expected that the TS 

would identify the move from the 1sl to the 4 l h operations of product 7 from cell two to cell 

one to reach the optimal solution. However, the best move is to insert the 2 n d operation of 

product 13 into cell one (see Fig. 6.4), thus the allocation of machines remains the same. 

Such move implies an improvement in the objective function of -501.6285. 

Figure 6.4 Improved solution after the first move. Total cost 92,546.6650€: Machines acquisition 

68,695.00€ plus Intercellular movement 23,851.6650€. 
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This is the best move as detailed below: 

• Originally, the only inter-cell transfers are carried out if the product 13 goes from the 

1st to the 3rd operation, which occurs with a probability of 10%, or if it goes from 

the 2nd to the 3rd operation, which occurs with a probability of 100%, which implies 

a intercellular movement cost 2,173.72 for product 13. Note that the first operation of 

product 13 is required just 75% of the times. 

• In the greedy solution the intercellular transfer cost of product 13 comes to 

2,173.72€, which is the sum of two events. The first happens when the product 13 

passes from the I s ' operation to the 3 r d operation, which occurs with a probability of 

10%. The second happens when the product 13 passes from the 2 n d operation to the 

3 r d operation, which occurs with a probability of 100%. It should be noted that the 1s t 

operation of product 13 is requires just 75% of the times (see Table 6.22). 

Table 6.22 Computation of the intercellular transport cost of product 13 within the greedy solution. 

• However, if the 2 n d operation switches from cell 2 to cell 1, only the intercellular 

. transfers will be given if the product 13 moves from the l s l to the 2 n d operation, 

which occurs with a probability of 90%. or if it moves directly from Is" to the 3 r d 

operation, which occurs with a probability of 10%. This implies an intercellular 

movement cost of 1,672.10€ for product 13 (see Table 6.23). 

Table 6.23 Computation of the intercellular transport cost of product 13 after the first move of TS. 

• The difference between both solutions results in a saving of 501.63 €. 

136 



On their own the move of any of the first four operations of product 7 results in the 

following changes: 

Oper = 1: from cell 2 - to cell 1, delta 4281.615000 (increase) 

Oper = 2: from cell 2 - to cell 1, delta 9038.965000 (increase) 

Oper = 3: from cell 2 - to cell 1, delta 9514.700000 (increase) 

Oper = 4: from cell 2 - to cell 1, delta 0.000000 (no change) 

Oper = 5: from cell 1 - to cell 2, delta 47242.65000 (increase) 

The second improvement move of the TS is to insert the 1st operation of product 13 into 

cell 1. After that, any feasible move considerably increases the cost solution because it will 

be accompanied by an increase in the acquisition cost of machines. It should be noted that if 

the probabilities (%,••) were not considered, by moving the 2 n d operation of product 13 from 

cell 2 to cell 1 had yielded in a delta value of zero. This same value variation of zero would 

be obtained by any operation j assigned to a cell 1 and contiguous to another operation / 

assigned to a cell 2. 

We conclude that for the disassembly cell formation problem to reach an improvement 

move some times it is required to move more than one operation at time. Therefore for the 

robust and reconfigurable variations of the DCFP (which are the topics of this part of the 

research) the ^.-insertion move is proposed (see Section 5.3.3.3). 

6.3.2 Experimental Framework for the Robust and Reconfigurable DCFP 

The two versions of the VNS algorithm designed for solving the corresponding two versions 

of the disassembly cells formation problem with demand uncertainty were implemented in C 

using the Microsoft Visual C++ 6.0 programming environment under Windows Vista 

operating system. Both problems (DCFP-D and DCFP-R) were modeled using A M P L 11.1 

and ILOG C P L E X 11.1 was used as the mixed-integer programming solver. A l l experiments 

were conducted on a Dell Intel Core 2 Quad PC with a processor operating at 2.66 GHz and 

4.00 GB R A M . 

To test whether the proposed algorithms are capable to solve efficiently real-world sized 

instances of the DCFP-R and DCFP-D problems, a sufficient number of instances is required 

137 



for analyzing the performance of the algorithms. However, instances were not available in the 

literature published to date. Moreover, to the best of our knowledge, the disassembly cell 

formation problem with demand uncertainty has not been addressed before. To overcome this 

drawback, we adapt some instances previously published for the manufacturing cell 

formation problem, and we design a random instance generator to complete the required data. 

6.3.2.1 Data Treatment 

In this section we describe the data set used to test the proposed algorithms. A set of 40 

instances were used in the experimental work: 20 for the DCFP-D and 20 for the DCFP-R, 

each one with a different number of products and disassembly operations. Each instance 

contains the following data: the set of disassembly tasks (and its sequence) required to 

dismantle each product type, the set of machine types required to perform each operation and 

the available time of each machine type per stage, the time required to perform each 

disassembly task, the relative frequency with which each disassembly task is require, the 

demand in units for each product type during each stage, the amortized cost per period of one 

unit of each machine type, the reallocation cost of one unit of a machine type into cells, the 

cost of moving one unit of each product type between two cells, and the lower and upper 

bounds in terms of number of disassembly task allowed per cell. Twelve of the twenty 

instances generated for each problem (DCFP-D and DCFP-R) were adapted from problems 

previously used in the literature, where the operation sequences and machine types for the set 

of products used are described. In some instances all the required data are not specified in the 

source paper, hence they were generated as described in the instance generator. The 

remaining eight instances were randomly generated with the procedure described below. 

Table 6.24 shows the reference for each instance type, the number of products (P) in the 

instance, the total number of operations (Q), disassembly tasks (N = Z p Qp) and maximum 

number of operations required by any product (G), the number of machine types (M) included 

in the instance, the maximum number of cells to form (C m a x ) and the number of periods or 

scenarios (T\S) considered. 
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Table 6.24 Instance Set. Where (P) is the number of products in the instance, (Q) the total number of 

operations, the total number of disassembly tasks (N = Zp Qp), G = maxp{Qp} is the maximum number 

of disassembly operations required by any product, C is the maximum number of cells to form, and 

(T\S) is the number of periods or scenarios considered. 

The data for the first instance type (DS01) was adapted from Cao and Chen (2005) where 

was used to test the performance of a tabu search algorithm in the design of a robust cellular 

configuration. The instance type DS02 was adapted from Adenso-Diaz et al. (2006), and 

corresponds to a real-world instance for the disassembly cells formation problem with 14 

product types whose demand is known for a single period. The instance type DS11 was 

adapted from Defersha and Chen (2006), and corresponds to an instance used in the design of 

a reconfigurable cellular manufacturing system with lot splitting and system flexibility. The 

instances type DS07 and DS08 were adapted from Mungwattana (2000) and correspond to 

instances used in the design of cellular manufacturing systems with both dynamic and 

uncertain conditions. Finally, instances type DS03-DS06, DS09-DS10 and DS12 were taken 

from previously published papers addressing typical cell formation problems. 
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6.3.2.2 Instance Generator 

In order to design the instance generator, let us consider that in a disassembly environment 

there are a wide variety of products with diverse characteristic such as volume, level of use 

and life-cycles that distinguish them. For example, there are products whose volume is small 

and whose demand is high, such as toasters or blenders. Other products such as TV sets or 

dishwashers, which are of common use, have short life-cycles and have a tendency to move 

with regular frequency. On the other hand, refrigerators whose cost is higher and whose life-

cycle is longer are less frequently recovered. Finally, products like water heaters have long 

life cycles, and low demand and therefore its rate of return is low. Thus, three levels of 

demand for products can be identified. The demand for the first stage is generated 

accordingly the following schema: for each product type we generate a random number 

[0,1), if 0 < < 0.20, then a high demand is generated for such product using a uniform 

distribution with parameters (13000, 19000] and rounding to the nearest integer; if 0.20 < t^ 

< 0.80, then an intermediate demand is generated for such product using a uniform 

distribution with parameters (4000, 13000] and rounding to the nearest integer; finally, if 

0.80 < vj/j < 1, then an low demand is generated for such product using a uniform distribution 

with parameters (900, 4000] and rounding to the nearest integer. To obtain the demand for 

each of the remaining stages (periods) we adopt the same schema used for Schaller (2007) in 

which a percentage increase or decrease is randomly generated for each product and applied 

to the most recent stage's demand for the product to obtain the next stage's demand for the 

product. The percent increase or decrease for each product for each stage was generated using 

a uniform distribution with parameters [-50, 50] rounded to the nearest 10%. To obtain the 

occurrence probability of each scenario, it should be note that the higher probability assigned 

to a scenario will lead the solution closer to the optimal solution of the particular scenario, as 

empirically found by Cao and Cheng (2005), to overcome this we assign similar probabilities 

to each scenario. The intercellular movement cost was randomly generated using a normal 

distribution c, ~ N (u=1.34, o=0.90) and taking the absolute value generated. 

The number of operations required to dismantle a given product type Qp c Q, 

theoretically, range from 1 (if only one operation is required) to card(g) (if all the set of 

operations available are required), however both boundaries are unlikely in a real-world 

system. Therefore, we assume that the number of operations required to dismantle a product 

type until a predefined level, must be an integer between fcard(0/8l and rcard(0/2~|. We 

consider that the maximum number of cells to form in a given instance should be 10, 
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therefore, and with the aim to keep cells small and functional the minimum and maximum 

number of disassembly task allowed per cell are properly defined respectively. Given a 

subset Qp of disassembly tasks required to dismantle a product type p, the sequence in which 

such tasks are required, is randomly generated as a feasible permutation of the disassembly 

tasks in Qp. Note that two important issues should be considered: a) each one of the 

disassembly operations must be requested at least once by any of the product types, and b) 

one product cannot require more than once the same operation. 

Usually, disassembly operations require manual class tools to break simple ties (e.g. 

cutting shears, screwdrivers, soldering irons), whose acquisition cost ranges from 45€ to 

300€, and special mechanical multi-device equipment for trituration, separation and treatment 

of gases, whose cost reach 55,000€. Therefore the amortization cost per stage of a machine of 

each type was randomly generated accordingly to the following schema: for each machine 

type we generate a random number \|/2e [0,1), if 0 < \|/2 < 0.10, then the amortization cost is 

generated using a uniform distribution with parameters [30000, 53000] and rounding to the 

nearest integer; if 0.10 < \|/2 < 0.40, the amortization cost is generated using a uniform 

distribution with parameters [5000, 15000] and rounding to the nearest integer; if 0.40 < \|/2 < 

0.70, the amortization cost is generated using a uniform distribution with parameters [900, 

3000] and rounding to the nearest integer; finally, if 0.70 < \|/2 < 1, then the amortization cost 

is generated using a uniform distribution with parameters [45, 300] and rounding to the 

nearest integer. The cost for reallocating one machine of a type was set equal to 15% of the 

amortization cost of the type per stage and rounding to the nearest integer. The processing 

capacity of each machine type (in time units per stage) is randomly generated using a uniform 

distribution H,„ ~ U (102000 - 134200). The subset of machine types Mq c M required to 

perform operation q is randomly taken from the set of machine types previously defined. We 

do not allow \Ma\ become greater than \MI2~\. It should be noted that some disassembly 

operations are performed manually and any machine is required in such for operation. 

Processing times and relative frequencies were randomly generated. The processing time 

(in time units) for each disassembly task was generated using a uniform distribution with 

parameters [0.10, 5.00]. The relative frequency with which a disassembly task is required is 

randomly generated accordingly to the following schema: for each disassembly task we 

generate a random number \\i3e [0,1), if 0 < \\r3 < 0.35, then the relative frequency is 1 (i.e. 

such disassembly task is always required); if 0.35 < \|/2 < 1, then the relative frequency is 

generated using a uniform distribution with parameters [0.75, 1.00). This ensures that a large 
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percentage of disassembly tasks are required with a frequency of 1.00. A l l instances data are 

available upon request. 

6.3.2.3 Experimental Framework 

The experimental framework consists of three experiments whose main objective is the 

assessment of the relative performance of the proposed algorithms. In the comparison 

experiments we are interested in finding both optimal solutions and high quality feasible 

solutions. These are used to measure the performance of the heuristic algorithm in terms of 

its efficacy and efficiency. The best way to evaluate the efficacy of a heuristic algorithm is to 

compute the difference between optimal and heuristic solutions. However, given the 

complexity of our problem, optimal solutions are hard to find even for small instances. 

Therefore, we used two strategies that allow us to know not only the efficiency of C P L E X to 

find high quality feasible solutions but also lower bounds for the instance set. 

Table 6.25 and Table 6.26 show the results obtained for the robust and reconfigurable 

approaches respectively. The first column of both tables shows the name of the instance. The 

second, third and fourth columns show the number of branch-and-bound nodes explored, the 

best feasible solution found by C P L E X when the default values for its algorithmic control 

directives were shifted to give more emphasis toward finding high quality feasible solutions, 

and the C P U time (in seconds) required to solve the problem instances respectively. Under 

these settings the MIP optimizer works to find high quality feasible solutions, rather than 

proving optimality, which allow the optimizer to quickly find feasible solutions that are 

otherwise very difficult to find. The purpose of this strategy is to determine the efficacy of 

C P L E X on finding high quality feasible solutions. For this strategy a 5 hr time limit was set, 

which we consider enough time to find high quality feasible solutions. The fifth and sixth 

columns show the solution reached by C P L E X and the optimality gap, when the solution 

found by our VNS procedure is provided to C P L E X as the starting solution. At this point we 

shift the C P L E X directives toward the optimality proof, which concentrates the optimizer 

effort on moving the best bound value. 

The purpose of this strategy is to obtain a lower bound for the corresponding instance to 

compare the performance of the proposed VNS procedure. For this second strategy a 1 hr 

time limit was set, which we consider enough time to find high quality lower bound with an 

optimality proof. It should be noted that none of these emphasis settings changes the 

fundamental nature of the C P L E X branch & cut algorithm, which is to deliver proved optimal 
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solutions if given enough time; the setting merely changes some internal strategies along the 

way. The best solution found is presented in bold characters, and when the optimal solution is 

reached, it is identified with (*). Finally, the solution obtained by our VNS algorithm, the 

C P U time (in seconds) required, and the relative deviations of the heuristic solution from the 

best solution found are presented on columns 7 and 8 respectively. The relative deviation 

(DEV) is computed as ((ZVNS - Z C OMB)/ ZCOMB) xlOO, where Z C OMB and Z V N S are the combined 

solution obtained by VNS + C P L E X and our VNS solution respectively. Because VNS is 

reliant on randomization, the random number seed could influence the performance of the 

VNS. In order to control this variation we ran the algorithms five different times on the same 

problem instance using different random number seeds, and we have used the average of 

these five runs as its final result. 

6.3.3 Results of the VNS for the Reconfigurable Problem 

In this section we present the results of the reconfigurable DCFP. A l l instances produce 

mixed integer programming (MIP) models with more than 28,007 variables and 13,916 

constraints. Experimental results show a good performance of the proposed algorithm. From 

Table 6.25, we can see that, except for a few cases when the optimal solution is found, our 

proposed procedure is able to find better solutions than C P L E X after 5 hrs of computing 

time. On average the heuristic solution obtained is 7.96% better that the C P L E X solutions. In 

only seven instances (five of them optimal) a deviation greater than 7% was obtained. Even 

for instance DS03_d the MIP optimizer was not able to find and integer solution after 5 hrs of 

computing time. 

For the instances in which the optimal solution is found, the proposed VNS algorithm 

reach solutions at most 3.5% form optimality. When the VNS solution is provided to C P L E X 

as the initial solution most of the times these solutions are improved. Now the algorithm 

reach solutions above 2% form best-known solutions in an average computing time of 222.37 

seconds. 
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Table 6.25. Results for the Reconfigurable Disassembly Cell Formation Problem. 

The best solution founded is presented in bold characters, when the best solution corresponds to the optimal solution, this is indentified with (*). 

The deviation is computed as: DEV = ((ZVNS- ZCOMB)/ ZCOMB) xlOO, where COMB = VNS + CPLEX. 
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The initial solutions (obtained by the greedy procedure) are obtained in less than 2 seconds. In 

average the initial solutions are improved by 76.60 %. The swap move is required with a frequency 

86.08%, while the union and the insert move are required with a frequency of 4.95% and 6.13% 

respectively. The X=3 insertion move is required 2.35 % of the times while the X=2 insertion move 

has a frequency below 1%. 

We see that our algorithm finds solution of given quality faster than C P L E X . In fact for small 

problems (DSOl-d, DS05_d, DS06-d and DS07_d) our algorithm converges to very good solutions 

in a very short computation time. However for difficult problems (from DS15_d to DS20_d) our 

algorithm requires on the average more than 540 seconds to reach solutions, that although are close 

to best-known solutions they have gaps of up to 30%. 

6.3.3.1 Comparison with respect to a static cellular manufacturing design 

One of the advantages of CMS is reduction in setups. However, setups may become an issue again 

when flexible layouts such as reconfigurable designs are used to handle part mix and demand 

changes. The setups costs (may) include machine reallocation costs. In this section we analyze the 

behavior (in total costs) of a dynamic cells design (in which physical cells are reconfigured 

periodically) versus a static cells design (in which cells stay static and demand changes are 

approaches through strategies such as worst case scenario). Given the assumptions under which the 

DCFP-D is modeled, i.e. the product demand varies from period to period in a deterministic manner 

over the entire planning horizon; an alternative static design could be to consider as the product's 

demand the largest demand of each product among the T periods, and solve the deterministic 

problem. 

In this experiment the demand between periods (coefficient variation) varies from 10% to 100%. 

Five replications of each coefficient variation were performed, and the average value was taken as 

the result. Thus, fifty instances were designed to perform the comparative study. For solving the 

deterministic problem we use C P L E X , while for solving the reconfigurable problem we use the 

VNS algorithm. Figure 6.5 shows the behavior of both designs. Results show that the multi-period 

approach with a planned rearrangement of cells performs better than the static situation when the 

product's demand varies above 60%.On the other hand, when the demand's variation between 

periods is below 50% static designs are preferable. However, if the reallocation costs were lower, 

the difference could decrease. It was noted that when the product's demand varies above 60% 

intercellular movements were avoid at expenses of light increases in machine acquisition costs. This 

is straightforward to see that a higher product's demand results in higher transportation, therefore 
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products are disassembled in a single cell; however, it would be interesting to evaluate the 

percentage of utilization of machines, if there were any cost for lack of use, the graph could also 

show different results. 

6.3.4 Results of the VNS for the Robust Problem 

In this section we present the results for the robust DCFP. A l l instances produce mixed integer 

programming (MIP) models with more than 9,355 variables and 4,110 constraints. Experimental 

results show a regular performance of the proposed algorithm. From Table 6.26, we can see that, for 

small problem instances (from DS01_r to DS09_r and DS13_r) our proposed algorithm exhibits an 

average performance below 7.24%; however, for the remaining instances the heuristic solutions are 

up to 24.45%. For instances DS03_r, DS08_r and DS10_r our algorithm is able to find better 

solutions than C P L E X after 5 hrs of CPU time. In general, we see that our algorithm finds solutions 

faster than C P L E X in an average computing time of 326.51 seconds. It should be noted that C P L E X 

is able to find optimal solutions to most of the problem instances. 
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Table 6.26. Results for the Robust Disassembly Cell Formation Problem. 

The best solution founded is presented in bold characters, when the best solution corresponds to the optimal solution, this is indentified with (*). 

The deviation is computed as: D E V = «Z VNS- ZCOMBV Z C O M B ) xlOO. where C O M B = V N S + C P L E X . 
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When the VNS solution is provided to C P L E X as the initial solution, usually better lower 

bounds are obtained. Of particular interest are the instances DS03_r and DS08_r, which were 

improved until reaching the optimal solution. In such cases, our algorithm is 5.09% from the 

optimal solution for the instance DS03_r, but for the instance DS08_r it is 20.40% from optimum. 

The initial solutions (obtained by the greedy procedure) are also obtained in less than 2 seconds. On 

the average initial solutions are improved by 57.27%. The swap move is required with a frequency 

of 82.33%, while the union and the insert move are required with a frequency of 15.25% and 2.29% 

respectively. The ^.-insertion moves are required less than 15 % of the times. 

The effect of problem size on the time required can be seen by the results for problems DS14 to 

DS20 in both tables. It is interesting to note the effect of problem size on the performance of the 

VNS procedure for the robust problem with respect to the % vs best known. 

The shaking procedures provide with considerable diverse solutions. In 14 of the 20 instances 

the initial improved solutions (those solutions which take the greedy solution and apply an 

exhaustive local search within all neighborhoods of the local search procedure) were improved up 

to 25%. 

From the analysis of the results it can be inferred that the proposed heuristic algorithm performs 

better for the reconfigurable problem than for the robust problem. This could be due to the fact that 

when the union move is performed, the robust approach reduces the number of cells in all scenarios 

while the reconfigurable approach verifies each period independently, which let the algorithm to 

perform intermediate adjustments (moves) between successive union moves in the periods. 

However, we have not enough evidence to demonstrate (or refuse) whether it is so. 

Our computational experiences show that for small instances (up to 100 disassembly tasks) of 

the robust problem the algorithm is effective and can reach near optimal solutions with less than 

100 seconds. However, for problems much larger than such sizes, generally speaking, much more 

iterations will be needed to arrive at near optimal solutions. Probably by using a type of short term 

memory for the shaking phase would provide diverse solutions. 

Based on the results of the test the proposed VNS procedure is highly recommended for the 

reconfigurable disassembly cells formation problem. However, for the robust problem some 

improvements are needed. Since the main interests of this part of the research were in modeling and 

designing a VNS algorithm for solving cell formation problems with varying demands (under 

robust and reconfigurable approaches), we plan to conduct more computational oriented 

investigations on different versions of VNS or other metaheuristics methods for the robust problem 

in our future work in this area. 
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Chapter 7 

Conclusions and Future Research 

This dissertation analyzes interesting real-life problems that lie in the field of Reverse Logistics 

(RL). We have addressed three closed interrelated logistics-manufacturing problems related to 

network design, vehicle routing and cellular manufacturing (disassembly). Even though there is 

plenty of published literature on each of these individual fields, new problems involving vehicle 

routing issues and cell formation issues are proposed and formulated, which have not been previous 

addressed in the literature. Therefore, this dissertation bridges a gap in existing literature. In 

addition, this dissertation uses real-world data (when possible) to test the proposed solution 

procedures. For example, the network design problem addresses a case of study for Galicia 

(northwestern Spain); also the algorithm designed for solving the vehicle routing problem with split 

loads and date windows is tested using real data; finally the algorithm designed for solving and 

analyzing the behavior of several neighborhoods in the disassembly cell formation problem is tested 

in real data. The use of industry representative data from Waste of Electric and Electronic 

Equipment (WEEE) in case studies ensures that these insights would be useful to a Collective 

Management System (CMS) that faces a similar situation. 

The aim of the research project is on describing (Chapter 3), modeling (Chapter 4) and solving 

(Chapter 5) these logistics-manufacturing problems faced by a CMS when (re)designing a W E E E 

collection system. Therefore, after proving the problem background, describing the need for the 

research and defining its scope in Chapter 1, Chapter 2 reviews the essential literature published in 

order to acquaint the reader with the areas related to the research, which also will allow them to 

gauge the contribution of this research. 

The remaining of this Chapter will draw on conclusions and future research directions for each 

one of the problems addressed in this dissertation. 
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7.1 Network Design Problem 

In this part of the research we have described the implementation of an efficient hierarchical 

approach to design the reverse logistics network for collection of WEEE in a Spanish region. The 

associated facility location and collection routing problems were mathematically formulated as 

integer programming models. In both models the use of a heterogeneous fleet of capacitated 

vehicles is assumed. The design of the collection routes is complemented by a simulation analysis 

to complete a robust solution. Given the complexity of the routing problem a heuristic algorithm is 

developed to solve the related collection routing problems. By means of an iterative repetition of the 

route construction procedure the algorithm is able to perform a change on the in-use vehicle to 

improve the previous tours. 

An experimental analysis was carried out on this algorithm to compare its performance against 

the optimal solutions in small instances. Results show a good performance in a computational time 

close to 0.1 seconds with an average deviation lower than 1.2% over the optimal solution. On their 

own, facility location and routing models provide a recovery network that outperforms the current 

one in use. The improved recovery network reduces the number of vehicles and depot size required. 

Even though this part of the research is based on a case of study several potential directions for 

future research arose. 

Regarding to the facility location model the real-world problem was easily solved by C P L E X 

v.11.1, therefore an alternative solution approach was not required. It dealt with a single family of 

recovered products for a single planning period. However there are certain characteristics of the 

recovery process like the uncertainty that would require a robust or stochastic approach to solve 

them. Also the price of the recovered products and the selling price after the recovery process 

(refurbishment or remanufacturing) could be considered, as well as the stochastic lead times. 

In relation to the routing problem with heterogeneous fleet, the proposed heuristic algorithm 

proved to give high quality results. Therefore it may be enhanced to include other practical issues 

like time windows or split loads. Also this can be taken as a basis to design robust algorithm which 

include uncertainty in collected demand. 
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7.2 The VRP-SLDW 

The Vehicle Routing Problem with Split Loads and Date Windows (VRP-SLDW) is a problem of 

practical relevance. Due to the computational complexity of the problem, it is important to develop 

polynomial time heuristic solution procedures. In this part of the research the problem was 

formulated as a Mixed Integer Programming model, and a GRASP based metaheuristic algorithm 

was designed to solve it. Computational results indicate that the proposed algorithm handles 

satisfactorily a real-life problem as well as other test random generated instances. Experimental 

results on a set of 540 random generated instances show the convenience of the algorithm to solve 

problems wherein the date window and the collection capacity are tightly constrained. These kind 

of problems are commonly found in real situations, as a result it is expected a good behavior in real 

problems. The performance of the metaheuristic algorithm was analyzed with respect to the amount 

of processing time required by the procedure to generate a solution and the quality of the solutions. 

The results of the A N O V A test showed that factors like the date windows and the capacity 

tightness regarding demand are statistically significant for the algorithm performance. On the other 

hand, it cannot be demonstrated that a factor like the dispersion of the customers affects the quality 

of the obtained solutions, which is a sign of the robustness of the algorithm to deal with this kind of 

problems. Results from the local search analysis indicate that the local search indeed provide with 

considerably improved solutions. Especially relevant are the phase I local search moves which were 

able to reduce infeasibilities in all cases. Finally, the comparison of the proposed approach with 

current practice reveals that the transportation cost of the five depots fall an average of 15.96% 

from the current levels. 

As future work it would be desirable to derive lower bounds for the VRP-SLDW to further 

evaluate the obtainable results. Modifications of existing exact solution procedures for the Split 

Delivery Vehicle Routing Problem (SDVRP) (Nowak, 2005) could yield such bounds. Also, there 

are many ways in which our proposed algorithm can be improved so that the number and length of 

tours needed to reach quality levels can be reduced, making its application to larger problem 

instances feasible. First, local optimization heuristics like 2-opt, 3-opt, GENUIS or Lin-Kernighan 

(Lin and Kernighan, 1973) can be embedded in the algorithm (this is a standard approach to 

improve efficiency of general purpose algorithms for vehicle routing problems) to improve the 

performance of long routes. Second, the development of alternative metaheuristics algorithms like 

Tabu Search or Scatter Search, which have proved to give good results in classical vehicle routing 

problems, could be considered. 
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Some further research could be directed towards an extension of the problem, for example 

considering two-level time windows, which include the classical time-windows into the date-

windows, or taking into account that usually the customer imposes strict service constraints for 

collections on a specific day or even within given time windows during that day. Another issue of 

interest is based on the fact that usually collection orders have different priorities for the customer. 

7.3 Disassembly Cell Formation Problems 

In this part of the research, the Disassembly Cell Formation Problem (DCFP) was discussed and 

two variants were studied. The problems were formulated as integer programming models, and 

given its computational complexity heuristic algorithms were designed to solve them. 

For solving the basic DCFP a Tabu Search (TS) algorithm was designed, and we illustrate the 

performance of previously published neighborhoods for the manufacturing cell formation problems 

(CFP) on a real-world test problem. The optimal solution was found by C P L E X and compared to 

the one obtained by the heuristic procedure. The performance of the heuristic procedure was 

analyzed with respect to the amount of processing time required to generate a solution and the 

quality of the solution, measured by its generated configuration cost. The results showed that the 

greedy heuristic procedure proposed (used as the initial solution for the TS) was very efficient and 

the quality of the solution reveals its effectiveness with 5.39% deviation from the optimal solution. 

The TS procedure generated relative good solutions with 2.93% deviation from the optimum in 33.7 

% less time compared to C P L E X . We analyze the reason why the optimal solution was not found in 

this sample problem, and we conclude that some times more than one operation should be moved at 

a time to reach an improving move. Also, the differences on solving the DCFP versus the CFP were 

commented. 

The DCFP with demand variability was mainly addressed in this part of the dissertation. Two 

different approaches were considered: robust and reconfigurable. In the reconfigurable approach the 

product demand varies form period to period in a deterministic manner. Due to this dynamic 

condition of the demand the best cell configuration for one period may not be efficient or even 

feasible for subsequent periods, and some redesigns would be required; for instance to change the 

number and allocation of machines to cells from period to period, to adjust to demand variability. 

The main assumption that supports this approach states that although the demand for each period is 

known a priori, finding an optimal configuration for each period could be prohibitively expensive. 

On the other hand, in the robust approach the product demand varies in a random manner. 
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However, this variation can be described in a number of probabilistic scenarios with a given 

occurrence probability. The aim of this approach is to obtain a cellular design in which the 

machines remain constant and do not move, only the flow of products changed once the demand 

have been observed. Both problems were mathematical formulated. 

Based on the results obtained by the TS procedure and in its application on the basic DCFP, we 

designed a Variable Neighborhood Search (VNS) algorithm, which incorporate a new neighborhood 

based on the ^-insertion move, which reallocate X disassembly task at time. Experimental results 

show the convenience of the algorithm on obtaining near optimal solutions for the reconfigurable 

problem; however for the robust problem some reservations are stated. 

Results from this part of the dissertation raise new questions for several potential directions for 

further research. The first extension is in the robust DCFP problem realm, the development of 

alternative solution methodologies may be considered. We would like to see if incorporating 

memory into the shaking procedure could improve the efficiency of the algorithm. Also, it would be 

interesting to analyze if using a TS with varying tabu list sizes will improve the efficiency and 

quality in searching for optimal solutions of robust DCFP. 

Additional research on the problem consists of several avenues. First, although it was not the 

aim of this dissertation, a larger experimental work may be conducted on the basic DCFP by 

comparing the proposed TS algorithm versus an implementation of a VNS algorithm, or even a 

hybrid VNS-TS, to derive a highly efficient algorithm for the DCFP. Second, the development of a 

metaheuristic algorithm for the minimax regret model proposed for the DCFP. Although such 

models require to known previously the best-known solution for each scenario in order to measure 

the regret, an efficient algorithm could consider an advanced strategy to constantly update the target 

solutions against to which compare the regret (see for example Yamashita et a l , 2007). Finally, a 

future investigation may consider using the simulation-optimization framework for any DCFP 

problem with uncertain data. 
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Appendix A 

Detailed description of the moves used in 
the VNS algorithm 

This appendix provides a detailed description of the moves used in the Variable Neighborhood 

Search algorithm for solving the robust and reconfigurable disassembly cell formation problems. 

Insertion Move (mi) 

Within this move a disassembly task is deleted from its current cell and reinserted in a different one. 

Thus, for each disassembly task i such that xs(i) = c, if m, = Move(;, c, c', s) is performed then xs(i) 

= c' for each c' * c e C. To be a feasible move, it requires that the cardinality of the source cell be 

greater than the minimum number of operations per cell Ws(c) > L and the target cell must satisfy 

that L < Ws{c') < U. This move will increment the cardinality of the target cell by one unit, whilst 

reduce the carnality of the source cell in the same quantity. Therefore the matrix Ws(c) is updated as 

follows: Ws(c) = Ws(c) - 1 and Ws(c') - Ws(c') + 1 if and only if the move m, = Move(/, c, c, s) is 

performed during stage s. Consequently, the neighborhood of an existing solution x, if x © mi is 

defined as N^x), and contains all those solutions obtained from x by changing the assignment in x of 

one disassembly task from its existing cell to another cell, during one stage. If there are C cells, N 

disassembly tasks and S stages then the size of this neighborhood is computed as \N,(x)\ = S x N x 

(C - 1). Note that some of the potential neighboring solutions may be eliminated because they 

violate the cardinality constraints. 

154 



Within this move two disassembly task belonging to different cells are swapping, while the rest of 

the tasks remain unchanged. Thus, for each pair of disassembly task i and j (i j) such that xs(i) = c 

and xs(j) = c', if mE = Move(/, j, c, c', s) is performed then xs(i) = c and xs(j) = c. This move will 

not modify the cardinality of any cell during any stage, i.e. Ws(c) and Ws(c') remain unchanged, 

only the allocations will be modified. Consequently, the neighborhood of an existing solution x, if x 

© mE is defined as NE(x), and contains all those solutions obtained from x by swapping the 

assignment in x of two disassembly tasks to cells, during one stage. The size of this neighborhood is 

computed as I / V E O O I = S x X^i,,AN-\) (N - r). Note that some of the potential neighboring solutions 

may be eliminated because violates the cardinality constraints. 

Union Move (my) 

Within this move all the disassembly tasks of two different cells are put together. The 

implementation of this move is different in the robust problem than in the reconfigurable problem. 

The main difference lies in the fact that while in the reconfigurable problem the number of cells can 

vary from period to period, in the robust problem the number of cells must remain constant for all 

scenarios. The description of this move for each problem is described below: 

Union move for the robust problem. 

Within this move for each pair of cells c and c' (c < c') the cost of reallocating all the disassembly 

tasks from c' to c in all the scenarios is evaluated. If niu = Move(c, c') is performed then any 

disassembly task such that xs(i) = c changes to xs(i) = c for all s. Before performing the move mv 

it must be verified if Ws(c) + Ws(c') < U for all the scenarios s, to asses that the move is feasible. If x 

© mv is a feasible move then Ws(c) and Ws(c') are updated as follows: Ws(c) = Ws(c) + Ws(c'), and 

Ws(c') = 0 for all s. Consequently, the neighborhood of an existing solution x, if x ® mv is defined 

as NJJ(X). The size of this neighborhood is computed as = £<•=!...<c- u (C - r). Note that some 
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of the potential neighboring solutions may be eliminated because they violate the cardinality 

constraints. 

Union move for the reconfigurable problem. 

For each pair of cells c and c' (c •£ c') all disassembly tasks i such that xs(i) = c', if mv = Move(c, c', 

s) is performed then any disassembly task / assigned to cell c' is reallocated in cell c, i.e. xs(i) = c. 

Before performing the move mv it must be verified that Ws(c) + Ws{c') < U to asses that the move is 

feasible. If x © mv is a feasible move then Ws(c) and Ws(c') are updated as follows: Ws(c) = Ws(c) + 

Ws(c'), and Ws(c') = 0. Consequently, the neighborhood of an existing solution x, if x © mu is 

defined as Nu(x). The size of this neighborhood is computed as |NtX*)| = Sx I.r=i...(c-D (C - r). Note 

that some of the potential neighboring solutions may be eliminated because they violate the 

cardinality constraints. 

Split Move (ms) 

To allow an increase in the number of cells in the search process, we consider the possibility of 

splitting one of the cells into two. As in the union move, the split move in the robust problem 

increments the number of cells in all scenarios, while in the reconfigurable problem the number of 

cells may be increased in only one period. The description of this move for each problem is 

described below: 

Split move for the robust problem. 

Given to cells c and c (c * c') with Ws(c') = 0 for all s, if ms = Move(c, c\ u.) is performed then [i 

disassembly task from cell c are chosen at random and reallocated in cell c\ i.e. u. disassembly tasks 

move from xs{i) = c to xs(j) = c'. This is only possible if the cardinality of the cell to be split is large 

enough to produce two cells with more than L tasks each for all scenarios. Thus, before evaluating 

the move nis it must be verified the feasibility of the move, where (J. = min,} Wj(c) - L) , i.e. the 

maximum number of disassembly tasks that can be removed from cell c and reinserted into a cell c' 

in all scenarios. If x ® ms is a feasible move then Ws(c) and Ws(c') are updated as follows: Ws(c) = 
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Ws(c) - u, and Ws(c') = u. for all s, which is exactly the opposite to the union of two cells. 

Consequently, the neighborhood of an existing solution x, if x © ms is defined as Nsix). If \i 

disassembly task will be changed then the size of this neighborhood is computed as |AV(x)| = u x 5 
x rii=i.. (c-i) (C - r). Note that some of the potential neighboring solutions may be eliminated 

because they violate the cardinality constraints. 

Split move for the reconfigurable problem. 

Given to cells c and c (c * c') with Ws(c') = 0, if ms = Move(c, c, \i, s) is performed then u 

disassembly tasks from cell c are chosen at random and reallocated in cell c', i.e. u disassembly 

tasks move from xs(i) = c to xs(i) = c'. This is only possible if the cardinality of the cell to be split is 

large enough to produce two cells with more than L tasks each. Thus, before evaluating the move ms 

it must be verified if Ws(c) - [i > L in order to guarantee the feasibility of the move. Parameter \i is 

bounded by L < \i < surplus, where surplus = Ws(c) - L is defined as the maximum number of 

disassembly tasks that can be removed from cell c and reinserted into a cell c'. If x © ms is a 

feasible move then Ws(c) and Ws(c') are updated as follows: Ws(c) = Ws(c) - u, and Ws(c') = u, 

which is exactly the opposite to the union of two cells. Consequently, the neighborhood of an 

existing solution x, if x ® ms is defined as N^x). If | i disassembly task will be changed then the size 

of this neighborhood is computed as |NrX*)| = n x 5 x Il^i .(C-D (C - r). Note that some of the 

potential neighboring solutions may be eliminated because they violate the cardinality constraints. 

^-Insertion Move (m )̂ 

In previous experiments we found that sometimes it is required to move more than one disassembly 

task a time which belongs to the same cell to obtain an improving move, therefore we consider the 

movement of X disassembly tasks a time. Within this move X disassembly tasks are deleted from 

their current cell and reinserted into a different one. Thus, for each X-tuple of disassembly tasks 

belonging to cell c, i.e. xs(ir) = c: r =1, X, if mx = Move({rl, r^}, c, c', s) is performed then 

the X disassembly tasks are reinserted in cell c' (c' ^ c) during stage s, i.e. xs(ir) = c'\ r =1, X. 

Before evaluating the move mx it must be reviewed that Ws(c) - X > L and L < Ws(c') + X < U to 

asses that the move is feasible. If x © mx is a feasible move and it is performed, then Ws(c) and 

Wj(c') are updated as follows: Ws(c) = Ws(c) - X, and Ws(c') = Ws(c') + X. Consequently, the 
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neighborhood of an existing solution x, if x ® mi is defined as N£x), and contains all those 

solutions obtained from x by changing the assignment of A, disassembly task from its current cell to 

another cell, during one stage. If A, disassembly tasks will be reinserted in a different cell, then the 

size of this neighborhood is computed as \Ni(x)\ = (^) x (C - 1). Note that this previous general 

expression of the size of the neighborhood does not take into account that for some solutions the 

size of some neighborhoods may be less if some of the moves are infeasible because they violate 

the bounds of the number of minimum and maximum disassembly tasks per cell. 
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Appendix B 

Illustrative example of the instance 
generator for the VRP-SLDW 

This appendix exemplifies not only how the instance generator works, but also provides a valid 

argument regarding the quality of the B K solutions. For designing instances with B K high quality 

feasible solutions the following principles for designing routes are considered: 

1. Optimal solutions are those in which the customer's demand is split as few as possible. 

This is consistent with the results of Archetti et al. (2006) for the split delivery routing 

problem. 

2. Customers assigned to the same route are close to each other. 

3. Routes with full truck load are preferable in optimal solutions. 

We design a trial example with 15 customers, which allow us to illustrate its operation. The 

following assumptions are hold: 

• There are 4 vehicles (two of 15 units of capacity and two of 30 units). 

• Each vehicle can complete at most 3 tours. 

• The total collection capacity of the system is 1,620 units per week. 

• There are 15 customers (FI). 

• We want to create customers with balanced demand (F2). 

• We desire tightly date windows (F3). 

• We desire a collection capacity above 15% over the total customer demand (F4). 

• We desire customers with low dispersion (F5). 
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Step 1 - Compute customer demand considering factors F l , F2 and F4. 

The total demand generated is of 1,381, which represents the 85.25% of the collection capacity of 

the systems. The demand for each customer is given in Table B . l . 

Table B.l Demand for each customer. 

Step 2 - Form the LOAD matrix (i.e. the solution). 

The load matrix is generated by taking the first customer with the largest demand and inserting a 

portion of its demand into the first route where both the largest load may be allocated and the 

remaining capacity of the vehicle is minimized. The procedure is repeated until the entire total 

customer's demand has been allocated. Then, the data structure is updated and the next customer is 

selected. 

The solution is given in table B.2. To define the date windows, for each customer the procedure 

identifies the first and last day in which it is visited; then under the factor F3 consideration it 

determines the width of the date windows. Note that to ensure full truckload routes some customer 

demands were adjusted. Table B.3 shows the new demand for each customer. 

Table B.3 New demand for each customer. 

It should be noted that the difference between the customer with the higher demand (customer 4) 

and the customer with the lower demand (customer 8) is 45 units, and in average each customer 

holds a demand of 95 units, thus the customer demand is considered to be balanced. 
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Table B.2 LOAD matrix (solution) of the trial example. 

Customers 
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In this step a solution has been designed and the remaining of the procedure derive the instance data 

for that solution. 
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Step 3 - Form clusters and locate customers. 

The size of the area to locate customers ranges from (-50 to 50) for x and y, the depot is located at 

(0, 0). To ensure high quality feasible routes, all customers assigned to the same route are grouped 

into clusters. The coordinates of the clusters are calculated, and its amplitude is defined by factor 

F5. Table B.4 shows the clusters that were identified and the center of the clusters. It should be 

noted that clusters are fairly distributed in the area. Therefore, two imaginary circles are drawn with 

radius of 50 and 25 for the outer and the inner respectively. Figure B . l shows the location of the 

clusters. 

Table B.4 Clusters. 
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Now we allocate the customers around the center of their corresponding clusters according to 

factor F5. The coordinates of the customers are given in Table B.5. 

Table B.5 Coordinates of customers. 
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In figure B.2 we show the location of the customers. 

Figure B.2 Location of clusters 

The distances are given in table B.6. With this information, the data instance is completed, 

which includes: 

1. Number of customers. 

2. Number of periods. 

3. Number of vehicles. 

4. Max number of tours per vehicle. 

5. Capacity of each vehicle. 

6. Unit cost per travel distance. 

7. Max operation time (hrs) for each vehicle per day. 

8. Demand for each customer. 

9. Service time for each customer. 

10. Date Windows. 

11. Travel distance and time matrices. 
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Table B.6 Distance matrix. To compute the travel time, we consider an average speed of 50 km/hr. 
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Step 5 - Form ROUTE matrix and compute total cost. 
Now we can compute the ROUTE matrix, see table B.7, we only show those routes used in 

solution. 

Table B.7 Route matrix. 

Customers 

167 



The total cost of our solution is: 1,077.36. 
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Using A M P L - CPLEX to evaluate the solution 

We have modeled this problem in A M P L and solve it in C P L E X . The adjusted problem after the 

presolve phase consists of 5,775 variables and 10,919 constraints. After 20 hr of computing time 

C P L E X explores 2,048,832 nodes however it was unable to find an integer solution. When we 

provide the B K solution to C P L E X the solution obtained was 1,077.36, which corresponds to the 

B K solution. 

Given the results obtained we don't have enough information to reject the hypothesis that our 

instance generator builds instances with a high quality upper bound. 
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