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ABSTRACT 

 
 

A LOCATION-ROUTING PROBLEM FOR THE  

MUNICIPAL SOLID WASTE MANAGEMENT SYSTEM 

 

Ayanoğlu, Cemal Can 

M.Sc., Department of Industrial Engineering 

Supervisor: Asst. Prof. Dr. Sedef Meral 

 

February 2007, 128 pages 

 

 This study deals with a municipal solid waste management system in which 

the strategic and tactical decisions are addressed simultaneously. In the system, the 

number and locations of the transfer facilities which serve to the particular solid 

waste pick-up points and the landfill are determined. Additionally, routing plans 

are constructed for the vehicles which collect the solid waste from the pick-up 

points by regarding the load capacity of the vehicles and shift time restrictions. 

 We formulate this reverse logistics system as a location-routing problem 

with two facility layers. Mathematical models of the problem are presented, and an 

iterative capacitated-k-medoids clustering-based heuristic method is proposed for 

the solution of the problem. Also, a sequential clustering-based heuristic method is 

presented as a benchmark to the iterative method. Computational studies are 

performed for both methods on the problem instances including up to 1000 pick-up 

points, 5 alternative transfer facility sites, and 25 vehicles. The results obtained 

show that the iterative clustering-based method developed achieves considerable 

improvement over the sequential clustering-based method. 

 
Keywords: Location-Routing Problem, Reverse Logistics, Municipal Solid Waste 

Management, k-medoids Clustering, Heuristics  
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ÖZ 

 
 

EVSEL KATI ATIK YÖNETİM SİSTEMİ İÇİN 

BİR YERLEŞİM-ROTALAMA PROBLEMİ 

 

Ayanoğlu, Cemal Can 

Yüksek Lisans, Endüstri Mühendisliği Bölümü 

Tez Yöneticisi: Y. Doç Dr. Sedef Meral 

 

Şubat 2007, 128 Sayfa 

 

 Bu çalışmanın konusu uzun ve orta vadeli kararların aynı anda ele alındığı 

bir evsel katı atık yönetim sistemidir. Sistemde, katı atık toplama noktaları ve 

düzenli depolama tesisi için hizmet sağlayan transfer istasyonlarının yer ve sayısı 

belirlenmekte ve aynı anda yük kapasitesi ve vardiya süresi dikkate alınarak 

toplama noktalarındaki mevcut katı atıkların toplanmasını sağlayan araçların 

rotaları oluşturulmaktadır. 

 Belirtilen sistem, iki seviyeli tesis yapılı ve ters lojistik sistemine göre 

çalışan bir yerleşim-rotalama problemi olarak modellenmiştir. Öncelikle probleme 

ait matematiksel modeller geliştirilmiş ve daha sonra kapasiteleri dikkate alan 

tekrarlamalı k-medoids demetleme-tabanlı bir sezgisel yöntem önerilmiştir. Ayrıca, 

ardışık demetleme-tabanlı sezgisel bir yöntemde önerilen tekrarlamalı yöntemi 

kıyaslamak için tanıtılmıştır. Her iki yöntem için 1000 atık toplama noktası, 5 

alternatif transfer istasyonu ve 25 araca kadar veri içeren test problem örnekleri 

kullanılarak hesaplamalar yapılmıştır. Elde edilen sonuçlarda, tekrarlamalı k-

medoids demetleme-tabanlı sezgisel yöntem, ardışık yönteme göre farkedilir 

derecede iyi sonuçlar vermiştir. 

 
Anahtar Kelimeler: Yerleşim-Rotalama Problemi, Ters Lojistik, Evsel Katı Atık 

Yönetim Sistemi, k-medoids demetleme, Sezgisel Yöntemler 
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CHAPTER 1 

 
 

INTRODUCTION 

 
 
 

Municipal solid waste (MSW), commonly known as trash or garbage, 

contains everyday items such as product packaging, grass clippings, clothing, 

bottles, food scraps, newspapers, appliances, and batteries (Erkut et al., 2006). A 

study on compositional characteristic of MSW in Turkey shows that 50-55% of the 

MSW is composed of organic materials and the rest of it is composed of recyclable 

(paper, packaging, scrap metal etc.) and other types of materials (Metin et al., 

2003). According to the statistics of year 2004, 1889 of 1911 municipalities 

questioned give solid waste services in Turkey and the amount of solid waste 

collected in these municipalities reaches 24.24 million tons per year (Turkish 

Statistical Institute, 2006). In the absence of an effective management, solid waste 

constitutes various health and safety risks to the environment and public. 

 Municipal solid waste management system (MSWMS) includes activities 

from solid waste collection to the disposal of solid waste and the decisions from 

opening the intermediate facilities to the treatment facilities in order to control the 

constituted risks. In an effective MSWMS of present-day, solid waste transfer 

facilities (also called as “transfer stations”) are an important integral part. A 

transfer facility can be used to bulk up the waste for more efficient transport with a 

larger vehicle where the distance from the waste collection area to the waste 

treatment facility (“landfill”) is long. Waste arriving at the transfer facility in 

collection trucks is loaded into larger containers by compaction and finally 

transported to the landfill (Bovea et al., 2007). Activities of a MSWMS and the role 

of waste transfer facility are illustrated in Figure 1.1. 
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Figure 1.1 Role of Waste Transfer Facility (Transfer Station) 

(http://www.nottinghamshire.gov.uk/wlp-roleofwaste.pdf , 31 January 2007) 

 

The whole system of MSWMS is composed of two main parts: solid waste 

collection system and the regional solid waste management system. In the solid 

waste collection system, short and medium-term decisions are considered including 

the collection of waste from the pick-up points, routing within the regions, 

transporting waste to the transfer facilities. Furthermore, in the regional solid waste 

management system, long-term decisions are taken including the determination of 

the numbers, locations, and capacities of the facilities within the system (Gottinger, 

1988).  

MSWMS with its two main parts has been receiving more attention with the 

increasing population of the metropolitans and changing public demands. As a 

result, researchers are encouraged to propose new alternatives related with the 

strategic decisions of regional solid waste management system and tactical 
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decisions of solid waste collection system. However, the interrelationships of the 

two systems are often overlooked. 

In this study, in order to integrate the decisions of both the regional solid 

waste management and the solid waste collection management systems, we 

consider a MSWMS that addresses the following strategic and tactical decisions at 

the same time: 

 

• Determining the number and locations of the solid waste transfer 

facilities (TF) which serve to the pick-up points and transfer the bulk 

waste to the particular landfill. 

• Constructing the routes of the collection vehicles which depart from 

TFs, collect the wastes from pick-up points, and then turn back to 

TFs. 

 

On the other hand, collection, transformation, and transportation of the 

waste and other disposed materials are related with the reverse logistics. While 

traditional logistics organizes the distribution in the forward way, reverse logistics 

consider the reverse distribution including waste and other disposed materials 

(Brewer et al., 2001).  

We design this MSWMS as a location-routing problem (LRP) for a reverse 

logistics system with two facility layers. Then we develop a Mixed Integer 

Programming (MIP) formulation of MSWMS-LRP which can be defined as 

follows:  

 

• The location of the landfill, alternative potential sites for TFs, solid 

waste pick-up points, amount of daily solid waste to be collected from 

pick-up points, exposure rates of TFs and exposure limits of population 

sites, fleet size, capacities and shift times of the collection vehicles are 

the parameters that define the MSWMS-LRP environment. 

• The objective is to minimize the sum of daily fixed cost of opening TFs, 

fixed cost of dispatching the collection vehicles, variable operating cost 
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of TFs, variable solid waste collection cost, and bulk waste 

transportation cost under the following conditions: 

o Suitable TFs are to be opened in accordance with the exposure 

limitations. 

o Collection vehicles operate within the given shift time limit.  

o Collected wastes are carried from TFs to the landfill via direct 

truck-load trips by bulk waste transportation vehicles. 

o Each pick-up point is served by at least one collection vehicle. 

o Each route is operated from at most one TF and each route 

originates from a TF. 

 

We develop an iterative capacitated-k-medoids clustering-based heuristic 

algorithm for the solution of the MSWMS-LRP. The algorithm is an iterative three-

phase approach. First it partitions the pick-up points into capacitated clusters and 

opens TFs which serve to particular clustered pick-up points and the landfill. 

Secondly, it constructs initial routes of the collection vehicles originating from the 

open TFs. Finally, it searches for the improvement of the routes. The algorithm 

iterates between the third phase and the first phase until no more improvement is 

observed. The improved clustering method together with the cluster improvement 

mechanism seems to be a distinguishing feature of the algorithm for the LRP. 

Additionally, we propose a sequential clustering-based heuristic algorithm as a 

benchmark for our algorithm.  

We evaluate the performance of our algorithm against the sequential 

heuristic algorithm on problem instances including up to 1000 pick-up points, 5 

alternative TF sites, and 25 vehicles. The results obtained reveal that the iterative 

capacitated clustering-based algorithm developed achieves considerable 

improvement over the sequential clustering-based algorithm. 

The content of our study is structured in the following chapters as follow: 

Chapter 2 contains the literature review related with our study. Since the 

study is mainly based on LRP, solution approaches on LRP are presented first. In 
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the rest of the chapter, we briefly discuss both the separate and integrated 

applications of location and routing problems in the context of waste management. 

In Chapter 3, firstly specifications and the classification of the problem 

which we are dealing with in this study are presented. Then we introduce 

mathematical formulations of the problem subject to our assumptions. 

In Chapter 4, the developed capacitated-k-medoids clustering-based 

solution algorithm of the problem is discussed extensively. After presenting the 

clustering method briefly, we define each phase of the solution algorithm in detail. 

Chapter 5 includes the results of the developed algorithm for the test 

problem instances. Additionally, optimality analysis of the MSWMS-LRP and 

comparisons of the developed solution method with the benchmark method are 

given in this chapter. Finally, the chapter contains the sensitivity analysis on the 

solution algorithm developed regarding the population increases in the future. 

In Chapter 6, general conclusions of the work, contributions to the related 

studies and future research areas are presented. 
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CHAPTER 2 

 
 

LITERATURE REVIEW 

 
 
 

This chapter is divided into three sections. In the first section, LRP related 

literature is introduced by considering different solution approaches. In the second 

section, the location-related studies and routing-related studies in the context of 

waste management are discussed. In the last section, the main subject of our study, 

the literature on LRP in waste management is presented. 

 

2.1 The LRP Literature 

 

In the logistics environment, planning the strategic, tactical, and operational 

decisions separately have brought many unsatisfactory sub-optimal results. These 

results have encouraged the researchers on the subject of integrated logistics to 

handle decisions in different planning horizons at the same time. Following these 

improvements, LRP problems started to be analyzed to handle the location, 

allocation, and routing decisions interdependently. 

Although studies on LRP have started in early 1960s, extensive research on 

this field has been observed at the end of 1980s. Stressing the importance of the 

issue, Salhi and Rand (1989) analyze sub-optimal results caused by ignoring routes 

when locating depots. They state the purpose of the study as: “seeing whether the 

location yielding the lowest cost at the location stage maintains its superiority at the 

routing stage”. In order to attain this aim, they apply three different location-

allocation methods (RDA and ALA (Cooper, 1964), DROP (Feldman et al., 1966)) 

to determine the depot locations and allocations to customers. After obtaining the 

results in the location stage, they generate tours according to Salhi and Rand (1987) 

in the routing stage. As a conclusion of the test runs, it is found out that the least 

cost solutions after the location stage do not maintain their superiority after the 
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routing stage, and that ignoring the interdependence between location-allocation 

and routing decisions leads to errors.  

In three extensive survey studies of LRP, nearly all previous LRP literature 

was analyzed and classified. First extensive survey of LRP is presented by Laporte 

(1988). In the survey, LRP literature up to 1988 is characterized and reviewed. 

Also a notation for the classification of LRPs is presented with (t / M 1 / … / M (t-1)); 

where t shows the number of layers in the problem, Mt shows the mode of trip at 

each layer. If mode of the layer is (Mt = R), then all trips from layer t must be 

return trip. If mode of the layer is (Mt = T), then trips from layer t may be a single 

tour or multiple tours. This means in a (2 / T / R) LRP, shipments are made with 

tours from some points to secondary facilities, and then collected goods are sent to 

primary facilities via return trips. In the survey, it is defined that: “in a LRP, 

location decision should be made at least for one layer and tours should take place 

at least once (Mt = T)”. In the rest of the survey, after describing the two-index and 

three-index mathematical models, Laporte presents heuristic and exact methods for 

the solution of the common LRPs from the previous literature till 1988. 

Another detailed survey is introduced by Min et al. (1998). A classification 

scheme is proposed in the study for the LRP. Then previous literature is analyzed 

according to the scheme. Min et al. (1998) states that inbound and outbound tours 

are not analyzed together in most of the literature Thus, they propose the study of 

multi stage LRPs as a future research issue. 

The most recent survey paper for the LRP is presented by Nagy and Salhi 

(2007). The reasons of ignoring the interrelation of location and routing issues and 

solving location problems without paying attention to routing considerations are 

stated by the researchers as follows: 

 

i. In some practical situations location problems do not have a routing 

situation. 

ii. While location is a strategic decision, routing is a tactical one. This 

situation creates an inconsistency in the planning periods. However, 

with the study of Salhi and Nagy (1999), it is decided that the 
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simultaneous consideration of location-routing may decrease costs over 

a long planning horizon in which routes are allowed to change. 

iii. LRP is more difficult than the location problem. 

 

Nagy and Salhi (2007) also develop a classification scheme for the LRP 

studies. This scheme includes the following aspects:  

 

Classification Scheme for the LRP 

 

A. Type of input data: 

i. Deterministic Data 

ii. Stochastic Data 

 

B. Hierarchical structure:  

i. Standard structure of LRP includes customers connected to depots via 

tours, and no depots have connections with each other.   

 

Also there are some variations of this hierarchical structure like transportation-

location problem, many-to-many location problem, vehicle routing-allocation 

problem, multi-level location-routing problem: 

 

ii. Transportation-location problem is also named as transshipment-

location problem and it does not include any tours between depots and 

customers. Nagy and Salhi (2007) exclude these types of works from 

LRP, since they do not involve any tour planning. 

iii. Many-to-many LRP involves tours between facilities and customers, as 

well as routes among facilities. 

iv. Vehicle routing-allocation problem involves tours between facilities, 

but it also includes direct paths between facilities and customers.  

v. Multi-level location-routing problem has more than one level of 

facilities and the problem involves tours at all layers.  
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In some LRPs, facilities having tours between customers are connected to 

supplier/disposal facilities with direct paths like in our study. Nagy and Salhi 

(2007) keep this type of works within the standard structure. 

 

C. Planning period: 

i. Single-period (Static) 

ii. Multiple-periods (Dynamic) 

 

D. Objective function: 

i. Single objective 

ii. Multiple objectives 

 

E. Number of depots: 

i. Single depot 

ii. Multiple depots 

 

F. Number and types of vehicles: 

i. Single or Multiple vehicles 

ii. Homogenous or heterogeneous fleet 

 

G. Route structure: 

i. Node or arc routing 

ii. Single or multiple route per vehicle 

iii. Delivery/pick-up or delivery and pick-up at each stop 

 

H. Solution space: 

i. Discrete 

ii. Network 

iii. Continuous 
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I. Solution method: 

i. Stochastic exact solution methods 

ii. Deterministic exact solution methods  

iii. Stochastic heuristic solution methods 

iv. Deterministic heuristic solution methods 

a) Sequential methods involve solving the location problem by 

minimizing the sum of depot to customer distances and then 

constructing routes between depots and customers by 

considering the open depots (locate first, route second). 

b) Clustering-based methods partition customers set into clusters. 

Then two different ways can be followed. In the first way, 

each cluster is assigned to a vehicle route and then a traveling 

salesman problem (TSP) is solved for each cluster. Finally 

each cluster is assigned to a depot. In the second way, a depot 

is located in each cluster and then a vehicle routing problem 

(VRP) is solved for each cluster. 

c) Iterative methods decompose the LRP into location and 

routing subproblems. Then subproblems are solved iteratively 

and solution information is transmitted from one subproblem 

to another. The method tries to find the best location and 

routing configuration by continuing to iterate between location 

and routing subproblems until improvement in the solution is 

zero or iteration limit is performed. 

d) Hierarchical methods include algorithms where the main 

algorithm determines the location configuration by evaluating 

all possible depot combinations or investigating a number of 

given depot configurations, and calls in each step to a 

subroutine that solves the routing problem. The algorithm 

searches for the solution including the best location and 

routing combination among all solutions. 
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A very detailed survey on the stochastic and dynamic LRPs and extensive 

future suggestions are also given in Nagy and Salhi (2007). A classification is 

presented in Chapter 3 for the MSWMS-LRP which we study according to the 

classification scheme of Nagy and Salhi (2007).  

After discussing the survey studies on LRP, it will be useful to introduce 

some LRP studies that we have benefited during the development phase of the 

MSWMS-LRP. The LRP studies are presented according to their solution 

approaches as exact and heuristic methods. 

 

2.1.1 Literature on Exact Solution Methods of the Deterministic LRP 

 

Laporte et al. (1986) present an Integer Linear Programming (ILP) 

formulation and an exact algorithm for solving a LRP including up to 20 nodes. In 

the ILP formulation, sum of routing costs, depot operating and vehicle operating 

costs are minimized under the following conditions: 

 

• Selecting depot sites among the candidate sites, 

• Determining the number of vehicles at each selected depot, 

• Establishing vehicle routes in such a way that; 

o Each route starts and ends at the same depot (chain barring) 

o Service requirement at a node can be met with at most one vehicle 

(the same node may be visited more than once if this saves distance) 

o The sum of all requirements satisfied by any vehicle does not 

exceed  the capacity of that vehicle (Capacitated vehicle) 

o The number of nodes used as depots lies between the two pre-

specified bounds 

o For each node used as depot, the number of vehicles lies between 

the two pre-specified bounds (Capacitated vehicle fleet) 

 



 12

The developed algorithm works by initially relaxing chain barring and 

subtour elimination constraints, then adds necessary constraints when a chain or 

illegal subtours are observed in the solution.    

In the study of Laporte et al. (1988), asymmetric capacitated multi-depot 

LRP is transformed into a constrained assignment problem with graph 

transformation method. Then it is solved by a branch and bound algorithm. The 

described method in the study is able to solve the capacitated asymmetric multi-

depot LRP up to 80 nodes optimally.  

As a summary of this part, exact methods in the literature are capable of 

solving small instances (at most 80 nodes) for some kinds of LRPs. So, heuristic 

solution methods are useful for the solution of larger instances. 

 

 2.1.2 Literature on Heuristic Solution Methods of the Deterministic LRP 

 

Perl and Daskin (1985) continue on the studies of Perl (1983), Perl and 

Daskin (1984), and present the three-index formulation of MIP model for the 

warehouse location-routing problem (WLRP) which has been extended and used in 

many of the LRP studies in the literature. It is assumed in the model that the cost of 

transporting between supply points and distribution centers (DCs) (called as 

trunking cost) can be ignored and delivery fleet involves homogenous vehicles. 

Under these assumptions, trunking cost component of the objective function and 

some constraints are removed from the MIP of WLRP. Thus, a new integer 

programming (IP) model, modified WLRP (MWLRP) is formed. After forming the 

MWLRP, a heuristic solution method is proposed. This heuristic method is based 

on decomposing the MWLRP into three subproblems and solving the subproblems 

either optimally and heuristically in a sequential manner, while considering the 

dependence between them. These subproblems are multiple depot vehicle dispatch 

problem (MDVDP), warehouse location and allocation problem (WLAP), and 

multiple dispatch routing allocation problem (MDRAP). MDVDP and MDRAP are 

solved heuristically by performing simultaneous location and allocation phases 

sequentially. WLAP is solved exactly by implicit enumeration. The solution 
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method iterates between WLAP and MDRAP until no reduction occurs in the total 

cost. The solution method is initially tested for the MWLRP with 12 customers and 

2 DCs. As a result, 5.2 % higher objective function value is observed than the 

Linear Programming (LP) relaxation of the IP model of MWLRP. To see the 

performance of the heuristic method, a large-scale case study application with 318 

customers and 4 DCs is implemented. 

In the study of Bookbinder and Reece (1988), a LRP including distribution 

of multi-type products from factories to customers via depots is solved by 

separating the problem into location-allocation and routing subproblems with 

Benders decomposition. In the routing subproblem, heterogeneous fleet is 

considered. 

Branco and Coelho (1990) deal with a different case of LRP, named as 

“Hamiltonian p-median problem”. Aim of their study is minimizing the total 

distribution cost by locating p facilities and defining p Hamiltonian tours, each 

passing through a facility. To achieve this aim, N points are partitioned into p sets 

by using a clustering algorithm and then a Hamiltonian tour is defined in each set 

by using a 3-opt traveling salesman problem (TSP) heuristic of Lin (1965) and Lin 

and Kernighan (1973). The developed solution method is tested on instances with 

up to 50 nodes. 

Srivastava and Benton (1990) provide a MIP for the LRP with route length 

and route time limitations. They develop two hierarchical (savings-drop, savings-

add) and one clustering-based (cluster-routing) LRP heuristic solution methods for 

the problem. Srivastava and Benton define a sequential method for the comparison 

of the developed heuristics. Then they statistically compare heuristics under 

different environmental characteristics. In the result, savings-drop and cluster-

routing heuristics outperform the sequential heuristic solution method. 

Srivastava (1993) present two hierarchical and one clustering-based LRP 

heuristics of Srivastava and Benton (1990) with names SAV1, SAV2 and CLUST. 

SAV1 heuristic assumes initially all the depots open and iterates between routing 

and depot closing stages until the desired number of depots remains open. The 

configuration with minimum cost is then selected as the solution from the set of 
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solutions. SAV2 heuristic operates in the opposite way of SAV1. In SAV2 

heuristic, at first all depots are closed, and then they are opened one by one. 

CLUST heuristic establishes the desired number of customer clusters, and opens 

the same number of depots as the number of clusters. The open depot sites are 

selected from the nearest depots to the cluster centroids. Initial routes are 

constructed by first selecting the customers to be included in a single route on their 

polar coordinates, and then the optimal TSP solution method of Little et al. (1963) 

is applied to find the best routes. Results of the three heuristics are compared with 

the optimal results of the MIP which is presented in Srivastava and Benton (1990), 

and a classical sequential method’s results under the different environmental 

characteristics. At the end of the comparison, proposed heuristics play a superior 

role over the sequential method and give very close results to the optimal solution. 

Hansen et al. (1994) present a study based on Perl (1983) and Perl and 

Daskin (1985). While Perl and Daskin (1985) solve the WLAP subproblem of the 

WLRP optimally and other subproblems heuristically, Hansen et al. solve these 

subproblems heuristically. As a result, the proposed method produces significantly 

better solutions over Perl and Daskin’s method. 

Min (1996) develops a three-phase clustering-based heuristic procedure to 

solve a practical size LRP with 8 potential terminal sites, 10 supply sources, and 92 

customers. Problem in the study contains 2 facility layers, capacitated vehicles and 

facilities. Phases of the heuristic procedure are defined as follows: 

 
i. Gathering closely-located customers into “capacitated clusters”. 

ii. Location of the capacitated consolidation terminals and allocation of the 

capacitated supply sources and customers to their closest open terminal 

with an extended p-median problem. 

iii. Configuration of route for each capacitated cluster with Traveling 

Salesman Problem (TSP).  

 

In phase two, problem-size reduction procedures are applied to solve the p-median 

problem. The TSP solution method of Little et al. (1963) is used for the solution of 
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TSP in phase three. Min (1996) predicts that errors of the developed heuristic 

exceed rarely 20% of the optimal solution. Moreover, the heuristic produces a 

solution with transportation cost savings due to the elimination of duplicated routes 

as a result of clustering. 

Barreto et al. (2007) present a comparison study of the clustering-based 

sequential heuristics for the capacitated location routing problem (CLRP) with 

different clustering techniques (hierarchical and non-hierarchical) and linkage 

methods (single linkage, complete linkage, group average, centroid, ward and 

saving). Although in many studies clustering-based heuristics are used for solving 

CLRP, this study is the first that deals with the performance of the heuristics. For 

the analyses, they develop a four-step clustering-based sequential heuristic 

algorithm for the CLRP: firstly customers are clustered by considering the load 

capacity limit of the vehicles, secondly distribution routes are determined in each 

group with TSP, thirdly routes are improved, and finally DCs are assigned to 

routes. In step 2, an exact algorithm is used for the TSP routes of groups which 

have at most 40 customers. For groups having more than 40 customers, a two-

phase heuristic approach is used. In step 3, routes are improved with 3-opt 

heuristic. Barreto et al. (2007) comment on the performance of the developed 

heuristics with various grouping techniques and linkage methods by comparing 

them with the best known results of the instances from the literature. As a result, 

they find out that the average gap between the results of clustering-based heuristics 

and lower bounds in the literature is 4.81%, and in some instances clustering-based 

heuristics reach the optimal results. 

Metaheuristic based methods are also used in a few studies for the small and 

medium sized LRPs. Su (1998) studies a genetic algorithm based solution method 

for a LRP up to 100 customers and 5 facilities. 

Tüzün and Burke (1999) extend the three index MIP formulation of Perl 

and Daskin (1985) and develop a two-phase tabu search solution approach for the 

problem; first phase of the approach searches for a good facility configuration, 

second phase for a good routing for the facility configuration. They compare the 

results of their heuristic with the SAV1 heuristic of Srivastava (1993) for the 
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instances up to 200 customers. Although the two-phase tabu search heuristic 

performs better than SAV1, it requires more computation time. 

Wu et al. (2002) consider a LRP with limited multiple vehicle types. MIP 

model of Perl and Daskin (1985) is used as a basis in the study. Also, a heuristic 

method is proposed that decomposes the LRP into location-allocation and routing 

subproblems and solves them by simulated annealing. 

In the study of Lin and Kwok (2006), LRP is considered with two 

objectives: reducing the total cost, load and working time balance among vehicles. 

They compare the two metaheuristics (Tabu Search and Simulated Annealing) on 

multi-objective LRP by designing two different versions of each. First versions are 

designed as a sequential approach and single routes are assigned to vehicles. 

Second versions are designed as simultaneous approach and multiple routes are 

assigned to each vehicle. In both approaches, a lower bound is defined for the 

number of facilities, then a set of facilities are opened with a greedy approach. 

Finally, demand points are clustered and vehicle routes are formed with heuristic 

approaches within each cluster. At the end of the study, they find out that the 

simultaneous approach outperforms the sequential approach in problems which 

have constrained routes with load capacity. Also in some of the solutions 

simultaneous approach gives higher costs than the sequential approach, but better 

balanced workload with increased model complexity and running time.  

 LRP studies examined consider at most two facility layers. However, 

Ambrosino and Scutella (2005) consider a LRP involving three facility layers and 

including the inventory decisions. Ambrosino and Scutella (2005) present the 

formulation of the problem which is developed from Perl and Daskin (1985). 

 In summary, most of the heuristic solution methods are capable of solving 

medium and large sized LRP instances. Although clustering-based heuristic 

methods can handle larger instances by partitioning the customers into cluster sets, 

they have been used very rarely in LRP studies. In addition to this, clustering-based 

methods used are all simple, and based on the sequential approach. Only Srivastava 

(1993) applies an iteratively working clustering-based method.  



 17

In our study we have decided to use clustering-based heuristic which works 

iteratively and seeks for improvement. Details of the clustering algorithms within 

the clustering-based methods of the literature are analyzed in Chapter 4. 

 

2.2 Location and Routing Problems in the Waste Management Literature 

  

Waste management literature includes various examples of location 

problems. We limit our review within the regional waste management system and 

we present some contributing studies that decide on the number and locations of 

the collection areas and the intermediate facilities. 

 Kırca and Erkip (1988) present an approach with four stages to determine 

the locations of the transfer facilities for the metropolitan city of İstanbul. In the 

first stage, necessary data are acquired from the system; in the second, alternative 

locations are determined for the transfer facilities by means of a transshipment 

model; while in the third stage, optimal locations of transfer facilities are found by 

a classical plant location model which has a distance based objective function 

trying to minimize the total transportation cost. The last stage implements the 

results of the plant location model over the time horizon. They apply the stages of 

the approach by changing the parameters of the plant location model. 

 Rahman and Kuby (1995) emphasize the conflicting objectives in the solid 

waste transfer stations (SWTS) location problem. They state that: “transfer 

facilities should be sited close to the collection zones to minimize costs, but should 

be far from the residential areas to minimize public opposition”. They derive an 

opposition function from the opinion survey data of Rahman et al. (1992). Then a 

multiobjective model is formulated for locating SWTS that examines the tradeoffs 

between minimizing costs and public opposition. 

 Bautista and Pereira (2006) consider the location of collection areas in a 

metropolitan area. In their approach, collection areas can be located on the edges of 

the network where population is uniformly distributed. They develop a model to 

locate the minimum number of collection areas in order to cover the majority of 



 18

population. This problem is modeled as a unicost set covering problem and then 

converted into maximum satisfiability problem (MAX-SAT) problem. 

 For the routing problems of the waste management literature, we limit our 

review with the routing problems for solid waste collection. A recent study related 

with the solid waste collection activities of a company is presented by Sahoo et al. 

(2005). The study has the objectives of minimizing the number of vehicles, routing 

time, maximizing visual attractiveness of routes, and balance of the workload 

among vehicles. The study concerns a vehicle routing problem with time windows 

(VRPTW), but with additional constraints. In addition to the standard components 

of VRPTW, it considers the landfills, transfer facilities, and lunch breaks. For 

instance, a vehicle should take lunch break in a certain time of the routing and it 

should visit landfill or transfer facility when it becomes full. To handle all the 

objectives, a two-phase iterative clustering-based algorithm is developed for the 

defined VRPTW.  In the first phase, the algorithm constructs the initial routes by 

means of a k-means-variant-balanced-clustering algorithm. In the second phase, the 

extended version of Solomon’s (1987) insertion algorithm is applied for the 

improvement of the routes generated in the first phase. Also, metaheuristic 

algorithm is applied for further improvement.   

Kim et al. (2006) present two heuristic algorithms for the solution of the 

same problem of Sahoo et al. (2005). First algorithm is the extended version of the 

Solomon’s (1987) insertion algorithm. According to the Solomon’s Insertion 

algorithm, each vehicle leaves the depot, serves to the collection points within one 

route and returns back to depot. However, algorithm is extended to incorporate 

disposal and lunch breaks. Also the extended algorithm seeks for further 

improvement with the metaheuristic. When the developed insertion algorithm is 

tested with Solomon’s test problems, it gives unsatisfactory results: final routes are 

not visually attractive (routes cross each other and distances between stops are high 

in each route); workloads of the vehicles are unbalanced; algorithm has high 

computation time. They propose a clustering-based VRPTW algorithm to 

overcome these problems. Algorithm is the modified version of the clustering-

based algorithm of Sahoo et al. (2005).  
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Waste management literature includes some geographical information 

system (GIS) based routing applications for the solid waste collection system. 

Studies of Armağan and Demir (2005), Apaydın and Gönüllü (2006) are the recent 

examples of the GIS based routing. 

Armağan and Demir (2005) develop a GIS based routing model for solid 

waste collection. In the study, a pilot application area is selected in İstanbul which 

has dense solid waste collection activity. After collecting the necessary data from 

the pilot area, a network system is developed by using the GIS software. Then this 

network system is used as an input to optimization software for finding the 

improved routes.  

Apaydın and Gönüllü (2006) consider the real case of Trabzon city for the 

route optimization of municipal solid waste collection (MSWC) system. They state 

that 85% of the expenditures are made for collection and hauling processes in a 

solid waste management system; by means of routing optimization, “empty miles” 

are reduced and total expenditures are diminished. Apaydın and Gönüllü use the 

same approach of Armağan and Demir (2005) for creating and improving the waste 

collection routes. 

 

2.3 LRP in the Waste Management Literature 

 

 The LRPs are mostly studied for the hazardous waste within the literature of 

waste management systems. Although these studies are called LRP by the 

researchers, they do not possess the main characteristics of LRP. Nagy and Salhi 

(2007) call this kind of studies “the transportation-location problem” (TLP). A 

survey of location and routing of the hazardous materials is presented by Erkut and 

Verter (1995). 

Gottinger (1988) presents a network flow model, which concerns the 

regional waste management system in a metropolitan area. Model decides the 

opening of the new intermediate and the landfill facilities, their capacities, and the 

transportation strategy of wastes from generation sources to landfills (directly or 

via intermediate facilities). Model has a single objective of minimizing location and 
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transportation costs. Gottinger uses different cost parameters for different types of 

wastes in the model.  

 Zografos and Samara (1989) develop a goal programming model for the 

location-routing of hazardous waste transportation and disposal problem. They 

consider three objectives in their model: minimization of routing risk, location risk, 

and routing cost.   

 In the study of List and Mirchandani (1991), a multiobjective multi-

commodity flow model is proposed to locate treatment facilities and allocate routes 

for full truck loads of waste. Their model considers the opening of obnoxious 

facilities with different types.  

 ReVelle et al. (1991) consider a problem that decides where to open 

disposal sites, which waste sources to assign to a particular disposal site, which 

routes the waste follows from each source to its assigned destination. They design a 

multiobjective model for the problem which minimizes the transportation burden 

and perceived risk. Transportation burden is measured in ton-miles and perceived 

risk in people-tons. After defining a single cost metric as a linear combination of 

transportation burden and perceived risk, they formulate a typical p-median model 

for the problem. 

 Stowers and Palekar (1993) present a model that considers both location 

exposure and waste transportation exposure while locating a single treatment 

facility. In the model, location of the treatment facility is not restricted by a finite 

set of potential sites. Thus, a continues space is assumed to be available for the 

treatment facility.  

 Kulcar (1996) presents a two-phase network flow model with the objective 

of minimizing global transportation costs for a solid waste management system. In 

the model, depots are used instead of individual pick-up points where wastes of 

streets are grouped in. Collector vehicles stay in depots, and transport the daily 

waste directly to an incinerator or a transfer station via a route. Routes are moment 

sum routes and formed from the center of gravity of each individual route. In the 

first phase of the solution method, a MIP model is formulated to decide on whether 

the collector vehicle transports waste to a transfer station or an incinerator, and 
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whether there is any need to open a transfer station between the collection routes 

and incinerator. In the second phase, an IP model is formulated to assign the 

collection routes to depots and to determine if there is a need to open a new depot. 

After establishing the general model, further analyzes are made to decide on the 

means of transportation such as collector vehicle, rail or canal. Kulcar does not 

consider any undesirability for the transfer stations. 

 Caruso et al. (1993) develop a multiobjective hierarchical location-

allocation model with the objectives of minimum transportation and location cost, 

waste of resources, and environmental impact. The developed model decides on the 

number and the locations of the waste disposal plants, technology adopted, amount 

of waste processed, and service basin of each plant. Also they present software 

which structures a location-allocation multi-criteria problem. 

  Giannikos (1998) presents a weighted goal programming model with 

network flow formulation. Four objectives are considered in the model:                

(i) minimizing total operating cost, (ii) minimizing total perceived risk due to 

shipment of hazardous materials, (iii) minimizing maximum individual risk,        

(iv) equitable distribution of the disutility caused by the operation of the treatment 

facility. 

 Nema and Gupta (1999) present an integrated location-allocation problem 

that implements regional hazardous waste management. They formulate a model in 

order to find the minimum cost solution for the transportation, treatment, and 

disposal activities. 

 Cappanera et al. (2004) formulate a location routing model for the 

obnoxious wastes as a capacitated minimum cost network flow model. This model 

is named as obnoxious facility location routing (OFLR) problem in the study. The 

model developed considers single type of obnoxious waste and minimizes the total 

cost of facility location and routing activities under the location and routing 

exposure thresholds. The model is solved by lagrangean relaxation with 

decomposing the problem into location and routing subproblems. 

 Caballero et al. (2007) consider a multiobjective LRP model with 

capacitated vehicle and constrained routing time for the management of specific 
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risk materials (SRM). Minimization of fixed incineration facility location cost, 

variable routing cost, risk affects to towns from routes that pass through them, risk 

effects to towns from near incineration plants and equitable distribution of damage 

among the towns due to the waste transportation are considered as objectives in 

their model. In the model each route is assigned to a single client where SRM 

wastes are collected.  

 In a recent study, Alumur and Kara (2007) develop a multiobjective 

hazardous waste LRP model with multi-commodity network flow formulation. The 

model locates the treatment and the disposal centers, and finds the amount of 

hazardous waste and waste residue shipped in order to minimize the total cost and 

transportation risk. They also consider the recycling issues in the model. The 

developed model is solved optimally up to 20 candidate sites and 92 generation 

nodes. 

Basic differences of our study from the previous Waste Management related 

LRP studies can be listed as follows: 

 

• All previous studies are related with the decisions of the regional waste 

management system. In our study, we integrate the decisions of solid waste 

collection system and regional waste management system. 

• Most of the previous studies include multiobjective decisions such as 

minimizing cost, minimizing transportation and routing risks. However, our 

study deals with a single objective of minimizing overall cost by 

considering the undesirability of the facilities. 

• Most of the previous studies consider location-routing decisions of the 

hazardous waste. Therefore, location and routing risks are of concern in the 

previous studies. On the other hand, our study deals with the location-

routing of non-hazardous municipal solid waste. Since the routing of the 

solid waste does not have any risk, risk posed by the location of the transfer 

facilities is considered in our study. 
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• Most of the previous LRP studies of non-hazardous wastes do not consider 

the undesirability issues. Our study considers the undesirability of the 

transfer facilities. 

• Previous studies have a hierarchical structure of the transportation-location 

problem (TLP):  they do not consider routings with multiple stops in any 

layer of the problems. However, our study has a standard hierarchical 

structure of LRP: wastes are shipped from pick-up points to transfer 

facilities with tours via capacitated vehicles and collected wastes are 

transferred from transfer facilities to the landfill with direct shipments. 

• Previous studies consider at most 92 generation nodes and 20 candidate 

sites (Alumur and Kara, 2007). However, in our study we are dealing with 

significantly larger problem instances. 

 

Literature of the LRP applications in waste management is summed up in 

Table 2.1. 
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Table 2.1 Summary of the Recent Literature on LRP Applications in  
Waste Management 

 

Study By Objective 
Type 

Waste 
Type 

Hierarchical 
Structure of 

LRP 

Considered Risks 
or Exposures 

Gottinger (1988) Single Solid 
Waste TLP* 

 
None 

 

Zografos and Samara (1989) Multiple Hazardous 
Waste TLP 

Location  
and 

Transportation 

List and Mirchandani (1991) Multiple Hazardous 
Waste TLP 

Location  
and 

Transportation 

ReVelle et al. (1991) Multiple Hazardous 
Waste TLP 

Location 
 and 

Transportation 

Stowers and Palekar (1993) Multiple Hazardous 
Waste TLP 

Location  
and 

Transportation 

Caruso et al. (1993) Multiple Solid 
Waste TLP 

 
Location 

 

Kulcar (1996) Single Solid 
Waste TLP 

 
None 

 

Giannikos (1998) Multiple Hazardous 
Waste TLP 

 
Transportation 

 

Nema and Gupta (1999) Multiple Hazardous 
Waste TLP 

Location 
 and 

Transportation 

Cappanera et al. (2004) Single Hazardous 
Waste TLP 

Location 
 and 

Transportation 

Caballero et al. (2007) Multiple Hazardous 
Waste TLP 

Location  
and 

Transportation 

Alumur and Kara (2007) Multiple Hazardous 
Waste TLP 

 
Transportation 

 
   
  * Transportation-Location Problem 
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CHAPTER 3 

 
 

A MATHEMATICAL FORMULATION OF THE LRP FOR THE 

MUNICIPAL SOLID WASTE MANAGEMENT SYSTEM 

 
 
 

In this chapter, first a general definition of the Location-Routing Problem 

for a reverse logistics system is presented. Then specifications and classification 

scheme of the LRP for the Municipal Solid Waste Management System are 

developed. Specifications and classification are followed by the mathematical 

models and assumptions of the studied problem. 

 

3.1 Definition of the LRP for a Reverse Logistics System 

 

LRP for a reverse logistics system with single facility layer can be defined 

as follows: Locations of the p alternative facility sites and n pick-up points, annual 

amount of goods to be picked up from each pick-up point are given; then the 

objective is the sum of minimizing the annual facility and vehicle related fixed 

costs, and variable vehicle routing costs under the conditions of: 

 

• at most p facilities are opened on the alternative sites, 

• at least one vehicle route is assigned to an open facility, 

• a vehicle route can only be operated from at most one facility, 

• each vehicle route starts and ends at the same facility, 

• each pick-up point is served by only one vehicle,  

• amount of goods collected by vehicles and facilities can not exceed their 

capacities. 
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3.2 Characteristics of the MSWMS-LRP Studied 

 

Characteristics of the MSWMS-LRP studied can be listed as follows taking into 

consideration the differences from the typical reverse logistics LRP: 

 

• A three-level-LRP with two facility layers is considered. In the first layer, 

trips are tours between transfer facilities (TF) and pick-up points via 

collection vehicles. In the second layer, trips are direct shipments between 

TFs and landfills which are already located. According to Laporte (1988), 

layer structure of the problem is defined as 2/T/R. Overall structure of the 

system is depicted in Figure 3.1. 

• Population sites adversely affected from the TFs are considered. 

• TFs are undesirable facilities; they are opened at the alternative sites taking 

into account the exposure limitations. 

• TFs are transsshipment points where cross dock operations are carried  

out without storage. 

• TFs and landfills are uncapacitated. 

• Each TF has a fixed opening cost (location cost) and variable operating 

cost. 

• Fleet size of collection vehicles is limited. 

• Fleet size of bulk waste transfer vehicles is unlimited. 

• Each collection vehicle is capacitated and has a fixed cost of dispatching. 

• Particular amount of time is spent during routing and pick-up operations of 

the collection vehicles. 

• Duration of waste collection operation of each collection vehicle (duration 

of routing time and pick-up times) is limited with the shift time. 
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Figure 3.1 Solid Waste Collection Process in a MSWMS 
 

Classification of the MSWMS-LRP can be made according to the LRP 

classification scheme proposed by Nagy and Salhi (2007) as follows: 

 

Classification scheme of the studied MSWMS-LRP  

 

• Type of the input data: Deterministic waste amounts are assumed. 

• Hierarchical Structure: Standard structure of the LRP is suitable with the 

MSWMS-LRP. 

• Planning period: A single planning period is used. Waste amounts and costs 

are defined on a daily basis. 

• Objective function: Single objective of minimizing the overall costs is 

considered. 

• Number of facilities: Multiple uncapacitated TFs are considered. All TFs 

have fixed opening cost and variable operation cost. 

• Number and types of vehicles: Multiple homogenous collection vehicles are 

used.  
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• Route Structure: Node routing with single routes per vehicle and pick-up 

visits are made. 

• Solution space: Solution space is discrete for the MSWMS-LRP. 

• Solution method: Heuristic solution method is considered. 

 

3.3 Mathematical Formulation of the MSWMS-LRP Model 

 

Objective 

 

• Minimization of the sum of fixed TF location costs, variable TF operation 

costs, fixed collection vehicles’ dispatch costs, variable routing costs of 

collection vehicles between pick-up points and TFs, and variable 

transportation costs between TFs and landfills. 

 

Constraints 

 

• Waste of each pick-up point is collected by a single collection vehicle 

dispatching from a single TF. 

• Each route is allocated to a single collection vehicle. 

• Each collection vehicle starts and ends routing at the same TF. 

• Load capacities of the collection vehicles are not exceeded. 

• Collection vehicles serve to pick-up points within their shift time. 

• TFs are opened on the alternative sites by considering the exposure 

limitations. 

• A vehicle can not start routing from a closed TF. 

• A route can only be operated by at most one TF. 
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Parameters 

 

• Locations and periodic solid waste amounts of pick-up points. 

• Alternative sites for the potential TFs. 

• Exposure rate of each population center according to each potential TF site. 

• Shift times and load capacities of the collection vehicles. 

 

Decisions 

 

• Location sites and the numbers of the opened TFs. 

• Collection routes of each collection vehicle. 

 

The MSWMS-LRP model is a classical LRP model which has certain 

similarities with MIP models of Perl and Daskin (1985), Tüzün and Burke (1999). 

But it has some differences because of its own specific properties. Different from 

the usual LRP model, MSWMS-LRP model considers exposures to a population 

site while locating a TF.  

  

Definition of the sets 

 

}N..........,.........1i/i{I == Set of pick-up points to be served. 

}M,.........1Nj/j{J +==  Set of feasible sites for potential TFs. 

}P,........1My/y{Y +==  Set of landfills. 

}R.........,,.........1Pl/l{L +==  Set of population sites. 

}V..........,.........1k/k{K == Set of vehicles. 

}M.....,,.........1h,g/h,g{}J{}I{S ==∪= Set of points (Potential TF sites and 

pick-up points). 
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Definition of the Parameters 

 

Cgh  = Cost of unit distance travel between node g and h. )Sh,g( ∈∀  

Q    = Daily cost of dispatching a collection vehicle from a TF. 

Fj    = Daily cost of opening a facility at site j. )Jj( ∈∀  

qi    =  Daily waste amount to be picked-up from pick-up point i. )Ii( ∈∀  

D    = Capacity of a collection vehicle.   

tgh   = Time taken to travel between node g and h. )Sh,g( ∈∀  

ti     = Time spent during the waste pick-up operation at pick-up point i. )Ii( ∈∀  

Tk     = Daily shift time limit for vehicle k. )Kk( ∈∀  

dgh   = Distance between node g and node j. )Y Sh,g( ∪∈∀  

=     φ Transportation cost of unit amount of waste per unit distance between TFs 

and landfills. 

=    ljα Exposure caused to population site at l by opening a facility at site j. 

),( JjLl ∈∀∈∀  

=     lγ  Exposure limit for the population site at l. )( Ll ∈∀  

βj    = Operating cost of TF at j with unit amount of solid waste. )( Jj∈∀  

N     = Number of pick-up points. 

M     = Number of all points including potential TF sites and pick-up points. 

 

Definition of the Variables 

 

=wjy  Daily amount of waste transferred from facility at site j  

to landfill y. )Yy,Jj( ∈∀∈∀  

=U i  Dummy variable for the subtour elimination constraint. )Ii( ∈∀  

⎩
⎨
⎧ ∈∀∈∀

=
Otherwise

    node to from node goes   vehicle If
   0

K)kS)  (hg,(hgk  1
X ghk  
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MIP Model of the MSWMS-LRP 

 

+∑+⎟
⎠
⎞⎜

⎝
⎛ ∑∑ ∑∑ ∑ ∑ +

∈∈ ∈ ∈∈ ∈ ∈ Jj
jj

Jj Ii Kk
jik

Sg Sh Kk
ghkghgh ZFXQXdC  Minimize  ∑ ⎟

⎠
⎞⎜

⎝
⎛∑

∈ ∈Jj Ii
jiij q λβ  

∑ ∑+
∈ ∈Jj Yy

jyjy wd φ                               (3.0) 

 

toSubject    

∑ ∑ ∈∀=
∈ ∈Vk Sg

gik Ii                                                               X 1                           (3.1) 

∑ ∑ ∈∀≤
∈ ∈Ii Sg

giki Kk                                                         DXq                  (3.2) 

Sh,Kk                                           XX
Sg Sg

hgkghk ∈∀∈∀=∑ ∑−
∈ ∈

0               (3.3) 

∑ −≤
∈Jj

j NMZ                     (3.4) 

ig,Kk,Ii,Jj                     )XX(
Sg

gikjgkji ≠∀∈∀∈∀∈∀≤∑ ++−
∈

1λ   (3.5) 

∑ ∑ ∈∀=−
∈ ∈Yy Ii

jiijy Jj                                                        qw 0λ    (3.6) 

∑∑ ∈∀≥−
∈ ∈Kk Ii

jjik Jj                                                         ZX 0                (3.7) 

Kk,Jj                                                       ZX
Ii

jjik∑ ∈∀∈∀≤−
∈

0               (3.8) 

∑∑ ∈∀≤
∈ ∈Ii Jj

ijk Kk                                                                   X 1    (3.9) 

pi,Ip,i                                      MXMUU
Kk

ipkpi ≠∈∀−≤∑+−
∈

1                (3.10) 

∑ ∈∀≤
∈Jj

ljlj Ll                                                                  Z γα   (3.11) 

⎩
⎨
⎧

∈∀∈∀
=

 )Ii,Jj(                                                       
j    i    

  ji  Otherwise0
siteat  TF of  vehicleby the collected ispoint up-pick of  waste If1

λ

⎩
⎨
⎧ ∈∀

=
 Otherwise0

opened issiteat  TF a  If1
  

 )Jj(      j     
  Z j
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Kk                                       TXtXt
Sg Sh Sg Ii

kgikighkgh ∈∀∑∑ ∑∑ ≤+
∈ ∈ ∈ ∈

            (3.12) 

{ }  hg,Kk,Sh,Sg                                            ,X ghk ≠∈∀∈∀∈∀∈ 10  (3.13) 

{ } Jj                                                                       ,Z j ∈∀∈ 10   (3.14) 

{ } Ii,Jj                                                                  ,ji ∈∀∈∀∈ 10λ   (3.15) 

Yy,Jj                                                                      wjy ∈∀∈∀≥ 0   (3.16) 

Kk,Ii                                                                     U ik ∈∀∈∀≥ 0   (3.17) 

 

Explanation of the model 

 

Objective function minimizes the sum of variable collection vehicle routing 

costs, collection vehicles’ dispatch costs, fixed transfer facility location costs, 

variable transfer facility operation costs and bulk waste transportation costs 

between transfer facilities and landfills.  

Constraints (3.1) ensure that each pick-up point is visited by only one 

vehicle. Constraints (3.2) ensure that the amount of waste collected by a collection 

vehicle can not exceed its own capacity. Constraints (3.3) ensure route continuity. 

Constraint (3.4) limits the number of TFs to be opened with the number of 

alternative sites. Constraints (3.5) determine which TF collects the waste of which 

pick-up point. Constraints (3.6) determine the amount of waste collected by each 

TF and transferred to each landfill. Constraints (3.7) ensure that at least one 

collection vehicle must be assigned to an open transfer facility. Constraints (3.8) 

ensure that a collection vehicle can not start a tour from a closed TF. Constraints 

(3.9) ensure that a route can only be operated from at most one TF. Constraints 

(3.10) eliminate subtours. Constraints (3.11) ensure that exposure caused by the 

opened TFs cannot exceed the exposure limit of each population center. Constraints 

(3.12) ensure that total time spent on roads and waste collection operations in a 

route can not exceed the shift time limit of each vehicle. Constraints (3.13)-(3.15) 

are the integrality constraints, equations (3.16)-(3.17) are non-negativity 

constraints. 
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3.4 Assumptions and Revision over the Mathematical Model for the MSWMS-

LRP 

 

In our study, we have made some assumptions for the MSWMS-LRP. 

These assumptions can be listed as follows: 

 

• Travel costs per unit distance are the same for all arcs between any node           

g and h.  

• There is only one landfill that operates in the MSWMS. 

• TFs are homogenous. Hence, fixed cost of opening a TF and variable cost 

of operating a TF with unit amount of solid waste is the same for all TFs. 

• Time spent for traveling between nodes g and h is directly proportional to 

the distance traveled between nodes g and h. So, a time factor constant will 

be used for converting the distance metric to time metric. 

• All pick-up points are served within same time duration. 

• Shift time is the same for all vehicles. 

• Undesirability is expressed with distance limit instead of exposure limit. 

• Distance metric is used instead of the exposure value to define the 

undesirability of TFs’ for a population site.  

• Distance limit between TFs and population sites is the same for all 

population sites. 

 

Under these assumptions, MSWMS-LRP model has been revised. 

 

Modified Parameters of the revised MSWMS-LRP model 

 

 C     = Cost of traveling unit distance between nodes for the collection vehicles. 

D     = Capacity of a collection vehicle. 

Q     = Daily dispatching cost of a collection vehicle. 

F     = Daily Cost of opening a transfer facility (TF Investment Cost). 
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β     = Cost of operating a TF with unit amount of waste. 

dlj    = Distance between population center at l and TF at j. 

dist j = Distance between TF at j and landfill. 

γ      = Distance limit between a TF and population center. 

t       = Time duration of a pick-up service at any pick-up point. 

f      = Time factor for converting distance metric to time metric. 

T      = Shift time of a collection vehicle. 

 

 

Revised MIP model of the MSWMS-LRP  

 

∑ ++⎟
⎠
⎞⎜

⎝
⎛ ∑∑ ∑∑ ∑ ∑ +

∈∈ ∈ ∈∈ ∈ ∈ Jj
j

Jj Ii Kk
jik

Sg Sh Kk
ghkgh ZFXQXdC  Minimize  ∑ ⎟

⎠
⎞⎜

⎝
⎛∑

∈ ∈Jj Ii
jiiq λβ  

∑ ⎟
⎠
⎞⎜

⎝
⎛∑+

∈ ∈Jj Ii
jiij qdist λφ                                                           (3.0.1)  

 

toSubject   

(3.1) – (3.5) 

(3.7) – (3.10) 

Jj,Ll                                                              Zd jlj ∈∀∈∀≥ γ              (3.11.1) 

Kk                                   TXtXfd
Sg Sh Sg Ii

gikghkgh ∈∀∑∑ ∑∑ ≤+
∈ ∈ ∈ ∈

       (3.12.1) 

(3.13) – (3.15) 

(3.17)  

 

In the revised model, different from the original model, constraints (3.11.1) limit 

the distance between opened TF and population center.  
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3.5 Comments on the Revised MSWMS-LRP Model 

 

After developing the revised MSWMS-LRP model, verification studies 

have been carried out. At the beginning of the verification study, we have coded the 

developed model in General Algebraic Modeling System (GAMS) language. 

GAMS code of the revised model is given in Appendix A. Following the 

compilation of the code with GAMS, we have run the model for two small 

instances: first instance includes 8 pick-up points, 2 alternative TF sites, 2 

collection vehicles; second instance includes 10 pick-up points, 2 alternative TF 

sites, and 3 collection vehicles. For solving the model, we have used GAMS 

2.0.13.0 version with the XA/GAMS MIP solver. As a result, we have observed 

that the results of the runs are suitable for the model. 

 At the end of the verification study, we have also found out that the 

computation time of the model increases significantly even in a small increase of 

the problem size. Total number of discrete variables in the revised MSWMS-LRP 

is defined with:  M²V + (M-N) (N+1). This means that the second instance has 454 

discrete variables. If an instance is considered with 200 pick-up points, 5 

alternative TF sites, 4 vehicles, and then number of discrete variables are accounts 

for 169,105. So, in order to solve the MSWMS-LRP for larger instances, a heuristic 

solution approach should be developed. 
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CHAPTER 4 

 
 

THE SOLUTION METHODOLOGY 

 
 
 

In this chapter, we elaborate on our solution methodology for the MSWMS-

LRP. Firstly, we outline the solution methodology, and then discuss the clustering 

method. Finally, we discuss the iterative clustering-based heuristic algorithm for 

the MSWMS-LRP. 

 

4.1 Introduction 

 

LRP is an NP-hard problem, because it is the combination of two NP-hard 

problems: facility location and vehicle routing (Nagy and Salhi, 2007). As it was 

discussed in the previous chapters, optimal results of LRPs can only be obtained 

for small problem instances.  

Although MSWMS-LRP has the same number of discrete variables as a 

standard LRP, it has some additional constraints, because of the undesirability of 

facilities. So, it makes it more difficult to solve than a standard LRP. As a result, 

we resort to heuristic approaches for the solution of MSWMS-LRP, which is 

usually a large problem instance in the context of LRP. We propose a clustering-

based heuristic approach for the solution of MSWMS-LRP. We have several 

reasons for selecting a clustering-based methodology among others: 

 

• Hundreds or thousands of pick-up points can be partitioned into a finite 

number of sets by clustering. Then large problem instances can be 

handled easily.  
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• Locations of the population sites are needed for a MSWMS-LRP as the 

input parameters. Instead of defining them in advance, locations of the 

population sites can be defined as a result of forming clusters. 

• In a solid waste collection process, workload balance of the collection 

vehicles is an important issue. This problem can also be handled by 

clustering. 

• Clustering-based heuristic methods are rare in the LRP literature. We 

can contribute to the literature by developing a new method. 
 

4.2 Clustering 

 

Before presenting the solution methodology in details, first a brief of 

clustering is introduced. Then clustering algorithms in the context of clustering-

based heuristic approaches are given.  

 

4.2.1 Brief Information on Clustering 

 

Clustering is the classification of similar objects into groups. Clustering was 

started to be used by the biologists and social scientists 30 years ago for finding 

groups in their data. Nowadays, clustering algorithms are applied practically in 

many contemporary science fields such as artificial intelligence and pattern 

recognition, economics, marketing, and many more (Kaufman and Rousseeuw, 

2005). 

Clustering algorithms are classified as hierarchical and non-hierarchical 

algorithms. In a hierarchical clustering algorithm, each object forms a cluster at the 

beginning, and then objects are merged with each other till forming a single cluster 

according to a similarity measure which is called as the “linkage method”. An 

algorithm can work in the opposite way: a single cluster may divide as much as the 

number of objects.  
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On the other hand, non-hierarchical clustering algorithm partitions the 

objects into K clusters where K is defined in advance. To do this, first K random 

centroids are selected. Then non-centroid objects are merged with centroids 

according to the linkage method. Since distance matrix of objects should be re-

constructed after each merging in the hierarchical algorithms, non-hierarchical 

algorithms are more suitable for large data sets (Johnson and Wichern, 1998). More 

information about the linkage methods can be found in Barreto et al. (2007).  

There are two popular methods of hierarchical clustering algorithms. These 

are k-means (MacQueen, 1967) and k-medoids (also knows as “partition around 

medoids” (PAM)) (Kaufman and Rousseeuw, 1987). While k-means selects the 

mean of the cluster as the cluster centroid, k-medoids selects the medoid (most 

centrally located object) of the cluster as the cluster centroid. Although, k-means 

works faster, it is more sensitive to the outliers. More information about the k-

medoids clustering is given in Kaufman and Rousseeuw (2005). 

In our study, we have used a non-hierarchical clustering algorithm that is 

very similar to the k-medoids method. 

 

4.2.2 Clustering Algorithms in LRP and Solid Waste Collection Studies 

 

In this section, we analyze how demand points or pick up points are 

partitioned into clusters in the previous studies.    

Branco and Coelho (1990) select p points as seed vertices to generate 

clusters. These p vertices are selected as follows: an arbitrary vertex is selected as a 

seed vertex, and then next seed vertex is the farthest point from the first seed vertex 

and the second seed vertex becomes the new seed vertex selector. This procedure 

continues till p seed vertices are selected. After this step, a second vertex is 

assigned to each cluster from the closest non-vertex points. Remaining non-vertex 

points are assigned to clusters by considering the total distances to the two vertices 

in each cluster.  

CLUST heuristic of Srivastava (1993) determines the desired number of 

clusters by using the minimum spanning tree. Then clusters are improved with 
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exchanging customers from their initial clusters if this saves distance with respect 

to the open depot.  

Heuristic method developed by Min (1996) partitions the customers into 

clusters in such a way that the total customer demand in each cluster does not 

exceed a vehicle capacity. Min (1996) uses the refined Ward’s minimum variance 

method, which is originally proposed by Min et al. (1992) as a statistical clustering 

technique for partitioning the customers. When the customer clusters are formed, 

centroid of each cluster is found using the k-means (MacQueen, 1967) algorithm. 

Then these centroids represent the demand points in the location phase. 

Barreto et al. (2007) consider four different clustering algorithms for the 

heuristic. The first one is the one-phase hierarchical method, and it merges the 

customers until the vehicle capacity is violated. The second one is the two-phase 

version of the first one. After it merges without considering the capacity restriction, 

it modifies the clusters with respect to the restriction in the second phase. The other 

two methods are based on non-hierarchical clustering. While in one of them 

customers are assigned to a pre-determined number of clusters directly regarding 

constant seed points, in the other one, capturing property of seed points are 

transferred to all other points sequentially. 

 In a heuristic of VRPTW for solid waste collection, Sahoo et al. (2005) 

apply an algorithm very similar to k-means. Before each assignment, the algorithm 

considers the capacity of the route. Capacity of the route is defined by the 

maximum number of stops that the vehicle is allowed to visit, the volume or weight 

that the vehicle is allowed to handle, and the allowable routing time. A fast TSP 

heuristic with a greedy approach is applied to determine the routing time of the 

cluster. If a route reaches its capacity, algorithm assigns a stop to the next closest 

route. At the end of the clustering algorithm, if any stop is not routed due to 

capacity limitations, number of routes (clusters) is increased by one (k=k+1) and 

the algorithm is rerun. Kim et al. (2006) also use the same clustering algorithm of 

Sahoo et al. with some modifications for the same problem. Different from the k-

means, algorithm finds the centroid of centroids “the grand centroid” and assigns 
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the farthest stop from the grand centroid to the nearest centroid (cluster) at first. 

Then the next farthest stops are assigned. 

 In our study, the clustering algorithm developed has an improvement 

mechanism, and considers the vehicle load capacity and the shift time limit. 

 

4.3 An Iterative Capacitated-K-Medoids Clustering-Based Heuristic Solution 

Methodology for the MSWMS-LRP 

 

 Superiority of the iterative heuristic methods is presented in the previous 

LRP studies (Srivastava, 1993). Also clustering-based heuristic methods give good 

results in the previous works (Srivastava and Benton, 1990, Srivastava, 1993). 

Nagy and Salhi (2007) state the following for the clustering-based methods in LRP: 

  
“In some respect, they resemble the sequential methods as no 
feedback takes place. However, clustering is based on some 
“skeleton” of a routing plan (such as a minimal spanning tree of all 
customers), so this is a better attempt at integrating locational and 
routing decisions.” 

 

 We have proposed a solution methodology for the MSWMS-LRP which is 

working iteratively and based on the clustering method. The methodology is a 

three-phase approach. First it clusters the pick-up points and locates facilities, 

second constructs the initial routes, and third it seeks for the route improvement. 

Algorithm iterates between third phase and the first phase. The three phases and 

their inputs and outputs are given in Table 4.1.   
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Table 4.1 Inputs and Outputs of the Iterative Capacitated-K-Medoids  
Clustering-Based MSWMS-LRP Solution Methodology 

 
Phase Inputs Outputs 

1 

• Locations of pick-up points 
• Locations of alternative sites of TFs 
• Waste amounts at pick-up points 
• Number of clusters (collection 

vehicles/routes) 
• Initial centroids for clusters 
• Collection vehicle capacity 
• Shift time duration of collection vehicles 
• Duration of a pick-up operation 
• Locational cost parameters 

• Clusters of pick-up points 
• Number and locations of the open 

TFs 

2 
• Clusters of pick-up points 
• Number and locations of the opened TFs 
• Routing cost parameters 

• Routes 
• Routing costs 
• Total cost   

3 • Clusters of pick-up points 
• Number and locations of the opened TFs 

• Improved clusters 
• Improved routes 
• Improved costs 

  

 Each phase of the methodology developed is analyzed extensively in the 

following sections. 

 

4.3.1 Phase-1  

 

Phase-1 is composed of three processes: first, the pick-up points are 

partitioned into some capacitated clusters; second, TFs, which serve to particular 

clustered pick-up points, are opened; third, the capacitated clusters are updated by 

considering the opened TFs.  

 

Clustering the pick-up points 

 

In this process, we have developed a capacitated-k-medoids clustering 

algorithm. The algorithm is mainly based on “k-means-variant-balanced-clustering 

algorithm” of Sahoo et al. (2005). While Sahoo et al. use k-means algorithm, we 

use the k-medoids algorithm in our approach. 
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Our capacitated-k-medoids clustering algorithm considers the vehicle load 

capacities and shift times while aggregating the pick-up points into clusters. Our 

clustering algorithm consists of 5 steps, which are presented below. 

 

Capacitated-k-medoids clustering algorithm 

 

Step 1: Estimate the number of clusters (vehicles), V.  

Determine V pick-up points as the initial centroids. 

Determine the iteration limit. 

 

Step 2: Assign the non-centroid pick-up points to the nearest centroids. 

 Before each assignment, check for: 

- Vehicle Capacity  

- Shift Time Limit  

 

Step 3: Record the cluster centroids as ‘old centroids’.  

Find new centroids for each cluster (K_medoids clustering): 

- For each cluster; assign the point as ‘medoid’ which has the smallest 

sum of distances (Euclidean) to other points in the cluster. 

- Record the medoids of clusters as ‘new centroids’. 

 

Step 4: If new centroids and old centroids are the same or the iteration limit is 

            exceeded go to step 5. Otherwise return back to step 2. 

 

Step 5: If there are unclustered pick-up points, increment the number of clusters 

            (V=V+1) and return back to Step 2. Otherwise stop. 

 

Explanation of the capacitated-k-medoids clustering algorithm 

 

In step 1, after determining the total waste amount to be collected from the 

pick-up points, number of clusters (number of vehicles or vehicle routes), V is 
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estimated by dividing the total waste amount to the capacity of a collection vehicle. 

Then V pick-up points are determined as the cluster centroids to initiate the k-

medoids clustering. These points can be determined randomly. 

In step 2, firstly Euclidean distances between free (non-centroid) pick-up 

points and centroid pick-up points are considered. Then starting from the smallest 

node numbered, each free pick-up point (non-centroid pick-up point) is assigned to 

the closest cluster (candidate cluster). But before each assignment, capacity 

restrictions of the candidate cluster are checked by considering the after assignment 

situations: 

 

• Vehicle capacity check: If candidate cluster’s total waste amount is less 

than vehicle load capacity, candidate cluster passes the vehicle capacity 

check and proceed to the shift time limit check. If check result fails, 

pick-up point is considered for assignment to the next closest cluster. 

• Shift time limit check: For this check, it is assumed that all TFs are 

opened at the alternative sites and the closest TF is assigned to the 

candidate cluster. Since each cluster includes several pick-up points to 

be visited by a vehicle, route length of the vehicle is computed by 

means of a TSP algorithm including the assigned TF in the route. After 

calculating the route length, it is converted to routing time with an 

appropriate conversion index and then duration of the pick-up 

operations are added to the routing time. Then, if candidate cluster’s 

routing time is less than shift time duration of the vehicle, pick-up point 

is assigned to the cluster. If not, the pick-up point is considered to be 

assigned to the next closest cluster.         

  

In the shift time limit check operation, route lengths of the clusters are 

found by using the software Concorde TSP which is a cutting-plane-based exact 

TSP solver. Details about the Concorde TSP are given in section 4.3.2. 

In step 3; firstly, current centroids of clusters are named as old centroids. 

Then in each cluster a point is arbitrarily selected and point’s sum of distance 
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between other points is determined. After performing this for all points in each 

cluster, the point with the minimum sum of distance is selected as the new centroid 

of the cluster.  

In step 4, old and new centroids are compared. Also iteration limit is 

checked. If old and new centroids are not the same and iteration limit is not 

exceeded, clustering algorithm continues to iterate by returning back to step 2. 

In step 5, unclustered pick-up points are searched. If any pick-up point is 

found to be unclustered due to the capacity restrictions of step 2, then number of 

clusters is increased by 1 (V=V+1), a new centroid for the V+1st cluster is 

determined, and algorithm returns back to step 2. 

At the end of the capacitated-k-medoids clustering algorithm, draft vehicle 

routes are formed which are feasible in terms of vehicle load capacity and shift 

time limit.  

 

Locating the transfer facilities 

  

After finding the clusters of pick-up points, each of them is accepted as an 

aggregated waste collection point and a population site. Also centroids of the 

clusters are accepted as the center of the aggregated waste collection points and 

population sites. Then the decision on the TFs to be opened, assignment of the 

aggregated waste collection points to the TFs are made formulating this problem as 

a classical undesirable facility location allocation problem (ULAP). ULAP is a 

two-echelon reverse logistics problem in which the locations of TFs are determined 

by taking into consideration both the inbound (solid waste transportation from 

aggregated collection points to TFs) and outbound (bulk waste transportation from 

TFs to the landfill) transportation costs. A schematic diagram that demonstrates the 

solid waste transportation processes of ULAP is presented in Figure 4.1.  
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Figure 4.1 Solid Waste Transportation in the ULAP 
 

Mathematical formulation of the ULAP can be given as follows. 

 

Definition of the sets 

 

}R.........,.........1r/r{G == Set of alternative TF Sites. 

}V.........,.........1j/j{L == Set of aggregated solid waste collection points and 

population sites. 

 

Definition of the parameters 

 

F  = Daily cost of opening a TF at any alternative site (TF investment cost). 

K   = Cost of traveling unit distance. 

β   = Cost of operating a TF with unit amount of waste. 

l j   = Daily amount of waste at aggregated waste collection point j. )Lj( ∈∀  

M  = Number of alternative TF sites.  

γ    = Distance limit between TFs and population sites.  
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C jr = Distance between aggregated waste collection point/population site at j and 

          TF at site r.   )Gr,Lj( ∈∀∈∀                                                                                              

=d r  Distance between TF at site r and landfill location. )( Gr∈∀  

φ  = Transportation cost of unit amount of waste per unit distance between TFs and 

        the landfill. 

 

Definition of the variables 

 

⎩
⎨
⎧

∈∀∈∀
=

                                                        Otherwise0
      siteat  TF  toallocated is point  collection  wasteaggregated If1

G)rL,j(  
rj  

X jr  

⎩
⎨
⎧ ∈∀

=
Otherwise0

       opened is  siteat  TF a  If1
  

)Gr(r   
  Z r  
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Explanation of the model 

 

The Objective function minimizes the sum of fixed costs of opening TFs, 

variable cost of operating TFs, transportation costs of bulk wastes from TFs to the 

landfill, and transportation costs of solid wastes from the aggregated collection 

points to the TFs. To represent the routing process of the MSWMS-LRP, we 

assume that the solid waste transportation cost is based on the distance between 

TFs and the aggregated collection points. Also we assume collection vehicles are 

staying in TFs, and then they make a return trip between aggregated collection 

points and TFs to bring the solid wastes. Thus, sum of distances between TFs and 

aggregated collection points is doubled to imply the total transportation cost of 

solid wastes exactly. 

Constraint (4.1) limits the opened number of facilities with the total number 

of potential sites. Constraints (4.2) ensure that the each aggregated collection point 

can be assigned to exactly one TF. Constraints (4.3) limit the distance between 

opened TFs and population sites. Constraints (4.4) state that the aggregated 

collection points can not be assigned to non-open TF. Constraints (4.5) define the 

amount of waste collected by each TF. Constraints (4.6) and (4.7) are integrality 

constraints. Constraint (4.8) is the non-negativity constraints. 

In the study, we have coded the above model with GAMS language and 

solved optimally. GAMS code of the ULAP is given in Appendix B. We have 

generated a C++ code for creating a GAMS input file for ULAP, inputting the file 

to GAMS, and reading the results of the solution. Then we have integrated the code 

to our main code.  

In our instances we have obtained the optimal results of the ULAP model 

by GAMS/XA in a reasonable time. Our instances include at most 25 clusters and 5 

potential sites. If it is thought that the MSWMS-LRP is applied to a city by 

selecting some pilot areas, the size of the instances may become very reasonable. 

We present our problem instances in chapter 5. 

At the end of this process, location of opened TFs and allocations of 

aggregated collection points to TFs are found. Then total cost except the collection 
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cost of solid waste is computed by subtracting the solid waste transportation cost 

between the aggregated waste collection points and TFs from the objective function 

value of the ULAP. 

 

Updating clusters with ULAP results 

 

 In step 2 of the capacitated-k-medoids clustering algorithm, all TFs are 

assumed to be open and shift time limit checks are made by assigning the closest 

TF to the cluster. After the ULAP process, locations of the opened TFs are 

determined. This means; a TF which was assumed to be open may be closed now 

and some of the clusters may be infeasible in terms of the shift time limit after the 

ULAP. As a result, this process is designed to update the clusters according to the 

found TF configurations by ULAP. 

 In this process, capacitated-k-medoids clustering algorithm is rerun 

beginning from step 2 after keeping the already found medoid centroids the same. 

Consequently, updated clusters and centroids are determined according to the 

opened TFs. 

 

4.3.2 Phase 2 

 

 This phase contains a single process of obtaining vehicle routes. At the end 

of phase 1, locations of opened TFs, allocations of vehicles to TFs, and pick-up 

points to be visited by each vehicle are defined. Thus, routes of collection vehicles 

can be determined easily by a symmetric TSP algorithm.  

 

Obtaining routes by TSP      

 

 TSP is a well studied problem in the operations research and computer 

science literature. Many studies have been conducted on the exact and heuristic 

solution algorithms of TSP. An extensive bibliography of the work on the solution 
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of TSP is available at http://www.tsp.gatech.edu/history/biblio/tspbiblio.html, 24 

January 2007. 

Exact algorithms of TSP are guaranteed to find the optimal solution in a 

bounded number of steps; among the exact algorithms, cutting-plane method is one 

of the most effective (Helsgaun, 2000). We have used “The Concorde TSP Solver” 

for obtaining routes of the collection vehicle. The Concorde solver uses the cutting-

plane method which is iteratively solving linear programming relaxations of the 

TSP. Concorde's TSP solver has been used to obtain the optimal solution for 

problems; the largest problem instance having 15,112 cities 

(http://www.tsp.gatech.edu/concorde.html, 24 January 2007). Further information 

about the cutting-plane method of Concorde is given in Appletgate et al. (2001).  

We have used the Windows/Cygwin version of Concorde. We have also 

developed a code to generate an input file for Concorde and read the results of the 

Concorde inside of the main code.  

At the end of this phase, routes are constructed for each collection vehicle. 

Also total routing costs are calculated and added to the facility location costs that 

are found at the end of Phase 1. Also the algorithm decides for the improvement in 

this phase, but this is ignored in the first iteration. If the currently found total cost 

value is lower than the previous value, the algorithm continues; if not it stops.   

     

4.3.3 Phase 3 

 

 This phase contains three processes. In the first process, previously formed 

clusters are improved. In the second process, improved routes are found over the 

improved clusters; while in the third process new centroids of the clusters are 

found. 

 

 Improving clusters 

 

 Clusters establish the skeleton of our solution method by creating draft 

vehicle routes. Thus, improvement in the clusters also improves the routes and the 
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overall system performance.  In this process clusters are improved by “increasing 

intra-cluster similarity and decreasing inter-class similarity”. This can be achieved 

by minimizing the distances between the pick-up points within each cluster, and 

maximizing the distances between pick-up points of different clusters as much as 

possible. Also distances between pick-up points and transfer facilities should be 

considered.  

 We have developed an algorithm to carry out this process. Algorithm 

selects each cluster starting from the first to the last. Then in each cluster, it 

calculates “intra-cluster” and “inter-cluster” distance for each pick-up point: intra-

cluster distance of a pick-up point is the average distance between other pick-up 

points in the cluster and assigned transfer facility; inter-cluster distance of a pick-

up point is the average distance between pick-up points and assigned transfer 

facility of another cluster. Inter-cluster distance is found for all clusters except 

pick-up points’ own cluster. When a pick-up point has a lower inter-cluster 

distance for a particular cluster than its intra-cluster distance, algorithm assigns the 

pick-up point to that cluster, unless it violates the capacities of the cluster. The 

algorithm developed for the improvement process can be summarized as follows. 

 

Cluster improvement algorithm 

 

From Cluster n=1 to Cluster n=V. 

 

Step 1: Select a pick-up point in cluster n. 

  

Step 2: Calculate “intra-cluster” distance for the pick-up point: 

Intra-cluster distance = 
m

ddm
g ijig∑ +−
=

1
1      

Where;  

m  = Number of pick-up points in cluster n. 

dig  = Distance between pick-up points i and g of the cluster n. 
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 dij  = Distance between pick-up point i and assigned TF to cluster n. 

 

Step 3: From Cluster c=1 to Cluster c=V (c ≠ n). 

 

Step 3.1 Calculate “inter-cluster” distance for the pick up point: 

Inter-cluster distance =
1

1

+
∑ +=

m
ddm

g ijig  

Where; 

m  = Number of pick-up points in cluster c. 

dig  = Distance between pick-up point i of cluster n and pick-up point g of  
cluster c. 

dij  = Distance between pick-up point i and assigned TF to cluster c. 
  

Step 3.2: Record the inter-cluster distance as inter-cluster(c). 

 

Step 4: From Cluster c=1 to Cluster c=V (c ≠ n). 

 

 Step 4.1:  if inter-cluster(c) is less than intra-cluster distance, then record  

 cluster c as a candidate cluster.  

 

Step 5: From candidate cluster having smallest inter-cluster distance to biggest. 

 

Step 5.1: Check vehicle capacity and shift time limit of the candidate cluster 

with considering the assignment of the pick-up point. If there is no 

violation, assign the pick-up point to the candidate cluster and proceed to 

step 6. Else cancel the assignment. 

 

Step 6: If all pick-up points of the cluster n is selected, exit from the loop. Else go             

back to step 1. 
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Obtaining improved routes by TSP 

   

 In this process, new improved routes are found from improved clusters by 

applying the same routing procedures of Phase 2. At the end of this process, new 

routing costs and total cost are obtained. If improvements in the previous process 

bring about a reduction on the total cost, the algorithm continues with iterations. 

Else, the algorithm terminates. 

 

Obtaining new centroids 

 

 This process is a preparation step before starting to iterate the algorithm 

again. Since clusters are improved, centroids of the clusters should have changed. 

Thus in this process, new medoids of the clusters are found using step 3 of the 

clustering algorithm of Phase 1. 

 

4.3.4 The Complete Algorithm 

             

 A flowchart of the complete algorithm is given in Figure 4.2. We have 

coded the iterative capacitated-k-medoids clustering-based MSWMS-LRP 

algorithm completely by using C++ language. After coding, we have compiled the 

algorithm with Microsoft Visual C++ 6.0. Pseudocodes of the complete algorithm 

are given in Appendix C. The algorithm has been verified through many test runs. 

Validation of the algorithm has been made by comparing the results of the 

algorithm against the results of the MSWMS-LRP MIP model. These comparisons 

are presented in Chapter 5.  
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Figure 4.2 Flowchart of the Iterative Capacitated-K-Medoids Clustering-Based 
MSWMS-LRP Solution Methodology 
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CHAPTER 5 

 
 

COMPUTATIONAL RESULTS 

 
 
 
 In this chapter, first, problem instances and problem parameters used in the 

experimental runs are introduced. Following the run results of the iterative 

clustering-based solution algorithm, comparisons are presented with the MIP 

results for the small problem instances. Then a sequential clustering-based solution 

algorithm is presented to compare the iterative algorithm on the test problem 

instances. Finally, further analyses are carried out for the MSWMS studied. 

 

5.1 Introduction to the Test Problem Instances  

 

 Since we are studying a LRP for MSWMS, we want to analyze the iterative 

clustering-based algorithm, which we have developed, on instances containing a 

large number of pick-up points. As a result, we have decided to use the extended 

Solomon’s VRPTW instances which are developed by Gehring and Homberger 

(1999). 

 Extended Solomon’s VRPTW instances are based on instances which are 

introduced by Solomon (1987). Although original instances of Solomon (1987) 

contain 100 customers, extended instances contain 200, 400, 600, 800, and 1000 

customers. Extended instances include three categories as C-type (clustered 

customers), R-type (uniformly distributed customers) and RC-type (a mix of R and 

C types) like the original instances. Each category has two set of instances. 

Extended Solomon’s VRPTW instances and their descriptions are available at 

http://www.fernuni-hagen.de/WINF/touren/inhalte/probinst.htm, 24 January 2007. 

 Extended Solomon’s problem instances are defined by a label like 

“C1_2_1”. In the label, the letter “C” at the beginning shows the category of the 

instance (clustered, uniformly distributed, mix of R and C), the number “1” after 
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the letter shows the set of the instance, the number “2” in the middle shows the 

number of customers in the instance (2 for 200, 4 for 400, etc.), the number “1” at 

the end shows the time window type of the instance. We arbitrarily select the first 

set of instances. Since our problem environment does not have time windows, 

instances with the first type of time windows are also selected arbitrarily. Thus, 15 

different instances are defined to analyze the algorithm. 

 Extended Solomon’s VRPTW instances include information about the 

location of the depot, size of vehicle fleet, vehicle capacity, customers’ locations, 

demands, time windows, and service times. Since we are not dealing with time 

windows in our problem environment, time windows are directly excluded from 

the concern. In addition to that, instances contain a single depot and their locations 

are not suitable for the undesirable facilities. Also, the number of vehicles (fleet 

size), their capacities and service times are not realistic for a waste collection 

process. Thus, customers’ location and demands are decided to be used as the 

location of the pick-up points and the daily amount of solid wastes at each pick-up 

point in the test runs.  

 Alternative site locations are selected for TFs through an analysis of the 

locations of the waste pick-up points. In order to accomplish this, dot plots of the 

pick-up point locations are analyzed for each instance and points away from the 

pick-up points are selected as alternative TF sites. In each problem instance, we 

have defined 5 alternative sites for TFs. Also a farthest point is selected as the 

landfill. These analyses are given in Appendix D.  

 

5.2 Definition of the Problem Parameters 

 

 Since the extended Solomon’s VRPTW instances are for a classical good 

distribution system study, they need to be adjusted for using with the MSWMS-

LRP. Hence, we have made some assumptions for the distance and load units in the 

instances to make them compatible for a real-world MSWMS. Consequently, we 

have determined that 1 km. of Euclidean distance is equal to 10 units of Euclidean 

distance and 1 ton is equal to 200 units of solid waste of the problem instances.  
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Parameters of the problem regarding the real units are defined as follows. 

 

Investment cost of a Transfer Facility on a daily basis 

 

Investing for a TF is related with TF building costs and TF equipment costs, 

and investment cost of a middle size TF is nearly 0.9 Million Euros (Veeken, 

2000). We determine the usage life of a TF as 20 years and the salvage value as 

zero. As a result we define the daily investment cost (or the capital recovery) of a 

TF as 249 Euros by the following annual worth equation adapted from Rahman and 

Kuby (1995): 

 

F = (TF Investment Cost (P) x Recovery factor for a usage life of 20 years and 

annual interest rate of 8,08% for Euro/number of days in a year) 

F = P (A/P, 8.08% / 365, 365 x 20) 

 

Daily cost of collection vehicle dispatching 

 

We define this cost parameter based on Röben (2000) and Rahman and 

Kuby (1995). Cost of vehicle dispatching is related with labor costs, vehicle 

operation costs (maintenance cost and insurances), and vehicle capital cost. Usage 

time of a collection vehicle is accepted 10 years. As a result, daily cost of vehicle 

dispatching is obtained nearly as 96 Euros by using the annual worth equation. 

 

Collection vehicle traveling cost  

 

According to Röben (2000), this cost includes fuel consumption, oil 

consumption, and tire wearing of the vehicles. We approximated this cost as 10 

Euro per km of Euclidean distance.  
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Cost of operating TFs 

  

We assume operating cost of a TF as 20 Euro per ton of solid waste amount. 

 

Transportation cost of bulk waste from TFs to the landfill 

  

We want to relate this cost with amount of distance traveled by the bulk 

waste vehicle. Also, it is accepted that the bulk waste vehicles stay in the TFs and 

make return trip to the landfill for disposing the waste. In order to accomplish this, 

we define transportation cost of unit amount of waste per unit distance as                

2 x (1/bulk waste vehicle capacity) to determine the approximate number of trips 

between TFs and landfill. 

 

Distance limit between TFs and population sites 

  

We determine the distance limit as 5 km of Euclidean distance. 

 

Shift time limit 

  

A day has 8 hours of working time. Therefore, we accept the shift time limit 

of a vehicle as 480 minutes. 

 

Time duration of a pick-up service at any pick-up point 

  

We approximate the pick-up duration at any pick-up point as 6 minutes 

based on the information given in Röben (2000).  

 

Capacity of the vehicles    

  

We determined the capacity of collection vehicles as 5 tones and bulk waste 

vehicles as 10 tones.   
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Time factor for converting distance metric to time metric  

 

Routing time of a vehicle is formed from total pick-up durations and 

traveling time. This metric is used to compute collection vehicle traveling time 

from the traveling distance.   

Collection vehicle speed is accepted as 40 km per hour in the study. We 

omit some external factors that affect the traveling time, and approximate the 

traveling time with (Amount of distance traveled / 40) x 60 minutes. Thus, time 

factor is found from the equation as 60/40 = 1.5. 

 

5.3 Results of the Test Problem Instances 

  

 After defining the test problem instances and parameters of the problem, 

results are obtained by using the iterative clustering-based solution algorithm for 

MSWMS-LRP. As it was discussed in Chapter 4, initial centroids of the algorithm 

can be determined randomly. Initial centroids have been also determined randomly 

in our analyses. Since the results can vary for different initial centroids, we have 

also carried out different runs for each problem instance. We set the iteration limit 

to 20 for instances having 200, 400, and 600 pick-up points. To decrease the run 

time of the algorithm, iteration limit is set to 10 for instances having 800 and 1000 

pick-up points. Initial number of vehicles for each instance has been estimated by 

considering the total waste amounts exist in the problem instance and the capacity 

of the each collection vehicle. Results of the algorithm are presented in Appendix E 

for each instance with runs of different initial centroid sets.  

 In obtaining the results, developed C++ code of the iterative clustering-

based algorithm has been implemented on a computer with Intel Pentium M 1.6 

GHz processor and 512 MB of RAM, running under Microsoft Windows XP 

operating system. 

Operation of the algorithm is shown for the first run of the instance C1_2_1 

in Figures 5.1 to 5.9. In Figure 5.1, plots of the 200 pick-up points’ locations are 

shown. In Figures 5.2 to 5.5, locations of the pick-up points within the resulting 
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vehicle routes (capacitated clusters) are shown. As seen from these figures, each 

route contains very similar number of pick-up points having very close distances 

with each other. Routes of the collection vehicles at the end of the algorithm run, 

which are starting from and ending at the opened TF, are shown in Figures 5.6 to 

5.9. 
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Figure 5.1 Locations of the Pick-up Points in Instance C1_2_1 
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Figure 5.2 Locations of the Pick-up Points to be visited by Collection Vehicle 1 
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Figure 5.3 Locations of the Pick-up Points to be visited by Collection Vehicle 2 
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Figure 5.4 Locations of the Pick-up Points to be visited by Collection Vehicle 3 
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Figure 5.5 Locations of the Pick-up Points to be visited by Collection Vehicle 4 
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Figure 5.6 Final Route of the Collection Vehicle 1 

 
 
 

 
 

Figure 5.7 Final Route of the Collection Vehicle 2 

 
 
 

 
 

Figure 5.8 Final Route of the Collection Vehicle 3 
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Figure 5.9 Final Route of the Collection Vehicle 4 
 

  Results of the iterative algorithm for the problem instances, which are 

given in Appendix E, are summed up in Table 5.1. In the table, best results and 

average results of different initial centroid runs are presented. 

 According to the results given in Table 5.1, CPU times do not increase very 

much when number of pick-up points increases from 200 to 400. However, when 

the number of pick-up points increases from 400 to 600, CPU times of the solutions 

increase considerably. This increase mainly caused from the capacity checks of the 

clustering operation and improvement mechanism of the algorithm. Especially, 

total duration of the shift time limit checks in the clustering operation of the 

algorithm constitutes this increase. 

Also it can be seen from the results that the CPU times are not increased so 

much by increasing pick-up points from 600 to 800. On the other hand, the CPU 

times increase considerably when pick-up points are increased to 1000. This is 

because of fact that the algorithm considers more clusters to partition the pick-up 

points. 

 

 

  

 
 

TF 
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Table 5.1 Results of the Iterative Clustering-Based Algorithm 
for the Test Problem Instances 

 

Test Instance 

 
Total Cost 
(best runs) 

 

CPU Time 
(best runs) 

Total Cost 
(average) 

CPU Time 
(average) 

 
C1_2_1 

 
2898.61 292 2921.81 292,2 

 
C1_4_1 

 
6280.41 644 6307.41 724.8 

 
C1_6_1 

 
10982.7 3303 11565.76 3897.4 

 
C1_8_1 

 
16698.2 7209 16834.62 6317.6 

 
C110_1 

 
24201.3 21779 24658.85 13778 

 
R1_2_1 

 
3405.71 213 3432.11 310 

 
R1_4_1 

 
8124.4 703 8230.81 1752 

 
R1_6_1 

 
13493.3 3339 14074.58 3817.6 

 
R1_8_1 

 
20977 5543 21125.68 5773.4 

 
R110_1 

 
31731.4 17515 31792.5 17207 

 
RC1_2_1 

 
3717.39 376 3818.18 359.2 

 
RC1_4_1 

 
7490.61 662 7678.61 615.4 

 
RC1_6_1 

 
13493.7 2897 13694.64 3029 

 
RC1_8_1 

 
20084.7 4476 20608.06 4957.8 

 
RC110_1 

 
33603.8 9559 34770.26 15485.4 
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5.4 Optimality Analysis for the MSWMS-LRP 

 

 In this section optimality analysis are presented to compare the results of 

the iterative clustering-based heuristic solution algorithm for the MSWMS-LRP. In 

order to accomplish this purpose, we have solved the revised MIP model of the 

MSWMS-LRP which has been already defined in Chapter 3. But before solving the 

model, we have defined 5 small instances from Solomon’s extended R1_4_1 

instance. 

  For obtaining the results, revised MIP model of the MSWMS-LRP has 

been implemented with GAMS IDE 2.0.13.0 using GAMS/XA MIP solver. In the 

implementations of all instances, a computer has been used which is running under 

Microsoft XP operating system with Intel Pentium 4 1.8 GHz processor and 512 

MB of RAM. In the solution of all instances, we have limited the running time of 

GAMS with 3 days. 

 Numbers of pick-up points, TFs, collection vehicles, binary variables of the 

problems and the results obtained from GAMS/XA are given in Table 5.2. 

 

Table 5.2 Results Obtained by GAMS/XA for the MIP Model 
 

Instance 

Number 
of 

Pick-up 
points 

Number 
of TFs 

Number 
of 

Collection 
Vehicles 

Number 
of 

Binary 
variables
in MIP 

Total Cost 
Obtained 

CPU 
Time 

(in sec) 
Result 

1 8 2 2 218 1,253 32 Optimum 
Solution 

2 10 2 3 454 1,567.19 10,280 Optimum 
Solution 

3 10 4 3 632 1,567.19 38,358 Optimum 
Solution 

4 10 2 5 742 2,163.19 
(Gap*=1713.69) 259,200 

Integer 
Feasible 

Point 

5 12 2 3 614 1,594.38 
(Gap*=1134.52) 259,200 

Integer 
Feasible 

Point 
 
* Absolute gap between the LP relaxed solution and integer feasible solution. 
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Solution results of the MIP show that a small increase in the problem size 

increases the CPU time considerably. Especially, increment on the number of 

vehicles and number of pick-up points affect the CPU time very much. For the 

fourth and fifth instances optimal solution can not be found within 3 days run limit. 

According to the results, we have decided that it is not possible to compare our 

algorithm with the MIP results for the extended instances. Thus, we compare the 

algorithm with MIP according to the instances above. These comparisons are given 

in Table 5.3. 

 

Table 5.3 Comparison of the Results of the Iterative  
Capacitated-K-Medoids Clustering-Based Algorithm and GAMS/XA 

 

 Although the above results are not adequate for evaluating the performance 

of the developed algorithm for extended instances, they validate the results of the 

algorithm. In the first instance, iterative algorithm reaches the optimal solution; in 

other instances, the algorithm gives very consistent results. Also in all instances, 

the iterative algorithm and the MIP model result with the same location decisions 

for TFs. 

 

 

 

Iterative Clustering-based Algorithm GAMS/XA 

Instance Total Cost 
(Best Run) 

Total Cost 
(Average) 

Average 
CPU Time 
(seconds) 

Total 
Cost 

CPU Time 
(seconds) 

1 1,253 1,253 2.5 1,253 32 

2 1,616.19 1,624.69 2.5 1,567.19 10,280 

3 1,633.19 1,633.19 3 1,567.19 38,358 

4 2,365.19 2,516.18 2.7 2,163.19 259,200 

5 1,594.38 1,594.38 2.7 1,594.38 259,200 
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5.5 The Sequential Algorithm for the MSWMS-LRP  

 

 After deciding that it is not possible to evaluate the iterative clustering-

based algorithm with results of MIP, we have searched for other ways. According 

to Fisher (1980), the most promising form of analysis appears to be problem 

relaxation, which aims to establish lower bounds on the optimal solution by 

relaxing some problem constraints (as cited in Min, 1996). Since the problem sizes 

are large for the LRP of the MSWMS, we have omitted this approach. 

 After all, we have decided to use a sequential clustering-based solution 

algorithm to compare the iterative algorithm on extended instances, because 

sequential clustering-based algorithms give acceptable results in the previous 

studies (Srivastava, 1990; Min, 1996). Total margin of errors caused by the 

sequential clustering-based algorithm is predicted to exceed 20% of the optimal 

solution rarely (Min, 1996).  

 

Sequential clustering-based MSWMS-LRP solution algorithm   

  

We propose a three-step sequential algorithm for comparison purposes. In 

the first step, pick-up points are partitioned into clusters without considering the 

capacity restrictions. In the second step, TFs are opened at alternative sites and 

clustered pick-up points are assigned to open TFs. In the last step, routes originated 

from each TF are found by VRP algorithm. The sequential clustering-based 

algorithm is presented in detail below: 

 

Step 1 

 

 In this step, pick-up points are clustered according to the geographical 

closeness. In order to accomplish this, first N centroid pick-up points are randomly 

defined. Then non-centroid pick-up points are assigned to N clusters by considering 

the closeness between centroids. In defining the number of clusters N, the same 
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approach can be used as in the iterative algorithm. The clusters formed also denote 

the population sites like in the iterative algorithm.  

 

Step 2 

 

 In this step, the number and locations of the opened TFs and allocations to 

the clusters are determined by solving the ULAP defined in phase 1 of the iterative 

algorithm. But different from the iterative algorithm, mean points of the clusters are 

accepted as the center of aggregated waste collection points and population sites. 

 

Step 3 

  

 After forming the clusters of the pick-up points and assigning them to TFs, 

a VRP is solved for each TF to obtain the routes. The VRP considers the vehicle 

load capacities and shift time limits while constructing the routes. Searching for a 

strong VRP solver to use in this step, we have decided to use ILOG dispatcher 4.2 

as a VRP solver.  

ILOG Dispatcher applies local search techniques within constraint 

programming and employs this method for solving the VRP (Backer et al., 2000). 

ILOG Dispatcher uses a two-phase approach for solving the routing problems. In 

the first phase, it applies heuristics -enumeration, savings, sweep, nearest-to-depot, 

nearest addition, insertion- to find a first solution. In the second phase, it improves 

the first solution by using neighborhood heuristics including: two-opt, oropt, 

relocate, cross, and exchange heuristics. While improving the routes, Dispatcher 

uses two iterative improvement techniques: “first accept” and “best accept”. The 

“first accept” technique changes the solution with first feasible move which gives 

the improved solution, and allow iterating until no improved solution is found from 

the feasible moves. Although “best accept” technique works like the first accept, it 

changes the solution with the most improved solution of the feasible moves of the 

neighborhood. “First accept” technique is preferential when the problem is very 

large or optimized solution is required quickly (ILOG S.A., 2005). 
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In the ILOG Dispatcher solution of our sequential algorithm, initial routes 

have been found by the savings heuristics; improved routes have been obtained by 

the combination of two-opt, oropt, relocate, cross, and exchange heuristics with the 

“first accept” technique. 

We have coded the first and second steps of the sequential algorithm 

together by using C++ language and compiled with Microsoft Visual C++ 6.0. Step 

3 has been coded by using C++ language and compiled with Microsoft Visual C++ 

2005. Both codes have been implemented on a computer with Intel Pentium 2.4 

GHz processor and 512 MB of RAM, running under Microsoft Windows XP 

operating system. VRP solver code which calls the library of ILOG Dispatcher is 

given in Appendix F. 

 

5.6 Comparison of the Iterative and Sequential Algorithms 

 

After developing the clustering-based sequential algorithm, results have 

been obtained for the MSWMS-LRP on Solomon’s extended instances. Then we 

have compared these results with the results of the iterative algorithm. These 

comparisons are given in Tables 5.4 and 5.5. 

In Table 5.4, we have presented the best runs’ total cost values and average 

total cost values of the iterative algorithm which were given in section 5.3. 

Additionally, total cost values obtained from the sequential algorithm are presented 

for each instance. Also for the comparison easiness, total cost reductions and 

percentage of total cost reductions are presented. Reduction of the total cost by the 

iterative algorithm is obtained from the difference between total cost value of the 

sequential algorithm and the best run’s total cost value of the iterative algorithm. 

Since the sequential algorithm is run by using two different codes, output 

file of the step 1 and step 2 are converted as an input to step 3. Despite the 

considerable time consuming of this process, strong VRP solver obtains the result 

in a very small CPU time. Since we could not obtain the exact CPU time of the 

sequential algorithm due to the file conversion process, we have not compared the 

CPU times of the algorithms. 
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In accordance with the comparison results, we have demonstrated that the 

iterative algorithm gives lower costs solutions than the sequential algorithm in most 

of the instances. Although the iterative algorithm obtains improved solutions in all 

instance categories, it presents lower cost solutions especially in the uniformly 

distributed category of instances.  

We have observed from the results that the percentage of the reductions on 

total cost is different for each instance and their difference is not related with the 

category and the size of the instance. Thus, it has also been decided that the 

improvement rate is not related with the type of the instance. 

Although in some instances both algorithms obtain the same TF related 

costs and vehicle dispatching cost, the iterative algorithm obtains lower routing 

costs than the sequential algorithm by constructing better routing plans. This occurs 

because the iterative algorithm assigns pick-up points which have close distances 

among themselves into the same capacitated clusters. Thus, in the constructed 

routes maximum numbers of pick-up points are visited. Additionally, intersection 

of routes with each other is minimized. 
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Table 5.4 Comparison of the Results of the Iterative Clustering-Based Algorithm 
(I.A.) and the Sequential Clustering-Based Algorithm (S.A.) 

 
I.A. S.A. 

Problem 
instance 

Total 
Cost 

(average) 

Total Cost 
(best runs) 

Reduction in 
Total Cost by 

I.A. 
(best runs) 

Percentage of 
Reduction in 
Total Cost by 

I.A. 
(best runs) 

Total 
Cost 

 

C1_2_1 2921.81 2898.61 98.22 3.28 2996.83 

C1_4_1 6307.41 6280.41 161.82 2.51 6442.23 

C1_6_1 11565.76 10982.7 825.21 6.99 11807.91 

C1_8_1 16834.62 16698.2 -683.35 -4.27 16014.85 

C110_1 24658.85 24201.3 999.95 3.97 25201.25 

R1_2_1 3432.11 3405.71 106.73 3.04 3512.44 

R1_4_1 8230.81 8124.4 117.64 1.43 8242.04 

R1_6_1 14074.58 13493.3 671.67 4.74 14164.97 

R1_8_1 21125.68 20977 379.01 1.77 21356.01 

R110_1 31792.5 31731.4 1580.00 4.74 33311.4 

RC1_2_1 3818.18 3717.39 46.18 1.23 3763.57 

RC1_4_1 7678.61 7490.61 14.27 0.19 7504.88 

RC1_6_1 13694.64 13493.7 -33.06 -0.25 13460.64 

RC1_8_1 20608.06 20084.7 324.25 1.59 20408.95 

RC110_1 34770.26 33603.8 236.23 0.70 33840.03 
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5.7 Robustness Analysis for the MSWMS-LRP 

 

 In this section, changes in the TF numbers, TF locations, vehicle fleet sizes, 

and total cost values are analyzed over 20 years for the MSWMS under study. In 

order to accomplish this, waste amounts of the pick-up points are increased in the 

instances by considering the population increases over years. 

 We have selected the instances “C1_2_1” and “RC1_2_1” for our analysis. 

Since the analysis has been carried out for a long time horizon, we have assigned 

further locations from the population for the landfill and alternative TFs. This time 

we have defined seven alternative TF sites. Locations of the landfills and 

alternative TFs are given for both instances in Table 5.6. 

 

Table 5.6 Locations of the Landfills and Transfer Facilities for the 
Robustness Analysis of the MSWMS-LRP 

 
C1_2_1 RC1_2_1 

Facility 

Type 
X coordinate Y coordinate X coordinate Y coordinate 

Landfill 300 300 300 300 

TF1 60 0 0 0 

TF2 60 150 0 200 

TF3 150 150 50 200 

TF4 50 200 100 200 

TF5 200 50 200 200 

TF6 100 200 200 100 

TF7 200 100 200 50 

 

In this analysis, we have assumed that the solid waste amount of each pick-

up point randomly remains the same or doubles at every 5 years. In order to do this, 

we have used the “randbetween” function of Microsoft Excel. These changes in the 

daily waste amounts are shown in Figure 5.10 for both instances. 
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Figure 5.10 Changes of the Daily Total Waste Amounts in the System 

 

 We have implemented the iterative clustering-based algorithm for both 

instances by considering the changes of waste amounts in the same pick-up points. 

In the implementations, we have analyzed the affect of increases in the waste 

amounts to the overall system configuration. Obtained results from the analysis are 

given in Table 5.7 and 5.8. Results have been obtained from a single run of the 

algorithm. 

 

Table 5.7 Changes in the MSWMS Configurations for the Problem Instance 
C1_2_1 

 
Planning 
Horizon 

Number of 
TFs opened 

Opened 
TFs’ sites 

Number of 
Vehicles Used 

Daily Total 
Cost 

Year  0 1 TF3 4 3397.83 
Year  5 1 TF3 6 4863.06 
Year 10 1 TF6 8 6772.49 
Year 15 2 TF6, TF7 12 9437.78 
Year 20 2 TF6, TF7 18 13696.7 
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Table 5.8 Changes in the MSWMS Configurations for the Problem Instance 
RC1_2_1 

 
Planning 
Horizon 

Number of 
TFs opened 

Opened 
TFs’ sites 

Number of 
Vehicles Used 

Daily 
Total Cost 

Year  0 1 TF6 4 4071.39 
Year  5 1 TF6 6 5330.18 
Year 10 1 TF6 9 7345.83 
Year 15 2 TF4, TF6 13 10164.5 
Year 20 2 TF4, TF6 19 14259.9 

  

As seen from the above results, new TFs are required for both systems in 

the 15th year. In the results of C1_2_1, currently opened TF3 is not seen in the 

configurations after the 10th year. But results of RC1_2_1 shows that the initially 

opened TF is always kept in the future configurations. 

 Consequently, results prove that the future changes should be taken into 

account for a robust design of a real MSWMS. Since we have used hypothetical 

data in the analysis, only waste amount changes are considered. However, the 

change of other factors can also be considered in a real-world problem. Especially, 

feasibility of the alternative locations of the TFs and emergence of the new 

residential areas should be analyzed for long time horizon. 
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CHAPTER 6 

 
 

CONCLUSIONS AND RECOMMENDATIONS  

ON FURTHER RESEARCH ISSUES 

 
 
 

In this study, we have introduced a LRP for integrating the strategic and 

tactical decisions taken within the context of a MSWMS. Thus, we have presented 

mathematical formulations for the LRP, which has two facility layers and considers 

undesirability for the facilities, load capacity and shift time limits for the routes. 

We have expressed our assumptions for the system considered, and obtained a 

revised model from the general model of the MSWMS-LRP. 

 Since the optimal solution can not be found for the considered revised 

model with practical sizes, we have proposed an iterative clustering-based heuristic 

solution approach. The proposed solution approach is a three-phase iterative 

procedure. It includes a capacitated-k-medoids clustering algorithm and an 

undesirable facility location-allocation model, tour construction procedure, and tour 

improvement procedure.  

 The developed algorithm has been implemented by using the extended test 

instances from the literature and determined problem parameters. We have 

implemented the algorithm with different initial centroid sets for each test instance. 

According to the results obtained, we have decided that the algorithm gives 

different results within different computation times for different sets of initial 

centroids. Additionally, computation time of the algorithm increases more than the 

rate of increment in the instance sizes. The reason of this increase is mainly caused 

by the capacitated-k-medoids clustering algorithm. Since more pick-up points need 

to be partitioned, more time is required for the capacity and shift time limit checks. 

At the end of implementations, we have concluded that the developed algorithm 

can solve very large problem instances including up to 1000 pick-up points, 5 

alternative TF sites, and 25 vehicles in a reasonable amount of computational time. 
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 Optimal solutions for the MSWMS-LRP could have been obtained only for 

problems including up to 10 pick-up points, 4 alternative TFs, and 3 vehicles. We 

have found out that small increments on the number of pick-up points and vehicles 

produce high amount of increments in the computation times of MIP solver. When 

we have compared the results of the developed algorithm with the results of MIP 

model for the small problems, optimal and near optimal results have been obtained 

from the developed algorithm. 

 Since the results of the MIP model and the developed algorithm could have 

not been compared for the extended test instances, sequential clustering-based 

heuristic has been presented. In the comparison of both heuristics, the iterative 

algorithm presents better solutions than the sequential algorithm in 13 of the 15 test 

instances. Also improvement rate of the iterative algorithm over the sequential 

algorithm reaches 6.99 % in the comparisons.  

 One of the reasons of the improvement of our approach over the sequential 

algorithm is its incorporation of the routing and location solutions recursively. 

Since the iterative algorithm assigns each route to a cluster, intersected routes are 

eliminated, routes are balanced both in load capacity and routing distance, and 

improved solutions are obtained. 

 We have investigated the affect of population increases over 20 years in a 

MSWMS-LRP by using the iterative algorithm developed. We have concluded that 

the found facility configurations change over time with the population increases. 

Thus, future population changes should be taken into account in a robust design of 

a MSWMS. 

 

Contribution to the related literature 

 

 The problem we have considered and the heuristic approach we have 

developed include some properties which are different from the previous studies. 

These properties can be outlined as follows: 
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• We have integrated the decisions of regional solid waste management 

system and solid waste collection management system. So, decisions of 

locating TFs and constructing less-than-truck-load routes are handled at 

the same time. 

• Different from the studies of LRP in waste management, we have 

considered solid waste management and LRP with less-than-truckload 

routings instead of individual direct truck-load trips. 

• We have constructed the MSWMS-LRP as a single objective model of 

minimizing overall costs by controlling the risk exposure with the 

location of TFs. 

• We have modeled the LRP with two facility layers for a reverse 

logistics system and we have considered the undesirability for the 

facilities. 

• Different from the previous LRP studies, the developed capacitated-k-

medoids clustering-based heuristic algorithm works iteratively and 

searches for the possible improvements. Additionally, the algorithm 

considers the load capacity of vehicles and shift time limits while 

partitioning the pick-up points into clusters. 

• In none of the previous studies, performance of the iterative clustering-

based LRP solution heuristics is compared with the sequential 

clustering-based heuristics. In contrast, we have compared the 

performance of the developed capacitated k-medoids-clustering-based 

algorithm and sequential clustering-based algorithm in our study. 

• While small and medium size instances are studied in the most of the 

previous LRP works, we have studied with the extended instances in our 

MSWMS environment. Moreover, we have obtained improved results 

for the larger LRP instances in a reasonable time with the iterative 

clustering-based algorithm developed. 

• Different from the previous related studies, we have generated a 

complete algorithm code in which an improved TSP solver and a 

mathematical programming solver are integrated.   
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Recommendations on further research 

 

 In our study, we have analyzed the developed iterative capacitated k-

medoids-clustering-based heuristic algorithm for MSWMS-LRP with hypothetical 

test problem instances. As a further study, the developed algorithm can be applied 

to a real-world instance. In order to accomplish this, a pilot application area can be 

selected. Then, one can benefit from a GIS framework to obtain the necessary 

inputs from the application area to the algorithm.  

In our problem environment, we have used Euclidean distance for 

approximating traveling length between the points. In the real-world application, 

the study can be conducted by using rectilinear or real distances to define the length 

between the points exactly. 

 As we have seen from the robustness analysis in section 5.7, future demand 

fluctuations are very effective on the solution configurations. In order to overcome 

this issue, a dynamic LRP can be considered for the MSWMS. The developed 

iterative algorithm can also be adopted for a dynamic case in which multiple 

periods are considered over a long planning horizon. 

 In parallel with the fast changing technologies and increasing populations, 

opening decisions of TFs may be considered as a tactical decision by using mobile 

TFs. For this reason, a study can also be conducted for a MSWMS-LRP including 

mobile TFs as a further research. 

 In our study we have considered the deterministic data. However, one can 

consider the same problem with stochastic waste amounts and routing times. Thus, 

fluctuations in the solid waste amounts in some seasons of the year and the effect 

of the traffic on the routing time can be incorporated into the problem.  

 The LRP environment that we have defined for MSWMS can also be 

analyzed with multiple types of intermediate facilities in different layers, multiple 

routes per collection vehicle originating from TF and changing schedules of the 

crews of the collection vehicles. As a further research, one can also modify the 

developed iterative algorithm with incorporating these issues for solving the 

problem. 
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 As we have discussed, computation time of the developed iterative 

algorithm is mainly occupied by the shift time checks of the routes with TSP 

algorithm. As a further research, the process of the iterative algorithm can be 

accelerated with employing the route length approximation formulae suggested by 

Nagy and Salhi (2007) instead of the TSP algorithm.     
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APPENDIX A 

 
 

GAMS CODE FOR THE MIP MODEL OF THE MSWMS-LRP 

 
 
 

sets 

s set of pickup points and Tfs /PNT(1)*PNT(M)/ 

i(s) pickup points /PNT(1)*PNT(N)/ 

j(s) transfer facilities /PNT(N+1)*PNT(M)/ 

l population sites /PS(1)*PS(V)/ 

k vehicles /V(1)*V(V)/ 

 

alias (s,g,h); 

alias (i,p); 

 

Parameters 

q(i) daily amount of waste at each pick up point 

/ 

/ 

dist(j) distances between TFs and lanfill 

 / 

/; 

 

Table    d(g,h) distances between Tfs to pickup points and pickup points to pickup 

points 

Table   dst(l,j) distances between Population centers and TFs 

 

Scalars 

M maximum number of Tfs to be opened /M-N/ 

F daily investment cost of a Tf 
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Vc Variable cost of a Tf  

DK Vehicle load capacity 

T Shift time duration of a collection vehicle 

C unit travel cost of collection vehicles between nodes  

Dc collection vehicle dispatch cost  

St Service time at each collection point 

Fi Transportation cost of unit bulk waste per unit distance 

Ex Exposure distance limit 

Tf time factor 

MN number of pick-up pnts + tfs 

 

Variables 

X(g,h,k) vehicle k goes from node g to h or not 

 Z(j) Tf is opened at j or not 

 a(j,i) pickup point at i is served by facility at j or not 

 TC totalcost 

 U(i) dummy variable for subtour elimination constraint; 

 

Binary variable X; 

Binary variable Z; 

Binary variable a; 

Positive variable U; 

 

Equations 

        cost                objective function 

        const1(i)         each pick up point is visited once 

        const2(k)        vehicle capacity should not be exceeded 

        const3(k,h)     each node must be left by the vehicle after it is visited 

        const4             number of facilities opened should not exceed M 

        const5(j,i,k)    indicates which pick up point is served by which tf 

        const6(j)         if a tf is opened at least one vehicle dispatch from the tf 
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        const7(j,k)     if a tf is not opened vehicles will not dispatch from the tf 

        const8(k)       satisfies that a vehicle can only be operated from one tf 

        const9(i,p)     subroute elimination 

        const10(l,j)      exposure limitation 

        const11(k)      satisfies that routing and service time of a vehicle can not 

exceed its own shift time  ; 

 

cost.. TC =e= sum(g,sum(h,sum(k,C * d(g,h) * X(g,h,k)))) + sum(k,Dc * 

sum(i,sum(j,X(j,i,k)))) + 

sum(j, F * Z(j)) + sum(j, Vc * sum(i,q(i) * a(j,i))) +  sum(j,dist(j) * Fi * sum(i,q(i) 

* a(j,i))); 

const1(i).. sum((g,k),X(g,i,k)) =e= 1; 

const2(k).. sum((i,g),(q(i) * X(g,i,k))) - DK =l= 0 ; 

const3(k,h).. sum(g,X(g,h,k)) - sum(g,X(h,g,k)) =e= 0; 

const4.. sum(j,Z(j)) - M =l= 0; 

const5(j,i,k).. sum(g,(X(j,g,k) + X(g,i,k))) - (1 + a(j,i)) =l= 0; 

const6(j).. sum(k,sum(i,X(j,i,k))) - Z(j) =g= 0; 

const7(j,k).. sum(i,(X(j,i,k))) - Z(j) =l= 0; 

const8(k).. sum((i,j),X(i,j,k)) =l= 1; 

const9(i,p).. U(i) - U(p) + MN * sum(k,X(i,p,k)) - MN + 1 =l= 0; 

const10(l,j).. dst(l,j) - Z(j) * Ex =g= 0; 

const11(k).. sum((g,h),(d(g,h) * Tf * X(g,h,k))) + sum((g,i),(St * X(g,i,k))) - T =l= 

0; 

 

x.fx(s,s,k) = 0;  *Exclude Diagonal **(to eleminate x(s,s)=1)** 

model ULRP /all/; 

option iterlim = (maximum); 

option reslim=(3 days); 

solve ULRP using mip minimizing TC; 

display X.l; 

display Z.l; 
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APPENDIX B 

 
 

GAMS CODE OF THE ULAP 

 
 
 

sets 

r transfer facilities  

j aggregated collection points and population sites; 

   

Parameter c(j,r) Euclidean distances between ACPs and TFs 

/  

/; 

Parameter d(r) distances between TF at r and landfill 

/  

/; 

Parameter l(j) Amount of waste to be picked-up from ACP at j 

/ 

/; 

 

Scalar K unit travel cost of collection vehicles K; 

Scalar M Number of facilities to be opened M; 

Scalar FC Investment cost of a Transfer Facility ; 

Scalar VC Operating cost of a Transfer Facility with unit waste amount ; 

Scalar Fi Transportation cost of unit waste for unit distance between Transfer 

Facility and Landfill  

Scalar Exp Exposure limit; 

 

Variables 

x(j,r) if ACP at j is allocated to TF at r 

z(r) if TF is opened at r 
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w(r) amount of waste collected by TF at r 

TC total cost; 

Binary variables x; 

Binary variables z; 

Positive variables w; 

 

Equations 

cost              objective function value 

const1           first constraint 

const2(j)       second constraint 

const3(j,r)     third constraint 

const4(j,r)     fourth constraint 

const5(r)       fifth constraint; 

 

cost..  TC =e= sum(r,(FC * z(r))) + sum(r,(VC * w(r))) + sum(r,(w(r) * d(r) * Fi)) + 

sum((j,r),(2 * K * C(j,r) * x(j,r))); 

const1..  sum(r,z(r)) - M =l= 0; 

const2(j).. sum(r,x(j,r)) - 1 =e= 0; 

const3(j,r).. c(j,r) - Exp * z(r) =g= 0; 

const4(j,r).. x(j,r) - z(r) =l= 0; 

const5(r).. sum(j,(x(j,r) * l(j))) - w(r) =e= 0; 

 

Model ULAP /all/; 

solve ULAP using mip minimizing TC; 

display x.l; 

parameter TFcost; 

TFcost = TC.l - sum((j,r),(2 * c(j,r) * x.l(j,r)));  **(For excluding solid waste 

transportation cost)* 

parameter OpenedFacNr; 

OpenedFacNr = sum(r,z.l(r)); 

display TFcost; 
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file results / \results.txt/; **(For creating the result file)** 

put results; 

put "Allocations"/; **(For writing allocations to result file)** 

loop ((j,r), 

  put x.l(j,r)/ 

); 

put TFcost/; **(For writing the TF related costs)** 

put "Objective Function Value:"/; **(For writing the Obj. Value)** 

put TC.l/; 

put "Amount of waste collected at each TF"/;  

loop ((r), 

  put w.l(r)/ 

); 

putclose; 
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APPENDIX C 

 
 

PSUEDOCODE OF THE  

ITERATIVE CAPACITATED-K-MEDOIDS CLUSTERING-BASED 

SOLUTION ALGORITHM FOR THE MSWMS-LRP 

 
 
 
Global Variable initializations 

 
SET total cost to very big number 
 
Functions definition 
 
FUNCTION capacitycheck 
FUNCTION TSPcheck 
FUNCTION creatingclusterfiles 
FUNCTION assigntocluster 
FUNCTION distance 
FUNCTION mindistclust 
FUNCTION k_medoid 
FUNCTION stopcriteria 
FUNCTION setnewcentroids 
FUNCTION nodecount 
FUNCTION find_closest_depot 
FUNCTION Locate_Allocate 
FUNCTION input_new_cluster_info 
FUNCTION TSP_routing 
FUNCTION cluster_improve 
 
Function itos 
 
CONVERT interger to string 
 
 
Function clusterforming 
 
SET i to 0 
IF i is higher than nodenum exit from function 
Select_different_point: 
WHILE i is less than nodenum 

INCREMENT i 
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FOR j=1 to number of clusters 

 
  IF pick-up point i is same with centroidarray[j] 
   GOTO select_different_point 
  END IF 
 
 END FOR 
 
 CALL distance for pick-up point i to create the distancearray 
  

select_next_minimum_distance_cluster: 
CALL mindistclust for i to find candidate cluster 

 CALL capacitycheck for candidate cluster 
  
 IF checkresult is fail and all clusters are not become candidate  
  GOTO select_next_minimum_distance_cluster 
 END IF 
 
 IF checkresult is fail all clusters are clusters are checked 
  GOTO select_different_point 
 END IF 
 
 CALL find_closest_depot (to find the closest TF to the candidate cluster) 

CALL TSPcheck (for the candidate cluster and closest depot) 
 
IF TSPtestresult is fail and all clusters are not become candidate 
 GOTO select_next_minimum_distance_cluster 
END IF 
 
IF TSPtestresult is fail all clusters are clusters are checked 

  GOTO select_different_point 
 END IF 
 
 ELSE 
  CALL assigntocluster (to assign the point to the candidate cluster) 
 END IF 
 
ENDWHILE 
  
Function clusterforming_giventf 
 
CALL clusterforming (with assigned TFs in TSPcheck) 
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Main function 
 
CREATE tourinfo file 
CREATE Algorithm run summary file 
OPEN main data file 
 
SET i to 0 
WHILE reached to the ending row of data file 
 INCREMENT i 

GET nodenumber, x_coordinate, y_coordinate, demand 
 STORE nodenumber, x_coordinate, y_coordinate, demand and STORE  

in dataarray[i][0,1,2,3] 
END WHILE 
SET i to total_node_number 
 
*input problem parameters* 
READ number of clusters 
 
FOR i=1 to number of clusters 
 READ centroid of the cluster and STORE centroidarray[i] 
END FOR 
 
READ vehicle capacity 
READ vehicle dispatch cost 
READ allowable routing time(shift time duration) 
READ servicetime(pick-up time) 
READ number of TFs 
 
FOR i=1 to number of TFs 
 READ X_coord,Y_coord and STORE in depotarray[i][0,1] 
END FOR 
 
READ itertion limit 
SET run time to 0 
 
*phase 1* 
CALL creatingclusterfiles 
 
FOR all clusters 
 CALL assigntocluster to assign centroid of the clusters 
END FOR 
 
CALL clusterforming to assign pick-up points to clusters 
DISPLAY iteration 
CALL k_medoid to create k-medoid clusters 
CALL stopcriteria 
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IF stoppincriteria is fail 
 CALL setnewcentroids 
 GOTO phase1 
END IF 
 
IF nodecount is pass  
 CALL input_new_cluster_info to input V+1 th cluster centroid 
 GOTO phase1 
END IF 
 
 
*inputing ULAP parameters* 
READ landfill coordinates and STORE in landfill 
READ cost parameters 
 
*ULAP* 
CALL Locate_Allocate for locating TFs 
SET iteration to 0 
CALL creatingclusterfiles 
 
FOR i=1 to number of clusters 
 CALL assigntocluster to assign centroidarray[i] 
END FOR 
 
CALL clusterforming_giventf to assign pick-up points to clusters with given TFs 
DISPLAY iteration 
CALL k_medoid to create k-medoid clusters 
CALL stopcriteria 
 
IF stoppincriteria is fail 
 CALL setnewcentroids 
 GOTO phase1 
END IF 
 
IF nodecount is pass  
 CALL input_new_cluster_info to input V+1 th cluster centroid 
 GOTO phase1 
END IF 
 
*Phase-2* 
*Obtain tours with TSP* 
SET total routing cost to 0 
 
FOR i=1 to number of clusters 

COMPUTE total routing cost by calling TSP_routing(i) 
END FOR 
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COMPUTE new total cost 
PRINT new total cost to algorithm run summary file 
 
FOR i=1 to TFs 
 PRINT amount of waste kept by TF(i) to algorithm run summary file 
ENDFOR 
 
IF total cost is lower than new total cost 
 DISPLAY no improvment! 
 Terminate the Algorithm 
ENDIF 
 
*Phase-3* 
*Cluster Improvement* 
DISPLAY improvement ! 
SET new total cost to total cost 
CALL cluster_improve 
 
*Obtain improved tours with TSP* 
SET total routing cost to 0 
 
FOR i=1 to number of clusters 

COMPUTE total routing cost by calling TSP_routing(i) 
END FOR 
 
COMPUTE new total cost 
PRINT new total cost to algorithm run summary file 
 
FOR i=1 to Number of TFs 
 PRINT amount of waste kept by TF(i) to algorithm run summary file 
END FOR 
 
IF total cost is lower than new total cost 
 DISPLAY no improvement! 
 Terminate the Algorithm 
ELSE 

DISPLAY Improvement! 
SET new total cost to total cost 
CALL k_medoid 
CALL setnewcentroids 
GOTO ULAP 

END IF 
 
PRINT run time to algorithm run summary file 
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Function capacitycheck 
 
OPEN candidate clusterfile 
SET totdemand to 0 
 
WHILE reached to ending row of clusterfile 
 GET Demand from clusterfile 
 ADD Demand to totdemand 
ENDWHILE  
 
IF totdemand is less than vehicle capacity  

SET checkresult to pass 
ELSE 
    SET checkresult to fail 
END IF 
RETURN checkresult 
 
 
Function TSPcheck 
 
OPEN candidate clusterfile 
 
WHILE reached to ending row of candidateclusterfile 
 GET nodenumber, x_coordinate, y_coordinate from candidate clusterfile 
ENDWHILE 
 
CREATE concorde input file 
PRINT TF info to the concorde input file 
PRINT pick-up points of candidate cluster to the concorde input file 
PRINT candidate pick-up point to the concorde input file 
CALL concorde TSP 
 
OPEN Concorde result file 
GET total tourlength 
COMPUTE routing time 
 
IF routing time is less than allowable routing time 
 RETURN pass 
ELSE 
 RETURN fail 
ENDIF 
 
 
Function creatingclusterfiles 
 
FOR i=1 to number of clusters 
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 CREATE clusterfile(i) for the cluster(i) 
ENDFOR 
 
 
Function assigntocluster 
 
OPEN clusterfile 
PRINT centroid to clusterfile 
 
 
Function distance 
 
FOR k=1 to number of clusters 
 OPEN clusterfile(k) 
 GET xcoordinate,ycoordinate from clusterfile(j)  
 SET distancearray[k] to euclidean distance between 

(xcoordinate,ycoordiate) and dataarray[i][1,2] 
END FOR 
 
 
Function mindistclust 
 
SET minimum to very big number 
 
FOR k=1 to number of clusters 
 If distancearray[k] is less than minimum 
  SET minimum to distancearray[k] 
  SET minimum index to k 
 END IF 
END FOR 
 
RETURN minimum index 
 
 
Function k_medoid 
 
FOR i=1 to number of clusters 
OPEN clusterfile(i) 
SET smallest to very big number 
SET numberofpnts to 0 
  

WHILE reached to the ending row of clusterfile(i) 
  INCREMENT numberofpnts 

GET nodenumber, xcoordinate, ycoordinate, demand from cluster 
  file 
  STORE nodenumber, xcoordiate, ycoordinate, demand 
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to temporary clusterarray[numberofpnts][0,1,2,3] 
 END WHILE 
  
 FOR l=1 to numberofpnts 
  SET x1 to clusterarray[numberofpnts][1] 
  SET y1 to clusterarray[numberofpnts][2] 
 
   FOR k=1 to numberofpnts 
    SET x2 to clusterarray[numberofpnts][1] 
    SET y2 to clusterarray[numberofpnts][2] 
    ADD euclidean distance between (x1,y1)and (x2,y2) 
    to totdist 
   END FOR 
   
  IF totdist is less than smallest 
   SET smallest to totdist 
   SET minindex to clusterarray[l][0] 
  END IF 
 END FOR 
  
 SET array newcentroids[i] to minindex 
END WHILE 
 
 
Function stopcriteria 
 
SET similarity to 0 
FOR r=1 to number of clusters 
  

IF newcentroids[r] and centroids[r] are same 
  INCERMENT similarity 
END IF 
 

END FOR 
 
IF similarity is less than number of clusters and iteration is less than iteration limit   
SET stoppingciteria to fail 
ELSE SET stoppingcriteria to pass 
 
RETURN stoppingcriteria 
 
 
Function setnewcentroids 
 
FOR s=1 to numberofclusters 
 SET array centroids[s]  to newcentroids[s] 
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END FOR 
 
 
Function nodecount 
 
SET numberpnts to 0  
FOR i=1 to number of clusters 
 OPEN clusterfile(i) 

 
WHILE reached to the ending row of the clusterfile(i) 
 INCREMENT numberofpts 
END WHILE 
 
IF numberofpnts is not equal to total_node_number 
 DISPLAY Increase number of clusters 
 RETURN pass 
END IF 

END FOR 
 
 
Function find_closest_depot 
 
SET mindistance to very big number 
SET numberofpnts to 0 
OPEN clusterfile(i) 
 
WHILE reached to the ending row of clusterfile(i) 
 numberofpnts ++ 

GET nodenumber, xcoordinate, ycoordinate and STORE in temporary 
 array clusterinfo[numberofpnts][0,1,2] 
ENDWHILE 
 
FOR index=1 to number of TFs 
  

IF euclidean distance between (clusterinfo[1][1], clusterinfo[1][2]) and 
(depotarray[index][1], depotarray[index][2]) is less than mindistance 
 SET index to closestdepotindex 

SET euclidean distance between(clusterinfo[1][1],clusterinfo[1][2]) 
and (depotarray[index][1], depotarray[index][2]) to mindistance  

END IF 
 
END FOR 
RETURN closestdepotindex 
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Function Locate_Allocate 
 
CREATE GAMS input file 
CALL GAMS 
OPEN GAMS result file 
GET tfassignment info from result file and store in array tfassignment 
GET cost info from result file and store in Tfloc_and_oper_cost 
 
 
Function TSP_routing 
 
CREATE concorde input file 
PRINT TF info to the concorde input file 
PRINT pick-up points info of cluster(i) (to the concorde input file) 
CALL concorde TSP 
OPEN Concorde result file 
GET resulting tours (from Concorde result file) 
GET total tourlength (from Concorde result file)  
COMPUTE Routing Cost 
PRINT resulting tours, Routing Cost to Algorithm tour info file 
RETURN Routing Cost 

 
 

Function cluster_improve 
 
FOR index=1 to number of clusters 
 SET numberofpnts to 0 
 OPEN clusterfile(index) 
 
 WHILE reached to the ending row of clusterfile(index) 
  INCREMENT numberofpnts   
  GET nodenumber, xcoordinate, ycoordinate, demand 
  STORE nodenumber, xcoordinate, ycoordinate, demand in  
  temporary array clusterinfo[numberofpnts][0,1,2,3] 
 END WHILE 
   

CREATE clusterfile(index) 
  

FOR j=1 to numberofpnts 
  SET x1 to clusterinfo[j][1] 
  SET y1 to clusterinfo[j][2] 
  SET intradistance to 0 
 
  FOR k=1 to numberofpnts 
   SET x2 to clusterinfo[k][1] 
   SET y2 to clusterinfo[k][2] 
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   ADD Euclidean distance between (x1,y1) and 
   (x2,y2) to intradistance 
  END FOR 
 
  SET x2 to assigned TF(of cluster index) xcoordinate 
  SET y2 to assigned TF(of cluster index) ycoordinate 
  ADD Euclidean distance between (x1,y1) and (x2,y2) to 

iintradistance 
 
  FOR l=1 to number of clusters 
   SET array interdistance[l] to 0 
    
   IF l is not equal to index 
    SET pnts to 0 
    OPEN clusterfile(l) 
 
    WHILE reached to the ending row of  
    clusterfile(l) 
     INCREMENT pnts 
     GET xcoordinate, ycoordinate and 
     STORE in array temparray[pnts][0,1] 
    END WHILE 
 
    FOR m=1 to pnts (not equal) 
     SET x2 to temparray[m][0] 
     SET y2 to temparray[m][1] 
     SET interdistance[l] to Euclidean distance 
     between (x1,y1) and (x2,y2) 
    END FOR 
 
   SET x2 to assigned TF(of cluster l) xcoordinate 
   SET y2 to assigned TF(of cluster l) ycoordinate 
   ADD Euclidean distance between (x1,y1) and (x2,y2) to 

iintradistance 
  
   END IF 
  END FOR 
 
  SET mininterdistance to very big number 
  Re_find_minimum: 
  SET mininterindex to 0 
 

FOR l=1 to number of clusters 
   
   IF l is not equal to index 
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    IF (interdistance[l] is less than intradistance) and 
    (interdistance[l] is less than mininterdistance) 
    SET mininterdistance to interdistance[l] 
    SET mininteindex to l 
    END IF 
   END IF 
  END FOR 
  
 
  IF mininterindex is equal to 0 
   PRINT clusterinfo[j][0,1,2,3] to clusterfile(index)  
   (Write points back to their own cluster) 
   EXIT loop 
  END IF 
 
  SET array interdistance[mininterindex] to very big number  
 
  CALL capacitycheck for pickuppoint(clusterinfo[j][0]), 
    cluster(mininterindex) 
  
  IF testresult is pass 
   CALL TSPcheck for pickuppoint(clusterinfo[j][0]), 
    cluster(mininterindex), assigned TF to 

cluster(mininterindex) 
   

IF TSPtestresult is pass 
CALL assigntocluster for assigning 
pickuppoint(clusterinfo[j][0]) to 
cluster(mininterindex) 

   END IF 
  END IF 
  ELSE GOTO re_find_minimum 
 END FOR 
END FOR 
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APPENDIX D 

 
 

ANALYSES OF THE PROBLEM INSTANCES USED IN THE STUDY 

 
 
 
 We present the dot plots for the locations of the pick-up points, total daily 

waste amounts, locations of the landfill and TFs based on the Solomon’s extended 

VRPTW instances. 
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Figure D.1 Dot Plot for the Problem Instance C1_2_1 

 
Daily waste amount: 3530 

Landfill Location: (200, 200) 

Alternative TF Locations: (0, 0), (50,50), (50,100), (100,150), (150,150)  
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Problem instance C1_4_1 

 

Figure D.2 Dot Plot for the Problem Instance C1_4_1 
 
Daily waste amount: 7190 

Landfill Location: (250, 250) 

Alternative TF Locations: (0, 0), (50,150), (100,100), (150,120), (200,200)  
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Figure D.3 Dot Plot for the Problem Instance C1_6_1 

 
Daily waste amount: 11020 

Landfill Location: (350,350) 

Alternative TF Locations: (0, 0), (100,100), (100,200), (200,200), (300,300)  
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Problem instance C1_8_1 

 

Figure D.4 Dot Plot for the Problem Instance C1_8_1 
 
Daily waste amount: 14380 

Landfill Location: (450,450) 

Alternative TF Locations: (0, 0), (100,100), (200,200), (250,300), (400,400)  
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Figure D.5 Dot Plot for the Problem Instance C110_1 

 
Daily waste amount: 17940 

Landfill Location: (600,600) 

Alternative TF Locations: (0, 0), (200,100), (300,350), (250,500), (500,400)  
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Problem instance R1_2_1 
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Figure D.6 Dot Plot for the Problem Instance R1_2_1 

 
Daily waste amount: 3513 

Landfill Location: (200, 200) 

Alternative TF Locations: (0, 0), (0,150), (150,0), (75,150), (150,150)  
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Figure D.7 Dot Plot for the Problem Instance R1_4_1 

 
Daily waste amount: 7109 

Landfill Location: (300, 300) 

Alternative TF Locations: (0, 0), (100,0), (200,0), (200,50), (250,250)  
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Problem instance R1_6_1 
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Figure D.8 Dot Plot for the Problem Instance R1_6_1 

 
Daily waste amount: 10737 

Landfill Location: (400, 400) 

Alternative TF Locations: (0, 0), (100,0), (0,100), (200,320), (320,200)  

 

Problem instance R1_8_1 

4003002001000

400

300

200

100

0

X_xoord

Y
_c

oo
rd

 
Figure D.9 Dot Plot for the Problem Instance R1_8_1 

 
Daily waste amount: 14230 

Landfill Location: (500, 500) 

Alternative TF Locations: (0, 0), (400,0), (0,400), (200,400), (400,200)  
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Problem instance R110_1 
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Figure D.10 Dot Plot for the Problem Instance R110_1 

 
Daily waste amount: 18118 

Landfill Location: (600, 600) 

Alternative TF Locations: (0, 0), (0,150), (500,500), (500,0), (0,500)  
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Figure D.11 Dot Plot for the Problem Instance RC1_2_1 

 
Daily waste amount: 3558 

Landfill Location: (200, 200) 

Alternative TF Locations: (0, 0), (50,0), (0,100), (150,0), (150,100)  



 
 113

Problem Instance RC1_4_1 
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Figure D.12 Dot Plot for the Problem Instance RC1_4_1 

 
Daily waste amount: 7127 

Landfill Location: (300, 300) 

Alternative TF Locations: (0, 0), (50,0), (0,100), (0,200), (200,200)  
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Figure D.13 Dot Plot for the Problem Instance RC1_6_1 

 
Daily waste amount: 10880 

Landfill Location: (400, 400) 

Alternative TF Locations: (0, 0), (0,100), (0,200), (300,0), (300,300)  
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Problem Instance RC1_8_1 
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Figure D.14 Dot Plot for the Problem Instance RC1_8_1 

 
Daily waste amount: 14387 

Landfill Location: (500, 500) 

Alternative TF Locations: (100, 0), (0,400), (400,0), (400,400), (400,200)  
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Figure D.15 Dot Plot for the Problem Instance RC110_1 

 
Daily waste amount: 17822 

Landfill Location: (600, 600) 

Alternative TF Locations: (0, 0), (200,0), (0,500), (525,0), (0,525)  
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APPENDIX E 

 
 

RESULTS OF THE ITERATIVE CAPACITATED-K-MEDOIDS 

CLUSTERING-BASED SOLUTION METHODOLOGY FOR THE TEST 

PROBLEM INSTANCES 

 
 
 

Results obtained for the instance C1_2_1 
 
 
 
 Table E.1 Results of the Iterative Clustering-Based Algorithm 

for the Instance C1_2_1 
 

Run 
Number 

TF location, 
operation, bulk 

waste 
transportation 

cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation* 

CPU 
Time   

(Seconds) 

1 851.61 384 1695 2930.61 1.10 309 

2 851.61 384 1691 2926.61 0.97 286 

3 851.61 384 1691 2926.61 0.97 332 

4 851.61 384 1663 2898.61 best 292 

5 851.61 384 1691 2926.61 0.97 242 

Average 851.61 384 1686.2 2921.81 0.80 292.2 
 

* Percentage of deviation indicates the percentage deviation of the total cost value from the 

best total cost value. 
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Results obtained for the instance R1_2_1 

 
 
 
 Table E.2 Results of the Iterative Clustering-Based Algorithm 

for the Instance R1_2_1 
 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 848.71 384 2209 3441.71 1.06 276 

2 848.71 384 2197 3429.71 0.70 471 

3 848.71 384 2209 3441.71 1.06 322 

4 848.71 384 2173 3405.71 best 213 

5 848.71 384 2209 3441.71 1.06 268 

Average 848.71 384 2199.4 3432.11 0.78 310 

 

 

 

Results obtained for the instance RC1_2_1  

 
 
 

Table E.3 Results of the Iterative Clustering-Based Algorithm 
for the Instance RC1_2_1 

 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 1400.39 384 1933 3717.39 best 376 

2 1400.39 384 1933 3717.39 best 415 

3 1338.3 384 2111 3833.3 3.12 438 

4 1338.3 384 2102 3824.3 2.88 349 

5 1324.52 384 2290 3998.52 7.56 218 

Average 1360.38 384 2073.8 3818.18 2.71 359.2 
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Results obtained for the instance C1_4_1 

  
 
 

Table E.4 Results of the Iterative Clustering-Based Algorithm 
for the Instance C1_4_1 

 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 1476.41 768 4073 6317.41 0.59 972 

2 1476.41 768 4036 6280.41 best 644 

3 1476.41 768 4078 6322.41 0.67 739 

4 1476.41 768 4043 6287.41 0.11 640 

5 1476.41 768 4085 6329.41 0.78 629 

Average 1476.41 768 4063 6307.41 0.43 724.8 

 

 

 

Results obtained for the instance R1_4_1  

 
 
 

Table E.5 Results of the Iterative Clustering-Based Algorithm 
for the Instance R1_4_1 

 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 2544.2 768 5119 8431.2 3.78 961 

2 1462.58 768 5997 8227.58 1.27 1084 

3 1462.58 768 5897 8127.58 0.04 944 

4 1458.31 768 6017 8243.31 1.46 5068 

5 2419.4 768 4937 8124.4 best 703 

Average 1869.41 768 5593.4 8230.81 1.31 1752 
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Results obtained for the instance RC1_4_1 

 
 
 

Table E.6 Results of the Iterative Clustering-Based Algorithm 
for the Instance RC1_4_1 

 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 1969.61 768 5057 7794.61 4.06 652 

2 1969.61 768 4953 7690.61 2.67 704 

3 1969.61 768 4811 7548.61 0.77 587 

4 1969.61 768 5131 7868.61 5.05 472 

5 1969.61 768 4753 7490.61 best 662 

Average 1969.61 768 4941 7678.61 2.51 615.4 

 

 

 

Results obtained for the instance C1_6_1 

 
 
 
 Table E.7 Results of the Iterative Clustering-Based Algorithm 

for the Instance C1_6_1 
 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 2130.2 1152 8711 11993.2 9.20 3105 

2 3688.7 1152 6142 10982.7 best 3303 

3 3688.7 1152 6215 11055.7 0.66 9916 

4 2803.5 1152 8646 12601.5 14.74 1240 

5 3688.7 1152 6355 11195.7 1.94 1923 

Average 3199.96 1152 7213.8 11565.76 5.31 3897.4 
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Results obtained for the instance R1_6_1 

 
 
 
 Table E.8 Results of the Iterative Clustering-Based Algorithm 

for the Instance R1_6_1 
 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 4861.2 1152 8576 14589.2 8.12 2613 

2 3884.5 1152 9467 14503.5 7.49 4874 

3 4886.3 1152 7455 13493.3 best 3339 

4 3884.5 1152 9076 14112.5 4.59 2716 

5 4661.4 1152 7861 13674.4 1.34 5546 

Average 4435.58 1152 8487 14074.58 4.31 3817.6 

 

 

 

Results obtained for the instance RC1_6_1 

 
 
 

Table E.9 Results of the Iterative Clustering-Based Algorithm 
for the Instance RC1_6_1 

 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 2875.7 1152 9466 13493.7 best 2897 

2 4029.4 1152 8769 13950.4 3.38 3119 

3 3777.2 1152 8734 13663.2 1.26 3119 

4 2875.7 1152 9499 13526.7 0.24 3742 

5 4203.2 1152 8484 13839.2 2.56 2268 

Average 3552.24 1152 8990.4 13694.64 1.49 3029 
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Results obtained for the instance C1_8_1 

 
 
  

Table E.10 Results of the Iterative Clustering-Based Algorithm  
for the Instance C1_8_1 

 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 4621.59 1536 10543 16700.6 0.01 7217 

2 6152.32 1536 9454 17142.3 2.66 4690 

3 6022.23 1536 9140 16698.2 best 7209 

4 4998.51 1536 10166 16700.5 0.01 6593 

5 6216.52 1536 9179 16931.5 1.40 5879 

Average 5602.23 1536 9696.4 16834.62 0.82 6317.6 

 

 

 

Results obtained for the instance R1_8_1 

 
 
 
 Table E.11 Results of the Iterative Clustering-Based Algorithm 

for the Instance R1_8_1 
 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 7331.7 1536 12191 21058.7 0.39 4272 

2 7335.2 1536 12150 21021.2 0.21 4420 

3 7239.4 1632 12586 21457.4 2.29 6991 

4 7330.1 1632 12152 21114.1 0.65 7641 

5 6983 1536 12458 20977 best 5543 

Average 7243.88 1574.4 12307.4 21125.68 0.71 5773.4 
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Results obtained for the instance RC1_8_1 

 
 
  

Table E.12 Results of the Iterative Clustering-Based Algorithm 
for the Instance RC1_8_1 

 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 7518.2 1536 11682 20736.2 3.24 3998 

2 7212.2 1536 12034 20782.2 3.47 4832 

3 7378.7 1536 11170 20084.7 best 4476 

4 7329.2 1536 11606 20471.2 1.92 3577 

5 7331 1536 12099 20966 4.39 7906 

Average 7353.86 1536 11718.2 20608.06 2.61 4957.8 

 

 

 

Results obtained for the instance C110_1 

 
 
 
 Table E.13 Results of the Iterative Clustering-Based Algorithm 

for the Instance C110_1 
 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 9532.7 2016 13231 24779.7 2.39 7791 

2 9678.9 2016 13166 24860.9 2.73 11843 

3 9817.5 1920 13056 24793.5 2.45 13699 

4 9421.3 2016 12764 24201.3 best 21779 

Average 9612.6 1992 13054.25 24658.85 1.89 13778 
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Results obtained for the instance R110_1 

 
 
 
 Table E.14 Results of the Iterative Clustering-Based Algorithm 

for the Instance R110_1 
 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 10481 2208 19152 31841 0.35 15964 

2 9967.1 2304 19581 31852.1 0.38 17372 

3 10801.4 2304 18626 31731.4 best 17515 

4 9942.5 2304 19499 31745.5 0.04 17977 

Average 10298 2280 19214.5 31792.5 0.19 17207 

 

 

 

Results obtained for the instance RC110_1 

  
 

 
Table E.15 Results of the Iterative Clustering-Based Algorithm 

for the Instance RC110_1 
 

Run 
Number 

TF location, 
operation, 
bulk waste 

transportation 
cost 

Collection 
Vehicle 

Dispatch 
Cost 

Collection 
Vehicle 
Routing 

Cost 

Total 
Cost 

Percentage 
of 

Deviation 

CPU 
Time   

(Seconds) 

1 13996.8 2400 20299 36695.8 9.20 20990 

2 13895 2208 18350 34453 2.53 12499 

3 13981.8 2208 18050 34239.8 1.89 9416 

4 13896.9 2304 18658 34858.9 3.73 24963 

5 13830.8 2208 17565 33603.8 best 9559 

Average 13920.26 2265.6 18584.4 34770.26 3.47 15485.4 
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APPENDIX F 

 
 

C++ CODE FOR THE SOLUTION OF THE VRP 

 
 
 

// Sequential clustering-based solution Algorithm - step3(VRP) 
 
#include <ildispat/ilodispatcher.h> 
#include <fstream> 
using namespace std; 
int count=1; 
ILOSTLBEGIN 
 
// Modeling 
 
class RoutingModel { 
  IloEnv              _env; 
  IloModel            _mdl; 
  IloDimension2       _time; 
  IloDimension2       _distance; 
  IloDimension1       _weight; 
 
  void addDimensions(); 
  void createIloNodes(const char* nodeFileName); 
  void createVehicles(const char* vehicleFileName); 
  void createVisits(const char* visitsFileName); 
 
public: 
  RoutingModel(IloEnv env, int argc, char* argv[]); 
  ~RoutingModel() {} 
  IloEnv    getEnv() const { return _env; } 
  IloModel  getModel() const { return _mdl; } 
}; 
 
RoutingModel::RoutingModel( IloEnv env, 
                            int argc, 
                            char* argv[]): 
  _env(env), _mdl(env) { 
  addDimensions(); 
 
  //create IloNodes 
  char * nodeFileName; 
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  if(argc < 2)  nodeFileName = 
       (char*) "nodes.csv"; 
  else          nodeFileName = argv[1]; 
  createIloNodes(nodeFileName); 
 
  //create vehicles 
  char * vehiclesFileName; 
  if(argc < 3)  vehiclesFileName = 
       (char*) "vehicles.csv"; 
  else          vehiclesFileName = argv[2]; 
  createVehicles(vehiclesFileName); 
 
  //create visits 
  char * visitsFileName; 
  if(argc < 4)  visitsFileName = 
       (char*)  "visits.csv"; 
  else          visitsFileName = argv[3]; 
  createVisits(visitsFileName); 
} 
 
// create distance functions for dimensions, add dimensions to model 
void RoutingModel::addDimensions() { 
 
  _weight =IloDimension1 (_env, "weight"); 
  _mdl.add(_weight); 
 
  _time  =IloDimension2 (_env, IloEuclidean, "time"); 
  _mdl.add(_time); 
 
  _distance =IloDimension2 (_env, IloEuclidean, "distance"); 
  _mdl.add(_distance); 
} 
 
//create IloNodes 
void RoutingModel::createIloNodes(const char* nodeFileName) { 
  IloCsvReader csvNodeReader(_env, nodeFileName); 
 
  IloCsvReader::LineIterator  it(csvNodeReader); 
  while(it.ok()) { 
    IloCsvLine line = *it; 
    char * name = line.getStringByHeader("name"); 
 
    IloNode node(_env, line.getFloatByHeader("x"), 
        line.getFloatByHeader("y"), 0, name); 
 
    node.setKey(name); 
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    ++it; 
  } 
 
  csvNodeReader.end(); 
} 
 
//create vehicles 
void RoutingModel::createVehicles(const char* vehicleFileName) { 
  IloCsvReader csvVehicleReader(_env, vehicleFileName); 
  IloCsvReader::LineIterator  it(csvVehicleReader); 
  while(it.ok()) { 
    IloCsvLine line = *it; 
    char * namefirst = line.getStringByHeader("first"); 
    char * namelast = line.getStringByHeader("last"); 
    char * name = line.getStringByHeader("name"); 
    IloNum capacity = line.getFloatByHeader("capacity"); 
 
    IloNode node1 = IloNode::Find(_env, namefirst); 
    IloNode node2 = IloNode::Find(_env, namelast); 
 
    IloVisit first(node1, "depot"); 
 
    _mdl.add(first.getCumulVar(_weight) == 0); 
    _mdl.add(first.getCumulVar(_time) >= line.getFloatByHeader("open")); 
 
    IloVisit last(node2, "depot"); 
    _mdl.add(last.getCumulVar(_time) <= line.getFloatByHeader("close")); 
 
    IloVehicle vehicle(first, last, name); 
 
    vehicle.setCost(_distance, 1.0); 
 
    vehicle.setCapacity(_weight, capacity); 
 
    _mdl.add(vehicle); 
 
    ++it; 
  } 
  csvVehicleReader.end(); 
} 
 
//create visits 
void RoutingModel::createVisits(const char* visitsFileName) { 
  IloCsvReader csvVisitReader(_env, visitsFileName); 
  IloCsvReader::LineIterator  it(csvVisitReader); 
  while(it.ok()){ 
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    IloCsvLine line = *it; 
    //read visit data from files 
    char * visitName =  line.getStringByHeader("name"); 
    char * nodeName = line.getStringByHeader("node"); 
    IloNum quantity = line.getFloatByHeader("quantity"); 
    IloNum dropTime = line.getFloatByHeader("dropTime"); 
 
    IloNode node = IloNode::Find(_env, nodeName); 
 
    IloVisit visit(node, visitName); 
    _mdl.add(visit.getDelayVar(_time) == dropTime); 
    _mdl.add(visit.getTransitVar(_weight) == quantity); 
    
    _mdl.add(visit); 
 
    ++it; 
  } 
  csvVisitReader.end(); 
} 
 
// Solving 
class RoutingSolver { 
  IloEnv              _env; 
  IloModel            _mdl; 
  IloSolver           _solver; 
  IloDispatcher       _dispatcher; 
  IloRoutingSolution  _solution; 
  IloGoal             _instantiateCost; 
  IloGoal             _restoreSolution; 
  IloGoal             _goal; 
 
public: 
  RoutingSolver(RoutingModel mdl); 
  ~RoutingSolver() {} 
  IloBool findFirstSolution(); 
  void improveWithNhood(); 
  void printInformation(const char* =0) const; 
}; 
 
RoutingSolver::RoutingSolver(RoutingModel mdl): 
  _env(mdl.getEnv()), 
  _mdl(mdl.getModel()), 
  _solver(mdl.getModel()), 
  _dispatcher(_solver), 
  _solution(mdl.getModel()){ 
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    _instantiateCost = 
          IloDichotomize(_env, _dispatcher.getCostVar(), IloFalse); 
 
    _restoreSolution = IloRestoreSolution(_env, _solution); 
 
    _goal = IloSweepGenerate(_env) && _instantiateCost; 
  } 
 
// Solving : find first solution 
IloBool RoutingSolver::findFirstSolution() { 
  if (!_solver.solve(_goal)) { 
    _solver.error() << "Infeasible Routing Plan" << endl; 
    return IloFalse; 
  } 
 
  _solution.store(_solver); 
  return IloTrue; 
} 
 
//Improve solution using nhood 
void RoutingSolver::improveWithNhood() { 
  IloNHood nhood =  IloTwoOpt(_env) 
                  + IloOrOpt(_env) 
                  + IloRelocate(_env) 
                  + IloCross(_env) 
                  + IloExchange(_env); 
  _solver.out() << "Improving solution" << endl; 
 
  IloGoal improve = IloSingleMove(_env, 
                                  _solution, 
                                  nhood, 
                                  IloImprove(_env), 
                                  _instantiateCost); 
  while (_solver.solve(improve)) { 
  } 
 
   _solver.solve(_restoreSolution); 
} 
 
// Display Dispatcher information 
void RoutingSolver::printInformation(const char* heading) const { 
  if(heading) 
      _solver.out()<<heading<<endl; 
  _solver.printInformation(); 
  _dispatcher.printInformation(); 
  _solver.out() << "===============" << endl 
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    << "Cost         : " << _dispatcher.getTotalCost() << endl 
    << "Number of vehicles used : " 
    << _dispatcher.getNumberOfVehiclesUsed() << endl 
    << "Solution     : " << endl 
    << _dispatcher << endl; 
  ofstream tfile( "resultfile.dat" , ios::binary ); 
  tfile <<"Solution for run "<< count++ << endl; 
  tfile <<"Cost                    :"<< _dispatcher.getTotalCost() <<endl; 
  tfile <<"Number of Vehicles Used :"<< 
_dispatcher.getNumberOfVehiclesUsed()<<endl; 
  tfile <<"Solution                :"<<endl; 
  tfile <<_dispatcher << endl; 
} 
 
int main(int argc, char * argv[]) { 
 
IloEnv env; 
  try { 
    RoutingModel mdl(env, argc, argv); 
    RoutingSolver solver(mdl); 
    if (solver.findFirstSolution()) { 
      solver.printInformation("***First Solution***"); 
      solver.improveWithNhood(); 
      solver.printInformation("***Improved Solution***"); 
    } 
  } catch(IloException& ex) { 
    cerr << "Error: " << ex << endl; 
  } 
  env.end(); 
  return 0; 
} 
 
 

 

 

 

 

 

 


