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ABSTRACT

ROUTE OPTIMIZATION FOR SOLID WASTE TRANSPORTATION USING
PARALLEL HYBRID GENETIC ALGORITHMS

Ukkay, Selim Onur

M.Sc., Department dbeodetic and €ographical Information Technolies

Supervisor: Assoc. Prof. Dr. Aykege¢l Aksi
CoSupervisor: Prof. Dr. kebnem D¢zgen
December 201,13 pages

The transportation phase of solid waste management is highly critical as it may
constitute approximately 60 to 75 percent of the total costrefdre, even a small
amount of improvement in the collection operation can result in a significant saving
in the overall cost. Despite the fact that there exist a considerable amount of studies
on Vehicle Routing Problem (VRP), a vast majority of the @xgsstudies are not
integrated with GIS and hence they do not consider the path constraints of real road
networks for waste collection such as -oveey roads and ‘Jurns. This study
involves the development @bmputersoftware that optimizes the waste ealion

routes for solid waste transportation considering the path constraints and road
gradients. In this study, two different routing models are proposed. The aim of the
first model is to minimize the total distance travelled whereas that of the second
model is to minimize the total fuel consumption that depends on the loading
conditions of the truck and the road gradient. A comparison is made between these
two approaches. It is expected that the two approaches generate routes having
different characteriges. The obtained results are satisfactory. The distance

optimization model generates routes that are shorter in length whereas the fuel
v



consumption optimization model generates routes that are slightly higher in length
but provides waste collection oresply inclined roads with lower truck load. The

resultant routes are demonstrated on a 3D terrain view.

Keywords: Solid Waste Transportatiol,ehicle RoutingProblem Hybrid Genetic
Algorithms
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PARALEL HG&BRETALUGORITMALARLA KATIATIK
TAKNMASI K¢KN ROTA OPTKMKZASYONU

UK k &selim Onur
Yuksek Lisans) eodeti k ve Cojrafi Bilgi Teknol o]
Tez DanbogbraAry&:ege¢l Aksoy
Ortak Tez PbfanBkmakeébnem D¢gzgen

Ar a20&0KkL13 sayfa

Katé atéek y°netimindeki takéma safhasé t
araséndaki b°l ¢m¢ ol ukturabilecejinden o
akamaseéndaki k¢ - ¢k -apl e bir i I erl eme b
dokeéerebilir. Her ne kadar Ar a- Rot al ama
sayeda -alékma ol sa da, mevcut -al exkmal
Si st emi (CBS) ortaména entegre deqjildir

d°n¢kl eri ypilbiaj l geenak ait késeétl amal ar é

katé aték takénmasé 1i-in atek toplama r
ej i minin yaket te¢eketi mine et ki si ni de
geli ktirilmikmar mo&Ke&ii fané&t el miok tail ra. KI k
katedilen mesafeyi, ikinci modelinki ise
yakeét teketi mini mi ni mi ze et mektir. Kk
yapél mekteéer. Kki mo d eelliklerde rbtalar bilretmesi d e n

beklenmektedir. Elde edilen sonuclar tatmin edicidir. Mesafeyi optimize eden model

daha késa rotalar cretirken yaket t ¢cketi

Vi



fakat y¢ksek ejilimli y o | Inekteglir. Bide ledlena z vy ¢
rotalar 3 boyutlu arazi modeli Uzerinde gdsteriimektedir.

Anahtar KelimelerKat € At é k Arac Retaaman Rreb&mHibrit Genetik
Algoritmalar.
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CHAPTER 1

INTRODUCTION

Solid Waste Management is a complex processlving many stages such as
generation,on-site handlingand storage, collectiontransfer and transportation,
processing and disposal of solid wast@éemerow et al., 2008)According to
Nemerow et al.(2008) approxmately 60% to 75% of the total solid waste
management coss spent for the collectiophase, in which the waste is collected
from the source and carried to the transfer station or lantifiirefore, even a small
improvement in the collection operatibg selecting lessostly routes can result in a
significant saving in overall cost. This issue becomes highly critical considering the
high costs of fuel and labour.

Despite the fact that there exasnhumber of studies ofravelling Salesman @blem

(TSP anddifferent variations oiVehicle Routing Roblems(VRP) in the existing
literature the amount of studies on solid wastellection route optimizationis
limited. Moreover, a vast majority of the work done about vehicle routing is limited
to hypothettal networks and are not integrated to Geographical Information Systems
(GIS). Solid Waste Co#ction requires aew routing modelwith spatial constraints

that represent the path conditiofitsis important that the generated routes comply
with the road dections and the Jurns are avoide{\Vesilind et al., 2001)In this

point of view, GIS integratiomprovides the means fdhe consideration of spatial

constraints in the routing model.

Geographical Information Systen{&ISs) are computeassisted sysins that are

commonly utilized to capture, store, retrieve, analyze and display spatial data (Clark,
1



1986).By usinga GIS software it is possible tavork onany type of georeferenced
data from different resourcesFurthermore, severaxtensions for exisig GIS
programs are availabten the markefor specific purposegngineering applications,
optimization, etc.)In general, ay extension running inside a GIS application is said
to be tightly coufed with GIS. Converselystandalone applications thabnly
procesr outputGIS data are said to be loosely coupled with GIS.

The aim of thisstudyis to developa GISintegrated (with loose coupling) computer
softwarewhich optimizes thesolid waste ollection routes For this purposetwo
differentroute optimizationmodelsare generated and resulting routes are compared
The objective of the first model is to minimize the total distance travelled by the
trucks. In the second model, the objective is to minimize the fuel consumption,
which is a function bdistance travelled, the road inclinations and the instantaneous
loading conditions of the trucknformation about the real road network is derived
through a GIS and integrated into the optimization modéig. estimation of fuel
consumptiorfor waste ctiection has been made based on the model used by Tavares
et al. (2009).

Bahcelievler and Emek eighbourhoodsin Ankara/Turkey are selected as the
application areaA digital road network covering the major roads of the entire
Ankara and the streets Wih Bahcelievler and Emekeighbourhood is used The
roaddirections are also included in the netwokkdigital elevation model is used

display the 3D terrain and tlculatethe roa inclinations.

Once the datare inputto the programthey underg a preprocessing stage so as to
prepare the input for the optimization algorithmheTpairwise shortest patlasd
distancesetweenall the wastecollection points are computed creating a distance
matrix. The distance matrix is asymmetrical as a restilinidirectional streetsA

single distance matrix would define a single path between any two service points.
There are cases where this would end up withTauth on bidirectional roads in the

optimization stageln order to avoid the TJurns, a secondg shortest path has also

2



been calculated for all nodes located at bidirectional roads. In the calculation of the
second shortest path, the path is forced to start from the direction opposite to that in
the shortest pathThereby,two distance matriceare constructedo be used by the

optimizationalgorithm

The distance matrices and shortest paths between all pairs of waste collection points
are the basic requirements of the route optimization algoriffime. problem of
finding optimum routegor Solid Waste Collectionis a combinatorial optimization
problem and is similar tahe weltkknown Vehicle Routing Problem (VRP) with
respect to its constraintdccording to Machado et al. (2002)act solution methods

are not suitable for large instances of ¢ekicle routing problenas the search space
grows exponentially with increasing problem siddetaheuristic methods are
commonlyused forsolving routing problems de to their capabilityo converge into

high quality solutions within a reasonable time (Tétsret al., 2005)In this study

a parallel hybrid genetic algorithm has been implemetdesblve the optimization

modesk.

Genetic Algorithms are stochastic optimization technigiies model the natural
phenomena of genetic inheritance and Darwiniaives for survival (Michalewicz,

1992) The evolutionary processtars with an initial population of candidat
solutions Each candidate solution is called a chromosome. The performance of each
chromosomelis evaluated by means of a fitness function to lsee well they
perform with respect tthe objective functiorfAl Jadaan et al., 2008\ selection
procedure is applied to determine which chromosomes are chosen for genetic
reproduction (crossoverhy which achild chromosoméoffspring)is produced fran

two parent chromosomeBractically, better fit chromosomes have a higher chance
of being selectedThe mutation operator makesandom modifications on the
chromosomedo extend the search spad& each generation, the new population

replaces the old @) simulating an evolutionary process.



The advantages of Genetic Algorithms (GAs) for routing problems is that they do not
require detailed knowledge of the problem and can easily adapt to changing
conditions(Sengoku and Yoshihgra998) Moreover, theycan provide a solution at

any instance of optimization, without the user having to wait for the termination of
the algorithm. Genetic Algorithms are among the class of Metaheuristic Optimization
Algorithms and are capable of searching globally and comgtg nearlyoptimal
solutions in a relatively short amount of tinf8engoku and Yoshihara, 1998)
Furthermore, other hitlimbing methods can easily be implemented within the

genetic algorithms to enhance the search capabilities.

The genetic algorithms parallelized by the course grained PGA islands model
(Shengjun et al., 2008). In this model, multiple instances of genetic algorithms run
independentlyon different processors artde solutions produced by each instance
migrate periodically from one itence to another. The method suggested by
Shengjun et al. (2008) has been implemented by using an exchange pool which

enables different instances of genetic algorithms to push and pull the selected routes.

The validation of theimplemented optimization gbrithmis performedby running
the software o4 asymmetrical TSRhenchmark problems (TSPLIB, 2010)he
optimum results of the benchmark problems are already knbwenresults obtained
are compared with the best possible solutidriee optimization methd has also
been tested on the real road network with small test problems invol\iQ h@ste

collection points.

The output of the optimization algorithm is a set of routes for waste collection
vehicles. The routes can be displayed in a 3D terrain wighwvdifferent colors. The
visiting order of the waste collection locations is indicated by numbers. This type of
visualization enables the user to view the terrain reltgfe analyzing the patand

to comparehe results of different routing models.



In this study, itis aimed to illustrate the difference between the routes generated by
two models in 3D view. The first model aims to minimize the total distance travelled
whereas the second one aims to minimize the fuel consumption. The visual
characterists of the routes generated are expected to reflect the optimization model

used.

Following this introductory chapte€hapter ds dedicated to the literature review of
existing studie®n Vehicle Routing Problem and Iscion methods in the literature
Different variations of the Vehicle Routing Problem are explained. A number of
different solution strategies to the problem for different cases are dgivdimief
discussion of the genetic algorithms designed fow#teclerouting problems in the
literature is provided. Lastly, existing studies in the literature about route
optimization for the solid waste collection case is discusShdpter3 describes the
methodology of thestudyby presenting the framework of the stages involved in the
development oflte software. After presenting the study area, the data preparation
and preprocessing stageare explained. Two new routing models that take into
account the path conditiorsse introduced. The details of the genetic optimization
algorithm are given alongwith various choices and the logic behind thefhe
parallelization methods explained. Ultimately, the resulésediscussedln Chapter

4, detailed information about the implem&tion of the genetic algorithm is
presented. The genetic operators useava$ as the tuning of the parameters are
explained. The parallelization method and the benchmarking results are given.
Chapter Sdescribes the area of application gumdsents the results of the developed
software on a number simalltest caseand the eal case studyA brief discussion

of the obtained results is present€thapter 6concludes the main body of the thesis

and gives recommendations for the future studies.

Following the main body of the thesis, Appendix A presents a simple manual for the
developed softwardn Appendix B,fragments of coels and data structures used in

the programarepresented.



CHAPTER 2

OVERVIEW OF ROUTE OPTIMIZATION AND SOLID WASTE
COLLECTION

Route optimization is a broad term coveringaitempts tdind the shortest rouse
that cover all the locations that need to be serviced. A number of differené rou
optimizationproblemsare studied in the literaturdue totheir high applicability to
many reallife situations such as solid waste collection, milk float routing, mail
delivery, school bus routing, heating oil distribution, parcel qpipkand delivery,

dial-a-ride systems, etc. (Rizzoli et al., 2004).

This chapter is dedicated to the literature survey of the previous stkdssthe
vehicle routing problenis explainedbriefly, covering different models and general
solution methods in the literatur&s the proposed optimization method ugesgetic
algaithms, the nextsection is devoted to genetic algorithrapplied for route
optimization. Lastly, the studies related wiblid waste collection problerare

discussed

2.1 Vehicle Routing Problem

The Vehicle Routing Problem (VRP) was first introduced by Dantzig and Ramser in
1959 and has been studied for many different-lialcases ever since. It is a
complex combinatorial @imization problem in which the objective is to minimize
the total distance travelled by a set of vehielade servicingall locations. VRFhas
different modeldased on the constraints of the figal situation. The variations and
different models othe problem are well documentedTioth and Vigo (2000and
Rizzoli et al.(2004).



The Capacitated VRP is the most basic variant of MRRvhich, a fleet okehicles

of uniform capacity are required to service a fixed number of demand points.
Vehicleshave a limited capacitgnd herefore, each vehicle is supposed to go back
to the depot once they reach the capdaityt. According toRizzoli et al.(2004)
removing the capacity constraint ahohiting the number of vehicles to one, the
problem reduce to the classical Traveling Salesman Problem (TSP). Therefore, it
can easily be proved that the CVRP and other variants of VRP afdaMPn
complexity

The VRP with time window constraintéRizzoli et al 2004; Tan et al2001)
(VRPTW) is especially ifportant in logistics management, in which the company is
expected to deliver a number of items from depot(s) to a number of customers on
time (i.e., some or all of the items have to be delivered within a time frdme).
VRPTW, each customer is associatethva time interval and is required to service
each customer within the time windoWan et al. (2001)addresses some otheat

life applications of VRP with time window constrairgach as school bus routing,
mail and newspaper delivery, fuel oil deliyeand nunicipal solid waste collection
proposing a hybrid solution involves the cooperation of different artificial
intelligence techniques such asmulated annealing, tabu search and genetic
algorithm The paper further claims that efficient routing actieduling of vehicles

can save millions of dollars for governments and industries.

In VRP with Pickup and Deliverf?WRPPD) the vehicles are supposed to satisfy a
set of transportation requests. A transportation request involves transferring the
demandrom pick-up point to the delivery pointn this problem, the transport items

are not originally concentrated in the depots, but they are distributed over the nodes
of the road networkln casethe demands to be transported are people, the problem
usuallyincludes time window constraints in order to prevent customer from waiting
too long(Rizzoli et al., 2004)VRPPD arises in a wide range of commercial service

companies. A major case for the application of VRPPD is the grocery industry, in



which the supemnarkets serve as delivery points and their suppliers such as poultry
processors oregetable and fruit wholesalers are piugkpoints (Mosheio\v2008)

Time dependent VRP is an extension of VRPTW, in which the costs between the
delivery points depend oimnte. This situation practically occurs in most cities since
the time required to travel from one point to another depends on traffisvioiati
depends on the time of the d@jizzoli et al, 2009. The speed distributions have to

be known before the optization starts in order to enable the system to calculate the
travel times. Thisariantof the VRP ismotivated by the fact that the role of traffic
conditions cannot be underestimated in urban aneasler to perform a feasible and

realistic optimizaton (Donati et al., 2008)

Multiple Depot VRP (MDVRP)wvasformulated bySumichrast and Markham(1995)
anddiffers from the classical capacitated VRPtivatthere is more than one depot in
MDVRP andeach demand point éssociated witla depotHo et al., 208). As there
is more than one depot involved, thecd#on makers have to determinéhich

customers are served by which depots

2.2 Solution Methods

The solution methods for théRP can be broadly classified as exact, heuristic and
metaheuristicExactmethod arethose whichexplore the entire search space for the
problemto find the best possibleolution to the VRRnstance Exact approaches to
solving VRP require algorithms that generate lower and upper bounds to the optimal
value of the cost In general,an upper bound to the optimal value of the problem
instance can be obtained hbtilizing any heuristic methodhat can find a feasible
solution In VRP, ay set of tours that cover all the demand points constitute a
feasiblesolution with a given cost whiccannot be smaller than that of the minimum
cost tour. A lower bound to the optimal value of the cost can be determined by
solving a relaxation of the optimization problemA relaxation is another
optimization problem whose feasible solutions encompdsteasdible solutions of

the original problem and whose objective function value is less than or equal to that



of the original problemThe optimality of the solution is guaranteed when the lower
and upper bounds coincidehe two exact methods thatre stidiedextensively:

1 Branch and Bound (Fisher, 1994)
1 Branch and CufToth and Vigo2002).

The heuristic methods for optimization problems perform a relatively limited
exploration on the search space. The aim of heuristics is to produce relatively good
soluions as quickly as possib{@arantilis, 2005).The heuristic methods are broadly
classified into three categories:

1 Constructive Heuristics
1 Local Search Improvement Heuristics

1 Two-phase Algorithms

Constructive heuristics use the data of the problenuild b solution gradually (one
point at a time) without an improvement phase. Typically no solution is obtained

until the procedure is complete.

Local search improvement heuristics are iterative search procedures that gradually
improve the solution quayi starting from an initial feasible solution by applying a
series of local modifications. The initial feasible solution is usually output of a

constructive heuristic (Tarantilis et al., 2005).

The twophase algorithms are classified into two broad categ e s : Acl uster
secondo and Aroute first cluster secondo
the demand points into feasible routes and then constructs the actual routes using
feedback loops between the two stages. The exampleis @piiroach are the sweep
algorithm (Gillet and Miller, 1974), Fisher and Jaikumar Algorithm (1981) and Petal
Algorithm (Ryan et al., 1993). The latter class of algorithms initially find a large

single route by utilizing a TSP algorithm disregarding tlike sionstraints and then
decompose the tour into feasible vehicle routes in the second pratse.2.1

explains a number of heuristic methods in the literature.
9



Table2.11 Heuridic methods

Type Method

- Constructive Heuristics Gradually construct the solutio
{1 Clark and Wright Savings Algorithm one step at a time without 4

improvement phase
(Clark and Wright, 1964; Altinkemer ar|
Gavish, 1991)

- Local Search Improvement Heurigdics Iteratively improve the solutio
starting from an initial feasibl

T Cyclic Transfer Algorithm(Thompson _ . =

and Psaratftis, 1993)

1 2-cyclic exchanges (Van Breedam, 19¢
Kinderwater and Savelsbergh, 1997)

-2-Phase Algorithms Separating the clustering at

{1 Cluster First, Route é&ond (Gillet ang ;233231 tﬁéoc\(;;liesi’hto ;Z?,r:rl
Miller, 1974; Fisher and Jaikumg TSP rc?blems
1981;Ryan et al., 1993 P '

i Route First, Cluster Second

Metaheuristic methods are higher level heigigirocedures that are designed to
guide heuristic approaches on achieving better quality solutions for difficult
combinatorial optimization problems (Tarantilis et al., 200/taheuristioViethods
perform a deeper exploration of the solution space. Tdrerethe quality of
solutions produced by metaheuristic algorithms is much higher than that of classical
heuristic methods(Tarantilis et al., 2005)Each metaheuristic has one or more
adjustable parameters. Although this provides flexibility, tuning pheameters
requires careful calibration and testing on an independent set of problem instances
(Tarantilis et al., 2005)T'he metaheuristic algorithms employ techniques that provide
both intensification and diversification of the candidate solutions. diftestion

refers to the exploitationfahe existing solutions to obtain better lcogtimum
solutions. Diversification, on the other hand, refers to the exploration of the entire

search space so that the algorithm does not get stuck ingulaity loally optimal

1C



solution. Following is a list of metaheuristic algorithms that are commonly
implemented for routing problems:

1 Simulated Annealing

1 Threshold Accepting Metaheuristic
1 Ant Colony Optimization

1 Genetic Algorithms

2.3 Genetic Algorithms for Route Optimization

The search methodsf Genetic Algorithmsnodelthe natural evolutionary processes

to gradually improve thdeasibleinitial solutions.lIt is inspired by the Theory of
Natural Selection proposed by the British naturalist Charles Darwin in 18%9. Th
theory states that the individuals possessing favourable charactesistiasiore

likely to survive and reproduce, which makes them more likely to transfer their
genetic materialo the proceeding generations. The individuals with less favourable
characeristics will gradually diminish as they are less likely to survive although
some individuals manage to do so by luck. As the organisms mate, the genetic

information of the parents is transferred to the offspring.

In Genetic Agorithms (GA),eachcanddate solution to the problems referred to as
a chromosomeln the routing problemcase a chromosome refers to a complete set
of routes that utilize all vehicles and cover all goénts that need to be servicddhe

algorithm starts with an initial populah of chromosomes.

The initial chromosomesomprising the initial populatiorare constructed either
randomly or by using heuristic methods.After an initial population of feasible
solutionsis generatedthe fithess of each individuah the populationis calculated.
The fitness of a chromosome is a measurédav the chromosome fits with the
objective function A selection procedurés used to decide which chromosomes
underg evolutionary processes usingenetic operatorsGenerally, better fit
chromosoms have a higher chance of being seleciie crossover operator
combines the features of two solutions by swapping genes in order to form offsprings
that carry the genetic properties of parents (Michalewicz, 199®).assumption in

11



using crossover opdm is that the genetic combination of two good solutions yields
another good solutiolaving common properties with the parents. The mutation
operator makes randomr heuristic modificationson the selected chromosomes,
creating variations in the populati. Mutation helps theptimizationalgorithm to
escape from locahinima traps and explore a wider range of the solution space.
During the evolutionary processillhclimbing methods can be used to perform local
search on selected individuals. The bilinbing methods test the neighbour genes of

a chromosome for different combinations and if a modification results in a better
value of objective function, that modification is accepted. This process continues
until no further improvement is possiblat the end of each iteration, a new
generation is created from the previous dfigure 2.1 illustratesthe general genetic

algorithmcycle

Create initial
population
Population
Genetic
operators & leilt%ngge
Local Search
\ Seled 1/

individuals

according to
their fitness

Figure2.11 Generalized Genetic Algorith@ycle

2.3.1 Representation of Path

For combinatorial optimization problems such Bsvelling Salesman Problem
(TSP) and Vehicle Routing Problem (VRP) in which a pertrartaof points is of
12



interest, binary representation of tours is not well suited as thdig@&perators
cannot be applied in a meaningful way. This is mostly because modification of a
single bit may result in an illegal tour where a repair algorithm is requiredierto

fix the chromosoméMichalewicz, 1992). Furthermore, it would be so idiift to
handle the genetic crossover operator which is s@ggpbds produce new routes
inheriting the genetic properties of parédichalewicz, 1992)

The most common representation of chromosomes in the literature is the vector
representationVector repesentation is commonly implemented as an array of
numbers each corresponding to a demand piiichalewicz (1992) describebree
different vector representatis (Table 2.2)existing in literature in connection with
TSP:

1 Adjacency Representation
1 Ordinalrepresentation

1 Path Representation

Table2.27 Comparison oVector RepresentatiaMethodsof Route Paths

Representation | Explanation Comments

Adjacency If there is a direct tour between | lllegal routes can be
city i and j, cityj is listed in produced, which require
position i. repair algorithms.

Ordinal For each point in the route path | Hard to implement the

the index of the point within the | genetic operators.
reference list is recorded and
inserted into the ordinal
representation vector Oh& point
is then deleted from the refereng

list.
Path The route path is represented | The most natural
directly. representation. Preferre(

due to its simplicity and
applicability to various
operators.

13



2.3.2 Generation of the Initial Population

The construction of initial population is of great importance since it has great impact
on the genetic material comprising the final solutiBfafnadoéttic 2004. The initial
population is generally constructed randomly; howeveran also be constructed

using heuristienethods.

Many classical and hybrid genetic algorithms prefer random generationtiaf
routes (e.g., Sengokuand Yoshihara, 1998; Nazif and Lee, 2PD1As its name
implies, all the connections in randomly geated routes are established by
randomly selecting a point from the available point li&e randomly generated
routes possess a high diversity genetic material which enables the genetic
algorithm to explore a larger search space. However, it gentak#lg a considerable

amount of computation time to obtain optimized solutions.

The heuristic approaches aim to constructwelictured route®One of the possible
heuristic approaches is to use the sweep approach of Gillet and Miller (1974) in
which thedemand points are sorted according to polar angle from the dépmt.
secondapproach is to solve the Generalized Assignment Problem to obtain an
allocation of demand points for vehiclasd then to construct the routes by using
simple heuristic method#\ third heuristic approach proposed by Ho et al. (2008)
involves grouping the demand points by assigning them to nearest depot (in case of
multiple depots), generating routes using the Clark and Wright (1964) saving
algorithm and then solving a schedulingolplem. The application of heuristics
methods in the generation of initial population is expected to result in solutions that
evolve faster. However, a possible drawback is that such an atrtificially constructed
population may lack the diversity required dbtain neaioptimal solutions Baker

and Ayechew, 2003

2.3.3 Calculation of Fitness

Each individual in the population is a potential solution to the proldeihis
eval uated by means o frithess carebe sonsideredasss) | e d
of rankinga chromosome against other chromosonisrefore, the fitness function

can be associated with the objective function of the mddhed.raw fitness valua

routing problemss generally expressed as the inverse of the @dsthalewicz,

14



1992) The normézed fitness on the hand is calculated such that the sum of all
normalized fitness values add up to 1.

2.3.4 Selection Operator

Selectionoperatorchooses the chromosomes to be included in the next generations.
The chromosomes may undergo genetic operatiotis a8l crossover and mutation
before transferring to next generatioriBhe selection operaterare generally
stochasti@and ardormulated in such a way that the better members of the population
have a greater probability of being selected. It is impottaait worse members of

the population have some probability of being selee®dvell (Al Jadaan et al.,
2008) Three selection operatoaseexplained:

1 Tournament Selection
1 Ranking Selection

1 Roulette Wheel Selection.

Tournament selection involves choosirg sample ofk individuals from the
population randomly and running several tournaments among the chosen individuals.
The besindividual in the tournamenis selected within a probabilityf p, which is

also called as the pressure of selection (Miller @otbberg, 1995). The probability

of selecting i best individual in the tournamentga/en as

F,=pX(1-p)" (2.1)

Ranking selectiofiMiller and Goldberg, 1995orts the individuals in the population
based on fitness. Assuming that there are N individuals in the population, the
probaility of being selected for amdividualin the sorted list is

p = 2 X Rank
S N(N+1) (2.2)

In Roulette Wheel Selection (RWS3je selection probability of each individual is
proportional to itsfitness (Miller and Goldberg, 1995)In practice, theselection
probabilty of an individualequalsto the normalized fitness of thedividual since

the normalized fitness values add up to 1.
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2.3.5 Crossover Operator

The crossover operator creates new chromosomes usingettes of the parent
chromosomes. The parent chromosome pairs to be mated are selected by means of
the selection operator. The performance of the crossover operator is directly related
with its ability to transfer the significant properties of the pareanbmosomes to the

child. The following crossover operators are commonly used for routing problems:

1 Partially Mapped Crossover (PMX)
1 Order Crossover (OX)
1 Edge Recombination Crossover (ERX)

The Partially Mapped Crossover (PMXntroduced by Goldberg andrigle (1985),

builds an offspring by choosing a subsequence of tour from one parent and

preserving the order and position of as many cities as possible (Michalewicz, 1992).

In PMX, two random cut points for the parent chromosomes are selected to serve as

aboundary for swapping operatiotr example, lep, andp, be two chromosomes
with marked cut points such that:

p,=(123]|4567|89)and

p,=(452|1876]|93).

Swapping the segments bounded by the cut points, the offsprings will initially be:
0= (xxx|1876|xx)and

o0, =(xxx|4567|xx).

The swap operatio also defines a series of mappings between points

(1< 4,8« 5,7 < 6,6 < 7) which assist in completing the remaining parts of the

offspring from original parents. If a point to be copied from an original parent
conflicts with the swapped segment (i.e., results sitimg the same point twice), the
16



mapping of that point is used instead, which guarantees the avoidance of any

conflict. The resultant offspringee

0,=(423]|1876|59) and
0,=(18214567]|93).

Order Crossover (OX)introduced by Davis (1985puilds offspring by choosing a
subsequence of a tofrom one parent and preserving the relative order of demand
points from another parefichalewicz, 1992)In OX, first the segments between
cut points are copied into the offsprin@onsidering the same parents used in PMX,

the offsprings after therBt step would be:

0= (xxx|4567|xx)and
o, =(xxx|1876|xx).

Next, starting from the second cut point of one parent, the points are copied from
other parent excluding the points already used. For instance, the sequence of points

in the second parent {9 345 218 7 6). After the removal of pois already used,
the sequence becoms3 2 1 8). Appending this sequence to the offspring starting
from the second cut, the offspring becomes:

0,=(21814567]93).

Similarly, the second offspring becomes:

0,=(345|1876|92).

According to Michalewicz (1992), the OX makes usethed fact that the relative

orders of the points are important rather than their positions in the path.

The Edge Recombination Crossover (ERX¥Xroduced byWhitley, Starkweather
and Fuquay1989) transfers more than 95% of the edge information frorergarto
offspring The idea behind ERX is that an offspring should be constructed based on
the edges from both parents rather than considering the position or relative order of

the demand pointéMichalewicz, 1992)For the two parent chromosome instances
17



given for PMX, the edge lish Table2.3 can be constructed. Starting from an initial
point for ERX, the next point is selected by making use of the edge list. Generally,
the point with smallest number of edges in the edge list is selected. If there is more
than one alternative, a randomodate is made.Repeating the procedure, the

following offspring can be generated:

0,=(145678239).

Table2.3 - The Edge List for Edge Recombination Crossover (ER¥mple

Point No | Edges to other points
924

138

2495

351

463

579

68

792

8163

OO N g &~ W NP

2.3.6 Mutation Operator

The mutation operator makes random changes to chromosomes to maintain the
diversity within the population. Thereby, premature convergence to local optimum

solutons is prevented. Three mutation algorithemsexplained:

1 Swap Sequence Mutation
1 Inversion Mutation

9 Heuristic Mutation

The swap sequenaperator (Nazif and Lee, 2010) randomly selects two substrings
of demand points and exchange thétthough swappingsequences is one of the

simplest mutation techniques available in the literature, it is very useful for the

18



exploration of the solution spacé&igure 2.2 illustrates the swap sequence mutation

technique.

Figure 2.2 - Swap Sequence Mutation

The inversion mutatignon the other handselects a substring from the parent
chromosome and flips it to form a new offspring (Ho et al., 200Bg inversion
operator prowes the system with the capability to find the suitable ordering of

demand pointgrigure2.3 illustrates the inversion mutation.

1 2 3 4 5 6 7 3 9

1 2 3 4 8 7 6 5 9

Figure2.3 - Inversion Mutation

In general, the heuristic mutation operators use a neighbourhood technique to
produce better offsprings. A set of chromosomes transformed from the parent
chromosome by exchanging genes are regarded as the neighbourhood (Ho et al.,

2008).Generally bestchromosome in the neighbourhood is used as the offspring.
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The 2opt mutation(Sengoku and Yoshihara, 1998) one of the most commonly

used heuristic mutations which improves the tours by checking every pair of edges
and checks if exchanging the pairs tedn an improvementlf there is any
improvement in case of an exchange, the pairs are swapped and the order of the

subtour is reversedrigure illustrates the-a8pt mutation algorithm.

b. |
. r”'.':'!'i.
- = Jlngg
~--£ :bfrmr

Figure2.4 - 2-opt Heuristic Mutation

2.4 Solid Waste Collection

According to Nuortio et al. (2006), planning the solid waste collection is one of the
most difficult operational problems encountered by local authorities in solid waste
management. Therefori,is highly important to consider the ceasffectiveness of a
solid waste collection operation while designing the collection routes. The waste
collection routes in many cities are still designed manually. However, there have
been numerous technologicavances in the past decades in terms of computational
power; which leads the haulers to seriously consider using computer software for

planning their routes (Nuortio et al., 2006). Most of the studies involving route
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planning for the collection of munic solid waste in the existing literature are

based on the Vehicle Routing Problem.

Uraz (2002) used GIS tools to make a descriptive analysis of Bahcelievler
Neighbourhoodand presented a comprehensive overview of the neighbourhood and

the collection seinee in BahgelievlerThe collection routesveregenerated using the

Network Analyst Extension of ArcView 3.2t us es Dijkstraos s h
algorithm to calculate the shortest path from a root node to every other node in the
network. At each iteratiorthe edges next to the node are evaluated regarding their
costs and the edge with | east cost I s
Analyst may sometimes generate paths that are not suitable for solid waste collection
truck to follow in the streets dhe study area. The most important factor of these
nonsuitable paths is that the analyst allows the vehicle to turn back easily on the
same street for reaching to the next nod
distance, time taken to travel atp the streets. The effect of average speed on the

fuel consumptionwas consideredas well A number of different routesvere

proposed for different zones of Bahcelievler.

Ghose et al. (2006) proposed a solid waste collection system for the munia@pality
Asansol in West Bengal, India. A Gls&asedoptimal routing modeWwas considered

for transporting solid wastes to the landfill, involvitige planning of bis, vehicles

and optimal routingFor the collection phase, the vehicles are divided into three
caegories based on their volume and suitability for different conditions. The vehicle
type to be used depends on the road with and the type of the collection bin. The study
aimed to propose a framework for efficient solid waste management system rather
than concentrating solely on the route optimization. The collection rowes
generated by using the network module of Arc/Info GIS software with objective of
finding the shortest or minimum impedance through a network. The rouges

computed using a tralliemg salesman problem model.
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Nuortio et al. (2006xonducted a study in two different regions of Eastern Finland
and proposed a conceptual model aiming to schedule the waste collection activities
and minimize the distance travelled by garbage truckgyusietaheuristic methods

with local search techniques. Detailed historical data provided by the waste
management company on waste accumulation levels and stop points of vehicles for
waste collectionwas used to estimate the waste production of each bintaad
travelling speed in each road class. Time windawese assigned to each bin,
considering the time limitations of the collection activity and working hours of the
waste disposal site. The distances between pairs ofMairecalculated by using the
shotest path algorithm of Dijkstra (Dijkstra, 1959). The travel timvese estimated

by using historical GPS data. In the optimization stage, a feasible soléisn
generated by a hybrid insertion heuristic and then a metaheuristic algorithm is used

along wih local search techniques.

Tavares et al. (2009) proposed a GIS integrated route modelling software to optimize
fuel consumption of waste collection trucks in the city of Praia and Santiago Island.
The study addresses road slope when estimating thedasumption of the waste
collection trucks. ltwasshown that longer routes can be more optimal in terms of
fuel consumption when the road inclination is taken into account. In order to estimate
the fuel consumption, the model proposed by NtziachristosSanthrag2000) was
used.Although the effect of vehicle loagasalso considered in the paperwiasnot
implemented in the study. The Network Analyst softwavas used for the
optimization of the waste collection vehicle route for a single vehicle.r@&$idts
showed that road slopes affect the optimal route significantly when the fuel

consumption is to be minimized.

This study proposes a more realistic approach by incorporating the spatial constraints

for oneway streets and Jurnsinto the modebndusing a digital elevation model

The route optimization is carried out by a hybrid genetic algorithm, which is easy to

adapt to new constraints that may ans®ler varying conditions.This provides

additional flexibility compared to exact algorithms amdhleles the user to work on

larger data sets. The search capability of the genetic algorithm is strengthened by
22



using hilkclimbing algorithms, which speeds up the process of converging into high
quality solutions. Furthermore, the algorithm is parallelz&tl very high efficiency

SO as to speedp the genetic search
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CHAPTER 3

METHODOLOGY

Classical vehicle routing models do not meet the requirements of solid waste
collection vehicle routing as far as the path constraints are considered. One of the
important pathconstraints is the avoidance of-Tuirns (Vesilind et al.,2001).
Therefore, apatialrouting model thaincludesvectorrepresentation of routeseeds

to beestablished and solveMoreover factors affecting the fuel consumption such

as slope and instarieous vehicle loageed taoe included within the model.

3.1 General Framework of the Methodology

The aim of the proposed framework is to optimize the waste collection routes using
two different spatial models. The objectivemfe of the models to minimiz the

total distance travelled wherea® thther one aims tminimize the fuel consumption.

The framework of this study consists fafur main stages input, preprocessing,
optimizationof waste collection routeand display ofoutput. Figure 3.1 illustrates

the general framework of this study.

Theinput stagenvolves the preparation of the input data of the applicatibe.rbad
networkandwaste collectiorocationsaredigitized andexported as an ESRI Shape
File (ESRI Shape File Techrat Documentation, 2030 The road directions are
indicated as an attributeAs a result, undirectional and bdirectional roads can be

distinguished during route optimization.

In the preprocessing stage, road network and waste collection paretssedto

generate the distance matriceswhich all the shortest distances between waste
24



collection pointsare declaredFor this purpose,irfstly, the projections of the waste
collection points on the nearest street featwe calculatedrhen, a directé graph

is created from the road network and the nodes calculated. By using the graph, the
shortest paths between all pairs of waste collection points are calculated. For the
points lying along théidirectional routes, second shortest paths that aredfdoce

start from the direction opposite to the primary shortest petlcalculated as well.

For each path generated, the average slope of the path has also been cédculated

usagdn the estimation of the fuel consumption.

o ————

+”  Digital
( Elevation
\)~ Model P

” —— -

Container
Locations
(Shape File)

Road
Polylines
(Shape File)

INPUT

Build Road Network Graph

Shortest Paths and Distances

e

Route Optimization
(Parallel Hybrid Genetic
Algorithm)

Optimization l 7

Display the Best Route in 3D
Terrain View

OUTPUT J

Figure3.1 - Framework of the Study

In the optimization stage, a parallel hybrid genetic algorigosedto search fothe
routeswith lowest total costhat service all the required demand points (waste
collection locations).i t hi s context, the terahnthgicost o

optimization. Two optimization models are proposetlhe first model aims to
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minimize the total distance travelled by all vehicles and the cost refers to distance in
this model. On the contrarghe second model aim® minimize the total fuel

consumption. In this case, cost refers to fuel consumption.

The genetioptimizationalgorithm starts by creating an initial population of feasible
solutions. hen, an iterative evolutionary process Ibsgiin which selected good
solutions combine with each other taguce other solutions (offspripthat inherit
the properties of their parerasd some solutions are edxged to modificationsThis
evolutionary process supported by hilclimbing algorthms that periodically make
local improvements on the solutions. The genetic operat@rdesigned in such a
way that no invalid routes are produced at any instance of execthimnis ensured
by keeping track of the assignment status of each wastcoll points in every
genetic operatorThe algorithmis parallelized by using islands model (Shengjun et
al., 2008). Thereby, multiple instances of the optimization algorithm run at the same
time and communicate periodically. The genetic algorithm istaepof providing a

soluion any time without having to wait for the algorithm to terminate.

The last stage (output) involves displaying the resultant routes in an illustrative
manner. The optimization algorithm gives the arrangement of waste colleotiia p

to the output module. The waste collection points are represented by an array of
numbers indicating the waste collection point and whether the primary or secondary
shortest paths are used. The output module sequentially reads the route arrays

displays the paths connecting the waste collection locations on a 3D terrain view.

3.2 Input Data

The developedoftwarehas three main inputs: a polyline shape file representing road
network, a point shape file representing the garbage containeascigithl elewation
model represented by a grid file generated by Surfer (Surfer, 201The
organization of the input files is described in Appendix A.
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Table 3.1 shows theexpectedattributes of the road features. The ID1 field is the
primary key, which is unique for each road feature. The direction attribute indicates
whether the road is unidirectional or bidirectional. In practice, the traffic flow is
either in the direction of digitization or both ways. The road wgfbebute refers to

the road hierarchwhich affects the line width of the feature while displaying. The
level attribute corresponds to the height level of the feature. This feature is
implemented to clarify which roads that share a common latitude and longitude
actually intesect. The features having a level value difference greater than 2 are

assumed to be not intersecting.

Table3.1 - The attributes of the road features

Field Name Type Explanation

ID1 Integer The primary keyof the road features

Name String The name of the street

Direction Integer Direction of traffic flow with respect (t(

digitization direction. (0=same, 1=opposi
2=both ways)

Type Integer The road type. (1=major road, 2=main ro
3=street)
Level Integer The height level of the road.

Table 3.2 shows the attributes of point features. The ID1 field is the primary key,
which is unique for each point feature. The Type field indicates whether the point is

a waste collection point or landfill.

Table3.27 The attributes of the point features

Field Name Type Explanation
ID1 Integer The primary key of the point features
Type Integer Type of the point (O=waste collectiq

point, 1=Landfill)

27



3.3 Pre-processing

The aim of the preprocessing stages to find the shortest paths and distances
between each pair of containeis as to construct the distance mateguired by the
optimization algorithm. The calculation of pawise shortest paths requires a
preprocessing on the given input data. The preprowesstage involves the
construction of the graph structure to be usethbyshortest path algorithm.

Firstly, the geometricprojections ofwaste collection point®n the closest street
featuresare determinedl'hereby, each waste collection location iscgsated with a
point on the road networkEach point ofprojectionon the road networls recorded
as amarkednode Then all the intersections within the road netwdoadroad

intersectionsare determined and recordednasmalnodes(Figure3.2).

Each node in the network is recorded with its position within the containing polyline.
The nodegienerated and polylinere used to consict the graplstructure consisting

of vertices and edgedenoted by (V, E).

D_]ECHDH of the container on road; ]

recorded as a marked node.

Ll

Intersecucm of streets; recorded as a ]

nnde

[C ontainer Locations ]

— .

Figure3.2 - Preprocessing the GIS data) projecting the containers to streets,

b) calculating the street intersections and marking them as nodes
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Once the grapis constructed, allpais of shortest patdessobet we
are calculated by means @fi j kstrads short eagorithpigt h al
modified so that the nodes closer to the destination point have a higher priority
during the searchThis modification enablesi¢ algorithm to find a short path to the
destination earlier. In this manner, longer paths are eltednaithout having to

search unnecessary path routes.

The edges represented by straight lines in traditional vehicle routing problems are
replaced by tb shortest paths calculated using the road network. Therefore, the
distance between any two containers is represented by the shortest distance

calculated within the road network and the edge is represented by the shortest path.

Even though this method grides sufficient input for the optimization algorithm by
generating the distance matrix and the edges, it does not address an important path
constraint for bidirectional roads: using shortest paths may lead to invalid routes in
cases where two consecutiedges have a common node lying along a bidirectional
road. It is probable that the ending vector of the former edge and the starting vector
of the latter edge head to opposite directions. In these cases, a second shortest path
must be used for the secoradge to avoid a urn on the bidirectional road. The
second shortest path is calculated using the same algorithm by forcing the opposite
direction for the starting vector of the second edge. This case is illustrafteglie

3.3.
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*The path from 2 to 3 is not valid as

the vehicle makes a U-Tumn
*Therefore, second shortest path that

starts from the opposite direction has

been used.

Shortest path
| from 2to 3.

- - %
Second shortest n
| path from 2 to 3.

Figure3.3 - An example invalid route problera) An invalid route as the two
consecutive edges are in opposite direction3 (th), b) Corresponding validated

route which uses theecond shortest path for the edge between nodes 2 and 3.
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Figure3.4-First and Second Shortest Paths
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The average slope of the paths have also been calculated to be used in the
optimization model thatakes into account the fuel consumption. The slope of each
segment gtraight ling comprising the shortest path is calculated from the available
altitude dataThe average slope of the path is the weighted average of all the slopes
comprising the pathniwhich the affect of the slope is proportional to the length of
the line segments.

1 =LAl (3.2

@6~ TL.1

where

4444 1S the average slope of the path,

n is the number of line segments comprising the shortest path,

4, is the slope of the line segment i and

| is the length of line segment i.

3.4 Optimization

The optimization stage aime generate routefor each vehicle in such a way that

each route starts and ends at the landfill each waste coll¢ion point is serviced

by exactly onevehicle minimizing the total operational costwo optimization

models are proposed. The firsteoaims to minimize the total distance travelled
whereas the second one aims to minimize the fuel consumptioch is a function

of distance, instantaneous vehicle load and the road grathiebath models, the

term Acost o i s ushkedinimiped. Fbkfore, & she firshmodel, t e m
the cost is associated with distance whereas in the second model, the cost is

associated with fuel consumption.

3.4.1 Optimization Models

Let there bem vehicles and rwaste collection pointsvhich are required to be

serviced.The route optimization problem for solid waste collection can be defmed o
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a directedgraph G(V, E) where V = {u,,u,,u,, ... uy} IS the set of vertices and
E = {(u;u,)u,u eV, i # j} is the set of edges defined on the graph G. The vertex

u, represets the landfill and the other vertices represent the waste collection points.

Let M be the set of vehicles a®], R,, ...,R,, be the sets of routes assigned to each
vehicle. The routef each vehicle k can bghownas set ofvertices(3.2) whereu®
represents the"ipoint in the route of vehicle k and, is the number of waste
collection points assigned to route vehicle k. For conveni&r’g:andu’;kﬂ referto

the landfill for each route kTherefore, collectionrticks leave from the landfill site

and return back when they are filled up.

R, = {HE,H’LHEJ ...,uik,u’;kﬂ},‘v‘k EM (3.2
where Ry,UR, U..UR, =T.

The primary and secondary shortest path distanfeany two pointsu,,u; are
denoted byd, (u,,u;) andd,(uu;), respectivelyThe geometricvectorsg[ui,uj)

and F[u:u}) are the first and last vectors of thpgimary shortest pattand

;[uzu}) andE[ui,u}.) are the first and last vectors of the secondary shortest path
between the vertices,»;, which were calculated in the prprocessing stagelhe

angle between any two vectorscemputedby the Equation3.3, which uses the dot

product formula.

®(v,,v,) =cos™? b (3.3)

vy | [ |

A binary variabler;; associated with each edge in the graph denotes if there exists an

edge in graph G that connects vertiagsandu;. The value ofx;; is O if there is no
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direct connection between the vertices andu; within the routesand 1 if the
vertices have a direct connectiondditionally x,; indicates an edge starting from

the landfill andx,, indicates an edgending at the landfill.

Another binary variabler” indicates whether the primary or secondary shortest paths
are used connecting thé&"* and (i + 1)*" vertices of route k. The value is 1 if the

first shortest path is used andfZécond shortest paths are udequation3.4 says

that thepath betweerthe i*® and (i + 1)** vertices of route k is takefrom the
primary shortest pati the angle between the last vector of the eEifje"_,,u*) and
the first vector othe edge® (u¥,u*.,) is not opposite. Otherwise, tipathis taken
from the seconghortest pathy is defined recursively (in terms of itself) since the

progress of the route at any instance of construction depents previous path.

4

o -
11 ifi=0or -:b(v,‘"“" [u’i‘_l,u’f),u;[u’f,u’fﬂ)) < m, (34)

2 if otherwise

where
m & 3.14159 corresponds to the angle between opposite vectors in radians. The

condition that the angle bet wassat)Turmrwo adj

In case of a Ururn, the second shortest paths are used.

The digance between™ and (i + 1)** vertices for every routk € M depends on

whether the first or second shortest paths are used. The2fozan be defined as

Dk . {dl [u;'i{;u;'i{+1} ] I’f}?:{ L (35)

- ko k e ok
d, [“z‘ ,qu), ify;

Il
b
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In the firstoptimizationmodel, the aim is to miniime the total distance travelled.
Therefore, the cost of the route is defined in terms of distaieedistancebased

costbetweeni ** and (i + 1)** verticesfor every routek € M can be defined as:

Cp¥ =Df (3.6)

The total cat of routek, therefore, is

iy

cp(Ry) = ZCD:{ (37)

i=1

A solution of the problemconsists of a partitionR,,R,,...,.R,,of V and a

corresponding permutation which specifies the order of the customers in the route k
(Tarantilis et al., 2005).

The objective of the model is to

™m

Minimizez cp(R,) (38)
k=1

Subjet to
R, NR; € {uy}, for Vi, j EM,i #j (3.9)
Z n, =n (3.10
k=1

Xig= J Xgj=m (3.11)
PEN JEN

Ky = Z x,; =1 forvVreN (3.12
PN JEN
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x; €{0,1},¥i,j EN (3.13

vEe{12L,vkeM,ie{12, ..,n,) (3.14)

where

R, is the route vector for vehicle k, consisting of vertices,
n, IS the number of vertices in route Kk,

x;; indicates whether there is adge between vertices i and j,

v¥ indicates whether the first or second shortest path is used i*tedge of k"
route

The objective function, Equatiof.8 is to minimize the totallistances travelled
Equation3.9 redricts the putes so that no two vehicles can service the same waste
collection location.Equation3.10 ensures that the sum of total number of waste
collection points assigned to each vehicle adds up to the number of waste collection
points. EquatiorB.11 says that the landfill is entered and left as many times as the
number of vehicles. Equatidh12 shows that each waste collection point is entered
and left only onceEquation3.13 says that there either exist or not exist an edge
betweenpoints i aml | by restrictingthe possible values of theariableto 0 and 1
Equation3.14 restricts the paths that can be used to primary and secondary shortest

paths.

In the second optimization model, the objective imtoimize the fuel consumption,
which is afunction of the path lengthaverageslope and the instantaneous loading
conditions of the truck. A fuel consumption model for waste collection tracss

given by Tavares et al. (2009).

According to Tavares et al. (2009), the fuel consumption durinteveadlection and
transportation depends on the distance travelled, vehicle load and road gradient as
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well as the actual operating conditions. Tavares et al. (2009) suggest the use of the
method proposed bMtziachristos and Samarg2000) for the evaluain of these
effects to fuel consumption. In this method, the basic fuel consumption per kilometer

as a function of speed is expressed by the following empirical formula:

— r—0.4508
FCS = 1068.41 , (3.15)

where V is the velocity of the truck in km/h.

The empiricalformula for the basic fuel consumption is calibrated for-leatied
trucks. The effect of load and road gradient is introduced to the equation by means of
two dimensionless correction factors: Load Correction Factor (LCF) and Gradient
Correction FactorGrCF).

(LP — 50) (3.16)
100

LCF=1+0.36

GrCF = 0.41e™15 (3.17)

Where LP is the load percentage of the truck and x is the slope percentage. The
overall fuel consumption is estimated by means of the following formula, in terms of

galloons.

fc=FCS X LCF x GrCF (3.189

In this study, the road gradient (slope) and ekehiioad is introduced to the model by
means of a penalty coefficient for the distance travelled. For the calculation of the
load percentage of the truck, the average amount of garbage per service location is
assumed to be 50kg and the weight capacityhefvehicle is assumed to be 8tons.
Therefore, each service point visited is assumed to fill the truck with a percentage of

0.625%. The Load Correction Factor (LCF) can therefore be expressed as:

37



(0.625n — 50) (3.19

LCF=1+0.36
100

where n denotes the number of garbage collection service points visited so far by the
particular truck. The empirical equation for the gradient correction factor is valid for
slopes within the range ofLl3.5° to 13.5° {15% to 15%). Converting theoad
gradient from percentage to degrees, the penalty coefficient can therefore be written
as:

(0.625n — 50)
100

p(n, 1) = 0.41 [1 +0.36 ]e“-”,—13.5 < A <135 (3.20)

Figure 3.5 illustrates different penalty coefficients for road gradient and loading
conditions. The chart demonstrates timportance of slope and load for fuel
consumption. For instance, the loading percentages after visiting 50 and 100 waste
collection points are 31.25% and 62.5%, respectively. If the road inclination is 10°
and the road length is 200m, the excess loadiiting 100 demand points would
result in an excess distance of 68m compared to passing through the same road with
half the load.

Penalty coefficient

4 y A—

=50

n=100

0 : : : . . . Slopein degrees

0] 2 4 6 8 10 12 14

Figure3.51 Penalty coefficients for different road gradients and number of pre

visited service points.
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Integrationof the fuel consumption into the model requires the definitioavefage

slope of edges. i, which is the average slope of the primary shortest path

ij?

connecting vertices; andu;. Likewise,;{f}. is the average slope of the secondary

shortest pathi-or simplicity in the notation, the average slope can also be written as

A(path no,i, j) wherepath no indicates whether the first or second shortest paths are

used, and i and j denote the source and destination vertices, respedihely.

definition of thefuel-consumption basetbst for the second model becomes:

Crcy = Dif X (i Ay, us ).

The total cost of each route k can be defined as

iy

Cre (Ry) = Z CFC:{

i=1

The objetive of the model is to

"

Minimize Z crc(Ry)

k=1

Subject to

R, NR; € {uy}, for Vi, j EM,i #j

m
E n,,=n

k=1

39

(3.21)

(3.22)

(3.23)

(3.24)

(3.25)



Z Xig = Z Xg; =M (3.26)

EN EN

X = Z ¥, =1,for¥reN (3.27)
EN EN
x; €{0,1},¥i,j EN (3.28)
vEe{12L,vkeM,ie{12, ..,n,) (3.29)
where

R, is the route vector for vehicle k, costing of vertices,
n, IS the number of vertices in route Kk,

x;; indicates whether there is an edge between vertices i and j,

v¥ indicates whether the first or second shortest path is used ii*tedge of k™"
route.

The objective functionEquation3.23 is to minimize the total distances travelled.
Equation3.24 restricts the routes so that no two vehicles can service the same waste
collection location. Equatio.25 ensures that the sum of total number of waste
collection points assigned to each vehicle adds up to the number of waste collection
points. Egation 3.26 says that the landfill is entered and left as many times as the
number of vehicles. Equatidh27 shows that each waste collection point is entered
and left only once. EquatioB.28 says that there either exist or not exist an edge
between pmts i and j by restricting the possible values of the variable to 0 and 1.
Equation3.29 restricts the paths that can be used to primary and secondary shortest

paths.

3.4.2 Optimization Method

In Chapter 2, three broad classes of optimization algorithms wesenged: exact,

heuristic and metaheuristic. Even though exact methods can the problem to full
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optimality (i.e., they can find the best possible solution), they can only solve problem
instances with up to 100 service points (Fisher et al., 1997). Heunngthods
operate based on inspection and their search capability is limited. Therefore, it is
more suitable to consider metaheuristic algorithms as they make a deeper exploration

of the search space.

Genetic Agorithms (GA) are selected among other opigation methods. Genetic
Algorithms are in the class of Metahestic Optimization Algorithms and they are

modelled based on the evolution of species. According to Sengoku and Yoshihara
(1998), Genetic Al gorithm ido epsoblempit requ
can search globally and it can adanpt t !
Furthermore, it is easy to make the genetic algorithm cooperate with other heuristics

to provide a hybrid solution. A detailed description of the implemented hybrid
genetic algorithm is presented in Chapter 4.

3.5 Output

The optimization algorithm generates a routes starting and ending at the landfill for
each vehicle. The route is represented by an array of numbers representing the visit
order of the waste collection ptsn The numbers are accompanied by a flag

indicating whether the first or the second shortest path is used to connect the points.

The output is displayed on a 3D terrain viesing Open Graphics Libraf@penGL,

2010. OpenGL is a general purpose, plathoindependent graphics library that has a
variety of functions for drawing graphics in 2D and 3D. Moreover, OpenGL
functionalities are embedded in many graphic cards so that very little CPU power is
required to process the screen output. Thereby, thecasenavigate through map
without while the optimization is in progress without affecting the performance
significantly. The application has the capability to visualise the road network,

garbage collection points and the route along with a 3D terrain ni€penGL.
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3.6 GIS Integration

The developed softwaiie standalone and does not work inside a GIS program and
thereforejs loosely coupled with GIS environment. It supports ESRI shapesafilés

a Surfer Grid Files as input. Tmead network and the garbagellection locations
are introduced to the system as shape files simplicity in meftic distance
calculations, the shape filese projected using UTM Projection (Zone 36N) with
WGS84 datumThe DEM is optional and introduced to the system as a Sunfigt G
File.

Apart from operating on GIS data, the proposed optimization model has a spatial
constraint that prevents-Ourns. The constraint requires a geometric vector variable
which indicates the starting and ending directions of paths between evemryf pair
service points. The proposed model uses this information to select either the primary

or secondary shortest path to travel between any two waste collection points.

3.7 Implementation

The developed softwares implemented in C++ programming language using
Microsoft Visual Studio 2005 as a staaldne application. Theoftwareis structured

based on the Document/View architectunewever the related MFC librariese

only usedfor display and disk I/O features.i#tdesigned as multhread application

with the genetic algorithm running in a separate thread. This feature enables the user
to pan through the map while the genetic algorithm runs in the background without

any interruption.

The genetic algorithrns created almost entirely by using ANSI C++ ane standard
template library (STL) for required data structures such as dynamic arrays and hash
maps. Therefore, it is possible &xtract the genetic algorithm code from the

application in order to use in other C++ environments with a few modifications.

The sampleruns of the developed sofarearemade on a 2.20GHz double core Intel
processor with 2GB of memory. All other procesdemanding applications are
closed before the tests in order to provide the same conditions for every single

execution.
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CHAPTER 4

DEVELOPED HYBRID GENETIC ALGORITHM

In this study, a hybrid genetic algorithm is utilized for the optimization of the waste
collection routes. Genetic algorithis preferred in this study due to the following

reasons:

1 GAs can provide feasible solutions at anytanse of generatign

1 A detailed knowledge of the problem is not required (Sengoku and Yoshihara
, 1998),

1 Itis easy to adapt to changing conditions of the problem easily (Sengoku and
Yoshihara , 1998),

1 GAs can search globally without getting stuck in lomatima (Sengoku and
Yoshihara , 1998),

1 Itis possible to caperate with other techniques (hybridization),

1 GAs can be parallelized with very high efficiency.

In Chapter 2, a literature review of Genetic Algorithms for the vehicle routing
problemswas presentedThe idea behind the Genetic Algorithnssexplained and
various concepts related with Genetic Algorithmsene discussed considering the

path representation methods and the use of appropriate genetic operators.

This chaptefocuses on the detailof thehybrid genetic algorithm developed in this
study. First, a general flowchartfahe genetic algorithm is presentby explaining
the components. Then, the stages of the algorithm including the creation of the initial

population, the genetic opeoas the hilkclimbing techniquesand the GA
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parameters are discussddhe strategies used for parallelizing the genetic algorithm
are explained by presenting a chart for spagdlhe genetic algorithns validated
on a set of benchmark problems providégdl SPLIB (TSPLIB, 2010).

A flowchart of the genetic algorithm used is presenteBigure4.1. The proposed
genetic algorithm starts by creating an initial population of candidate solutions
(referred to as chromosomes, indivadkl or members). After the creation of the
initial population, the fithess of each chromosome in the population is calculated. As
multiple instances of the algorithm rum paralle] the chromosomes migrated from
other populations are transferred from #sechange pool to the populatiomhe
chromosomes are then sorted based on fithess and the selection operator chooses the
chromosomes that are to undergo genetic operatibmsn, chromosomes to be
transferred to exchange pool are selediaded on their tiness using the roulette
wheel selection method and copied to the pool to be used by other parallel instances
of the GA. The genetic operators are applied to the selected chromosomes of the
population and the termination criteria are checked. The iteratiotinues until the
termination criteria are satisfie@he source code of various parts of the genetic
algorithm is presented in Appendix B.
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Figure4.1- Flowchart of the proposed Hybrid Genetic Algorithm

4.1 Essential Elements of GA

The following items are the essential elements of genetic algorithatsnust be

considered for any genetic algorithm.

Representation of Comosomes
Generation Initial Population
Fitness Function

Elitism

Mutation

Crossover

Termination Criterion

=4 =4 =4 A4 A4 A4 A4 -

Tuning of Parameters

In this genetic algorithppath representation geferredamong other representation
methodsdue to its simplicity and applicdiby to many genetic operators and hill

climbing techniques. In the path representation, eaelte collection poinis
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represented by a specifiogtive number.The route assigned to each vehicle is

represented by a vector of numbers.

The chromosomesomprising theinitial population are generatedndependently.

The number of chromosomes in a population is referred to as the population size.
The procedure below explains how each individual chromosome is generated.
Repeating this procedure as many tirmeghe population size, the initial population

is generated.

The flowchart for generating an initial chromosome is illustratedrigure 4.2.
Initially, the path vector of each vehicle route in a chromosome is empty and the
bucket of available points is full. Hence, the initial transportation costs for each

vehicle are zero.

Random waste collectionpoints are assigned to each vehicle thsir first
destinations and the transportation costs are updated accordingly. Any point assigned
to a vehicle is marked as assigned in order to assure that it will notassigaed

later. Thereby, generation of illegal solutions is preventBoen, thevehicle with

lowest transportation cost is selected in order to assign the next destination. Roulette
wheel selection is used to select the next point. The procedure continues until all
points are assigned to a vehicnce the algorithm uses rouletteeeh selection, the

initial route construction process is stochastic.

The probability of selecting any available point j is proportional to a constant power
of the inverse distance between points. Thus, the probability of being selected for

each candidatpoint j is given in Equatiofg.1.

T
Pi = 3 o= (4.1)

where
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d;; denotes the distance from the last selected point to the next candidate point and

o IS the intensification constant.

The higher the intensdation constantcf), the higher the tendency of selecting
closer points will be. Asx approaches to 0, the roulette wheel selection method
behaves more like random selection. The valuz of kept constant throughouid

generation of each individual chromosome; however, its value is increased gradually

after each chromosomehe value of e« starts from 1.0 and reaches to 4.0 in the last
chromosome of the populatiomhe variation ofxx values thoughout the generation

process is to create initial chromosomes of different characteristics.

:_r Izthers any [ Done
LmasﬂgledpnmtT

p 4
Select thevehicle

with lowest cost

path

l

Select the next
point using

* Mark the point as assigned Foulette Wheel

Selection

504

*Assign the point to vehicle

*Update the cost

Figure4.2- Creation of an initial chromosome

The fitness function in the Genetic Algorithis a measure of how thebjective
function in the mathematical mod& satisfied Therefore, for both optimization
models presented in Chapter 8nly the fitness function is modified as the

constraints of the problem are the same for both cases.

47



The fitness of a chromosome is calculated as a function of transportisiamce

and the penalty component of the chromosome. The penalty coeffipig¢ns (a
multiplier of the transportation distan€.). The value of the penalty cogfilent

constant (1.0) for the first dimization model which minimizeghe distance
travelled. On the contrary, in the second model which minimizes the fuel

consumptionp, represents the penalty coefficiegiven in the mathematical model.

Thefitness of each individual is calculated using the formulaqnation(4.2).

fi= (o x d)™* 42)

The first 10% of the chromosomes possessing the highest fitness valpestected

from deterioration and are said to be in the elitism region. The approach to elitism is
different from other studies in that the chromosomes in the elitism region are only
protected againstnodifications which lower their fitness values. In traditional

approaches, the elite chromosomes cannot be modified in any manner.

Three different mutation operatoase employed in the proposed genetic algorithm:
point swap mutation, modified-@pt heuristic mutation, and insertion mutatidine
chromosomes to undergo mutation ateced randomlyFor all mutation types, any
mutation that is taeduce the quality fothe chromosomeannot be applied to the
chromosomes in the elitism region. They can drdyapplied for the chromosome
that are beyond the elitism regionorder to increase genetic diversity in the search.
The point swap mutatiois a simplified ver®n of swap sequence mutation proposed
by Nazif and Lee (2010). Two waste collection points are swapped rather than two
sequences of routeslowever, the points to be swapped are not selected randomly.
First, an arbitrarywaste collection point in the chmmsome is selected’ he other
point to be swappedvith the first one is selected by means rotilette wheel
selectionsuch that closer points have a higher probability of being selected for
exchangeThen the two points are swappédherefore, it is likelythat the selected
points are close to each other as the selection probability is related with the inverse
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distance.This mutation supports swapping points between vehicles and is very

simple and powerful.

The 2opt mutation utilized in this study differfrom the original one explained in
Chapter2 in that not all the pairs of edges are checked for swapping pairs. Instead,
only edges that are closer than the average edge size of the chromosome are
considered for pt mutation. The average edge size dfiet chromosome is
calculated by dividing the total path length of the chromosome by the total number of
waste collection pointsThe sequence of points between the swapped pairs is
inverted to check if inversion enhances the result.

In the insertion mutatin, all edges are checked for a point which is closer to the edge
than quarter the size of the edtfehere is such a pointithin the threshold distance
the point is removed from its original position and inserted between the two points

comprising theedge.

After each mutation, each route is repaired so that second shortest paths are used
wherever it is necessarfrigure 4.3 illustrates the mutation algorithms used within

this genetic algorithm.

Pointsto be
swapped

— )

—

L
- —/

After swap

///’? mutation

->—

a) Point Swap Mutation
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c.) Insertion Mutation

Figure4.3-Mutation Algorithms

Edge Recombinatio Crossover (ERX)s usedto generate new offsprings from
parent chromosomes. Although alternative crossover algorithms such as PMX and
OX could also be used, they are not as effective as ERX in terms of inheriting
important genetic material such as edgas. ERX (Whitley et al., 1989) was
originally proposed for the Travelling Salesman Problem (TSPjs islightly

modified to support multiple vehicles.

To start with, the edge lisiTéble 2.3) is constructed for all points by using two
parent chromosomes as explained in Chaptérhen, all vehicles are assigned an
initial point from either one of the two parents. At each iteration, the vehicle with
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lowest transportation cost is selectadd the next destination of the vehicle is
selected from the edge list. If the edge list contains more than one edge starting from
the current point, the shortest edge (nearest point) is selected. The process continues

until all points are used.

The termnation criterion for the genetic algorithm in this study is based on the
number of generations without further evolution of the best cost obtained. To
determine a suitable number of inefficient generations required to terminate the
optimization process, ially the termination criterion is adjusted so that the genetic
algorithm terminates after 5000 inefficient generations. After running the algorithm
with 20 runs with weltuned parameters, the number of generations passed between
the last two enhancemtsns recorded. For instance, if a genetic algorithm makes the
last cost enhancement in the generation 15000 and the previous enhancement in the
generation 14000, the difference 1@9@ecorded as the result of that particular run.

Figure4.4 illustrates the frequency histogram for the number of generations between
last two enhancements for different runs with a bandwidth of 100. Among the 20
samples, only a single sample continued evolving after 1746 generations. It can be
inferred from the chart that almost all of the sample runs cannot demonstrate any
further enhancement after 1000 generations without evolution. The proposed genetic
algorithm terminates if there is no further enhancement of the best route in the last
2000 evolutns.
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Figure4.4i The frequency histogram for the number of generations between the last

two enhancements for 20 test runs.

Metaheuristic optimization methods are widely used in optimization problems with
large inputs and almost alwaysquire a fine tuning of parameters. Tuning the
parameters is of great importance in genetic algorithms as the evolutionary process
converges to better results in a shorter amount of time with the related parameters
well-adjusted. The main parameters ilweal in genetic algorithms are the
percentages of individuals that are to undergo mutation and crossover as well as the

population size.

Figure 4.5 illustrates the best route distances obtained by running the genetic
algorithm with different mutation and crossover percentage values. The genetic
algorithm was run with 3 different mutation percentage combinations ranging from
5% to 15% and 9 diffent crossover percentage combinations ranging from 40% to
80%. The experiment was done three times and average costs are used in order to
reduce the chances of obtaining misleading coincident results. According to the
experiment using 27 different mutatigrossover combinations, the best results were

obtained by using a crossover percentage of 45% and a mutation percentage of 5%.
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However, this combination makes a local peak in the chart with a small variation of
parameters resulting in a bad performameetation values of 15% with 50% to 60%

of crossover is also recommendable.
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Figure4.51 Best transportation distances obtained by trying different crossover and

mutation combinations (without hitllimbing algorithms).

Selection of the most suitable population size is also of great importance. If the
population size becomes too low, the genetic diversity would not suffice to sustain
the evolution and the evolution of potential solutions would seize quicidewise,

if the population size becomes too high, it would take longer to execute the genetic

operators as well as the hadlimbing algorithms.

Figure 4.6 illustrates a range of different population sizes used with the genetic
algorithm. The genetic algorithns run on 20 different population sizes, ranging
from 150 to 1050. The experiment was repeated 3 times and the average distance

valuesareused.The best results were obtained by using a population size of 500.
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Figure4.6 1 Best transportation distances obtained by selecting different population

sizes

4.2 Hill-climbing Algorithms

Hill -climbing is a I@al search method that is often used in cooperation with genetic
algorithmsto increase the performancHill-climbing algorithms are iterative and

their aim is to gradually improve the solution by enhancing a small part of it at each
iteration. The genati al gori t hm devel oped in this

utilizes hill-climbing algorithms that aim to enhance the evolutionary process.

The 2opt mutation described in the preceding sections is alhilbing algorithm
as it attempts to find betteolsitions each time by switching pairs between different
sets of edges. If the change results in a better solution, an incremental change is made

and the process continues until no further enhancement is possible.

Another hilkclimbing method used in thisugly is exhaustive search. It is practically
impossible to find the best permutation of a large set of points with exhaustive search
(also referred to as bruterce search) as the computation time grows exponentially
with the number of points. However, leaustive search can be used to find the best
possible arrangement of points in the route for a small part of the route. For each
route, a small part consisting of 8 to 12 nodes is randomly selected at each generation
to apply the exhaustive search. Thethmrmutation of the selected range nodes is

found and replaced with the old sequence.
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Purely exhaustive search checks for every possible arrangement of points and hence,
is inefficient. To speed up the search, alpha beta pruning and heuristic methods are
employed. The alpha beta pruning technique stops the evaluation of a permutation
even before the sequence is completed when the instantaneous cost of the partial
sequence exceeds the lowest cost found so far. When the evaluation of a permutation
is stoppé, any dependant permutation will not be considered. This approach will
narrow down the search space without affecting the overall result. The heuristic
improvement method on the other hand focuses on obtaining a feasibleo§gw
permutation as soon gsossible so that the alpha beta pruning technique can
eliminate the nofoptimal permutations earlier. This can be achieved by sorting the

points so that the nearest point is checked first in the search algorithm.

4.3 Parallelization

Genetic algorithms are ogutationally costly considering the efforts to apply the
genetic operators and evaluation functiokawever, they are very suitable for
parallelization. Distributed computation increases the performance of the genetic
algorithm significantly.

The geneti algorithmis parallelized by the coursgrained PGA islands model
(Shengjun et al., 2008). In this model, multiple instances of the genetic algorithm run
independently on different processors. Each instance of genetic algorithm is fed by
the same initiadata and represents an evolving subpopulation. Each subpopulation
evolves independently on their processor in parallel executing the same genetic
algorithm. Since every individual subpopulation is isolated and the only means of
genetic transfer betweenfigrent subpopulations is migration, each subpopulation is
associated with an imaginary islarkigure4.7 illustrates the implementation of the

model in the genetic algorithm.
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As the instances of genetic algorithm discover newesyus individuals from every
subpopulation are duplicated and sent to the exchangeepen) 100 generations.
Likewise, every subpopulation receives 3 individuals from the exchange pool every
50 generations. The amount of individuals currently existindgpenpool is less than

50, all of them are pulled out of the pool. The individuals in the subpopulation are
not allowed to return to their original islands once they are sent to the pool.

The access to the exchange pool is sequential. Therefore, onislamk can access
the exchange pool at any instance. Whenever an island is to send chromosomes to the
exchange pool, first it locks the pool if it is available. Once the chromosome is

migrated, it is unlocked. This prevents concurrent access to the paich way

corrupt the chromosomes.

Figure4.77 lllustration of the Island model

For the parallelization of the genetic algorithm, the OpenMP librarysed.
OpenMP (Open muHprocessing) is a crogdatform application programming
interface thasupports multplatform shared memory multiprocessing programming
in many languages on a variety afchitectures, including UNIX and Microsoft
Windows platforms It has a number of compiler directives, library routines and
environment variables that assist the programtoeparallelize the routines that
require high speed.
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In parallel programmingParallel Pogramming Lecture 14 Computeeformance

2010) the tepd o6epeed t oapatalel algoathm iefasteo wh i
than a corresponding sequential aitjon. It is calculated by dividing the time

passed for accomplishing a task using a sequential algorithm by that using a parallel
algorithm (4.3). Efficiency, on the other hand, is a measure of how effectively the
processors are uselt is calculated by dividing the spead by thenumber of

processor¢4.4).
Tl
§ = L 4.3)
F T;J
5,

4.4 Validation of the Genetic Algorithm

The validation of the proposed genetic algoritisrmade by running the software on
three sample asymmetrical TSP benchmark problems provided by TSPLIB (TSPLIB,
2010). Each benchmark problemgiven a name indicating the number of service
points. Thebenchmark problems are provided as a text file containing a header part
and a distance matrix. The header includes information about the dimensions of the
particular problem and the cost of best possible solution (optimum distance)
calculated before usingxact methods. The distance matrix provides the distances
between every pair of nodes. In the validation stage, the program directly uses the
distance matrix read from the sample problem file.
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Table4.1 - TSPLIB Benchmark Results

Problem Number of : Cost Deflection
Name Nodes Ofpitiantiin SEest Obtained .from
Optimum (%)
krol24p 124 36230 37374 3.15
flvi70 170 2755 2784 1.05
rbg358 358 1163 1191 2.40
rbg443 443 2720 2756 1.32

The progress of the solutiorf the benchmark problems demonstratedn Figure
4.8. The x axis shows the number of generations of the genetic algorithm to reach to

the distance represented by y axis.
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Figure4.8- Distance vs Generation Graphs for Validation Problems

The benbmarking results show that the proposed Parallel Hybrid Genetic Algorithm

solves the sample benchmark problems within 1.05 to 3.15 optimality within less

than 5 minutesTherefore, the algorithm is reliable and is capable of searching

globally.

4.5 Parallelization of the Genetic Algorithm

The chart inFigure4.9 illustrates the efficiency of the parallelization by comparing

the number of generations per millisecond in single and double processor case. The

test was made in exactly the same conditions by closing all other applications that

have a potential taffect the results. Comparing the slopes of the single and double

processor cases, the spegdis calculated as 1.83 with an efficiency of 91.5%.
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CHAPTER 5

CASE STUDY

5.1 Study Area

The proposed area of application for the solid waste collection routing problem
includes Bahcelievler and Emek neighbourhoods in Cankaya/Ankarafiwikh an
approximate area of 2.5KmThe altitude of the region ranges from 860m to 920m

above sea level. The aremd i vi ded into three zones: At
Bahcelievler and Emek. For the current waste collection operation; three veinecles
allocated, one for each zone. The waste collection routes are determined based on
dri ver 6s (Usax,2@0R)i Fellowirg collection waste is disposed at ITC

Mamak Landfill Site.

Even though the study primarily focuses on the routes generated in Bahgelievler and
Emek Neighbourhoods, the available map data covers entire Ankara in terms of
major and main roads andlso all the streets of Bahcelievier and Emek
Neighbourhoods. Bahgelievler and Emek Neighbourhoods are located approximately
at the center of the city whereas the Mamak ITC Landfill is located in the -South
Eastern part of the city, bounded by Natoyolu &tfeom East and the Ankara Ring
Road from the South (Latitud@€9.878259,Longitude: 32.934608 The maps are
obtained as satellite images in the form of GeoTIFF and then digitized)

appropriate GIS tools.

Figure 5.1 illustrates the location of the study area and Mamak Landfill in Ankara.

The points demonstrated by asterisks correspond to the waste collection locations. In
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this study, 239 hypothetical waste collection locatiaresdigitized homogenously.
These locationsra assumed to be the collection points for the wastes produced in

the households situated on the relevant streets.

ol

Figure5.11 The Study Area.

In Figure 5.2, a terrain view of the Bahcgelievler and Emek Neighbourhoods is
provided in order to illustrate the varying altitudes. The locations of the waste
collection pants are marked with red dots. The altitude increases from yellow to
dark green. The main trends of slope in the area are towards East and West from the
ridge defined by the"istreet Figure5.2) and are indicated by arrows.

The road inclination trends are particularly important as far as the optimization

model which aims to minimize the fuel consumption is concerned. The fuel
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consumption model used in this study (Tavares et al., 2009) depends on
instantaneous vehicle loaddthe road inclination.

Figure5.27 The study area in 3D Terrain View. The slopes are indicated by arrows.

The unidirectional and bidirectional streets in the study areaasilustrated in
Figure5.3. The streets that ar@®wvn with red are bidirectional streets. Conversely,
other streets shown in blue are unidirectional. The direction of traffic flow is marked
by an arrow. Unidirectional roads are important constraints in planning the routes as

they have the potential to @hge the vehicle routes significantly.

The digital elevation modelised to construct the 3D terrain is loaded froBuafer
grid file (Surfer, 2010)In order to prepare the grid file, a 90m resolution SRTM grid
of Ankara is used along with 70 additioraltitude sanples of Bahgelievler and
Emek Neighbourhoods taken from Google Earth. The final grid of 30m resolistion
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generated by means of kriging interpolation. The interpolagsomade by using
Surfer (Surfer, 2010).

The datum and the projection ofethshape files are WGS84 and UTM 36N
(Universal Transverse Mercator Projection, Zone: 36N), respectively. For
convenience in measuring distances, metric sys¢emsed. The coordinates of the
SRTM altitude data has also been projected using the same perafmetore the

interpolation.

o

-

Figure5.3- Road directions in the area. Roads marked with red indicate bidirectional

roads whereas blue roads are unidirectional.
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The landfill in Mamak and 239 hypotheticafaste collection locations within the
study areaare represented by a potfeatured shape file. The altitude data of the
terrainis prepared by interpolating the freely available SRTM (SRTM, 2010) data
(90m resolution) with altitude samples collectednfr@&oogle Earth using Surfer

(Golden Softwaré Surfer, 2010). The resultant giglsaved with grid size of 30m.

5.2 Results and Discussions

Two different optimization modelareimplemented for the optimization algorithm.
The first one aims to minimize thetal distance travelled and the second one aims to
minimize the total fuel consumptiom the end, is aimed to demonstrate that the two

approaches produce different results regarding their objective functions.

In Chapter 4, the genetic optimization aigfon was validated by using 4 TSP
Benchmark Problems. Even though this provides some degree of reliability for the
algorithm, it is not sufficient. he proposedoptimization model is designedto
support spatial constraints and therefitreas to be testeusing small test problems

in real road network. The firsbptimization model which minimized the total
distance travelleds tested on small test problems within Bahcelievler and Emek
Neighbourhood. The results of the test problems (generated routasheaerified

by inspection easilyTesting the optimization algorithm on the real road network

with unidirectional and bidirectional roads, the following itesmsverified:

1 Closure of the path
1 Avoidance of UTurns
1 Compliance with road directions

1 The shap of the route path

In the first test case, 10 waste collection points are digitized within the study area

randomly. The locations of the waste collection points are sloWwigure5.4.
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Figure5.41 The Distribution of Waste Collection Locations in Test Case 1

For this test case, the routes generate@nalyzed for two cases:

1 Single VehiclgFigure5.5 andFigure5.6)
1 2 Vehicles(Figure5.7 andFigureb.8)
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Figure5.5 - Test Case 1A Full View of the Route Generaté¢8ingle Vehicle)

Figure5.6 - Test Case 1A View of the Route Generatedthin the Staly Area
(Single Vehicle)
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Figure5.7 - Test Case 1A Full View of the Route Generated Yehicles)

Figure5.8 - Test Case 1A View of the Route Generatedthin the Staly Area (2
Vehicles)
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Table5.17 Test Case 1 Total Route Lengths for Different Vehicle Counts

Number of Vehicles | Total Route Length (m)

1 30050.7

2 53889.7

For the second test case, 20 waste collection panetdigitized in the study area

with two clusters as shown Figure5.9.

I
/

Figure5.9 -7 The Distribution of Waste Collection Locations in Test Case 2
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Figure5.10- Test Case - A Full View of the Route Generate8iagleVehicle)

Figure5.11- Test Cas@ 1 A View of the Southern Part of the Route (Single

Vehicle)
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Figure5.12- Test Cas@ 1 A View of the Northern Part of the Route (Single

Vehicle)

Figure5.13- Test Case - A Full View of the Route Generated Vehicles)
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Figure5.14 - Test Cas@ - A View of the Route Generateuthin the Study Area for
the firg vehicle (2 Vehicles)

Figure5.15- Test Cas® - A View of the Route Generatedthin the Study Area for
the first vehicle (2 Vehicles)

73



Table5.27 TestCase 2 Total Route Lengths for Different Vehicle Counts

Number of Vehicles | Total Route Length (m)

1 51840.3

2 29557.6

Regarding the test problems considered, it is clear that the paths generated are closed
(i.e., start and end at the landfilBachwaste collection point is visited only once.
Moreover, the generated routes comply with the road directtiout any U

Turns. Furthermore, the route optimization algorithm succeeded in considering the
clustered distribution of waste collection pointghe Test Case 2. The route of each
vehicle services one of the two clusters without any explicit algorithm to detect the

clusters or any assignment procedure to assign the vehicles to points.

For the case study of Bahcelievler and Enié&ighbourhood, the developed
software is supposed to generate routes involving the landfill andw2&®e
collection points for 3 trcks. The waste collection locations are uniformly
distributed along the streets within the study aFégure5.16 shows the locations of
the waste collection point$he tesis made usingwo differentoptimizationmodés:
distance optimization mode and fuel consumption optimization mbdeaimed to

demonstrate the differences in routes arising from theeingsed.

In the first model, the objective is to minimize the total distance travelled by 3 trucks.
Therefore the inclination of the roads and the instantaneous truck load is not taken
into account and has no contribution on the penalty coeffici€émgure 5.17 and

Figure5.18 demonstrate the evolution of the routes.
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Figure5.161 The study area containing 239 Waste Collection Points

For the both the distance optimization modedl the fuel consumption optimization

model, the genetic algorithi run 6 timesThe lowest cost obtained in each model
is marked and the resultant routes are illustrated.

Table5.3 demonstrates the results of the total diseaoptimization model. The best
route set has a total length of 119.9km, approximately.
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Table5.37 Routes Generated lilge Total Distance Optimizatidiodel

Run # | Number of Generations Time Passed(sec) | Route Length (m)
1 2045 301 121256.8
2 1193 192 122554.4
3 7356 324 121564.8
4 1658 213 120904.4
5 2856 245 121945.8
6 7616 504 119862.1

Figure 5.17 and Figure 5.18 illustrate the progress of & genetic algorithm for 6

different runs.
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Figure5.1717 Route Distance vs. Generation Graph for Distance Optimization Mode
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Figure5.181 Route Distances. RunningTime Graphor Distance Optimization
Mode

The softwaras run on an Intel Core2Duo Processor with 2GB of memory. The clock
speed of each processor is 2.20GHz. During the test, all applications running in the

backgroundareclosed so as to pvale the same conditiorer different runs.

The bestsolution is obtained in 768 generations within 504 second$e charts in
Figure5.17 and Figure 5.18 show that the solutions evolve very rapidly within the
first 1000 generationsThe evolution gradually slows down and the genetic

algorithm is terminated after the termination criteria explained in Ch&otare
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satisfied. Figures Figure 5.19 througlFigure 5.23 illustrate different views of the

routes generated by the distance optimization model.

Figure5.1971 Distance Optimization ModelA General Overview of Generated

Routes

Figure5.20- Distance Optimization Modé&l Overview of Generated Routes in the
Study Area
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Figure5.211 Distance Optimization Modé&ICloseup view of NorthEast

Bahcelievler

Figure5.22 - Distance Optimization Modél Closeup view of Emek

79



Figure5.231 Distance Optimization Modél Closeup view of Southern

Bahcelievler

In theotheroptimization modkewhich aims to minimize the total fuel consumptian
penalty coefficient is calculated for each edge of the routes generatedobatex!
empiricalmodelsuggested byavareset al. (2009)According to the model, the fuel
consumption depends on the road inclination and the instantaneous loading
conditions of the vehicle as well as the distance travelledle 5.4 illustrates the
roads generated by the fuel consumption optimization model.

Table5.4 - Routes Generated by the Total Distance Optimization Model

1 4356 388 121203.5
2 2169 176 122269.9
3 845 66 122269.9
4 2107 189 121207.8
5 2856 245 121945.8
6 2733 247 121856.6
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The charts in FigureBigure 5.24 and Figure 5.25 demonstrate # evolution of the
routesusing the fuel consumption optimization meld It can be inferred from the
charts that the solutions evolve rapidly in the first 500 generations and then the
evolution gradually slows down. The algorithm is terminated when tharation

criteria are satisfied.
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Figure5.241 Fuel Consumption Optimization ModeDistance vs Generation
Graph
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The FiguresFigure 5.26 through Figure 5.30 illustrate the routes generated in
different parts of the study area.
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Figure5.261 Fuel Consumption Optimization ModeR General Overview of

Generated Routes

Figure5.27 - Fuel Consumption Optimization ModeDverview of Generated

Routes in the Study Area

83



Figure5.28 - Fuel Consumption Optimization ModeCloseup view of NorthEast

Bahcelievler

Figure5.29 - Fuel Consumption Optimization ModelCloseup view of Emek
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Figure5.30- Fuel Consumption Optimization ModeCloseup view of Southern

Bahcelievler

Comparing the two models, it is expected that the model that mininfizts
consumption handtethe regions with steep slopes when the loading percentage of
the waste collection truck is relatively low and flat regions when it is intensely
loaded so as to minimize the fuel consumpti®his behaviour can be seen in

FiguresFigure5.31 andFigure5.32.

Figure 5.31 demonstrates a route generated by the distance optimization model.

Since the fuel consumption is not considered, the heavily loaded trucks can be routed
along steeslopes. The truck represented by blue routes climb a very steep slope

after having serviced 90 waste collection points.

On the other handigure5.32 illustrates a route generated in the same region using
the fuel consumptioroptimization model.The collection route of the vehicle
represented by green route starts from the steeply sloped region and the relatively flat
areas are serviced later.
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Figure 5.31 1 Distance @timizaion Model - A part of the route generated in a

steeply sloping region in Emek

N~
e

Figure5.321 Fuel Consumption Optimization ModelA part of the route generated
in a steeply sloping region in Emek
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CHAPTER 6

CONCLUSION AND RECOMMENDATIONS

Two different approachesre compared for route optimization: optimizing the total
distance travelled and the fuel consumption. The objective of the first one is to
minimize the total distance regardless of the effects of thi goadient and vehicle

load. On the contrary, the second approach optimizes the fuel consumption estimated
by an empirical model. is shown that the two approaches generate different routes

as the objective of the optimization changes.

The model is reddtic as it considers the disiges within the real road network using
a digital elevation model (DEM). Moreover, the road directions are taken into
consideration while generating routes. The modelahggatial constraint that avoids

U-Turns which is aressential element for waste collection routing.

The software provides two options for decision makers in selecting the waste
collection routes: minimizing the total distance travelled and minimizing the total
fuel consumption. This provides flexibility falecision makers so that the software
can be used for different case studies rather than solid waste collection routing.
Moreover, other fuel consumption models can be adapted easily by changing a single

line of code.

As the developed software is run sessfully for a moderately large number of
points, it can directly be used for waste collection planning for larger applications.

is a trivial task to integrate new constraints to the model by modifying only the
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fitness function of the genetic algorithnihis is advantageous compared to exact

algorithms as far as the amount of implementation work is considered.

The system is scalable in the sense that a high degree of parallelism is achieved in
the tests conducted. Therefore, if the problem size iseased, the excess
computational time can be compensatediriyyeasing the number of cores the

computer on which the software is run.

For the futue studies, this workan be applied to larger areéslditional constraints
such as minimization of leftutns can be implemented to achieve a more-goal
oriented routing systenMoreover, the software can be enhanced to support multiple

landfills, which would add more complexity to the problem.

In addition to the recommendations for the possible future \lovk enhancements,

it is also recommendable to modify the software so that it can operate in distributed
networks rather than shared memory mattie processors. This would significantly
increase thescalability of the systemThe preprocessing and optization
algorithms can be integrated to a tightlyupledsystem so that application can run

inside a GIS environment or within a Giased network.
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APPENDIX A

SOFTWARE MANUAL

The developed softwamequires two shape files as inpone for the road network
and the other for garbage collection points. A Surfer Grid file can optionally be

supplied for 3D terrain view.

The applicationis designed to open files of maplink extension, which can easily be
created using notepad. The file includes 3 lines containing full paths to road network

shape file, garbage collection point shape file and the altitude grid file.

I Ankara Map_Planar.maplink - Notepad

File Edit Format View Help

C:honur'Mapsh shape' ankaraum Planarsurface'Al1rRoadsuTM_polyline. shp
C:honurMapsh shapetankaraum\BinLocations_point.shp

Ln 1, Col 1

B Ankara Map_Terrain.maplink - Notepad

File Edit Format View Help

C:honurMapsh shape'ankaralm '\ TerraintAll Roadsum_ﬁn'ly'l ine.shp
C:\onur'Mapsh shape' ankaraUTM\BinLocations_point. snp
C:onurhGGIT, Thesis\DEM \srTm'out. grd

Ln 1, Col 1

Figure A.17 Maplink files
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Operning the appropriate maplink file, the application loads the shape files and grid
file.

- (O

2]
s

Figure A.27 Open Dialog

Once the map opens, the user can pan through the 3D terrain maeeartie

location of the garbage collection points as well as the landfill.

Figure A.31 Garbage Collection Points on 3&rrain Map
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