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ABSTRACT

Transportation and logistics of recyclable materials are major cost drivers
within recycling systems. In low and medium income countries, the collection
costs of municipal solid waste (MSW) respectively can take up to 80-90% and 50-
80% of the municipal solid waste management budget. Reducing these costs can
significantly improve the viability of recycling systems. A promising approach for
cost reduction in this context is improved routing of refuse vehicles, which can be
done by developing and using advanced mathematical optimization algorithms and
data information systems. Within the optimization research field, vehicle routing is
addressed within the capacitated vehicle routing problem (CVRP). The objective
is to minimize the total cost of a fleet of vehicles with a designated capacity. The
CVRP is stated as an NP-Hard problem in combinatorial optimization problems
meaning there is no known algorithm to solve these types of problems within
polynomial time. Various heuristics are used to solve the CVRP and this study
aims to use a genetic algorithm. The genetic algorithm provides feasible results to
the CVRP within reasonable time. Applying the CVRP to a real-world instance
requires road network distances compared to euclidean distances. In this thesis, a
CVRP is solved using data processed in a geographical information system (GIS),
existing local government databases, a routing machine, and a genetic algorithm
to estimate recycling costs and emissions for municipalities in the state of Rhode

Island.
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CHAPTER 1

Introduction

1.1 Residential Recycling

Residential recycling is a relatively new and constantly evolving system. Over
35 years ago, residential recycling programs in the United States had little to no
participation [1]. Potential recyclable material followed the same end of life process
as all other materials and generally end in a landfill. The world generates roughly
2 billion tons of solid waste annually and only 14% of it is recycled. In 2015, the
United States was responsible for 262 million tons of waste and only 26% of it was
recycled. This statistic is an improvement compared to the global data but the
United States had the ability to recycle 47% of the 262 million tons of solid waste
[2]. A major contributing factor is the United States is large and geographically
diverse country with various recycling systems performing at different efficiencies.
In 2006, there were over 8,000 municipal recycling programs in the United States. A
majority of them were residential curbside recycling programs [1]. These programs
accounted for over 83,000 jobs, 3.9 billion in wages, and 694 million paid in taxes.
For every 1,000 tons of recycled and refused material 1.57 jobs were created. This
supports the proposition of residential recycling inside of the United States being
a large system [3].

Municipal residential recycling programs are not uniform across the United
States. Each individual program contains social, economic, and environmental
variables. Social variables may depend on the perceived social norms towards re-
cycling as a whole. This can negatively and positively impact recycling rates [4].
Economic variables may be subject to whether or not the financing comes from
local taxpayers, government, or individuals. Along with financing options, market

prices for labor, capital, fuel, and disposal fees are also economic variables [5]. An



environmental variable example is whether or not the collection system is provid-
ing a net positive or negative effect on the environment. Recycling is one of the
many methods that promote sustainability. The three fundamental pillars of sus-
tainability: social, economic, and environmental apply to recycling [6]. Therefore,
to improve residential recycling systems, it is possible by manipulating these types
of variables. This paper aims to estimate the economic and environmental aspects

of sustainability related to the transportation of recyclables in local municipalities.

1.2 Municipal Solid Waste Transportation Cost

In municipal solid waste management (MSWM) the most important and costly
aspect of the process is that of collection and transportation [7]. The cost of
collection significantly varies around the world. It costs, on average, $3.5 per ton-
mile to collect and transport municipal solid waste (MSW) in the United States.
Within the United States, Florida estimates an average of $16.60 per ton is spent
on collection alone. In contrast to a worldwide perspective, it can cost between
$2.90 and $10.40 per ton in Thailand for MSWM [8]. In low income countries,
collection costs can take up 80-90% of the MSWM budget and in medium income
countries it can take up to 50-80% [7]. The collection process has three different
types of implementation. First, the collection process can be privatised, relying
on a customer within a municipality to contact a private hauler to collect the
waste. The second method is a solely public process. This relies on the municipal
government to own and operate the collection system. The third method relies on
a hybrid system. This is a cross between a public and private system resulting
in ownership and responsibility divided in the municipality in various areas [9].
Identifying the correct collection process for a municipality is extremely complex
and can depend on various factors such as distance, labor expenses, quality and

quantity of the waste, population, density, and geographical location [8]. In this



study, a fully public collection system is assumed for all municipalities regardless of
the real-world system. As stated above, with transportation and collection being
the most costly parts of the system, an optimised collection method can reduce the
overall cost of the system. Therefore, providing an estimation to these costs can be

significant for local municipalities and set about positive economic improvements.

1.3 Municipal Solid Waste Transportation Emissions

When a MSWM system is operating at high efficiency, it is known to reduce
the economic costs and potentially reduce the transportation emissions. Since
MSWM is an extremely energy-consuming activity, it is imperative to improve the
efficiency of the system to promote more sustainable life on earth [10]. It is known
that MSW collection produces a significant negative impact on the environment
because of pollutant emissions and fuel consumption. Various pollutant emissions
that come from MSW vehicles are nitrogen oxides, carbon dioxides, and sulfur ox-
ides [11]. These emissions can be detrimental to human health, the environment,
and contribute to the worldwide total of greenhouse gas (GHG) emissions. GHG
emissions associated with MSWM accounted for 2.6% of global emissions in 2005
[12]. In 1999, landfills accounted for 90% of GHG emissions in the waste sector.
This indicates the need for diversion of recyclables from landfills [13]. This paper
aims to develop a model to estimate the emissions cost related to the transporta-
tion of residential recyclables. Understanding the potential emissions can provide
insight to the environmental impact within local municipalities and potentially

influence positive environmental change.

1.4 Vehicle Routing Problem
The vehicle routing problem (VRP) was first introduced by Dantzig and

Ramser in 1959 [14]. The VRP stems from the traveling salesman problem (TSP).



Both are considered to be NP-hard problems. An NP-hard problem states that
using exact optimization methods is difficult to solve within polynomial time but
potentially presents an optimal solution [15]. The TSP was one of the first prob-
lems to be considered NP-hard in 1972 by Karp [16]. The TSP and VRP problem
involves deliveries to a set amount of customers each with a set level of demand. A
vehicle departs a depot, visits all nodes and returns to the depot while minimizing
the total cost of the route [16]. The main difference between the TSP and VRP, is
the TSP is constrained to a single vehicle or route. In the VRP, demand is satisfied
by a fleet of vehicles across multiple routes. The TSP vehicle and VRP fleet must
satisfy the demand of all customers by visiting each customer a single time with a
single vehicle. The VRP can contain more constraints and extensions of the base

problem. Some examples are vehicle capacities and route limitations [17]. Figure

1 displays the differences between the TSP and VRP.
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Figure 1. TSP vs. VRP [18]

This paper focuses on the capcitated vehicle route problem (CVRP) extension.
The CVRP adds a new constraint where each vehicle is assigned a capacity [19].
The CVRP mathematical formulation is further explored in this paper. This paper

aims to solve a CVRP instance for each selected municipality in the study. The



results of the CVRP are used to estimate the transportation costs and emissions

within the selected municipalities.

1.5 Related Studies

There have been multiple studies performed using VRPs in conjunction with
geographical information systems (GIS) and MSWM systems. In 2018, a study
in Austin, Texas utilized a GIS program called ArcGIS. The paper used a built-
in VRP solver to optimize waste collection routes within a neighborhood [20].
Through the solutions of the solver, the study found that truck capacity, volume
ratio of the truck, waste density and collection frequency have significant impacts
on truck travel distance. The study also discovered that increasing waste collection
frequency and waste density can save 41.9% on travel time and 18.2% on travel
distance [20]. In 2020, a second study was performed in the southeast region of
Izmir, Turkey using ArcGIS and its incorporated VRP solver [21]. The study
aimed to find the optimal location to place transfer stations and provide positive
economic outcomes. The solver outcome found that it is not economically feasible
to add another transfer station due to landfill proximity, fleet size collection and
district level collection. The study did find that additional transfer stations can
potentially reduce fuel consumption and truck emissions [21]. In 2018, a study
performed in Kerman, Iran aimed to optimize the location of waste sorting centers
to limit the environmental impact, overall costs of the process, and improve the
service system in relation to the society. The study utilized a GIS software to
specify the criteria layers [22]. The study implements the use of a VRP with three
main goals of transportation reduction, decreased environmental pollution, and
improvement of the service quality. The study concluded that the use of more
realistic perceptions of the community and social criteria can bring forth accurate

and realistic results [22].



In the city of Mashhad, Iran research was performed to optimize the storage
and collection systems in 2017 [23]. A CVRP and GIS system were used in con-
junction with each other to determine if the current collection system is efficient.
The research indicated that the system is not efficient and the the collection routes
can be reduced from 8 to 7. The number of crews can be reduced from 24 to 14.
Finally, the combined distances of all the routes is reduced by 53% [23]. A case
study performed in Dhanbad City, India in 2016 examined the optimization of col-
lection routes and allocation of MSW bins using a GIS. The study uses the ArcGIS
Network Analyst package which contains a built in VRP solver. This is the process
used in the Austin, Texas study. The study found that 726 collection bins pro-
duced 66 routes serviceable by 22 mechanised trucks. This information is crucial
to local MSWM, which can aid decision making to reduce transportation costs,
vehicle emissions, and overall route distances [24]. Following a similar approach to
the existing studies, this paper also aims to use the GIS program ArcGIS Pro to
interpret node and depot locations. However, instead of using the built in ArcGIS
Pro Network Analyst Package, this paper uses an open source routing machine,
genetic algorithm and programming languages to solve the CVRP and estimate
the transportation costs and emissions of residential recycling within select Rhode

Island municipalities.
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CHAPTER 2

Background

2.1 Geographical Information Systems

Using the earths surface as a reference, GIS is a system for data collection,
storage, control, processing, integration, analysis, and display [1]. A GIS combines
graphical information in the form of spatial data and non-graphical information as
descriptive data [1]. The GIS sorts the data into particular layers depending on
the information provided to develop digital maps [2]. Displaying the information
in the form of a digital map provides the user with the ability to analyze data and
to recognize trends, relationships, and patterns [2].

A GIS commonly contains four components with customizable options. The
components are spatial data production, data management, cartography and dis-
play, and analysis tools [3]. In order to develop spatial data, it requires the cap-
ture of data through map scanning, ground base surveying, camera and global
positioning systems (GPS). Spatial data development requires data input, quality
inspection, and format conversion [3]. The component of data management is used
for data queries, maintenance, and data updating where the data can be trans-
ferred for cartography and analysis [3]. The component of cartography provides
the user with the ability to display the data and apply visual analysis. The final
component of analysis tools provides the user with complex and robust tools to
examine all aspects of the data to draw conclusions. Since a GIS contains these
four customizable components to manipulate spatial and descriptive data, it was
identified as one of the necessary aspects of the model. The program of ArcGIS

Pro was investigated and considered as the prime GIS software for the model.
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2.1.1 ArcGIS Pro

ArcGIS Pro is GIS software designed by a GIS company called ESRI. ArcGIS
Pro is a multiple-threaded 64-bit application that provides the user with a project
oriented approach, continuous editing, and running multiple projects simultane-
ously [4]. ArcGIS Pro contains a large number of geoprocessing tools with the
ability to manage GIS data and perform spatial analysis. An advantage of ArcGIS
Pro is that it contains a ModelBuilder, allowing the user to combine multiple tools
for data management processes and create an interactive diagram of the spatial
analysis. ArcGIS uses the scripting language Python. The user has the ability to
create custom Python scripts. These custom scripts can be used to combine tools
and automate ArcGIS Pro workflow processes [5]. In the following sections, each

tool used within this model is identified and explained.

2.1.2 ArcGIS Tools
1. Excel to Table: Provides the ability to import a Microsoft Excel sheet as

an attribute table.

2. XY Table to Point: Based on x, y, and z coordinates from an attribute

table, it permits the user to create new point feature classes.
3. Project: Reclassifies spatial data from one coordinate system to another.

4. Select Layer By Attribute: Updates, adds and removes data from a

selection determined through an attribute query.
5. Clip: Extracts selected input features from the overlying clip features.

6. Multivariate Clustering: Finds natural clusters of features around the

feature attribute values.
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10.

11.

12.

13.

Table to Excel: Provides the ability to export an attribute table to a

Microsoft Excel file.

Split By Attributes: Splits the dataset by attributes through an attribute
query.
Spatially Constrained Multivariate Clustering: Finds spatially con-

tiguous clusters through a set of feature attribute values and the option of

cluster size limitation.
Mean Center: Determines the geographical center of a set of features.

Merge: Creates a single output dataset combining multiple input datasets.
The tool has the ability to combine point, line, polygon feature classes and

tables.

Make Route Analysis Layer: Creates a route network analysis layer with
its intended analysis properties. A route analysis layer is used to determine

the best route between a set of nodes along a route network.

Add Locations: Adds input features to the network analysis layer.

2.1.3 ModelBuilder

ModelBuilder is classified as a geoprocessing environment providing a user the

ability to easily and effectively link tools to each other. ModelBuilder can run an

operation featuring multiple tools with the click of a button. The ModelBuilder

combines multiple advanced capabilities such as if-then statements and looping [5].

ModelBuilder requires an input of map layers, datasets, and the necessary tools to

process the information. A legend for all features of a ModelBuilder can be found

in Figure 2 and applies to all figures displaying a ModelBuilder in this study. The

process is generated visually in the form of a diagram. The model can either be

12



run in selected segments or all at once [6]. Figure 3 shows an example appearance
of a ModelBuilder diagram. This study utilizes 4 different ModelBuilder instances

and is explained further in this paper.

Variable Tool Group Connectors

| —

Data Variable Value Variakble T Ervironment ©

| |
Logical Tool
Tool

Figure 2. ModelBuilder Legend [7]

@ -
@

Yo

Figure 3. An example of a connected process in ModelBuilder [8]
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2.1.4 OpenStreetMaps

OpenStreetMaps (OSM) is considered to be a volunteered geographical in-
formation (VGI) project. It is one of the most successful project collaborations
over the past 15 years [9]. VGI was forged by Goodchild in 2007 and stated as a
voluntary process of collecting spatial data [10]. The data is stored in a database
where it must be authenticated by GPS and on occasions released to the general
public [9]. This is the fundamental process on how OSM was created and operates
today. It was released in 2004 in response to the limits and restrictions on maps
around the world. The OSM geospatial database is open access to all and operates
under the Open Database License (ODbL). The ODbL provides non-restricting
conditions for continued development of the database [11].

Today, OSM is available to all users however, with OSM being VGI, certain
areas of the world may not have readily available data. In order to obtain this
data, a user can download any area of interest by selecting the area in a bounding

box B in terms of latitude and longitude [12].

B = (latmina lonmim latma:m lonma:c)

The data from B is extracted in Extensible Markup Language (XML). XML
is a markup language and file format used for storing, sending, and repairing
data. It was designed for simple usability across the internet, to support numerous
applications, be human legible, reasonably clear and easy to create [13]. The file
is structured in three primary units of nodes, ways, and relations [14]. Nodes (n)

represent GPS coordinates and represented in the form below.
n = lat, lon

Ways (w)consist of data stored as elements in both linear and area form. It is

14



represented as a collection of nodes and represented below.

w = {nz}zzlk

Relations are represented as r and give previously mentioned geometric entities
the ability to create complex structures [12]. Figure 4 displays how an extracted

bounding box from OSM can be used to obtain a street network in a selected area.
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(a) OSM Map (b) Street Graph

Figure 4. A selected bounding box in OSM is represented in (a) while (b) displays
the extracted route network from OSM [12]

With this data from OSM, the purpose of using it in this study is to obtain
network road data. This data is used within an Open Source Routing Machine
(OSRM). The OSRM section is explained in the next section. OSM is also com-
patible with ArcGIS. There is the potential to import data from OSM to ArcGIS

products and use geoprocessing tools.

2.2 Open Source Routing Machine
OSRM is used to determine the travel distance from point A to B along the
shortest route subject to distance and time. OSRM is capable of determining these

routes between nodes on large referenced datasets for scientific purposes. OSRM
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works in an offline method allowing the user to generate an unlimited number of
requests. It can perform thousands of requests within seconds due to its multipro-
cessor capabilities. OSRM runs in C++ and is compatible with OSM [15]. When
OSRM is run in an offline mode, it provides three specific advantages. Firstly, if the
dataset examined contains sensitive information, OSRM can be performed without
exposing information to other parties. Second, an offline mode reduces the risk
of various commands becoming obsolete. If OSRM is run mutually with a third
party program, there is an increased risk of application programming interface
(API) changes, rendering the OSRM obsolete. Finally, OSRM runs on determinis-
tic data compared to real-time data. Often times, real-time data is requested but
deterministic data gives OSRM an exact time frame to produce results. This can
reduce the potential of misleading information. For example, if real-time results
are calculated during peak or non-peak times and not specified, the final output
can be misleading [15].

In order to run OSRM, an extract of the selected region is required to be
stored on a hard drive disk space. The calculations are performed off an extract
from OSM. OSRM requires a system that supports 64-bit architecture such as
Windows 7 or later [15]. The OSRM is installed and calculations are performed
using the C++ language. A wrapper API can be used to allow scripts written in
Python to interact with OSRM.

As stated in the the previous chapter, past studies have opted to use the
Network Anaylst package within ArcGIS to solve various routing problems. The
Network Analyst package is useful but contains drawbacks. The first is that the
Network Analyst package is only as useful as the input network dataset. It was
determined that the intended region of study for this paper did not have a regularly

available network dataset. ESRI provides its own detailed network dataset through
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its online servers. Every instance run on the online server requires credits and when
processing large datasets it can be costly. Another issue with using the Network
Analyst package by ESRI, is that the algorithm used to solve the routing problem is
slow. The Network Analyst package uses a heuristic based on Dijkstra’s Algorithm
[16]. A breakdown of Dijkstra’s algorithm is explained in the following sections.
Finally, the Network Analyst package does not have a straightforward ability to
calculate hundreds of requests [15]. With these drawbacks, this study decided
to use OSRM and a heuristic containing a genetic algorithm to solve CVRPs in

selected municipalities.

2.2.1 Docker

Docker is an open source container technology that gives a user the ability
to run a virtual machine. A container provides a user the potential to run ap-
plications reliably and quickly between multiple environments while keeping all
code and dependencies packaged [17]. A Docker container image is a standalone
and lightweight package containing all code and dependencies [17]. Docker Engine
and Docker Hub are the two components of Docker. Docker Engine is a an open
source virtualization solution and Docker Hub is a Software-as-a-Service platform
intended for the sharing of Docker Images [18]. The Docker Engine is used to
turn container images into Docker containers at run time [17]. Docker client is re-
sponsible for providing a user interface for all interactions between containers and
the user. The Docker client sends the user input to the Docker daemon through
RESTful APIs. This allows the docker client to run on the same or different host
as the containers [18]. Docker daemon manages and executes all commands for
the Docker containers [18]. Listed in Figure 5 is the operating structure of Docker.
Docker is used in this paper to create a local instance of OSRM. This is done to

reduce dependencies on third parties and is not costly. This paper explains how
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Figure 5. Architecture of Docker [19]

the OSRM instance was initialized using Docker.

2.2.2 GeoFabrik

In order to create a local instance of OSRM with Docker, an OSM base file
is required. An online website called GeoFabrik can provide these large datasets.
The website contains various parts of the world for download. Since OSM is
open source, there are updates by individuals everyday. GeoFabrik states that
any changes that are made to the global OSM database are usually reflected and
available for download within 24 hours [20]. The website contains three types of
downloadable data in PBF file format, Gzip compressed OSM XML, and Bzip2
compressed OSM XML files [21]. A PBEF file is known as a Protocol Buffer File.
When saved in binary format, it leads to an easy and fast data transfer over the
internet due to no overhead [22]. Bzip2 and Gzip are compression schemes. Bzip2
offers better compression than Gzip [23]. This study uses the overlays acquired
from GeoFabrik to create an instance of OSRM using Docker. Displayed below in

Figure 6, is the process flow of OSM, Geofabrik, and Docker.
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Figure 6. Process flow of OSM, Geofabrik, and Docker

2.3 Capacitated Vehicle Routing Problem

The CVRP was first proposed by Dantzig and Rasmer in 1959 and it was not
until five years later that Clark and Wright presented the first heuristics for the
CVRP [24]. The CVRP is a focal problem in the field of optimization research. It
applies to numerous real-world applications such as logistics, collection methods,
and distribution. The CVRP objective is to minimize the total route cost of a fleet
of vehicles with an assigned capacity. The fleet is based from a single depot and
services all customers with a demand subject to constraints [25]. The first con-
straint states that each route must begin and end at the depot. All customers must
be serviced and each customer can only be visited by a single vehicle. Finally, the
total demand of all the customers along the route does not exceeded the capacity
of the vehicles [26]. The CVRP is stated as an NP-Hard problem in combinatorial
optimization problems. This states that there is no known algorithm to solve these
types of problems within polynomial time [27].

This study focuses solely on the symmetric CVRP variation. The CVRP is
modeled on a two dimensional graphical plane and the distance between two nodes
is symmetrical [28]. Documented throughout the literature [27, 29, 25, 30, 28| are
formal definitions and similar information is presented here. A CVRP is modeled
upon a two dimensional complete graph. G = (V,A) is specified as an undirected

graph. V is equal to the set of nodes {0,1, ..., n} also described as customers. Each
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node has a set position along the graph stated as (z;,y;) V; € V. A is equal to the
edges that connect any two nodes and all edges contain a cost of ¢;;. Calculating
the cost between node ¢ to 7 is found by determining the euclidean distance between
the two nodes for each edge (i, j) € A, where i # j. Listed below is the formula

to solve for ¢;;.

cij =/ (wi — ;) + (yi — y;)?

As previously stated, this study focuses solely on a symmetric CVRP stating
that ¢;; = ¢j;. All nodes will be allocated a demand d; that is greater than 0
and represented mathematically as d; > 0V; € V. A sole depot is modeled and
characterized as node 0, which contains no demand. From the depot, a fleet of
homogeneous vehicles stated as K, departs to service all nodes. Each vehicle is
assigned a maximum service capacity of (), which is applied uniformly across the
fleet and represented as d; < @ for each ¢ = 1,...,n. The primary function of the
CVRP is to minimize the overall cost of K vehicle routes that start and end at the
depot where the capacity of each vehicle is not violated while the demand of all
customers is met.

Figure 7 displays a CVRP illustration where there are 12 customers each with
a demand of d;. The distance costs are represented along the edges between each
node. A fleet of four vehicles is available, each with a capacity of @) = 10. Figure
7 shows how one feasible solution is calculated. The set | = {r; Ury Urg U ry} is
the example solution with a total cost of 114. It is necessary to state that it may
not be the optimal solution.

The CVRP is known to have have multiple variations, however the mathe-
matical formulation for the CVRP that is the focus in this paper is listed below
25, 27, 29].

min z = Z Z(Cij) * (245) (1)

i€V jev

20



=5
F’é‘\l__ 6 d11=1
NS ____7___/-_-“.
. 1y
e / \
d,=1.8 10— \
e ey
\2) ~{ 10/
/ / r
1
\8 pN
7 r e i‘/l
4 ~ d,=3
- - 4
A1 | 12
d]—lr: 10— . -
— 95 T 7 d,=4
Ty
p "\E/{\ 2
10 / 7 \ \}L._
/ Iy (o)
/ r3 // 8 ',“' //Bxg d,;=3
S Vo "
(3 Y— (7} (5 —F7\12/
W2 6 S . 4 d.=2
d,=6 d,=3 d,=1 1z

Figure 7. Graphical representation of a CVRP [30]
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The primary objective of the CVRP is to minimize the cost of travel between

nodes through an edge, as stated in equation 1. Equations 2 and 3 are constraints

that guarantee each node is only visited by one vehicle arrival and departure. The

constraints from equation 4 and 5 ensure that K vehicles depart and arrive from
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the depot by setting the values of ¢ and j to 0. C'is a subset of nodes, where the
purpose of equation 6 ensures that the capacity of the vehicles is not violated and
removes the possibility of sub tour formations. Equation 7 determines that A(C)
is the number of vehicles required to service the subset of C. In order to ensure
that there is no disconnection from V\{C} and the minimum condition of service
capacity to satisfy all demands of nodes, only an equal or greater number of trucks
is allowed to enter the subset. In equation 8, each edge is either selected or not
selected by setting the decision variably of z;; to a binary value.

Since the CVRP is considered to be NP-Hard in nature, obtaining an optimal
solution using exact methods is not possible. No algorithm exists which can find
optimally within polynomial time. There are multiple algorithms that exist which
can provide feasible solutions within a reasonable time frame but it can be diffi-
cult to prove whether it is the optimal solution. The CVRP is applied to select

municipalities and solved to estimate recycling transportation costs and emissions.

2.4 Genetic Algorithm

The genetic algorithm is based on natural selection and principles of genetics.
The genetic algorithm includes various advantages such as a large number of vari-
ables, compatibility with continuous or discrete variables, and compatibility with
numerically generated, experimental data, and analytical functions [31]. The first
development is credited to John Holland in 1975. The genetic algorithm generates
a group of results specified as chromosomes to evolve under assigned constraints
to minimize the overall cost of the function [31]. There are two fundamental oper-
ations within a genetic algorithm known as crossover and mutation. The crossover
operation takes the two chromosomes with the lowest cost and recombines the
genetic aspects of the two chromosomes to create parents. Since these parents

will have the highest fitness, they will spread their genes to the next generation
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[31]. The primary objective of the mutation operation is to apply diversity to the
population by changing genes randomly. These two operations provide the ability
to analyze new routes for improved results while concurrently exploring known
solutions [31]. Listed in Figure 8 is a flow chart of the processes of a genetic al-

gorithm. In this study, a genetic algorithm that was specifically created to solve

Generate initial

random population

v

Calculate fitness of
individuals

A

Satisfy stop
criterion?

Selection of the
individuals

v

Select Genetic
Operator

A 4 v

Crossover Operator: Mutation Operator:
Select two individuals and swap Select one individual and
a section of gene between them mutate the genes in it

:/-\"<

Figure 8. Graphical representation of a genetic algorithm process flow [32]

the symmetric CVRP problem is used. The genetic algorithm was created by doc-
toral candidates at the University of Rhode Island. The algorithm description,

architecture, and implementation can be found in [30].
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2.5 ArcGIS and Dijkstra’s Algorithm vs. Genetic Algorithm

As stated earlier, various heuristics have been developed to solve the VRP
and CVRP. The ArcGIS Network Analyst package uses an algorithm based off
of Dijkstra’s Algorithm to solve the VRP. A brief overview is explained on how
Dijkstra’s algorithm works. Also, a comparison of the speed between it and the
genetic algorithm is examined. Dijkstra’s algorithm is a well known algorithm and
is also called the shortest path algorithm. The algorithm determines the shortest
path between two nodes on a graph. It was developed by Dijkstra in 1959. The
main focus and continued development of the shortest path algorithms is to modify
the algorithms to produce results within good time bounds [33]. However, these
algorithms may no longer be fast enough to solve problems such as the VRP due
to the large network size and node counts. Figure 10 is an illustration of Dijkstra’s

algorithm.

[1,2,5,9] = (2+1+7) = 10
[1,2,3,8,9] = (2+1+1+1+1) =6
[1,3,8,9] = (5+1+1) =7
[1,4,7,6,8,9] = (2+2+2+3+1) = 10

Figure 9. Graphical representation of Dijkstra’s algorithm [34]

With both of these algorithms being viable to find a solution for the VRP, the
genetic algorithm was identified to be faster than Dijkstra’s algorithm. Various
studies have shown the speed of using a genetic algorithm instead of Dijkstra’s
algorithm [31, 35]. One study performed a experiment between both algorithms

[31]. Each algorithm was modeled on the same network, with one model using 20
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nodes and the other using 80 nodes. In both cases, the genetic algorithm outper-

formed Dijkstra’s algorithm significantly in finding a feasible solution. Displayed

in Figure 10 is a chart of the study results.

Approach Nodes Size of .COSt Elapsed time
matrix
20 20*20 260 ms
GA
80 80*80 390 ms
20 20*20 1420 ms
Dijkstra
80 80*80 4000 ms

Figure 10. Comparison of a genetic algorithm vs. Dijkstra’s algorithm results [31]

As stated earlier, this study opted to utilize the genetic algorithm. The genetic

algorithm used in this study is specifically built for a CVRP, while the Network

Analyst package can be potentially manipulated to solve CVRPs. Since the Net-

work Anaylst package operates off of an algorithm based on Dijkstra’s, it can be

expected to be slow and inefficient for this study dataset sizes. It was determined

that results will be identified quicker and potentially produce results closer to

optimal using the genetic algorithm. With all programs identified, a model was

constructed utilizing ArcGIS Pro, OSRM, and a genetic algorithm to estimate the

recyclables transportation costs and emissions within municipalities.
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CHAPTER 3

Model Formulation

3.1 Overview of the Model

In order to estimate the recycling transportation costs and emissions within
municipalities, the construction of a model using multiple data sets and applica-
tions for data processing is required. The basic flow of the model is structured into
four sections of node formulation, distance and duration matrix generation, route
optimization, and route visualization. Node formulation concentrates on obtain-
ing housing datasets for the target municipality and identifying the coordinates
of nodes. These coordinates are to be used within the CVRP and obtain a feasi-
ble solution. The distance and duration matrix section focuses on obtaining the
distances and duration data between nodes along road networks. The following
section of route optimization focuses on using a genetic algorithm to obtain feasi-
ble routes within the municipality. The final section of route visualization displays
all of the feasible routes graphically. The flow chart of the model can be seen in
Figure 11. Each section of the model is examined and individual process flows are

available for each section.

3.2 Node Formulation

The first part of the model performs the creation of nodes and their coordinate
systems. The overall process requires obtaining housing address, coordinates, road
networks, and municipal data. The data is obtained from online databases and the
municipalities themselves. The data requires organization and uniformity to flow
through the processes. The data is processed and passed through three various
ModelBuilders within ArcGIS Pro. The final output of the node formulation pro-

cess contains all nodes within the selected municipality and their coordinates. This
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Figure 11. Entire model process flow

data then enters the distance and duration matrix section. Displayed in Figure
12 is a detailed flow chart of the data and processes within the node formulation

section.

3.2.1 The Rhode Island Geographic Information System

The first step in the node formulation process requires a collection of the
base GIS overlays for the individual municipalities. The place identified to obtain
these is through the The Rhode Island Geographic Information System (RIGIS)
website. RIGIS provides a diverse set of geographical referenced datasets on topics
related to the environment, transportation, and infrastructure [1]. From the RIGIS
website, four different shapefiles are obtained to use in the model. Municipalities
(1997) is the first dataset acquired and is used for representing the boundary
lines for Rhode Island municipalities. The second shapefile called RIDOT Roads
(2016) was used for a graphical representation of all transportation highway, roads,

and streets within the state of Rhode Island. The third overlay of Active Solid
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Figure 12. Overview of node formulation section

Waste Facility Sites is used to provide the location of transfer stations within each
individual municipality. The final dataset obtained from the RIGIS website is the
E-911 Sites dataset, which contains all addressed and unaddressed locations and
coordinates in the state of Rhode Island. These four datasets, in combination with
data obtained from each municipal tax assessor, provides the foundation of the

model.

3.2.2 Municipal Tax Assessor Data

The purpose of obtaining data from various municipal tax assessors in the
state of Rhode Island is due to the E-911 Sites dataset not providing a classi-
fication field to distinguish residential houses. Each Rhode Island municipality
has a database containing all structures and their classifications. This database is
contracted through Vision Government Solutions. The databases contains a field
distinguishing the type of property [2]. The database allows for a singular property
to be examined at once with no option to sort by type of property. An identified

solution to obtain the data of all residential houses, is to contact each individual
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municipality tax assessor. The municipal tax assessor has the ability to sort the
requested properties. All municipalities in Rhode Island were contacted. Listed in
Table 3.2.2 are the municipalities within the state of Rhode Island who provided
acceptable residential housing data. Together with the data obtained from RIGIS,
addresses could be assigned coordinates and distinguished as residential houses. In
order to standardize the data to proceed into the next step of the model, each indi-
vidual Excel sheet obtained from a Rhode Island municipality had to be matched
with a copy of the E-911 Sites. The process was performed using Excel functions
to standardize the data due to the varying formats provided by each tax assessor.
Once the data fulfils the criteria to fit into the model, the data can be imported

into the first ModelBuilder.

Rhode Island Municipalities
1. Pawtucket | 4. South Kingstown 7. Bristol 10. Westerly
2. Glocester 5. Charlestown 8. Little Compton | 11. West Warwick
3. Portsmouth 6. Richmond 9. Scituate

Table 1. All Rhode Island municipalities that provided residential housing data.

3.2.3 Address Import Model Builder

With all of the data obtained and standardized, the first ModelBuilder is exe-
cuted in ArcGIS Pro. Displayed in Figure 13 is the ModelBuilder import addresses
process flow and the legend can be found in Figure 2. The ModelBuilder begins
with selecting the Excel spreadsheet of the chosen municipality. The first tool in
the model imports the Excel sheet to a table in ArcGIS Pro. To finish the model,
the imported table with the addresses and coordinates is converted to XY points
and added to the map. The columns are labeled as X and Y to effortlessly match
the input parameters of the X and Y field. The coordinates are applied to the
GCS_WGS_1984 coordinate system. The GCS_-WGS_1984 is used as the default

coordinate system throughout the model. At the conclusion of the first Model-
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Builder all residential houses in the selected municipality are added into ArcGIS

Pro. The points are further analyzed and manipulated in the next ModelBuilder.

Clean
Residential . XY Table To
Addresses + Excel To Table = E911SitesTable - Faint - E9115ites
Pawtucket xlsx

Figure 13. ModelBuilder Import Addresses

3.2.4 Preliminary Municipal House Clustering Model Builder

The second ModelBuilder module starts the preliminary stage of clustering
the residential houses. Due to the large amount of residential housing in various
municipalities, clustering of residential houses is required to limit the number of
nodes. Displayed in the Figure 14 is the preliminary municipal house clustering
ModelBuilder and the legend can be found in Figure 2. The first step in the model
is importing the three datasets of RIDOT Roads 2016, the imported residential
addresses of the selected municipality from the previous ModelBuilder, and the
Municipalities 1997. All three of these datasets are projected to ensure that they
are on the same coordinate system of GCS_WGS_1984. The residential houses
within the municipality are displayed on the map. Next, the select layer by at-
tribute tool are used on the RIDOT Roads 2016 dataset. In order to select and
display all of the roads segments within the desired municipality, an expression of
“LTWN” = “Selected Town” AND “RTWN” = “Selected Town” is applied. The
“Selected Town” field will change to the municipality name of the intended region
of study. LTWN stands for left town and RTWN stands for right town. This
specifies which municipality is on either side of the road segment. Therefore, the

expression only selects roads that are fully within the selected municipality. The
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clip tool is used to take the original projected road networks as the input and apply
the selected roads segments as the clip feature. The same process is performed for
the Municipalities 1997 dataset. The select layer by attribute expression “Name”
= “Selected Town” is used to identify the desired municipality. Once the munic-
ipality is selected, the clip tool is used again by applying Municipalities 1997 as
the input dataset and the clip feature is the selected municipality. Once the two

processes are preformed, the municipality and road segments are displayed in the

maps.
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Figure 14. ModelBuilder Preliminary Municipal House Clustering

With all of the residential addresses displayed in the map, the preliminary
clustering begins by using the multivariate clustering tool. The input features are
the residential houses and the selected analysis fields are the X and Y coordinates.
ArcGIS Pro uses k-means algorithm for clustering. The k-means algorithm objec-
tive is to find local optimal solutions, while reducing the clustering error [3]. The
algorithm will identify a set of centroids specified as k in regards to all of the dat-
apoints X and Y coordinates. The algorithm assigns all datapoints to the nearest
centroid. The algorithm looks to minimize the centroid size and provide a feasible
solution. ArcGIS Pro limits the number of clusters to 30. The tool provides a

second algorithm of k-medoids, which minimizes the sum of dissimilarities of data
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objects [4]. K-medoids is more sensitive to outliers but k-means is faster than k-
medoids and favors large datsets [5]. The tool requires an initialization method for
determining the location of the first cluster. The selected method is the optimized
seed location. This method randomly selects a location to apply the first cluster.
It follows by placing the next clusters in the farthest opposite direction in regards
to the X and Y coordinates [5]. Once the process is completed, the table to Excel
tool is used to export each residential house, the X and Y coordinate data, and the
corresponding cluster ID. Finally, the “split by attributes” tool is used to select all
nodes within each individual cluster and create a new feature class for each cluster.
Figure 15 displays an example output from the first and second ModelBuilders.
The analyzed and created data from the first and second ModelBuilder is used in

the final ModelBuilder to complete the node formulation section of the model.

%)

X
| Tagd

Figure 15. Preliminary municipal house clustering in the municipality of Paw-
tucket, Rhode Island
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3.2.5 Secondary Node Clustering Model Builder

The objective of the final ModelBuilder, cluster minimization, in the node
formulation section is to re-cluster within the newly formed clusters. This is done
to increase the overall node count. The overall flow of the third ModelBuilder is
displayed in Figure 16 and the legend can be found in Figure 2. The first step
in the process is to add the new feature class data sets to the model. With the
feature classes added to the drawing order, the final ModelBuilder can be validated
and run. Figure 16 shows a single instance of a previous feature class being re-
clustered. This ModelBuilder contains a total of 30 replications of Figure 16. If
the previous ModelBuilder did not generate the potential 30 clusters. The current
ModelBuilder will process exactly the number of clusters that were created in the

previous ModelBuilder.

False = Mean Cenler ». Output Feature

» If Row Count Is

T29
Spatially
*  Constrained " _
Multivariate = T29_Spatially... *= Mean Center (2) = T29_Spatially...
Clustering
«
¥ 4 -
Tre TaaT Table ;I;o] Excel - T29.x0s

Figure 16. ModelBuilder Cluster Minimization

The cluster minimization begins with a logic tool examining the row count in
the attribute table. The objective of this tool is to determine if the cluster needs
to be reduced due to the number of houses already assigned to the cluster. If the
row count is less than 50, the process flow will move to the mean center tool. The
feature class is set as the input feature class and the tool will find the center point

of all houses within the cluster. The center point of the cluster is added to the map.
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If the row count is greater than 50, the process progresses towards the spatially
constrained multivariate clustering tool. Similar to the previous clustering tool,
this tool allows for manipulation of the cluster size in relation to the X and Y
coordinates of the nodes. The input feature class is the cluster from the previous
ModelBuilder and the X and Y coordinates are set in the analysis field. The
cluster size constraint field is set to a minimum number of 5 houses per cluster
and a maximum of 40. The tool specifies a field for spatial constraints. The tool
guarantees that all members of the new cluster are nearby and a feature will only
be included in the cluster if it has at least one natural neighbor. The spatial
constraint field uses a trimmed Delaunay triangulation method. This creates a
mesh of triangles that are non-overlapping and originate from the center of each
feature. Nodes that share an edge are considered natural neighbors [6]. The
triangles are then clipped with the use of a convex hull. A convex hull is specified
as the smallest convex polygon that encloses all of the points in a set [7]. The
convex hull is specified by the minimum and maximum cluster size parameters.
Displayed in Figure 17 is an output from Delaunay triangulation.

Once the spatially constrained multivariate clustering is complete, the process
moves to complete the mean center for each of the new clusters. The case field
input is specified as the new cluster ID formed from the previous tools. Once the
mean center points are produced, they are displayed on the map. Finally, the table
to Excel tool is used to export all of the individual houses within their final nodes
and their individual coordinates. Displayed in Figure 18 is an example output of
all three ModelBuilders in the node formulation section. The large green circles
are the centroids of the final clusters of residential houses. The smaller circles are
individual houses and the color represents the cluster they belong to. This applies

to all figures that display the preliminary and final clustering of nodes within a
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Figure 17. Delaunay Triangulation [8]

municipality in this study.

3.2.6 Node Coordinate Merge and Export

The final component of the node formulation section prepares the nodes for
export to the distance and duration matrix generation section. The process begins
by selecting the desired transfer station within the selected municipality. Once the
transfer station is identified, the merge tool is used to combine all nodes into one
table. All nodes produced from the final ModelBuilder are selected and merged
with the transfer station. This creates a table with all nodes and their coordinates.
Once this is completed, the table to Excel tool is used to export the table for use
in the following sections of the model. Once the Excel sheet is generated, the sheet
is standardized and the object ID of each node must be reduced by 1. This ensures
that the first node (transfer station) is set to 0. Once the process is completed,

the data is ready to be implemented in the distance and duration matrix segment.
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Figure 18. Node formulation final output of clusters within Pawtucket, Rhode
Island

3.3 Distance and Duration Matrix

The purpose of the distance and duration matrix segment is to obtain the
distances and duration between all nodes following road networks. With the node
coordinates available, an instance of OSRM is created. In order to generate the
instance of OSRM, the use of Docker is required with overlays obtained from
OSM. Once the instance of OSRM is generate, a Python wrapper is used. A
Python script is executed to obtain the distance and duration matrices for the
selected municipality. Once the matrices are generated, the data moves to the route
optimization section. There, the genetic algorithm is run to determine feasible
routes within the municipality. Displayed in Figure 19 is the process flow of this

segment.

3.3.1 OSRM Initialization
The first step in creating an instance of OSRM backend with Docker is down-
loading Windows Subsystem for Linux (WSL) and Docker. The process requires

an OSRM container to be set up for the backend. The documentation and liter-
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Figure 19. Distance and duration matrix generation model flow

ature can be found in D. Luxen and C. Vetter (2011) [9]. The next step in the
process is obtaining the data from Geofabrik for the intended region of this study.
This paper focuses on municipalities within the state of Rhode Island. A decision
was made to download the U.S latest northeast OSM data. Once the data was ob-
tained, the routing engine was started on a local HT'TP server on port 5000. The
OSM data can be processed and specifying the mode of transportation by “car”
is required. Figure 20 provides the commands required to pre-process the extract.
The first line extracts the OSM data. The second line partitions the data. Finally,
the third line specifies any customizations related to the OSRM in the selected
region. These three lines are the fundamental process of creating an OSRM.

In these lines, -v "$PWD: /data” is the flag which creates the directory data
located insides of the docker container and makes the user’s current directory
available. Finally, the first instance is created by running the command in Figure
21.

The —max-table-size 1 x 10° is added to the command to allow OSRM to
generate any size matrix with a size constraint of 1 x 105. With an instance of

OSRM created and running within the intended region of study, a Python script
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docker run —t —v "\${PWD}:/data” osrm/osrm—backend osrm—
extract —p /opt/car.lua /data/us—northeast—latest.osm.

pbf

docker run —t —v "\${PWD}:/data” osrm/osrm—backend osrm—

partition /data/us—mortheast—latest.osrm

docker run —t —v "\${PWD}:/data” osrm/osrm—backend osrm—

customize /data/us—northeast—latest.osrm

Figure 20. OSRM creation commands

docker run —t —i —p 5000:5000 —v "\ ${PWD}:/data” osrm/
osrm—backend osrm—routed —algorithm mld —max-table

—size 1000000 /data/us—mortheast—latest.osrm

Figure 21. OSRM initialization command

was used to process the data obtained from the previous section.

3.3.2 Python Wrap Around

With an instance of OSRM running on Docker, a Python script is created

using the a python wrapper called python-osrm to interact with OSRM. The doc-
umentation and dependencies of the wrapper are found in D. Luxen and C. Vetter

(2011) [10]. Figure 22 is the script created to generate the distance and duration

matrices.

the nodes and their coordinates.

The first process in the script requests configuration of the local host on port

5000, where the docker container is running. Once configured, the script imports

turned into a list. Once turned into a list, two OSRM tables are created: one

41

The data is extracted from the Excel file and



import osrm

osrm. RequestConfig

osrm. RequestConfig.host = "http://localhost:50007
osrm. RequestConfig

import pandas as pd

list _.coord = pd.read_excel(’SelectedTownClusterMerge. xls )

list _coord = list_coord.iloc[:,1:3]

list_coord = list_coord.values. tolist ()

distance_matrix = osrm.table(list_.coord , annotations = ”
distance” , output = ’pandas’)

duration_matrix = osrm.table(list_coord , annotations = "
duration”, output = ’pandas’)

distance matrix [0].to_csv(’locations.csv’)

duration_matrix [0]. to_csv(’location_duration.csv’)

Figure 22. Distance and duration matrix generation script

specifying the distance between nodes, and, the other specifying the duration be-
tween nodes. When generated, the tables will create the values abiding by the
OSM overlay specifications such as road network obstacles, one-ways, and speed
limits. Once the matrices are generated, they are exported to csv files, where they

move to the next section of route optimization.

3.4 Demand Generation

With the distance cost between each node created, the demand data of each
node is required for the genetic algorithm. Each node represents a housing cluster.
The capacity of each truck was set to a maximum number of nodes a truck could

service within an 8 hour period. Listed in Table 2 is the node, recycling, and
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capacity data for all of the selected Rhode Island municipalities. The data used
to generate this table is obtained from the Rhode Island Resource Recovery Co-
operation (RIRRC) 2021 Municipal Summary and Charts [11]. The average refuse
truck has the ability to hold a total of 31 cubic-yards of recyclables, which roughly
equates to 14,000 pounds of recyclables [12]. In this study, all municipalities use a

31 cubic-yard truck.

Town Population Households Square Nodes Houses Tons of Pounds Truck
Miles per Nodes Recy- per Week Capacity
clables per per Node
Year
Bristol 22,226 6,758 9.79 215 31.43 2373 435.48 14
Pawtucket 75,387 9,855 8.67 277 32.33 6309 345.33 14
South 31,851 8,356 56.37 268 31.18 5792 977.91 14
Kingstown
Charlestown 8,072 4,598 36.54 158 29.10 256 191.31 14
Glocester 10,087 1,342 54.23 53 25.32 936 293.19 14
Little 3,484 1,611 28.9 57 28.26 526 299.77 14
Compton
Portsmouth 17,754 5,290 23.03 178 29.72 834 490.63 14
Richmond 8,165 1,860 40.32 66 28.18 718 411.11 14
Scituate 10,404 3,071 48.13 115 26.70 1276 460.8 14
Westerly 23,483 8,616 29.47 283 30.45 5012 807.36 14
West War- 31,188 6,223 7.83 208 29.92 2576 391.46 14
wick

Table 2. Demand Matrix

Each node is assigned a demand and each truck a capacity. A cluster of houses
represented by a node will be serviced by a truck if it does not violate the vehicles
capacity. The vehicle capacity incorporates both the service time and collection
space of the vehicle. An Excel sheet with the amount of nodes in the selected
municipality is created. A value between .90 and 1.1 was randomly generated
for each node. This is used to avoid assigning each node a value of 1. This
was used to create diversity between each node without significantly altering the
model. Refuse truck models vary between municipalities such as front loading, rear
loading, and automated side loading. Each of these truck models vary in service
time. An example refuse truck model of a 31 cubic-yard rear loader, performs

a cycle time in 21-23 seconds [13]. In this study, all municipalities individual
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households are assigned a service time of 1 minute. This simulates a potential real-
world situation and provides a time buffer of the vehicle performing the service
and traveling to the next house. Therefore considering the average amount of
households within all municipalities, a truck capacity of 14 is assigned to each
vehicle. This determines each truck will not exceed the amount or recyclables
collected on a route or the total service time on a route of 8 hours. The depot
value is set to 0 because there is no demand. The municipality of South Kingstown
provided a monthly breakdown of recyclable collection. The information displayed
a peak month increase of recyclables at 28%. Therefore, each town was given an

increase of 28% to estimate the maximum potential costs and emissions.

3.5 Route Optimization

This section uses a genetic algorithm to solve the CVRP within the selected
municipally and produce a set of feasible routes. As stated earlier, a duration
matrix was obtained from the previous segment. It displays the duration of travel
between two nodes and takes into account constraints pertaining to the road net-
work. The genetic algorithm documentation relating to the architecture is found
in M. F. Abdelatti and M. S. Sodhi (2020) [14]. In order to apply the newly
generated duration matrix, the algorithm is modified to read in a duration cost
matrix instead of the algorithm calculating one. Since this genetic algorithm is
used to solve a symmetric CVRP, a modification to the matrix is required. The
OSRM matrix produces an asymmetric matrix due to the constraints along a road
network. This means that the CVRP no longer follows an undirected graph but
rather a directed graph resulting in ¢;; # ¢;;. In order to use the genetic algorithm,
the matrix is modified to become symmetric and follow an undirected graph. The
matrix is transposed and added to the original matrix and the average between

the two is taken. This produces a symmetric matrix, while still taking into consid-
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eration aspects of a road network. Along with the duration matrix, the demands
of each municipality are used. Displayed in Figure 23 is the process flow of this
section. Once all of the processes are completed, the feasible routes are displayed

visually using ArcGIS Pro.
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Figure 23. Route optimization process flow

3.5.1 Matrix Read in Modification and Parameter Selection

The first modification applied to the genetic algorithm is within calculation
of the cost table. The original cost table was calculated by obtaining the x and
y coordinate of each node and determined the shortest path between nodes using
euclidean distances. Instead, the algorithm is modified to directly read in a pro-
vided cost table. Within the main function of the genetic algorithm, the cost table
is added along with the demands. Before executing the genetic algorithm, a series
of input parameters are specified. Figure 24 shows all of the parameters requiring
specification.

The first parameter, city, requires the user to specify the municipality being
observed. The number of nodes is represented by q and signifies the number of

nodes within the municipality excluding the depot. The number of nodes is used to
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#City

city="Pawtucket”

#Number of Nodes

q = 223

#Population Size Multipler
n = 20

# number of generations
generations = 20000
#Truck Capacity
vrp_capacity = 28000
#threshold value

opt =0

#Crossover Mutation Rate
crossover _prob = 60
#Mutation Prob

mutation_prob = 30

Figure 24. Genetic algorithm parameter specifications

generate the population size, which is represented by n. The generations parameter
is used to specify the number of generations the problem will run. The vrp_capacity
represents the capacity of each truck along a route. The opt variable specifies the
optimal solution to the problem, if it exists. If the optimal solution value does
not exist or is unknown, a value of 0 is used to obtain a feasible solution. The
crossover_prob and mutation_prob state the crossover mutation rate and mutation
probability. Theses values are fixed at 60 and 30, respectively, for all cases. This is
determined by design of experiments and recommendations from the architect of

the genetic algorithm used in this study. Once all of the parameters are specified,
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the genetic algorithm is run to obtain feasible routes for the intended municipality.

3.5.2 Route Output
Once the genetic algorithm is completed, a text file is produced with feasible

routes. An example output is displayed in Figure 25.

#City

city="Pawtucket”

#NumbProblem City: Pawtucket Average

Nodes: 278

Solution Cost: 65857

Population Size: 6000

Generations: 10000

Capacity: 14

Solution: [148, 149, 150, 151, 152, 153, 154, 155, 156,
., 0]

Figure 25. Sample output from the genetic algorithm

The file displays all of the input parameters specified to obtain the solution.
The solution cost displays the time required to service all nodes without violating
the capacity constraint of the vehicle. All of the solutions begin at the depot, iden-
tified as node 0. The vehicle moves to the first node specified as the first number
in the solution list. The vehicle travels between nodes in order corresponding to
the numbers in the list. Once the solution list displays 0, the vehicle returns to
the depot and a new route is started. All of the route data is processed in Excel to
interpret the time and distance of each individual route. Finally, the visualization

data is added to a Excel sheet and sent to the route visualization section.
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3.6 Route Visualization

With the genetic algorithm providing feasible routes for recycling pickup
within Rhode Island municipalities, a visual representation is needed to display
the results. The output from the genetic algorithm requires some Excel process-
ing to standardize the data. Once the data is uniform, the data is added back to
ArcGIS Pro. Each route is added to an individual Excel sheet that contains an Ob-
jectID. The ObjectID is unique and represents the order of the route. The file also
contains the field of node ID and the coordinates. Another ModelBuilder is used
to add the routes visually to the map. Multiple routes can be examined at once
or individually. Listed in Figure 26 is the process flow for the route visualization

segment.
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Figure 26. Route visualization process flow

3.6.1 Route Importation Model Builder

Before running the visualization ModelBuilder, the overlay of RIDOT Road
2016 is used to enhance the graphical display of the road network. The default
ArcGIS World Topographical Map is used to display the target region. Displayed
in Figure 27 is the process flow of the visualization ModelBuilder and the legend

can be found in Figure 2.

48



RIRoadsND » Make Route - Setup 1

Analysis Layer = Add Locations — » Route 1({2)
'
Mok XY Table T
Peak Route » ExcelToTable — | SKRoutel_Ex.. - - auie 1o ~  MNodesRouted
1.xlsx Point

Figure 27. Final output of route visualization in Pawtucket, RI

The process begins with the construction of a network dataset. The network
dataset is created using the RIDOT Roads 2016. There is no routing or calculations
performed on the network dataset. It is used for a strictly visual purpose. Once the
RIRoads network dataset (RIRoadsND) is created, the make route analysis layer
tool is used to create the analysis layer. Next, the individual routes are transferred
from the Excel sheet to a table in ArcGIS Pro by using the Excel to table tool.
The nodes for each route are added to the map by using the XY Table to Point
tool. With the network analyst layer created and nodes applied to the map, the
network analyst tool, route, is used to display the routes. When using the route
tool, it requires all of the nodes to be added as stops. The order is specified by
using the ObjectID field, which determines the order of the nodes along the route.
Once completed, the nodes are displayed on the map with a number corresponding
to the order of pickup. The first node after the depot is displayed as 2 and the
highest number of the route is the truck returning to the depot. Each route is
represented by a different color. This applies to all figures that display the final
output of routes in this paper. Shown in Figure 28 is a completed process of the
model graphically displayed. In the following chapter, the routes are examined and
the transportation cost and emissions of the recycling hauling is estimated within

each municipality.
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Figure 28. Route visualization flow process
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CHAPTER 4

Route, Cost, and Emission Results

4.1 Results Overview

Each of the 11 municipalities in the state of Rhode Island are examined. The
individual municipalities are examined in two segments of clustering and routing
results as well as cost and emission estimations. The results and estimations in each
segment are calculated over a weekly period. Within the clustering and routing
results the number of nodes, identified houses, total solution cost, longest and
shortest routes considering duration and distance, the number of routes reaching
maximum capacity, and the number of trucks required to service all routes is
examined. To estimate travel distances between nodes along the road network,
the inter-node travel distance between houses is taken into account. Due to the
geographical diversity of Rhode Island municipalities, determining the inter-node
travel distance is complex. To simulate the added distance, a value of 15 feet is
added to provide some significance to the inter-node travel distances. This value
was used because any new development must be built between 5-15 feet from the
existing structure and property line depending on the local zoning requirements [1].
In the future work of this study, this value must be calculated using a sensitivity
analysis or geoprocessing tools in ArcGIS Pro. The inter-node travel distance is
included within calculations determining travel distance. In order to assign a truck
to a route, linear programming is required to determine the greatest amount of
routes a truck can perform in a single day without violating an 8 hour work day
constraint. This will be further explored in the following sections.

The cost and emission estimations segment examines the total travel distance
of all trucks, the estimated required gallons of diesel, estimated diesel cost, es-

timated wages of workers, estimated amount of recyclables collected, estimated
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ton-mile of recyclables, and estimated CO2 emissions of each municipality. Since
a specific truck model is not identified, an estimated miles per gallon is identified
to be 3 from various stuides [2, 3, 4]. The current price of diesel in the state of
Rhode Island was found to be $6.194 [5]. Finally, the hourly worker wages in the
90th percentile of Rhode Island is found to be $24.91 [6]. Two workers are required
for each truck. The wages are estimated by multiplying the total duration by the
hourly rate. The amount of recyclables collected is calculated based on data pre-
viously stated. The emission factor of a diesel truck is identified as 161.8 grams of
CO2 per ton-mile [7]. With these values the total CO2 emissions of an individual
truck can be estimated [7]. Due to the complexity of determining the constantly
changing emission value between houses, a maximum value of emissions of a truck

is used for the entire route.

4.1.1 Bin Packing Problem and Linear Programming

Since the genetic algorithm provides feasible routes within a municipality, the
ability to assign multiple routes to a truck arises. In order to assign the maximum
amount of routes to the least amount of trucks, the classic bin packing problem
(BPP) is used. The BPP has been studied since the early 1970s and is commonly
used in production planning and control systems. Similar to the CVRP, the BPP
is NP-Hard in nature and is usually solved using custom heuristics [8]. The BPP
normally contains m items and n identical bins where the objective function is to
assign the maximum items to a bin without breaking the capacity constraint. The
overall objective of the problem is to minimize the number of bins [§]. For this
paper, instead of using items and bins the BPP is applied to trucks and routes.

The objective of the function is to minimize a set of A trucks represented as n
and applying the maximum amount of set B routes represented as m. Each truck

n is assigned a capacity ¢ and each route m is assigned a distance cost of d;. The
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capacity c is a set value where only a specific amount of routes can be applied to
a truck without violating the capacity. The mathematical formulation has been
adapted to fit this problem, which is be found below and in equations 1 to 4 and

is described as an integer optimization problem [8].
min Z T} (1)
j=1
subject to Z dixRij <cxT; Vj (2)
i=1
i=1
Z Rij=1 Vj (3)
T; €{0,1} (4)

R;; € {0,1} (5)

Where T; and R;j are binary decision variables described in equation 6 and 7

~ 1, if truck j is used
Ti= {0, otherwise (6)
R — 1, if route 7 is assigned to truck j (7)
10, otherwise

Equation 1 is the objective function aiming to minimize the amount of trucks.
Equation 2 is the first constraint, which states that the routes added to the truck
cannot exceed the capacity. The second constraint in equation 3 states that each
route must be added to a truck. Finally, equations 4 and 5 represent that the
variables musts be binary. If a collection of routes exist whose sum is less than
or equal to 8, then without loss of generality, the collection can be assigned to a
truck. In Excel, a custom heuristic is recursively defined. If a feasible solution
exists, remove a truck and run the algorithm again [9, 10]. This process should be
repeated until no feasible solution exists. Upon reaching the infeasible solution,

add the previous truck to obtain the preceding feasible solution. The amount of
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trucks required for the feasible solution should be applied over a 5 day week. If
5 trucks are required to service a municipality, 1 truck can be used over a span
of 5 days. In the next sections, results of the model are found for the selected

municipalities in the state of Rhode Island.

4.2 Bristol Clustering and Routing Results

Bristol is a coastal municipality located in the eastern part of the state of
Rhode Island. The current estimated population of Bristol is 22,226. The popula-
tion per square mile is 2,297.8. The overall land area of Bristol is 9.79 square miles
[11]. Bristol generated 215 nodes after the final clustering stage. The average num-
ber of residential households per cluster is 31.43 with a total of 6,758 households
being identified within the municipality. The transfer station identified in Bristol
is located at 6 Minturn Farm Rd and is used as the depot for this municipality
[12]. The output from the genetic algorithm displayed a total solution time of
119,380 seconds and a total of 16 routes are generated. In total, 11 routes fulfilled
the maximum capacity of 14 nodes with the longest total duration being route 7.
Route 7 duration is found to be 4.58 hours. Route 7 also presented the longest
total distance between nodes at 27.286 km. The shortest total duration of a route
is route 16, completing the journey in 3.3 hours. The shortest total travel distance
between all routes is route 15. It completes the journey within 14.34km but a
duration of 4.02 hours is required. The BPP output identified that 3 trucks can be
used to service all of the routes within Bristol. Truck 1 must perform route 1 and
6 on the same day and Truck 2 must complete route 13 and 16 on the same day.
The clusters and all of the routes are shown in Figures 29, 30, 31. The individual

routes of Bristol are displayed in Appendix A.
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Figure 30. Final clustering results of Bristol, RI
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Figure 31. All routes in Bristol, RI

4.3 Bristol Cost and Emission Results

The 3 trucks required to service Bristol complete all of the routes in 229.99
miles and a duration of 65.9 hours. This equates to a total of 76.66 gallons of
diesel estimated to service the municipality. The two workers per truck resulted
in an estimation of $3,283.14 in wages and a total fuel cost of $474.85. The total
weight of recyclables hauled in Bristol is estimated at 46.15 tons with a total ton-
mile value of 3,586.23. Finally, the total estimated emission of all trucks in Bristol
resulted in 5.80 metric tons of CO2. Appendix A contains the figures for the costs

and emissions of individual trucks.

4.4 Pawtucket Clustering and Routing Results

The city of Pawtucket is located in the northeast of Rhode Island and has a
population of 75,387. The land area in square miles is found to be 8.67 with a
population per square mile of 8,732 [13]. After processing using the model, a total
of 277 nodes was used with approximately 32.33 houses per node and identifying

9,855 houses. The genetic algorithm provided an output of 21 routes and a total
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solution time of 198,371 seconds. The depot node specified for Pawtucket is the
Blackstone Valley transfer station located at 240 Grotto Ave [12]. Pawtucket is
one of the municipalities to produce the most amount of routes at 21. The smallest
route, 21, contained a total of 9 nodes, or 291 households. Out of the 21 routes,
only 10 routes were filled to the max capacity. The shortest route duration was
also route 21 taking only 2.76 hours to complete the entire route. Route 21 is the
shortest in total travel distance at 13.62 km, however route 16 fulfilled service to
13 nodes within 3.85 hours but only traveled 13.73 kilometers. The route with
the longest total duration is route 20 at 4.44 hours and the longest total distance
belongs to route 9 at 29.45 km. The custom heuristic for the BPP found that a
total of 4 trucks is needed to service Pawtucket. Truck 1 must fulfil routes 3 and
15 on the same day. Truck 2 must complete routes 12 and 21 on the same day
and truck 3 must perform route 4 and 16 on the same day. The clusters and all
of the routes are shown in Figures 32, 33, 34. The individual routes of Pawtucket

are displayed in Appendix B.

Figure 32. Preliminary clustering results in Pawtucket, RI
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Figure 33. Final clustering results of Pawtucket, RI

4.5 Pawtucket Cost and Emission Results

With a total distance traveled of 283.08 miles and total completion time of
85.93 hours, Pawtucket created a total diesel fuel cost estimation of $584.47 from
an estimated 94.36 gallons. Pawtucket totaled $4,281.23 dollars in estimated wages
between all the workers and trucks as well as an estimated hauling total of 47.82
tons. The total ton-mile was estimated to be 3,586.39 and estimated totaled emis-
sions were 5.80 metric tons of C02. Displayed below in Appendix B are all of the

individual truck estimations.

4.6 South Kingstown Clustering and Routing Results

The city of South Kingstown is located in southern Rhode Island with an
approximate land area of 56.37 square miles. The population is estimated to be
31,851 with 566.5 people per square mile [14]. South Kingstown produced a total
of 268 nodes, similar to the city of Pawtucket but with only half of the population.
This is most likely due to the fact that South Kingstown is a suburban district
compared to Pawtucket being an dense urban city. South Kingstown is likely to

contain more single family households compared to Pawtucket due to the large
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Figure 34. All routes in Pawtucket, RI

land area. From these 268 nodes, an estimated 31.18 houses per node and 8,356
households were identified. The genetic algorithm produced a total solution time of
345,117 seconds and a total of 20 routes. The depot identified for South Kingston
is the Rose Hill regional transfer station located at 163 Rose Hill Rd. A total of 11
routes fulfilled the maximum capacity [12]. The shortest route in total duration
and distance is route 1, completing all travel in 3.6 hours and 29.29 km. The two
longest routes in both duration and distance are routes 13 and 16. While route
13 completes all travel duration at 5.68 hours, it traveled less in total distance at
84.70 km. In comparison, route 16 completes all travel duration within 5.65 hours
but travels a total distance of 91.85 km. Once the custom heuristic is performed,
a total of 4 trucks is determined to service South Kingstown. Truck 3 is required
to perform routes 1 and 18 on the same day. The clusters and all of the routes
are shown in Figures 35, 36, 37. The individual routes of South Kingstown are

displayed in Appendix C.

4.7 South Kingstown Cost and Emission Results
South Kingstown is estimated to potentially be one of the costliest and highest

emitters of CO2. A total of 643.71 miles are completed between all routes in
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Figure 36. Final clustering results of South Kingstown, RI

South Kingstown requiring an estimated 214.57 gallons of diesel. The estimated
fuel required is found to be $1,329.05 and estimated wages are calculated to be
$4,722.40. In regards to emissions, a estimated total of 131.04 tons of recyclables
are collected with a total ton-mile of 21,393.02. Together, it is determined that the
total estimated emissions of CO2 in South Kingstown is 34.61 metric tons. The

individual break down of costs and emissions of trucks can be found in Appendix
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Figure 37. All routes in South Kingstown, RI

C.

4.8 Charlestown Clustering and Routing Results

Charlestown is a coastal municipality in southern Rhode Island. Charlestown
has a population estimated to be around 8,072 [15]. The area is determined to
be 36.54 square miles and the population per square mile is 218.9. A total of 158
nodes are calculated with an estimated 29.1 households per node and a total of
4,598 households are identified. The transfer station in Charlestown is called the
Charlestown Residential Collection Center with an address of 50 Sand Hill Road
[12]. The genetic algorithm determined a total of 12 routes within Charlestown
and a total solution time of 212,505 seconds. Half of the capacities are filled to
the maximum with the lowest being a capacity of 9. The shortest route in total
distance and duration is route 9 traveling 34 km within 3.01 hours. The longest
route in regards to total duration is route 9 at 4.84 hours while traveling 55.35

km. The longest route in regards to total duration is route 6 which travels 61 km
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within 4.6 hours. Chalestown is determined to use 3 trucks to complete all routes
within a week. In Charlestown, there is no requirement to include multiple routes
for a single truck. The clusters and all of the routes are shown in Figures 38, 39,

40. The individual routes of Charlestown are displayed in Appendix D.

Figure 38. Preliminary clustering results in Charlestown, RI

4.9 Charlestown Cost and Emission Results

In total, 384.29 is the total amount of miles all trucks travel within
Charlestown. This results in a total of 128.10 gallons of diesel estimated to service
all routes. Chalestown requires an estimated expenditure of $793.42 for diesel and
$2,646.37 for wages. Charlestown recycles an estimated total of 15.11 tons resulting
in 2,470.29 ton-miles. It is estimated that the CO2 emissions in Charlestown are 4
metric tons. The low amount of CO2 emissions is likely related to the amount of
recyclables collected within the municipality. The individual break down of costs

and emissions of trucks can be found in Appendix D.
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Figure 40. All routes in Charlestown, RI
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4.10 Glocester Clustering and Routing Results

The municipality of Glocester is found in the northwest of Rhode Island.
Glocester contains an area 54.23 square miles. The estimated population is 10,087
with a population per square mile of 183.9 [16]. The model determined 53 nodes
within Glocester making it the smallest in the study. The nodes contained 25.32
houses per node resulting in 1,342 residential households identified. The transfer
station identified for Glocester is the transfer station located at 121 Chestnut Hill
Road in Chepachet, RI [12]. The genetic algorithm determined a total solution
time of 53,865 seconds resulting in 4 routes. Only one of the 4 routes fulfilled the
maximum capacity. The lowest total duration was found to be route 1 at 4.26
hours which is the only route to fulfill the capacity. The total distance traveled
for route 1 is also the lowest with a value of 56.34 km. The largest route in total
duration is route 2 with a value of 5.52 hours and total distance of 99.84 km. The
route with the largest total distance is route 3, completing a 102.86 km journey
within 5.13 hours. It was determined that only 1 truck is needed for Glocester.
The clusters and all of the routes are shown in Figures 41, 42, 43. The individual

routes of Glocester are displayed in Appendix E.

Figure 41. Preliminary clustering results in Glocester, RI
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Figure 43. All routes in Glocester, RI

4.11 Glocester Cost and Emission Results

Glocester is one of the lowest emitters of CO2 emissions. It is estimated that
Glocester completes a total travel distance of 209.10 miles. There is an estimated
need for 69.70 gallons of diesel estimated at $431.73. To complete the routes, wages
of $968.51 are estimated for workers. An estimated total of 7.77 tons of recyclables
are hauled resulting in 1624.63 ton-miles and an estimated 2.63 metric tons of CO2

emissions.

4.12 Little Compton Clustering and Routing Results

Little Compton is located in the south east of Rhode Island along the coast.
The estimated population is 3,484 with a land area of 28.9 square miles as well
as 120.55 people per square mile [17]. Little Compton is one of the smallest mu-

nicipalities in this study resulting in the generation of 57 nodes. A total of 1,611
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households are discovered within the 57 nodes and an average of 28.26 households
per node. The Little Compton transfer station to be used as the depot within the
genetic algorithm is named the Little Compton Transfer Station located at 122
Amy Hart Path [12]. The genetic algorithm created a total of 5 routes within the
municipality and a total solution time of 53,352 seconds. A singular route fulfilled
the maximum capacity constraint and the lowest amount of nodes per route is 6.
Route 1 containing the 6 nodes has the lowest total travel duration and distance at
2.3 hours and 31.2 km, respectively. Route 2 has the largest total travel duration
and distance and is the only route with a fulfilled capacity. Route 2 completes the
journey within 6.1 hours and a distance of 99.32 km. A single truck is identified to
service the 5 routes within Little Compton. The clusters and all of the routes are
shown in Figures 44, 45, 46. The individual routes of Little Compton are displayed

in Appendix F.

Figure 44. Preliminary clustering results in Little Compton, RI
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Figure 45. Final clustering results of Little Compton, RI

Figure 46. All routes in Little Compton, RI
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4.13 Little Compton Cost and Emission Results

With the genetic algorithm providing a total of 5 routes over 5 days, only a
singular truck is required to satisfy the total 179.43 mile journey. This journey
estimates a total of 59.81 gallons of diesel to complete the routes. The value of
the diesel is estimated to be $370.46 ranking the lowest in this study. The weekly
wages are estimated to be $1,068.19. An estimated total of 8.54 tons of recyclables
are collected which equates to 1,532.94 ton-miles. In total, it is estimated the Little

Compton produces 2.48 metric tons of CO2 emissions from recycling hauling.

4.14 Portsmouth Clustering and Routing Results

Portsmouth is a municipality containing a population of 17,754 along the south
coast of Rhode Island. Portsmouth has an land area of 23.03 square miles and
population density of 776.2 people per square mile [18]. A total of 178 nodes were
calculated in Portsmouth representing 5,290 households within those nodes. An
average value 29.72 house per node is determined in Portsmouth. The Portsmouth
Transfer Station is located on 800 W Main Rd and designated as the depot in
the genetic algorithm [12]. The genetic algorithm determined a total of 13 routes
in Portsmouth and a total solution time of 130,044 seconds. A total of 9 out of
13 routes fulfilled the capacity constraint with the lowest route still containing 13
nodes. The total shortest duration was found in route 4 at 3.9 hours and total
travel distance at 23.57 km. The shortest total travel distance was found in route
2, which completes the total journey within 18.83 km and a total time of 3.93
hours. The longest total duration and distance belongs to route 5, with a travel
time of 4.73 hours and a distance of 58.21 km. Portsmouth requires the use of 3
trucks. Truck 1 must fulfill routes 2 and 10 on the same day as well as routes 4
and 11 on the same day. The clusters and all of the routes are shown in Figures

47, 48, 49. The individual routes of Portsmouth are displayed in Appendix G.
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Figure 48. Final clustering results of Portsmouth, RI

4.15 Portsmouth Cost and Emission Results
For Portsmouth, total travel distance of all trucks is found to be 265.33 miles
and an estimated total of 88.44 gallons of diesel is required to complete the routes.

The estimated price for diesel is $547.82 and the weekly wages are estimated to
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Figure 49. All routes in Portsmouth, RI

be $2,739.12. In total, 43.67 tons of estimated recyclables are hauled resulting in
5178.28 ton-miles a week. The total CO2 emission estimate for the municipality of
Portsmouth is 8.38 metric tons. The individual break down of costs and emissions

of trucks can be found in Appendix G.

4.16 Richmond Clustering and Routing Results

Richmond is a small municipality in south western Rhode Island. It has an
estimated population of 8,165, a land area of 40.32 square miles and a popula-
tion per square mile of 198.9 [19]. Richmond is the third smallest municipality
in this study resulting in the formation of 66 nodes and a total solution time of
79,949 seconds. A total of 1,860 households are identified with 28.18 households
per node in Richmond. The depot location identified for this problem is the Rich-
mond Transfer Station located at 51 Buttonwoods Rd [12]. The genetic algorithm

produced a total of 5 routes, similar to Little Compton. Only a singular route
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fulfilled the capacity and the other 4 determined a capacity of 13. The shortest
route in total duration also had the shortest total travel distance and is identified
as route 2. The total duration is found to be 4.57 hours with a total route distance
of 51.07 km. The longest total duration is found in route 3, which completes the
total duration and distance at 5.51 hours and 88.33 km, respectively. The longest
total distance is observed in route 5 completing the journey in 99.3 km within 5.42
hours. A single truck is assigned to perform all 5 routes within Richmond. The
clusters and all of the routes are shown in Figures 50, 51, 52. The individual routes

of Richmond are displayed in Appendix H.

Figure 50. Preliminary Clustering Results in Richmond, RI

4.17 Richmond Cost and Emission Results

With Richmond being one of the smallest municipalities by population, it has
lower estimated costs and emissions. In total, 229.59 miles are traversed with a
need of 76.53 gallons of diesel estimated. The diesel price estimation is $474.02

and wages are $1255.81. The estimated total recyclables hauled within the munic-
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Figure 52. All routes in Richmond, RI

ipality is 13.57 tons and 3114.73 ton-miles. Together, it is estimated the Richmond

produces 5.04 metric tons of CO2.
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4.18 Scituate Clustering and Routing Results

Scituate is a Rhode Island municipality located in the center of the state. It
has an estimated population of 10,404 and land area of 48.13 square miles. It is
calculated that the population density is 215.7 people per square mile [20]. Of
the 3,071 houses identified in Scituate, 115 nodes are created with an average of
26.7 houses per node. The depot used for Scituate is the transfer station located
at 121 Chestnut Hill Road in Chepachet, RI [12]. Scituate uses the same transfer
station as Glocester becuase there is no transfer station in Scituate. The genetic
algorithm determined a total of 9 routes are needed to service all of the nodes
within Scituate at a total solution time of 184,302 seconds. Only 2 of the 9 routes
fulfilled a capacity of 14 with the lowest capacity being 10 nodes per route. The
shortest total duration and distance is identified in route 9 as 3.52 hours and 54.17
km, respectively. The longest total duration and distance is identified in route 3 as
5.29 hours and 105.75 km, respectively. A total of 2 trucks are assigned to service
all of the routes in Scituate. There is no requirement for a truck to service multiple
routes within a single day. The clusters and all of the routes are shown in Figures

53, 54, 55. The individual routes of Scituate are displayed in Appendix I.

4.19 Scituate Cost and Emission Results

Scituate requires a total travel distance of 404.3 miles and an estimated 134.77
gallons of diesel to perform all of the routes. The fuel cost of Scituate is estimated to
be $404.30 and the wages estimate is $1,974.72. The municipality of Scituate hauls
approximately 26.50 tons of recyclables resulting in 5,746.65 ton-miles. Together it
is estimated that Scituate recycling hauling produces 9.30 metric tons of CO2. The

individual break down of costs and emissions of trucks can be found in Appendix

L.
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Figure 53. Preliminary clustering results in Scituate, RI

Figure 54. Final clustering results of Scituate, RI
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Figure 55. All routes in Scituate, RI

4.20 Westerly Clustering and Routing Results

Westerly is the most south western municipality in the state of Rhode Island.
Westerly has a population of 23,483 and a land area of 29.47 square miles. Westerly
has a population density of 792.7 people per square mile [21]. Westerly is one of
the largest towns with over 8,616 houses identified. The model created 283 nodes
making it the largest problem within the study. It was found that there are 30.45
households per cluster in Westerly. The depot identified for this municipality is
called the Westerly landfill and transfer station located at 39 Larry Hirsch Lane
[12]. The genetic algorithm determined that 21 routes are needed to service all of
the households in Westerly, similar to Pawtucket and South Kingstown. A total
solution time of 260,673 seconds is provided from the genetic algorithm. It was
determined that 13 of the 21 routes fulfilled the maximum capacity constraint.
The lowest capacity was found to be 11 but was not the shortest in distance or
duration. The total shortest duration and distance is identified in route 1, with

a duration of 3.79 hours and distance of 30.5 km. The total longest duration and
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distance is identified in route 7 with a total duration of 5.72 hours and distance
of 113.79 km. It is determined that 4 trucks are required to service the 21 nodes
in Westerly. The only truck that is required to service more than one route in a
single day is truck 2. Truck 2 is required to service route 1 and 21 on the same day.
The clusters and all of the routes are shown in Figures 56, 57, 58. The individual

routes of Westerly are displayed in Appendix J.

Figure 56. Preliminary clustering results in Westerly, RI

4.21 Westerly Cost and Emission Results

With Westerly being the largest problem set in the study, 730.99 miles is the
total travel time to service all of the nodes. An estimated 243.66 gallons of fuel is
required to traverse the entire route. The estimated cost of diesel is found to be
$1,509.25 and the estimated wages are $4,815.90. Overall, Westerly is estimated
to collect 114.24 tons of recyclables. The ton-mile value is calculated as 20,879.15.
Therefore, it is estimated that Westerly produces 33.78 metric tons of CO2 on
recycling hauling. The individual break down of costs and emissions of trucks can

be found in Appendix J.
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Figure 58. All routes in Westerly, RI

4.22 West Warwick Clustering and Routing Results

The final municipality examined in Rhode Island is West Warwick. West
Warwick can be found in the central part of the State of Rhode Island. West
Warwick has a population estimate of 31,188, land area of 7.83 square miles and

a population density of 3,959.7 [22]. Tt is a little over half of the size of Pawtucket
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and is the most similar municipality to Pawtucket. In West Warwick of the 6,223
houses identified, a total of 208 nodes are created with around 29.92 houses per
node. There is no transfer station in West Warwick, instead the Warwick transfer
station and recycling center on 65 O’Keefe Lane, Warwick is used as the depot
[12]. The genetic algorithm created a total of 16 routes, exactly as Bristol, and a
total solution time of 277,693 seconds. Half of the routes fulfilled the maximum
capacity constraint while the smallest route only contained 5 nodes. The total
shortest duration and distance is identified in route 16, which contains only 5
nodes. The total duration is found to be 1.67 hours and total travel distance is
found to be 18.74 km. The total longest duration and distance is identified in route
1 with a duration of 4.7 hours and distance of 49.34 km. A total of 3 trucks are
assigned to service all of the routes. Truck 2 is required to service routes 5 and 13
on a single day. Truck 3 is also required to service routes 3 and 16 on a single day.
The clusters and all of the routes are shown in Figures 59, 60, 61. The individual

routes of West Warwick are displayed in Appendix K.

Figure 59. Preliminary clustering results in West Warwick, RI
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Figure 61. All routes in West Warwick, RI
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4.23 West Warwick Cost and Emission Results

The final municipality of West Warwick has a total distance traveled of 379.48
miles. The estimated gallons required is 126.49 spread across the three trucks.
The estimated cost of diesel is $783.49 and the wage estimate is $3282.01. In
West Warwick the estimated amount of recyclables hauled is 40.71 tons which
equates to 5,213.36 ton-miles. With this information the calculated estimation of
CO2 emission within the municipality of West Warwick is 8.44 metric tons. The
individual break down of costs and emissions of trucks can be found in Appendix

K.

4.24 Comparison of Cities

At the conclusions of the study, two municipalities stood out with the overall
traveled distance. The municipalities of Westerly and South Kingstown have the
two highest total weekly distances of 643.71 miles and 730.99 miles, respectively.
This is mostly likely due to the large land area of the two municipalities along
with having similar populations in a low population density area. The two lowest
distances of total travel belong to Little Compton and Glocester. These two mu-
nicipalities have low populations within the State of Rhode and the least amount
of nodes and houses. This resulted in fewer trucks being needed to service the
municipality, resulting in a total travel distance of 179.43 miles for Little Compton
and 209.10 miles for Glocester. West Warwick has similar characteristics to Paw-
tucket and Bristol, however the total traveled distance is around 100 total miles
larger. The main contributing factor to this is likely because of the depot being
located in another municipality. Figure 62 is a comparison of all of the total weekly
distances.

In regards to fuel, the two largest municipalities are Westerly and South

Kingston due to having the highest traveled distances. Scituate has similar land
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Total Weekly Distance

West Warwick 379.48

Westerly

Scituate 404.30
Richmond
Portsmouth
Little Compton
Glocester
Charlestown
South Kingstown
Pawtucket
Bristol

Figure 62. Comparison of total weekly distances in Rhode Island municipalities

area and road network characteristics when compared with Glocester and Rich-
mond, however it contains a significant increase in fuel compared to the two. The
main contributing factor is that there are 2 trucks used within Scituate compared
to a single truck in Richmond and Glocester. This shows the significant increase
in fuel when using multiple trucks in rural areas, which also affects other aspects
within the study. Figure 63 is a comparison of the total weekly gallons of diesel
consumed.

The total weekly routes of Pawtucket and Westerly produced 21 routes to
service the municipality. The likely reason why they are similar in results while
having significantly different population and land areas is due to the proximity of
nodes. While Pawtucket may have dense clusters of nodes, there is a large populace
with many households. Westerly has a smaller population but the sparsity of nodes
is greater meaning the truck is constrained to the duration. This requires Westerly
to create more routes to stay within the time bound. South Kingston has a similar
characteristic to Westerly facing the same challanges. Richmond, Little Compton,

and Glocester have some of the lowest populations. The amount of residential
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Figure 63. Comparison of total weekly fuel consumption in Rhode Island munici-
palities

households reflects the low amount of routes required to service the municipality.

Displayed in Figure 64 is a comparison of the total weekly routes of municipalities.

Total Amount of Weekly Routes
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Figure 64. Comparison of total weekly routes in Rhode Island municipalities

Westerly has the highest total fuel cost of $1,509.25 due to the long travel
distance and duration between nodes and the large amount of routes to be fulfilled.

In comparison, Pawtucket also services a large number of routes but only requires
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a total fuel cost of $584.47 compared to Westerly. This is significant showing the
cost of diesel is favorable to municipalities with high population densities. This is
also shown by Pawtucket having a total value slightly higher than municipalities
such as Glocester and Richmond, which only service between 50 and 70 nodes
compared to Pawtucket that services 277 nodes. Figure 65 is a comparison of the

total weekly fuel cost within municipalities.

Total Weekly Diesel Cost

Little Compton $370.46

Portsmouth $547.82
Richmond $474.02
Scituate $834.75

Westerly
West Warwick $783.49

Figure 65. Comparison of total weekly fuel cost in Rhode Island municipalities

Glocester $431.73

Even with densely populated municipalities, the main contributing factor to
wages is the amount of trucks required to service the municipality. Pawtucket
does not spend as much on fuel, however it is does need a similar value of wages
as South Kingston and Westerly. This shows that the amount of trucks and crew
members is more significant than the hours actually spent working along the route.
Displayed in Figure 66 is a comparison of the total weekly wages required within
municipalities.

The largest contributing municipality to CO2 emissions is Westerly and South
Kingstown. This is mostly likely due to the amount of nodes within the munici-

pality and the amount of recyclables collected. Displayed earlier in Table 2, these



Total Weekly Wages

Glocester $968.51
Little Compton

Portsmouth $2,739.12
Richmond $1,255.81
Scituate $1,974.72

Westerly $4,815.90
West Warwick $3,282.01

Figure 66. Comparison of total weekly wages in Rhode Island municipalities

$1,068.19

two municipalities have large involvement in their recycling program. Along with
the hauled tonnage and the large distance traveled between nodes, this results in
the large value. This can also be seen between Pawtucket and Scituate. These
two municipalities are significantly different in size and land area but even with
Scituate having a higher participation in recycling, Scituate displays a higher total
CO2 emission than Pawtucket. Displayed in Figure 67 is a comparison of the total
weekly CO2 emissions within Rhode Island municipalities. The conclusion chapter

summarizes the main findings discovered within this chapter.



Total Weekly CO2 Emissions

West Warwick 8.43522
\WESEW 33.78246
Scituate 9.29808
Richmond [mmmm 5.03963
Portsmouth 8.37846
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Glocester [ 2.62865
Charlestown 3.99693
South Kingstown 34.61391
Pawtucket 5.80278
Bristol 5.80252
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Figure 67. Comparison of total weekly CO2 emissions of recycling hauling in Rhode
Island municipalities
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CHAPTER 5

Conclusion and Future Work

This study aimed to develop a model that can estimate the recycling trans-
portation and emissions cost within Rhode Island municipalities. The model used
the GIS program, ArcPro in conjunction with an OSRM and a genetic algorithm.
The study found that suburban municipalities with large populations can expect
large travel distances. This also contributes to high amounts of diesel fuel con-
sumption and costs. The number of nodes within a municipality and the density of
the nodes contributes to a high amount of routes needed to service a municipality.
The total diesel cost is sensitive to distances between nodes and can be significantly
reduced in high density population areas. The weekly wages are more sensitive to
the amount of workers used for trucks, rather than the total working time. Fi-
nally, the largest contributing factors to CO2 emissions is the traveled distance
along route networks and the amount of participation within recycling programs.
Greater contribution to recycling programs can result in higher amounts of CO2
emissions from vehicles due to the weight.

This model is believed to be in its early stages of development and can be
expanded in multiple directions. ArcGIS can be used further with its tools to
estimate the distance between houses to better understand what value to assign
between inter-node travel. ArcGIS Pro has the potential to utilize the iterator
tool providing a quicker and more condensed ModelBuilders. Obtaining empirical
data of real-world routes can be significant to have baseline data. These real-
world routes can be imported to the genetic algorithm to improve the real-world
routes. Gathering problem sets with known optimal solutions can be crucial to

understand how close the current problem sets are to optimally. An exploration

89



into the social norms of recycling data in Rhode Island presents the possibility
of obtaining better model results. The model has the potential to be modified to
analyze the differences between a multi-stream and single-stream recycling system.
The model can be modified to explore the collection of both MSW and recyclables
through the use of a dual compartmentalized truck. The genetic algorithm can
be modified to use an asymmetric matrix changing the CVRP to use a directed
graph. This allows for the study to be performed on complete road networks.
Finally, the model has the potential to be applied to various problems such as

logistics, distribution, and collection in various parts of the world.
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APPENDIX A
Bristol

A.1 Routes, Individual Trucks, and Charts
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Figure A.70. Bristol Route 3
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Figure A.72. Bristol Route 5
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Number of Routes Weekly (Bristol)
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Figure A.87. Number of Routes Weekly (Bristol)

Traveled Distance Weekly (Bristol)
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Recyclables Collected (Bristol)
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Figure A.91. Recyclables Collected (Bristol)
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APPENDIX B

Pawtucket

B.1 Routes, Individual Trucks, and Charts
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Figure B.99. Pawtucket Route 8
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Traveled Distance Weekly (Pawtucket)
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Figure B.118. Traveled Distance Weekly (Pawtucket)
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COST IN DOLLARS

Weekly Diesel Cost (Pawtucket)
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Figure B.121. Recyclables Collected (Pawtucket)
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APPENDIX C

South Kingstown

C.1 Routes, Individual Trucks, and Charts
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Figure C.122. South Kingstown Route 1
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Figure C.132. South Kingstown Route 11
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Traveled Distance Weekly (South
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Figure C.147. Traveled Distance Weekly (South Kingstown)
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Figure C.148. Gallons of Diesel Required Weekly (South Kingstown)
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Figure C.149. Weekly Diesel Cost (South Kingstown)
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Figure C.150. Recyclables Collected (South Kingstown)
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APPENDIX D

Charlestown

D.1 Routes, Individual Trucks, and Charts
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Figure D.166. Number of Routes Weekly (Charlestown)
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Figure D.167. Traveled Distance Weekly (Charlestown)
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Gallons of Diesel Required Weekly
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Figure D.168. Gallons of Diesel Required Weekly (Charlestown)
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Figure D.169. Weekly Diesel Cost (Charlestown)
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Recyclables Collected (Charlestown)

7.46

Truck 1 Truck 2 Truck 3

Figure D.170. Recyclables Collected (Charlestown)
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APPENDIX E

Glocester

E.1 Routes, Individual Trucks, and Charts

Figure E.173. Glocester Route 3
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Figure E.174. Glocester Route 4

Figure E.175. Glocester Truck 1
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APPENDIX F

Little Compton

F.1 Routes, Individual Trucks, and Charts
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Figure F.176. Little Compton Route 1
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Figure F.178. Little Compton Route 3
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Figure F.180. Little Compton Route 5
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Figure F.181. Little Compton Truck 1
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APPENDIX G

Portsmouth

G.1 Routes, Individual Trucks, and Charts
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Figure G.182. Portsmouth Route 1
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Figure G.198. Number of Routes Weekly (Portsmouth)
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Traveled Distance Weekly
(Portsmouth)

Figure G.199. Traveled Distance Weekly (Portsmouth)
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Figure G.200. Gallons of Diesel Required Weekly (Portsmouth)
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COST IN DOLLARS

Weekly Diesel Cost (Portsmouth)
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Figure G.201. Weekly Diesel Cost (Portsmouth)

Recyclables Collected (Portsmouth)
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Figure G.202. Recyclables Collected (Portsmouth)
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APPENDIX H

Richmond

H.1 Routes, Individual Trucks, and Charts

Rald Hill

Figure H.203. Richmond Route 1
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Figure H.204. Richmond Route 2

Figure H.205. Richmond Route 3
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Figure H.207. Richmond Route 5
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Figure H.208. Richmond Truck 1
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APPENDIX 1

Scituate

I.1 Routes, Individual Trucks, and Charts

Figure 1.209. Scituate Route 1
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Figure 1.211. Scituate Route 3
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Figure 1.213. Scituate Route 5
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Figure 1.215. Scituate Route 7
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Figure 1.217. Scituate Route 9
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Figure 1.219. Scituate Truck 2

178



Number of Routes Weekly (Scituate)

NUMBER OF ROUTES

Truck 1 Truck 2

Figure 1.220. Number of Routes Weekly (Scituate)
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Figure 1.221. Traveled Distance Weekly (Scituate)
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Figure 1.222. Gallons of Diesel Required Weekly (Scituate)
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Figure 1.223. Weekly Diesel Cost (Scituate)
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Recyclables Collected (Scituate)
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Figure 1.224. Recyclables Collected (Scituate)
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APPENDIX J
Westerly

J.1 Routes, Individual Trucks, and Charts
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Traveled Distance Weekly (Westerly)
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Figure J.251. Traveled Distance Weekly (Westerly)
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COST IN DOLLARS
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Figure J.253. Weekly Diesel Cost (Westerly)

Recyclables Collected (Westerly)

Figure J.254. Recyclables Collected (Westerly)
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APPENDIX K

West Warwick

K.1 Routes, Individual Trucks, and Charts
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Figure K.255. West Warwick Route 1
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Figure K.258. West Warwick Route 4
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Figure K.260. West Warwick Route 6
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Figure K.261. West Warwick Route 7
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Figure K.265. West Warwick Route 11
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Figure K.267. West Warwick Route 13
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Figure K.269. West Warwick Route 15
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Figure K.274. Number of Routes Weekly (West Warwick)

Traveled Distance Weekly (West
Warwick)

140.34

Truck 1 Truck 2 Truck 3

Figure K.275. Traveled Distance Weekly (West Warwick)
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