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Abstract

The current push for businesses to adopt sustainable supply chain practices contributes to
a circular economy, a systems-focused approach designed to allow resources to be used and
reused for as long as possible. The Canadian Net-Zero Emissions Accountability Act and
the 2030 Emissions Reduction Plan developed by the Canadian federal government aim to
regulate the environmental footprint by reducing greenhouse gas (GHG) emissions. Some
of these goals can be achieved by designing reverse logistics networks. Reverse logistics is
the design of a network for the purpose of collecting end-of-life/end-of-use products and
reusing, repairing, refurbishing, remanufacturing, and/or recycling.

This thesis proposes four models to design a reverse logistics network: determinis-
tic, multi-period, stochastic, and a game theory model. The models are formulated as
bi-objective mixed-integer linear programs. The design of the network is optimized with
respect to economic and environmental objectives. The balancing of costs and environ-
mental objectives during the design of the reverse logistics network provides the decision-
maker with additional information on how environmental goals can be met. The models
aim to determine the optimal locations for remanufacturing facilities and the optimal flow
of parts to and from these facilities. The bi-objective models are solved using the weighted
sum method, which allows for Pareto-optimal solutions to be analyzed. The models are
solved using Gurobi in Python.

Deterministic, stochastic, and game theory models are applied to a case study for
the remanufacturing of front lower control arms in the automotive industry in Ontario,
Canada. The stochastic model is motivated by the uncertainty in the supply of end-of-life
vehicles. The stochastic model is solved using the deterministic equivalent. The game
theory model complements the aforementioned approach. It facilitates the triangulation
of the results.

The models select the optimal locations for the remanufacturing facilities. Signifi-
cantly, all three models applied to the case study produce similar results. The quantita-
tive results demonstrate that the optimal solution based on the case study data is when
multiple facilities are located, one facility should be opened in Ottawa and at least one
other in the GTA. When only one facility is located, it should be placed in the GTA
(either Mississauga or Brampton). Overall, the results reveal that small investments can
lead to significant reductions in greenhouse emissions released during transportation.

The results can be scaled to design a reverse logistics network for Canada and inform

v



environmental policies. The results and findings of this study may be used to inform
policies on the reduction of transportation emissions. The contributions that the thesis
makes to the field are: (i) it incorporates greenhouse gas emissions into the models;
(ii) it allows decision-makers to compare the results of the three models (deterministic,
stochastic, and game theory) applied to the case study; and (iii) it applies the models to

real-world data.
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Chapter 1
Introduction

The growing emphasis on sustainable supply chain practices encourages industry and
policymakers to adopt the principles of the circular economy, a systems-oriented approach
that aims to extend the lifecycle of resources through continuous use and regeneration
(Geissdoerfer, Savaget, Bocken, & Hultink, 2017). A key component of this approach is
the optimization of reverse logistics operations, which involves the collection of end-of-
life or end-of-use products for reuse, repair, refurbishment, remanufacturing, or recycling
purposes (Alumur & Bektag, 2019). Another critical aspect of sustainability is minimizing
the environmental footprint. The Canadian Net-Zero Emissions Accountability Act and
the 2030 Emissions Reduction Plan developed by the Canadian federal government address
these issues by regulating and reducing greenhouse gas (GHG) emissions (Government of
Canada, 2022). Both of these goals — developing a circular economy and reducing GHG
emissions — may be achieved through the design of effective reverse logistics networks.

This thesis examines remanufacturing in the automotive industry, where the benefits
of remanufacturing have already been demonstrated for the environment and the econ-
omy. For example, in 2019 the estimated savings of emissions from remanufacturing in
this industry were 269 kt C'Ose/year, which is approximately how much 58,478 typical
passenger vehicles emit in a year (United States Environmental Protection Agency, 2025).
The sales income generated in Canada from remanufacturing in the automotive industry
is estimated to be approximately 1.8 billion dollars (Environment of Climate Change
Canada, 2021).

The thesis focuses on how to design a reverse logistics network for end-of-life vehicles

(ELVs). ELVs can be disassembled into components that may be recycled or remanufac-



tured. One of these components is the front lower control arm. The front lower control
arm is a component of the suspension system that connects the front wheels to the chas-
sis. It also houses the suspension spring that mitigates bouncing by keeping the tire in
contact with the road. Front lower control arms are commonly made of aluminum, in
cast or forged form. The used part can be remanufactured through additive remanufac-
turing and then sold to car manufacturers (reintroduced to the market). The additive
remanufacturing process used is solid-state powder deposition technology, known as cold
spray. Cold spray is a low-temperature, layer-by-layer additive manufacturing paradigm
that uses micrometer-sized powder particles as feedstock. These particles are acceler-
ated by a high-velocity, environmentally friendly carrier gas, typically compressed air or
nitrogen and adhere to a substrate to form a dense, solid-state deposit, or rebuild the
object (Jahed, 2023; Pathak & Saha, 2017). Additive remanufacturing facilities should
be located to minimize the fixed cost, transportation cost, and GHG emissions released
from transportation.

This thesis examines the benefits of remanufacturing to inform policies that support
the development of a circular economy for the automotive industry in Canada. To achieve
this goal, it designs a reverse logistics network for the remanufacturing of front lower con-
trol arms by determining the locations of remanufacturing facilities and the flow of parts.
The design of the network is optimized with respect to economic and environmental objec-
tives. The thesis proposes four bi-objective mixed-integer linear programs (deterministic,
multi-period, stochastic, and a game theory model). These models are applied to real-
world data. In addition, a sensitivity analysis is conducted to understand the effects of
the facility cost, transportation cost, and supply of ELVs.

This thesis addresses the GHG emissions released from the transportation of parts
from collection centers to remanufacturing facilities and from remanufacturing facilities
to car manufacturers. The transportation emissions used are based on the MOtor Vehicle
Emission Simulator (MOVES) (Wang, Saari, Bachmann, & Mukherjee, 2020). The models
presented in the thesis are applied to a real-world case study. The case study provides a
realistic design for a reverse logistics network in Ontario that can reduce emissions without
significant costs. The thesis provides a comparison between deterministic, stochastic, and
game theory models. A comparison between the deterministic and stochastic models
improves the decision making process and identifies the differences that an uncertain

supply of ELVs may lead to. The game theory model demonstrates how a different lens



provides a further understanding of the results and insights.

This thesis designs four mixed-integer linear programming models to determine the
correlation between factors and results, identify common trends, and triangulate the re-
sults. Multiple models allow identifying which factors correspond to which changes in
the solutions. In addition, multiple models allow determining common trends regardless
of the theoretical lens. Furthermore, multiple models allow triangulation of the results,
which boosts the confidence of decision-makers.

This thesis is structured as follows. Chapter 2 provides a literature review. Chapter 3
establishes the problem setting and presents mathematical formulations of the determinis-
tic, stochastic, and game theory models. Chapter 3 also discusses the bi-objective nature
of the models. Chapter 4 presents the data for the case study. Chapter 5 contains the
results and insights for the stochastic and deterministic models as well as the sensitivity
analysis for the stochastic and deterministic models. Chapter 6 provides the game theory
model results. Chapter 6 contains the sensitivity analysis, conclusions, and next steps for

the game theory model. Conclusions and managerial insights are offered in Chapter 7.



Chapter 2
Literature Review

The literature review is comprised of six subsections: facility location in reverse logistics
networks, multi-objective models, multi-period models, stochastic models, game theory,
and contributions compared to the literature. Section 2.1 provides a context of facility
locations in reverse logistics. Section 2.2 reviews the common methodologies used to solve
multi-objective models. Section 2.3 presents the publications on the design and purpose
of multi-period models. Section 2.4 offers an overview of the literature discussing the
context and methodology used to solve stochastic models. Section 2.5 offers an overview

of facility location problems that use a game theory approach.

2.1 Facility Location in Reverse Logistics Networks

The facility location problem is a well-studied topic in the field of operations research (see
literature reviews by Hachimi, Oubrich, and Souissi, 2018; Valenzuela, Alfaro, Fuertes,
Vargas, and Sdez-Navarrete, 2021 for an overview of previous publications). The problem
is generally developed as a mixed-integer linear programming model. The purpose of the
facility location problem is to select a subset of facilities to open. The facility location
problem may be applied in many industries, such as end-of-life vehicles (ELVs) (Karagoz,
Aydin, & Simic, 2022; Rodriguez, Perez, & Boudaoud, 2023; Rosenberg, Huster, Rudi, &
Schultmann, 2025; Xiao, Sun, Shu, & Wang, 2019), industrial waste (Trochu, Chaabane,
& Ouhimmou, 2018, 2019), garments (Roudbari, Ghomi, & Eicker, 2024), healthcare
waste management (Wang, Huang, & He, 2021), and non-hazardous recycling (Alarcon-

Gerbier & Buscher, 2024; Alumur, Nickel, Saldanha-da Gama, & Verter, 2012; Liao, 2018;



Rossit & Bard, 2025; Santoso, Ahmed, Goetschalckx, & Shapiro, 2005; Tari & Alumur,
2014; Tosarkani & Amin, 2019; Vidovic, Ratkovic, Bjelic, & Popovic, 2016) (see Table 1).

Reverse logistics is a backward chain by which used products are re-introduced back
into the system. The products are collected from consumers and sent to sorting/collection
facilities where the products can be bought for remanufacturing and/or recycling and/or
sent to a landfill. After the products are remanufactured, they can be sold to manufac-
turers and re-introduced into the market. The location of the remanufacturing/recycling
facilities should be optimized for economic (profit) and/or green policy (e.g., carbon emis-
sions), and/or equality (Alumur & Bektas, 2019). These objective functions are subject
to constraints such as budget, number of facilities, warehouse capacity, among others.
Trochu et al. (2018) and Trochu et al. (2019) focus on a wood recycling reverse logistics
network for recycled wood materials from the construction, renovation, and demolition
industry. Alumur et al. (2012) and Yu and Solvang (2018) design reverse logistics models
for household items. Rosenberg et al. (2025) design a reverse logistics network for end-
of-life (EOL) electric vehicle battery systems. Rodriguez et al. (2023) design a reverse
logistics network for EOL tires. Santoso et al. (2005) design a general reverse logistics
model.

The model proposed in this thesis addresses remanufacturing of end-of-life vehicles
(ELVs); that is, it uses the same setting as Karagoz et al. (2022) and Xiao et al. (2019)
and provides optimal locations for remanufacturing facilities. Xiao et al. (2019) consider
a four-echelon network design of ELVs in China; the model in the thesis, on the other
hand, is a three-echelon system for ELVs in Ontario, Canada. The present model and the
model in Xiao et al. (2019) consider the salvageable material based on percentages. Xiao
et al. (2019) determine the locations of dismantlers/shredders, while this thesis locates
remanufacturing facilities. Xiao et al. (2019) consider the costs of carbon emissions
using a carbon tax, while this thesis uses the transportation emissions, which results
in a multi-objective model. Xiao et al. (2019) only discuss a sensitivity analysis for
supply increases, while this thesis considers facility cost, transportation cost, and supply
increases/decreases. The model proposed by Karagoz et al. (2022) uses forecasting to
predict the supply of ELVs; this thesis uses the number of registered vehicles in Ontario in
2022. Karagoz et al. (2022) use seven scenarios to account for the uncertainty in location

and quantity of ELVs; this thesis uses ten scenarios to account for the quantity of ELVs.



2.2 Multi-Objective Models

The goal of facility locations in reverse logistics networks is to minimize/maximize an
objective function(s). To consider multiple objective functions, multi-objective models
can be used. For example, optimizing for one objective function may prevent at least
one other objective function from reaching it’s optimal value (for example, reducing car-
bon emissions should cause costs to increase and vice versa). Alumur and Bektag (2019)
suggest considering green policies as an additional objective to profit because remanu-
facturing facility operation, transportation, and production have a negative impact on
the environment. The impacts are referred to as externalities and include the depletion
of natural resources, noise, and pollution. This thesis considers GHG emissions from
transportation as a secondary objective function.

Several methods are used to solve multi-objective models: the weighted sum method
(which is a scalarization method where the sum of the objective function is weighted), the
lexicographic method (in which subsequent optimization problems are solved without de-
grading previous optimal solution(s)), and the epsilon-constraint method (which converts
one of the objectives into a constraint). The weighted sum method requires the modeler
to understand and quantify the significance of each objective function. Rodriguez et al.
(2023), Wang et al. (2021), and Yu and Solvang (2018) use the weighted sum method.
The lexicographic method allows the decision maker to arrange the objectives in order of
importance. Then each subsequent optimization is solved without degrading the previous
optimal solution. The solution is very sensitive to the order of solving the objective func-
tions. Tari and Alumur (2014) and Roudbari et al. (2024) use the lexicographic method.
The constraint method allows for simultaneous balancing of the objectives where a maxi-
mum is set, and the model is optimized under the new constraint (Rodriguez et al., 2023;
Rossit & Bard, 2025; Roudbari et al., 2024; Yu & Solvang, 2018).

Tari and Alumur (2014) propose three objective functions: the total cost of the reverse
logistics network, an equity objective where the flow of products between planning hori-
zons should be steady, and an objective where all collection centers receive equal numbers
of reused parts over the time periods. This article uses the lexicographic method to solve
the multi-objective optimization problem. This thesis uses the weighted sum method.

Yu and Solvang (2018) present a general bi-objective mixed-integer linear program-

ming model to locate production facilities and distribution centers. The first objective



minimizes the costs and the second minimizes the carbon emissions from transportation.
The article considers both the epsilon constraint method and the weighted sum method.
Both this article and this thesis consider the same green objective function (minimizing
GHG emissions from transportation) and both evaluate the bi-objective nature using the
weighted sum method.

Wang et al. (2021) present a bi-objective mixed-integer non-linear programming model
to locate the collection, transit centers, and processing facilities for a reverse logistics
network for healthcare waste management. The first objective function minimizes building
costs, operating costs, transportation costs, inventory costs, and closing costs of each type
of center. The second objective function considers the environmental impact by measuring
the amount of waste that did not end up in the landfill and the distance from a hospital
(transportation emissions). This thesis also uses the weighted sum method.

Rodriguez et al. (2023) use a multi-objective mixed-integer linear programming model
to determine network flow, locate collection facilities, and locate reprocessing plants. The
article provides three objective functions: economic, social, and environmental. The
economic objective function considers the revenue, the cost of operating the network, and
the investment /reinvestment costs. The social objective function maximizes the social
benefit based on a social vulnerability, which is region dependent. The environmental
objective minimizes the ecological footprint of transportation, reprocessing, and landfill
waste disposal. The multi-objective problem is solved using the epsilon constraint method
and the weighted sum method. The model presented in this thesis considers economic and
ecological objective functions. The economic objective function considers transportation
and fixed cost. The carbon emissions objective function considers transportation costs
(carbon emissions due to the operation of additive remanufacturing are zero, and the
GHG emissions of building a remanufacturing facility are assumed to be identical across
Ontario).

Roudbari et al. (2024) present a closed-loop supply chain network for garments on
Montreal Island. A multi-objective two-stage stochastic model is solved using the deter-
ministic equivalence model. The objective functions are: profit, carbon emissions, and
social impact. Multiple clothing recovery options are considered: refurbishing, repairing,
and remanufacturing. The multi-objective problem is solved using the lexicographical
method. The model presented in this thesis designs a bi-objective two-stage stochas-

tic model (cost and carbon emissions) that is solved using the deterministic equivalence



model and considers remanufacturing and recycling as recovery options.

Rossit and Bard (2025) locate waste bins for non-hazardous recycling. The model pre-
sented is a bi-objective robust optimization model. The first objective function minimizes
the total cost. The second objective function maximizes the number of days that the bin

can go uncollected without overflowing. This article uses the epsilon constraint method.

2.3 Multi-Period Models

Multi-period models are commonly used to have a finite planning horizon where the sup-
ply/demand of items is not constant. Multi-period models introduce inventory holding
considerations into the model. Alumur et al. (2012) develop a multi-commodity multi-
period mixed-integer linear programming model to determine the locations of inspection
facilities and remanufacturing facilities for managing waste electrical and electronic equip-
ment. The model provides the transportation, inventory, and operational facilities based
on the time period. Tari and Alumur (2014) develop a multi-objective, multi-period re-
verse logistics design problem to locate collection centers for managing waste electrical
and electronic equipment. Wang et al. (2021) design a bi-objective multi-period mixed-
integer non-linear programming model for a reverse logistics network for healthcare waste
management. The model is non-linear due to the constraints that capture the amount of
healthcare waste transported. Karagoz et al. (2022) present a multi-period mixed-integer
linear programming model for a reverse logistics network for end-of-life vehicles in Istan-
bul, Turkey, optimizing for profit under seven equally probable scenarios. Alarcon-Gerbier
and Bucher (2024) present a multi-period location—production model to locate collection
facilities, inventory, production, and transportation formulated as a mixed-integer linear
optimization problem, in which a decentralized network with movable processing units
is considered and their locations are determined for each time period. Rosenberg et al.
(2025) design a multi-period two-stage stochastic model for a reverse logistics network
for end-of-life electric vehicle battery systems, considering uncertainty in the quantity,
quality, and revenue of end-of-life batteries from electric vehicles.

All the articles mentioned above propose a mixed-integer linear programming. The
mixed-integer linear programming model proposed in this thesis extends the deterministic
bi-objective model (Section 3.2) to use the multi-period setting to account for the poten-

tial for unequal demand and supply of ELVs. The present model considers transportation



of ELVs from collection centers to remanufacturing facilities, transportation of remanu-
factured parts from remanufacturing facilities to car manufacturers, inventory decisions,

remanufacturing facility opening decisions, and remanufacturing facility placement.

2.4 Stochastic Models

Stochastic models are used to capture uncertainty of the location of collection points,
supply of used materials in reverse logistics networks, and the price of selling recycled
parts. Tosarkani and Amin (2019) consider the uncertainty in different rates of disposal.
Karagoz et al. (2022) and Rossit and Bard (2025) consider uncertainty in the location
and quantity of used parts. Trochu et al. (2019) design for uncertainty in quality of used
parts, the quantity of used parts, and the locations of collection points. Shuang et al.
(2019) and Keutchayan et al. (2023) discuss quantity of used parts under uncertainty.
Rosenberg et al. (2025) consider the uncertainty in the quantity, quality, and revenue of
EOL batteries from electric vehicles. Roudbari et al. (2024) consider the uncertainty in
the rate of returned parts, the quality of end-of-life parts, and the rate of repairing the
returned parts. The model in this thesis examines uncertainty in the supply of ELVs.

Researchers use a variety of methods to solve stochastic models; among them are:
two-stage stochastic model (deterministic equivalent model), robust optimization, sample
average approximation (SAA), and fuzzy logic. Karagoz et al. (2022), Roudbari et al.
(2024), and Rosenberg et al. (2025) use two-stage stochastic model. Rossit and Bard
(2025) use Bertsimas and Sim’s robust methodology. Santoso et al. (2005) and Trochu et
al. (2019) use SAA. Tosarkani and Amin (2019) use fully fuzzy logic. The model presented
in this thesis solves the two-stage stochastic model using the deterministic equivalent. The
ex-ante decision is the location of the remanufacturing facilities; and the ex-post decision
is routing. This thesis utilizes a deterministic equivalent model to solve the stochastic
model using ten scenarios.

To solve stochastic problems, the uncertainty is described by continuous distributed
events, or a set of discrete scenarios is used to represent the uncertainties. Two approaches
to the stochastic scenario reduction problem are distribution driven and problem driven.
Distribution-driven methods generate scenarios based on the distribution of the original
data. Monte Carlo, quasi-Monte Carlo methods, and sparse grid quadrature are some

methods in this category. These methods aim to discretize the probability distribution



using a finite number of outcomes. Distribution-driven methods operate in the same way
when applied to two different stochastic problems with the same underlying probability
distribution. The problem-driven method extends the probability distribution method by
including any relevant properties of the problem that can be drawn from its objective
function and constraints. Two problems with the same underlying distribution but dif-
ferent objective functions are not formulated using the same set of scenarios Keutchayan
et al. (2023).

The SAA method applied by Santoso et al. (2005) is a common methodology used
to solve stochastic models. First, a stochastic version of the mixed-integer linear pro-
gramming model is presented with the deterministic equivalent. Then a large number of
scenarios for the supply of ELVs is generated to determine the optimal placement for the
remanufacturing facilities. The supply of ELVs is assumed to be uncertain due to the
high variability of deterioration of vehicles and the likelihood of a vehicle being brought
to a collection center.

The distribution-driven approach, which is commonly used to solve stochastic prob-
lems, is the SAA. The SAA is a Monte Carlo method. SAA is employed because of the
difficulty in evaluating the expectation in the objective function. In the SAA scheme,
a random sample of scenario realizations are generated, and the expectation is approxi-
mated by the sample average function. As the sample size increases, the optimal value
and optimal solution vector converge to true counterparts. The solution vector converges
to an optimal solution of the true problem with probability approaching one exponen-
tially fast suggesting that a fairly good approximate solution to the true problem can be
obtained by solving an SAA problem with a modest sample size. Santoso et al. (2005)
suggest that the required sample size is at most linear in the number of processing fa-
cilities. In practice, the SAA scheme involves repeated solutions of the SAA problem
with independent samples. Statistical confidence intervals are then derived on the quality
of the approximate solutions. The SAA algorithm generates independent samples. The
corresponding SAA problem is solved for each sample. In each scenario, the problem
becomes deterministic (deterministic equivalent model). A lower statistical bound for the
optimal value of the true problem and an estimate of the variance of this estimator are
computed. A feasible solution to the true problem is selected (from one of the computed
solutions). The true objective function value is estimated, which is an estimate of an

upper bound of the optimal value. The optimality gap of the solution is estimated using
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the lower bound estimate and the objective function value estimate (Santoso et al., 2005).
The SAA method is applied by Trochu et al. (2019) and Dell’Amico et al. (2018).

SAA depends on generating a large number of scenarios to accurately represent un-
certainty. The scenario reduction problem includes finding a smaller subset of scenar-
ios to reduce the numerical complexity while keeping the error at an acceptable level.
Keutchayan et al. (2023) develop a problem-driven scenario clustering method that pro-
duces a partition of the scenario set. Each cluster contains a representative scenario that
reflects the optimal value of the objective function. Keutchayan et al. (2023) decompose
the original problem into scenario-specific subproblems. The subproblems are solved (ei-
ther approximations or exact), and a scenario tree is built based on the solutions (the
tree is an mixed-integer linear programming model). Building a scenario tree is a method
for discretizing the outcomes of the scenarios (Giilpmar, Rustem, & Settergren, 2004;
Vézsonyi, 2006). To reduce the size of the scenario tree, Keutchayan et al. (2023) utilize
scenario reduction through clustering. The clustering error is defined as the difference
between the optimal value of the original problem and the value of the solution provided
by solving the problem for the reduced scenario set. It corresponds to the error that would
have been made by implementing the scenario tree decisions in the original problem. The
output is a centroid scenario for each cluster; this centroid becomes the representative
scenario of the cluster and is given a probability. The distance between points is measured
by the value of the objective function. If two scenarios are very different but lead to the
same value of the cost function, then these two scenarios are grouped together. The prob-
ability is doubled without changing the solution of the original problem, which results in
the reduction of scenarios without loss of information (as far as the stochastic problem
is concerned). The problem is formulated as a two-stage model. In the first stage, the
decisions about the structure of the network are made (e.g., which arcs are opened), and
the stochastic demands are revealed. In the second stage, the decisions for the commodity

flows are made.

2.5 Game Theory Models

Cardinal and Hoefer (2010) present several different forms of the non-cooperative facility
location problem. The article analyzes both uncapacitated and capacitated versions and

proves the lower bound and upper bound to finding the Nash Equilibria. The article also
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examines the existence of Nash Equilibrium and unique Nash Equilibrium. The model
presented in this thesis is similar to the non-cooperative uncapacitated facility location
problem model in Cardinal and Hoefer (2010). They differ in the facility location problem.
This thesis uses a supply constraint (which makes the problem a mixed-integer problem
instead of an integer problem). The cost-sharing structure is also modified. In Cardinal
and Hoefer (2010) each player offers are based on their budget while in this thesis the
cost sharing is equal between all players, or players can choose to not participate if their
costs are more than the expected profit.

The Hotelling game is also another form of a facility location game that is based on
placing a facility based on the customer demand. This type of game is discussed in Ben-
Porat and Tennenholtz (2019) and Gur et al. (2018). The Hotelling problem evaluates the
games as a function of the demand of the clients. In the Hotelling problem, the decision is
up to the facility that chooses which clients it would like to serve. The clients then choose
to go to the closest facility (if equidistant, then the clients split equally). In Hotelling
games, the facilities compete for customers. In this thesis, the decision is based on the
players (players want the facility as close as possible). The model presented in this thesis
approaches the facility location game from a different perspective where players choose
the facility location.

Krogmann et al. (2024) approach the facility location problem as a competition of
customers to get the lowest waiting time (which depends on the location of the facility).
The purpose of Krogmann et al. (2024) is to prove that Nash Equilibrium exists based
on the shape of the network. Krogmann et al. (2024) considers the model where agents
locate facilities sequentially, which leads to Stackelberg games. The players anticipate the
moves of their opponents and play accordingly. The model in Krogmann et al. (2024)
also uses the same assumption as in Ben-Porat and Tennenholtz (2019) and Gur et al.
(2018), that is, if facilities are equidistant, then the clients are shared equally. Wexler
et al. (2005) provides a general framework for location games. Wexler et al. (2005) has
a similar purpose to Krogmann et al. (2024), that is, to prove Nash Equilibrium and
uniqueness in facility location games. The model in this thesis has a similar goal to locate
facilities (but does not discuss how the network shape affects Nash equilibrium).

Aziz et al. (2020) solve a capacitated facility location problem where the location
of the facilities should minimize total cost. The paper proves that this problem is NP-

hard (using dynamic programming) and introduces new mechanisms to solve the facility
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location problem. Aziz et al. (2020) provide algorithmic approaches to the problem
analyzed by Cardinal and Hoefer (2010). The model in this thesis is uncapacitated but
in the real-world might need to be modified to be capacitated because warehouses are
limited in the number of clients they can serve.

Vetta (2002) solves the non-cooperative facility location problem where every Nash
equilibrium has social utility. The author proves that with certain conditions the Nash
equilibrium solutions will be pure Nash. The version of the facility problem is competitive
facility location problem. Consumers are in certain locations, and firms must choose where
to put facilities (from a set of potential locations). This is analogous to the Hotelling game
Ben-Porat and Tennenholtz (2019) and Gur et al. (2018). Both Aziz et al. (2020) and
Vetta (2002) consider the social utility function (minimize the total cost). The paper also
applies non-cooperative game theory to routing and class auctions. The model in this
project uses Theorem 1 from Vetta (2002): “Any finite, k-person, non-cooperative game
has at least one Nash equilibrium.”

Chekuri et al. (2007) explores how flow can be split between facilities. This paper
establishes that Nash equilibrium exists. The model in this thesis finds that splitting the
flow will result in an equal or worse solution.

Anastasiadis and Deligkas (2020) approaches the k-facility location problem by allow-
ing the agents to lie about their location. The goal is for the planner to locate facilities to
maximize total utility and encourage all agents to tell the truth. The overall objective is
the same as that of Aziz et al. (2020) and Vetta (2002) (whose objective is egalitarian).
In the model presented in this thesis the goal is not egalitarian; it is individual (agents
only minimize their own cost functions).

The model introduced in this thesis can be extended to include a carbon emissions
cap. This model can also minimize greenhouse emissions produced through transportation

instead of cost (see Section 6.3).

2.6 Contributions Compared to Literature

The models presented in this thesis are similar to Tosarkani and Amin (2019) and Roud-
bari et al. (2024) in that they provide a multi-objective stochastic location problem
that is solved using an off-the-shelf solver and use Canadian data. Tosarkani and Amin

(2019) use a fully fuzzy stochastic model, while this thesis uses a two-stage stochastic
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model. Roudbari et al. (2024) consider multiple recovery options, while this thesis only
considers remanufacturing and recycling. Roudbari et al. (2024) use a multi-objective,
which is addressed using the lexicographic optimization method, while this thesis uses
the weighted sum method. Roudbari et al. (2024) do not specify how transportation
emissions were obtained, while this thesis uses the methodology developed by Wang et
al. (2020) (MOVES).

To complement the research presented above, the present thesis develops three general
bi-objective mixed-integer linear programming models (deterministic, multi-period, and
stochastic) and applies two of them (deterministic and stochastic) to a case study of the
automotive industry in Ontario, Canada. This thesis compares the deterministic and
stochastic models to better understand the impact that uncertainty of supply has on the
design of the reverse logistics network. Comparing these models allows stakeholders to
make informed decisions about the design of the network. This thesis examines the Pareto-
optimal solutions to explore the impact that incorporating an environmental objective
function (transportation emissions) has on the design of the reverse logistics network.

The present thesis also presents a game theory model to compare the output of different
approaches. The thesis provides insights on how the weight of the cost objective function
can change the Nash equilibrium. The facility cost, transportation cost, supply variation,
and the market price of a front lower control arm are perturbed to examine their effect

on the Nash equilibrium.
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Chapter 3

Mathematical Formulations

3.1 Problem Description

Shifting towards remanufacturing and recycling of products reduces waste by keeping
goods out of landfills, extends the life of products, and decreases anthropogenic GHG
emissions. Moreover, recycling and remanufacturing of ELVs facilitate a closed-loop sup-
ply chain that reduces the need to mine raw materials, thus minimizing the environmental
impact. Ontario Automotive Recycling Association (OARA) states that “[ojn average,
85 percent of a vehicle’s weight can be recycled or reused” (Ontario Automotive Recy-
clers Association, 2022). Reverse logistics networks require collecting end-of-life parts,
refurbishing them, and transporting them to manufacturers (see Figure 1). Developing a
mathematical model that optimizes the locations of remanufacturing facilities is crucial
to a circular economy.

This thesis develops four mixed-integer linear programming models that address the
recycling of ELVs taking into account the carbon emissions and the cost of operating the
network. The network is comprised of collection centers (which collect ELVs and sell the
re-usable parts), remanufacturing facilities (which buy the used parts and refurbish them),
and the manufacturing facilities (which buy the refurbished parts). As shown in Figure
1, ELVs are brought to collection centers.! Collection centers then send the EOL parts to
remanufacturing facilities or other recovery options (recycling/landfill). Remanufacturing

plants test the EOL parts from collection centers for suitability for remanufacturing. Parts

In Canada, about 95 percent of vehicles are collected for recycling (Canadian Auto Recycler Magazine,
2019)
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Figure 1: Network Flow for ELV Reverse Logistics

that are unsalvageable are sent to landfills or recycling facilities. The parts that are able
to be remanufactured are sent to car manufacturers to be re-introduced them into the
market.

The goal of the models presented in this thesis is to determine the best location(s)
for the remanufacturing facilities to minimize the cost and the GHG emissions. The
network is comprised of collection centers, remanufacturing facilities, city landfills, and
car manufacturers (see Figure 1). This thesis considers the components inside of the red
dashed boxed in Figure 1. The generation points and customers are considered out of
scope because the locations of the collection centers and manufacturing plants are fixed
points in the network and cannot be further optimized. The models solve for the optimal
number of facilities, the locations of the facilities, and the optimal flow to and from the
remanufacturing facilities. These models minimize the cost of operating the networks
as well as the carbon emissions released by transportation. The models assume that
the supply of ELVs is equal to the demand of the car manufacturing companies. This
assumption implies that each car manufacturer has a demand and there is sufficient supply
of EOL parts to meet the demand. The percentage of parts that are unsalvageable are
assumed to be able to be reasonably approximated and is implemented as a parameter in

the models.

17



3.2 Base Model

The parameters and decision variables required for the base model are as follows:

Sets

C  The set of collection centers

R The set of potential remanufacturing facility locations

M The set of manufacturing facilities

L The set of landfills

A The set of arcs that correspond to potential shipment connections defined as:

A= (i,j) where (i€ CANjeR)or (i€ RANjeL)or(iec RNje M)
Parameters
U The amount of used parts generated at ¢ € C' suitable for remanufacturing
d; The demand of parts at manufacturing facility « € M
fi The cost of locating a remanufacturing facility at i € R
0; The operational cost of remanufacturing one unit at facility i € R
r; The processing capacity of facility i € R
Cij The cost of transporting one unit on arc (i,j) € A
Gij The greenhouse gas emissions from transporting 1 unit on
arc (1,7) € A

I6] The percentage of parts that need to be sent to the landfill (the percentage

that is not suitable for remanufacturing)
Decision Variables

Tij The amount of parts to be transported on arc (i,j) € A

1, if facility ¢ € R is opened;
Yi =
0, otherwise.

The mathematical model is as follows:

Minimize Z CijTij + Z 0;%;; + Z fiyi (1)
(i.)€A ich i€R
JEM:
(i,5)€A
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Minimize Z 9ijTij (2)

(i,5)€A
JER:
(4,5)eA
S > d ieM (4)
JER:
(Ji1)eA
Z Tji — Z B — Z Pxi; =0 i1€R (5)
jec: JEM: jeL:
(Ji)eA (i.5)eA (i,5)eA
jecC: JEM:
(4,1)€A (i,5)€A
yi €{0,1} i€R (7)
xi; >0 (i,7) € A (8)

The problem is formulated as a bi-objective mixed-integer linear programming model,
where first objective function (1) minimizes total cost, and the second objective function
(2) minimizes the greenhouse gas emissions from transportation. The first additive term
of the cost objective (1) calculates the transportation cost of shipping the parts to the
possible network connections; the second additive term sums the operational cost at
remanufacturing facilities; and the third additive term accounts for the fixed cost of
opening a remanufacturing facility. The first additive term of the emission objective
function (2) represents the greenhouse gas emissions generated from transporting the
parts to the possible network connections.

Constraint (3) ensures that all parts generated at the collection centers and available
for remanufacturing are shipped to a remanufacturing facility. Constraint (4) ensures that
each manufacturer’s demand is fully satisfied. Constraint (5) represents the flow balance
at each remanufacturing facility, ensuring that the amount of parts received from the
collection centers is equal to the total amount sent to landfills and manufacturing facilities.
Constraint (6) is the processing capacity (including both inflows and outflows) constraint
for remanufacturing. It ensures that collected items are shipped only to open facilities
and that only open remanufacturing facilities send parts to manufacturers. Constraints
(7) and (8) define the domains of the decision variables.

An additional constraint can be added to the base model in order to ensure that only
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a certain number of facilities are opened. The additional constraint is as follows:

> yi=p 9)

1€ER

where p is the number of facilities to be opened.

3.3 Multi-period and Inventory Model

An extension of the base model implements time periods. The time periods are intro-
duced to account for the instance when the supply and demand of ELVs are not equal 2.
In order to hold end-of-life parts that are not shipped for the next period(s), this model
introduces inventory considerations. This model assumes that all EOL parts are bought
by remanufacturers and all parts not bought by car manufacturers are kept in inventory.
The model solves for the location and the time period to open remanufacturing facilities.

The following additional parameters and decision variables are required:

Sets

T The set of time periods where |T'| is the number of time periods

Parameters

Wit The amount of used parts generated in node i € C' available for remanufacturing

in time period t € T
CapInventory; the capacity of the inventory ¢ € R
di The demand for parts from remanufacturing facility ¢ € R in time period t € T
k; The inventory cost of holding product in facility : € R
Decision Variables
Tijt the amount of parts (e.g., in kg) to be transported on arc (i,j) € A in time period t € T'

I; how much product is in inventory at the end of the time period t € T’
1, if facility ¢« € R is opened in time period t € T,

Yie =
0, otherwise.

2the multi-period and inventory model is not applied in the case study because the demand of ELVs
is constant
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The mathematical formulation is as follows:

Minimize Z Z CijTije + Z Z Z 0;iT;jt + Z Z Jivit + Z Z kili (10)

(i,j)€A teT i€ER jeM: teT i€R teT i€R teT
(3,7)€A
Minimize Z Zgijxijt (11>
(i,j)€A teT
s.t.
Z Tije = U ieCiteT (12)
JER:
(i,)eA
Z sz't - Z (1 - ﬂ)xijt - Z Bxijt — Iit + Ii,t—l = 0 Z - R,t = ].7 ceuy |T| (13)
jecC: JEM: jEeL:
(Ji1)eA (4,5)€A (i,4)€A
> i > dy ieMteT (14)
i€ER:
(Jii)EA
Z Tjie + L < Tiyae ieRteT (15)
jecC:
(Jii)eA
Z Tijr < Ty i€RteT (16)
JEM:
(i,5)€eA
Yit < Yit+1 i€Rt=0,..,|T -1
(17)
Lip=20 i€R (18)
yi € {0, 1} i€RteT (19)
Tijt >0 (Z,j) c A,t eT (20)
Iy >0 i€eRteT (21)
I;; < CapInventory; i€ RteT (22)

The objective function (10) minimizes total cost, whereas the second objective function
(11) minimizes the greenhouse gas emissions from transportation. The first additive term
of the cost objective (10) calculates the transportation cost of shipping parts on the
possible shipment connections in each time period; the second additive term sums the

operational cost at remanufacturing facilities in each time period; the third additive term
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accounts for the fixed cost of opening a remanufacturing facility in each time period; and
the fourth additive term accounts for the holding cost in each time period. The emission
objective function (11) is the emissions produced from shipping parts to the possible
shipment connections in each time period.

Constraint (12) ensures that the amount of parts generated at collection centers in each
time period and available for remanufacturing are shipped to a remanufacturing facility.
Constraint (13) is the flow balance for remanufacturing facilities that ensures that the
amount of parts shipped from collection centers is equal to the amount sent to the landfill
in addition to the manufacturing facilities in each time period. Constraint (14) ensures
that the demand from the manufacturer is being met in every time period. Constraint
(15) is the processing capacity constraint for remanufacturing; it also ensures that the
collected items can only be shipped to open facilities in each time period. Constraint (16)
ensures that only open facilities can send parts to manufacturers in each time period.
Constraint (17) ensures that once a remanufacturing facility is opened in a time period, it
remains open. Constraint (18) ensures that the inventory in the first time period is zero.
Constraints (19), (20), and (21) define the domains of the decision variables. Constraint

(22) ensures that the inventory capacity is not surpassed.

3.4 Two-stage Stochastic Model

This section presents a stochastic model. The stochastic model is introduced in order
to account for uncertainty in the supply of parts. The deterioration of vehicles and the
likelihood of a vehicle being brought to a collection center create uncertainty in the supply
of ELVs to the system. Therefore, multiple scenarios to capture a variety of supply
originating from all collection centers are examined. The first-stage decisions are the
locations of the remanufacturing facilities, while the second-stage decisions determine the
flow of parts. It is assumed that the remanufacturing facility location decisions are made
before the uncertainty in supply is revealed. Once the supply is known, the second-stage
decisions specify how parts are routed to and from the remanufacturing facilities.

Let u;(1)) denote the random vector representing the supply of parts from collection
center ¢ € C, associated with realization ¢ € ¥, where ¥ is the known joint distribution
of the supply. The first-stage decision variables are the locations of the remanufacturing

facilities, denoted by y;, and the second-stage decisions are the flows, denoted by ;; ()
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for realization 1) € W. The two-stage stochastic program is then modeled as:

Minimize E,(Q(x,)) + Z fivi

i€R
Minimize Ey(G(x,))
st (7).

(23)

(24)

The objective function (23) minimizes the total expected cost and the second objective

function (24) minimizes the expected total GHG emissions produced by the transportation

of parts, where E,, denotes the expectation with respect to . Constraint (9) can be

included in the above formulation if the number of facilities to be opened should be

restricted to p. Q(x, 1) represents the optimal value of the following second-stage problem

for each realization of ¢ € U:

Qx,¢) =min Y cz(W)+ > owy(y)

(i,j)EA i€R,jEM:
(i,j)€A
st Y (W) = w() icCpev
JER:
(i,7)EA
7 w(w) > d; ieMuyew
JER:
(j)€A
D ow) = > (1= Bwi ()
jecC: jeEM:
(j)eA (i,7)EA
Z pa;i(¢) =0 teERYeV
JEL:
(3,7)€A
Z z5(Y) + Z zi5(1) < Ty i€ RYeV
jecC: JEM:
(jo)eA (3,7)€A
ij () > 0 (i,j) € A el

(29)

(30)

Similarly, G(x, 1) represents the optimal value of the following second-stage problem for
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each realization of ¢ € W:

Gxt)=min Y gyay(®) (31)

(i,7)€A

st (26) - (30).

Objective function (25) minimizes the transportation cost and the operating cost for
each realization of ¢ € ¥. Objective function (31) minimizes the GHG emissions for each
realization of 1» € W. Constraint (26) ensures all the supply is sent. Constraint (27)
ensures demand is met. Constraint (28) is the flow balance constraint, which ensures
that the supply is equal to the amount sent to the landfill and remanufacturing facilities.
Constraint (29) ensures the parts can only be sent to/from open facilities and that the
amount never surpasses the capacity of a facility. Constraint (30) defines the domain of
the decision variable.

Under the assumption that the uncertainty in the supply can be described by a finite
set of scenarios, we can formulate a deterministic equivalent of the stochastic problem.
Given the finite set of scenarios for the uncertain supply S, let p® denote the probability
of scenario s € S, where )  _¢p° = 1. The deterministic equivalent of the stochastic

problem can then be written as follows:

Minimize Zps Z cijxfj-f— Z Oszj +Zfzyz (32)

seS (i,j)EA i€ER,jEM: i€R
(i.j)€A

Minimize Zps Z 9ij T3 (33)

s€S  (ij)eA

s.t.

> oay=u icCses (34)
JER:
(i,5)€A

d o> ieM,seS (35)
JER:
(Gi)€A

iji_ Z(l—ﬁ)$fj— ZﬁﬁijO 1€ERseS (36)
JjeC: JEM: jEL:
(j:i)€A (ij)eA (ij)€A
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a4+ > a <Tw; i€RseS (37)

jecC: JEM:

(Ji)eA (i,5)€eA
y; € {0,1} 1€R (38)
xi; >0 (1,7) € A,s € S (39)

The first objective function (32) minimizes the cost (transportation and operation)
multiplied by the probability that this scenario will occur plus the facility cost. The
second objective (33) minimizes the emissions released through transportation, which is
multiplied by the probability that this scenario will occur. Constraint (34) ensures all the
supply is sent for each scenario. Constraint (35) ensures demand is met for each scenario.
Constraint (36) is the flow balance ensuring that the supply is equal to the amount sent
to the landfill and remanufacturing facilities for each scenario. Constraint (37) ensures
that parts can only be sent to/from open facilities and that the amount never exceeds the
capacity of a facility for each scenario. Constraints (38) and (39) define the domains of
the decision variables.

Note that the above model cannot be decomposed for each scenario s € S, since the
location decisions are independent of the scenario index and must be optimized considering
all scenarios simultaneously. Hence, this is not an easy problem to solve, especially when
the number of scenarios is large.

Constraint (9) can be added to the deterministic equivalent of the stochastic model

to ensure that a certain number of facilities are opened.

3.5 Addressing the Bi-Objective Nature

All the models presented are bi-objective. All models contain one objective function for
cost and a second objective function for GHG emissions released during transportation.
The objective functions must be formulated separately because they are in different units
of measurement (the cost in dollars and the emissions in kg of COq¢e). The objective func-
tions are in tension because improving the cost function objective may lead to a decrease
in the emissions objective. For example, if building a facility is expensive, minimizing
the cost objective function would require lowering the number of facilities selected. On
the other hand, minimizing the emissions objective function would require increasing the

number of facilities selected in order to reduce the transportation emissions.
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The weighted sum method is used to obtain Pareto-optimal solutions for these bi-
objective models. The weighted sum method is a common approach used in multi-
objective optimization to combine multiple objectives into a single objective function.
It allows the decision-maker to express preferences among the objectives by assigning
weights to them. Rodriguez et al. (2023), Xiao et al.(2019), Yu and Solvang (2018)
discuss implementations of the weighted sum method used to identify Pareto-optimal
solutions.

For a given scalar a € [0, 1], representing the weighting of the cost and emissions
objectives, the objective function for the deterministic (base) model can be written as

follows:

Minimize (0% Z Ci]’l’i]’ + Z Oiili'ij + Z fzyz + (1 — Oé) Z gl’jflfi]’ (40)
(3,5)€A 1€ER,jeEM: i€ER (i,7)€EA
(4,5)€A
Similarly, the weighted sum objective function for the deterministic equivalent of the

stochastic problem is:

Minimize « Z Z pCzyng+Z Z polxw%-Zfzyz +(1—a) Z Z P’ gi;T U

s€S (i,j)eA s€S iER,JEM: i€R s€ES (i,j)eA
(i,7)€A

(41)
Note that varying « shifts the emphasis between the cost and emissions objectives. As
a approaches 1, the emphasis will be on the cost objective, whereas as a approaches 0,
the emphasis will be on the emissions objective. The decision-maker can obtain Pareto-

optimal solutions by systematically changing the values of a.
Since the objectives considered are total cost and total GHG emissions, their units are
different and may differ by orders of magnitude. Therefore, it is recommended to scale the

objectives when using the weighted sum method. Without scaling, the objective with the

larger numerical range may dominate the optimization, regardless of the assigned weights.
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3.6 (Game Theory Model

The game theory model is a non-cooperative facility location problem. The game devel-
oped in this thesis is an n-player game. There are two types of players: collection centers
and car manufacturers. They select locations for remanufacturing facilities. All players
aim to lower their costs by having a remanufacturing facility located close to themselves
(to lower transportation costs) or lowering the facility cost (through picking a cheaper
location or sharing the opening cost with other players). Players’ locations and sup-
ply/demands are fixed and known. The known locations and supply allow the game to be

a one-shot game where all players simultaneously solve their mixed-integer programming

models.
Sets
C The set of collection centers
M The set of car manufacturers
R The set of potential remanufacturing facility locations
A The set of arcs that correspond to potential shipment connections defined as:
A= (i,j) where i € CANjeR)or (i€ RANjeL)or (i€ RANje M)
Parameters
U The amount of used parts generated at ¢ € C' suitable for remanufacturing
d; The demand of parts at manufacturing facility « € M
fi The cost of locating a remanufacturing facility at : € R
I; The processing capacity of facility ¢ € R
Cij The cost of transporting one unit on arc (i,j) € A
Gij The greenhouse gas emissions from transporting one unit on arc (i,j) € A
i The price of facility + € R divided by the number of players
that agree to open facility i € R
w The wholesale price of a front lower control arm
h The marginal price from second-hand to new parts

Decision Variables

Tij The amount of parts to be transported on arc (i,j) € A

1, if facility ¢ € R is opened;
Yi =
0, otherwise.

The costs of a collection center opening a remanufacturing facility is the supply multi-
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plied by the cost of transportation and the cost of opening a facility. The payoff function
is:
Pcollectioncenten = - (Z Cijxij + pz) (42)
JER

If the collection center chooses not to open a facility, the payoff is:

Lcollectioncentan = W (43)

This penalty is the profit that would be lost by not selling end-of-life parts.

In addition to their greenhouse gas emissions:

Gcollectioncentem = E GijTij (44>
JER

The bi-objective nature of the players’ model uses the weighted sum method (see Section

3.5). This results in an objective function of:
Scollectioncenten = (Cl{) <Z Cijxij +pz) + (1 - 05) Zgijmij (45>
JER jER

The costs of a car manufacturer opening a remanufacturing facility is the supply
multiplied by the cost of transportation and the cost of opening a facility. The payoff

function is:

Pmanufacturereri - - (Z Cijxij + pz) (46)

JER

If the car manufacturer chooses not to open a facility, the payoff is:

Lmanufactureri - _dzh (47>

This penalty is the profit that would be lost if remanufactured parts are not purchased.

In addition to their greenhouse gas emissions:

Gmanufacturerem = Z GijTij (48>

JER

The bi-objective nature of the players’ model uses the weighted sum method (see Section
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3.5). This results in an objective function of:

Smanufacturereri - (Oé) (Z cz'jxij + pl> + (]- - Oé) Zgijxij (49)
jER jER
With equations (45) and (49) the players wish to minimize the amount of cost in-
curred (in terms of money and GHG emissions). Therefore, each player solves their own
minimization problem.

Each collection center solves the following facility location problem:

Minimize « (Z CijTij + Z ijj) +(1—-a) Zgijxij (50)

jER jER jJER
where | other players actions given and fixed

JjER

x5 < Tyy; jER  (52)
y; € {0,1} jER (53
x5 >0 j€ER (54)

where 7 is the collection facility i € C.

Each manufacturer solves the following facility location problem:

Minimize o« (Z CijTij + Z ijj> +(1—a) Zgijxij (55)

jJER jER jER
where | other players actions are given and fixed
JER

(52), (53), and (54)

where 7 is the manufacturing facility ¢ € M.

The objective functions (50) and (55) minimize the total cost of transportation, open-
ing a facility, and the emissions generated during transportation given that the other
players’ decisions are given and fixed. The constraints (51) and (56) ensure that the

number of parts transported from the facility is the number of parts the facility has (sup-
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ply) or the amount the facility demands. Constraint (52) ensures that parts can only be
bought/sold to a facility that is opened. Constraints (53) and (54) define the domain of
the decision variables.

If players decide to open a remanufacturing facility together, the fixed cost of a facility
is evenly split between them (cost sharing). Since all players choose the facility to open
simultaneously, the problem can be solved using one linear programming model. This
model combines all players’ minimization objective functions and all their constraints.

This linear programming model is as follows:
Sets

P The set of players, where | P| is the number of players
R The set of potential remanufacturing facility locations
Parameters
D; The supply/demand for a player i € P
M A very big number
Decision Variables
Tij The amount of parts to be transported on arc (i,7) € A where i € P,j € R

wj The number of times a facility 7 € R is selected
1, if player ¢ € P is assigned to facility j € R;
Yij =
0, otherwise.

1, if facility j € R is selected;

0, otherwise.

Minimize « (Z Z Cij%ij + Z aZU—f]> +(1-a) Z GijTij (57)
j

i€P jeER JER JER
JER
Zl’ij S Fj(lj ] €ER (59>
ieP
D Ty =1 ieP (60)
JER
Zyij = Wy ] €ER (61)
ieP
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w; < Ma; JER (62)
yi; € {0,1} iePje R (63)
z;; >0 ieP,je R (64)
w; >0 jE€R (65)
a; €{0,1} jER (66)

Objective function (57) minimizes the transportation cost of every player plus the
facility cost plus the emissions generated by transportation. Constraint (58) ensures that
the players transport all their supply/demand to their chosen facility. Constraint (59)
ensures that the capacity of the facility is not surpassed and that no parts can be sent
to a facility if it is not opened. Constraint (60) ensures that every player is assigned
to exactly one facility. Constraint (61) obtains the number of players that have been
assigned to each facility. Constraint (62) ensures a facility is opened if players have been
assigned to the facility. Constraints (63)-(66) are the variable domains.

An additional constraint can be added to the model in order to ensure that only a

certain number of facilities are opened. The additional constraint is as follows:

Z aj=p (67)

JER

where p is the number of facilities to be opened.
The formulation above is a non-linear programming model. To linearize it, additional
variables will be used. First,
_ %
Wy
replaces the non-linear term in the objective function (57). This requires the following
constraints:
z; < MajVjeR (68)
1

wj+1—aj

—(1—a;)MVj € R (69)

Zj_

Constraint (68) ensures that when a facility is closed, then no facility cost is added.
Constraint (69) ensures that if the facility is not opened, then the z; variable will be 0; if
the facility is opened, then the z; variable will be one divided by the number of facilities

opened. Equation (69) is not a linear function. Therefore, a new variable §; should be
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added:
0j(w; +1 —a;) = djw; + 65 — a;0; = 1

This new constraint must also be linearized because it is a polynomial. Let:

Uj = (Sj’UJj
T = 0;a;

The domains of w;, d;, and a; allow the variables U; and T} to be linearized®. The domains

of the variables wj, d;, a;, U; and T} are as follows:

w; € [0, | P|]
1
5j € |:W’ 1:|
a; S {0, 1}
U; €10, |P]]
T; €10,1]

The fully linearized mixed-integer linear programming model is as follows:
Variables for Linearization

2 zj:%wherejeR
_ 1 :
5]‘ 5j—mWheI‘ej€R

U; U; = dw; where j € R
T; T; = d;a; where j € R

Minimize « (Z Z Cij g4 + Z ijj) + (1 — Oé) Z 9ijTij (70)

i€P jER jER jER

st. z; < May JER (71)
Zj > (Sj - (1 — CLj)M j €ER (72)
Uj 2 wj jER (73)

3U; is linearized using McCormick envelopes (Urban, 2021).
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1
U3§6]X|P‘+mij—l jGR (75)
Ujgw]‘ JER 76
Egaj ]GR 77
T, < 4 jER 78

(76)
(77)
(78)
T;>2%a;— 1 jER (79)
(80)
(81)
(82)
(83)

2 >0 jER 80
0<U; <|P| jER 81
0<T;<1 j€E€R 82
1

— <4; <1 €R 83
P '

(58)-(66)

Constraints (71)-(79) linearize the nonlinear term in objective function (57). Con-
straints (80)-(83) define the domains of the linearization variables.

Nash equilibrium should always be possible in this game (Vetta, 2002). In the scenarios
solved in this project, there is a Nash equilibrium (all players choose a strategy and have
one strategy preferable to all other possible strategies). The strategies available to players
in this game are to participate in opening a facility or not to participate in the market.
The players do not participate in the market if equation (42) is smaller than equation
(43) or equation (46) is smaller than equation (47). See Appendix A, for an example of
a payoff matrix.

This model is applied to the case study as described in Section 4. The average price
for a second-hand front lower control arm is $37.50 (Parts 4 less U pull, 2025) (w in the
mathematical model). The average wholesale price for a front lower control arm is $78.50

(Auto Shack, 2024). This makes the margin (h in the mathematical model) $41.00.

4In Ontario there are 77 collection centers and 18 manufacturing facilities. The model uses 101 poten-
tial locations (based on the most populated cities in Ontario) for potential locations for a remanufacturing
facility. The base price of opening a facility is $2 million plus a land factor adjustment cost that is cal-
culated based on the price of a plot of land. The cost of shipping one part is $0.00005696/kg-km. The
distance to potential locations is the shortest path (in km) obtained using ArcGIS. The supply of collec-
tion centers is based on vehicle registration in Ontario based on the county. The demand of manufacturers
is 80% of the supply (percentage of salvageable parts) that is evenly split between them.
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Chapter 4

Case Study Data

The models are implemented to a case study in Ontario. All maps in this thesis are
visualized using Folium (Story, 2020). The following section describes the data that is
used (for a summary of the data used in this thesis, see Appendix B). The case study
focuses on one EOL part — the front lower control arm. This vehicle component is part of
the suspension system. It is typically made of aluminum due to its favorable strength-to-
weight ratio, corrosion resistance, and manufacturability (Aldan American, 2025). In this
case study, the control arm is composed of an aluminum alloy—commonly AA 356 or AA
6061—which is widely used in automotive applications for its high strength and fatigue
resistance (Aldan American, 2025). In this case study, the remanufacturing process is
additive manufacturing. The additive manufacturing process is cold spray. Cold spray
is a solid-state additive manufacturing technique in which metal powders are accelerated
to supersonic speeds and deposited onto a substrate without melting (Pathak & Saha,
2017; Titomic, 2024). The case study in this thesis designs a reverse logistics network
that locates additive manufacturing facilities (referred to as remanufacturing facilities) in
Ontario to manage the reverse flow of front lower control arms.

The models described above use four sets of data: collection centers, potential re-
manufacturing locations, the facilities of current car manufacturers, and landfills. The
locations of the collection centers in Ontario (set C in the mathematical models) are
based on OARA members (Ontario Automotive Recyclers Association, 2024). There are
77 cities that have an OARA member (see Figure 2a). The locations of the top 101 most
populated cities in Ontario (World Population by Country 2024, 2024) are used to pro-

vide possible locations for remanufacturers (set R in the mathematical models) (see Figure
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2b). The locations of the five car manufacturing companies in Ontario (Government of
Canada, 2021) that serve as the car manufacturing locations (set M in the mathemat-
ical models) are: Stellantis, Ford, GM, Honda, and Toyota. These companies have 18
factories in Ontario (see Figure 2c). The costs and emissions of trucking to the landfill
are assumed to be negligible because each city has a landfill (set L in the mathematical
models) (Government of Ontario, 2022b).

The annual supply of used front lower control arms (u; in the mathematical models)
is based on the number of registered vehicles by county in 2022 (Government of Ontario,
2023). The supply for each collection center is calculated based on the number of registered
vehicles in the county where the collection center is located. If there are multiple collection
centers in a county, then the number of registered vehicles is split evenly between them.
In order to determine the kilograms of parts that are produced by each collection center,
the number of registered vehicles is multiplied by two (two front lower control arms per
vehicle) and then multiplied by 25 kg (the average weight of a control arm according to
Stellantis Canada, 2024).

The total yearly demand for parts (d; in the mathematical models) is assumed to
be equal to 80% of the supply of parts (the salvageable portion of the parts). This
ensures that all possible parts that are collected are re-introduced into the market (re-
manufactured). This case study assumes that the demand is evenly split between all car
manufacturers. This assumption is necessary because the production volumes at each
manufacturer are unknown.

The cost of the facility (f; in the mathematical models) is calculated using the following

formula:
LandCost

Y icrlandCost

fi = BaseCost (1 + ) Vie R (84)

where f; is the cost of the facility, R is the set of remanufacturing facilities, LandCost is
the estimated value of an acre of farm land in 2021 based on the county (Government of
Canada, 2024b), and BaseCost is the base cost for the facility assumed to be two million
as a baseline. This formula is used to incorporate a correlation between the cost of a
facility and its location into the model. For example, the formula shows that facilities in
the Greater Toronto Area (GTA) region are more expensive than those in remote areas.

The operating cost of a facility (o; in the mathematical models) is assumed to be

identical for all potential locations for a remanufacturing facility in Ontario. Therefore,
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(a) Locations of the 77 Collection Centers (Ontario Automotive Re-
cyclers Association, 2024)

ing Plants in Ontario Operated by Ford,
GM, Honda, Stellantis, and Toyota

E

Toleto S~ - AN y %

R\ﬂ = o - i b

(c) Locations of the 101 most Populated Cities in Ontario Considered
as Potential Sites for Remanufacturing Facilities

Figure 2: Map of the sets of Locations Across Ontario

36



the operating cost has no impact on the solutions produced by the models.

The facilities for this case study are considered uncapacitated (I'; in the mathematical
models). All facilities are assumed to be able to accommodate the supply of end-of-life
parts.

To calculate the transportation costs on each network connection, $1.65/mile is used
for a 18,000kg truck (Li, Taherkhani, Alumur, & Hewitt, 2025). This results in $0.000091667
/ mile-kg which is converted to $0.00005696/kg-km. The trucking rate is multiplied by
the shortest trucking distance (obtained using ArcGIS) (¢;; in the mathematical models).
This trucking rate is measured based on weight and distance of a 18,000 kg long-haul
combination truck (Garner, 2024).

The emissions released from transporting one long-haul combination truck on arc
(i,7) € A (gi; in the mathematical models) is calculated based on the census divisions
of Ontario (Wang et al., 2020). Each census division in Ontario is associated with a
distinct emissions factor. The shortest path between nodes in the network is generated
(using ArcGIS). The emissions are computed by identifying the census divisions with
which the path intersects and applying the corresponding emissions factors to the distance
traveled within each county (in kilometers). Long-haul combination trucks have a capacity
of approximately 19,000 kg (Garner, 2024). In this thesis, the capacity of a truck is
considered to be 18,000 kg due to the irregular shape of the part and the possibility of not
filling the truck to its capacity. This case study does not account for empty return trips
of trucks to the facility or another pick-up location. In addition, emissions from collection
centers and remanufacturing facilities to recycling centers or landfills are assumed to be
negligible since a landfill is available at all potential locations within the set.

The amount of product sent to a landfill (5 in the mathematical models) (because it
is not salvageable) is assumed to be 20%.

The stochastic model is introduced to capture the uncertainty in the quantity and
quality of the front lower control arms. The uncertainty can arise from the unknown
condition of the parts that are brought to collection centers and the unknown number
of cars that are brought to collection centers. Therefore, supply is assumed to follow a
normal distribution. Each instance of the deterministic equivalent of the stochastic model
is solved using a total of ten scenarios generated from this normal distribution, with each
scenario representing different supply levels occurring with equal probability. The case

study assumes a supply variation of 10% around the mean as a baseline.
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The sensitivity analysis examines the parameters of fixed cost, transportation cost,
and supply variation. The fixed cost (f; in the mathematical models) is varied by setting
the baseCost of a facility from one to five million. The transportation cost is varied by
fluctuating the trucking rate. The supply (u; in the mathematical models) is varied by
percentage decreases/increases in the deterministic version and variation in the stochastic
model. Fluctuation of supply also accounts for the variation of the amount of product
that is not salvageable (§ in the mathematical models) because the parameter only affects

the amount of outflow from remanufacturing facilities.
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Chapter 5
Results and Insights

This section first discusses the base model and then proceeds to the stochastic model.
The base models were run on a Dell with an Intel Core i5 7th Gen CPU, with 3.5 GHz
and 8.00 GB of RAM, running Windows 11 operating system. The stochastic models
were run on Mac with an Apple M2 Pro chip, 16 GB of RAM, running macOS Sequoia
15.5 by Atahan Bayir. Gurobi was used as a mixed-integer linear programming solver.
All instances were solved to optimality using the default settings of Gurobi (the default
value of this parameter is 0.01%), coded in Python.

5.1 Base Model

The objective function equation (40) from Section 3.5 is used. The objective function
used to solve this model incorporates weights assigned to the cost and emissions objective
functions (denoted by a and 1 — ) to observe the locations selected based on how im-
portant cost-effectiveness or environmental sustainability are for the decision maker. As
the value of «a increases, a greater weight is placed on the cost objective function. When
a = 1, only the cost is minimized. When a = 0, only the emissions are minimized. For
this initial analysis, Constraint (9) is included to restrict the number of facilities to be
located to p.

Table 2 presents the results of the Base model (deterministic). Table 2 contains the
p value, which represents the number of facilities that should be located. The objective
weights are reported. The total cost of the solution (made up of the transportation cost

and the fixed cost for a facility) and the total emissions released (transportation emissions)
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by the solution are indicated. The locations of the facilities are indicated. The rightmost

column contains Gurobi’s solution time (in seconds).

Table 2: Deterministic Results with the Base Model

Objective Total Transportation Gurobi

p  Weights Cost Emissions Optimal Locations Time
(a,1 — ) (%) (kg of COse) (sec)

1,0 6,664,747 13,789,622 Mississauga 0.62

0.9,0.1 6,664,747 13,789,622 Mississauga 0.58
0.8,0.2 6,664,747 13,789,622 Mississauga 0.56
0.7,0.3 6,686,167 13,457,394 Brampton 0.58
0.6,0.4 6,686,167 13,457,394 Brampton 0.62

1 0.5,0.5 6,686,167 13,457,394 Brampton 0.58
0.4,0.6 6,686,167 13,457,394 Brampton 0.53
0.3,0.7 6,686,167 13,457,394 Brampton 0.58
0.2,0.8 6,686,167 13,457,394 Brampton 0.59
0.1,0.9 6,686,167 13,457,394 Brampton 0.58

0,1 6,686,167 13,457,394 Brampton 0.56

1,0 7,569,496 10,463,233 Ottawa, Mississauga 10.48

0.9,0.1 7,569,496 10,463,233 Ottawa, Mississauga 11.11
0.8,0.2 7,569,496 10,463,233 Ottawa, Mississauga 10.23
0.7,0.3 7,571,189 10,435,033 Ottawa, Mississauga 19.67
0.6,0.4 7,571,189 10,435,033 Ottawa, Mississauga 12.23

2 0.5,0.5 7,617,576 10,122,450 Ottawa, Brampton 12.48
0.4,0.6 7,617,576 10,122,450 Ottawa, Brampton 13.37
0.3,0.7 7,617,576 10,122,450 Ottawa, Brampton 13.95
0.2,0.8 7,617,576 10,122,450 Ottawa, Brampton 13.53
0.1,0.9 7,617,576 10,122,450 Ottawa, Brampton 11.65

0,1 7,623,159 10,120,578 Ottawa, Brampton 14.64

1,0 8,724,390 7,722,761 Ottawa, Vaughan, Woodstock 6.36

0.9,0.1 8,724,390 7,722,761 Ottawa, Vaughan, Woodstock 6.76
0.8,0.2 8,726,160 7,668,744 Ottawa, Vaughan, Woodstock 5.06
0.7,0.3 8,726,160 7,668,744 Ottawa, Vaughan, Woodstock 5.48
0.6,0.4 8,726,160 7,668,744 Ottawa, Vaughan, Woodstock 6.86

3 0.5,0.5 8,726,160 7,668,744 Ottawa, Vaughan, Woodstock 6.31
0.4,0.6 8,774,484 7,442,406 Ottawa, Mississauga, Windsor 7.84
0.3,0.7 8,838,735 7,288,989 Ottawa, Brampton, Windsor 7.26
0.2,0.8 8,838,735 7,288,989 Ottawa, Brampton, Windsor 8.42
0.1,0.9 8,949,811 7,180,639 Ottawa, Brampton, Sarnia 6.69

0,1 10,544,208 7,163,250 Ottawa, Brampton, Sault Ste. Marie 5.97

1,0 10,208,394 5,656,944 Ottawa, Vaughan, Windsor, Cambridge 3.26

0.9,0.1 10,208,394 5,656,944 Ottawa, Vaughan, Windsor, Cambridge 3.14
0.8,0.2 10,208,394 5,656,944 Ottawa, Vaughan, Windsor, Cambridge 3.17
0.7,0.3 10,208,498 5,655,389 Ottawa, Vaughan, Windsor, Cambridge 3.06
0.6,0.4 10,208,498 5,655,389 Ottawa, Vaughan, Windsor, Cambridge 3.20

4 0.5,0.5 10,209,301 5,650,033 Ottawa, Vaughan, Windsor, Brant 3.09
0.4,0.6 10,209,301 5,650,033 Ottawa, Vaughan, Windsor, Brant 2.66
0.3,0.7 10,214,550 5,632,072 Ottawa, Vaughan, Windsor, Brant 2.97
0.2,0.8 10,214,550 5,632,072 Ottawa, Vaughan, Windsor, Brant 2.97
0.1,0.9 10,221,115 5,627,883 Ottawa, Vaughan, Windsor, Brant 2.95

0,1 11,528,612 5,627,761 Ottawa, Vaughan, Brant, Sault Ste. Marie 3.73
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Table 2 shows that when one or two facilities are located, the difference in total costs
for all o values are small. For example, when p = 1, the difference in total cost between
the solutions with o = 1 and o = 0 is $21,420. When p = 2, the difference in total cost
between the solutions with @ = 1 and o = 0 is $53,663. There is a sharp increase in the
difference in total cost as a decreases when three or four facilities are built. For example,
when p = 3, the difference in total cost between the solutions with & = 1 and o« = 0 is
about $1,819,818. When p = 4, the difference in total cost between the solutions with
a =1 and a = 0 is about $1,320,218.

Table 2 shows that the lowest total cost is achieved when one facility is built. Building
multiple facilities increases the total cost because the fixed cost of building a facility (2
million) is substantially higher than the transportation cost ($0.00005696 kg/km). Table
2 shows that there is an inverse relationship between the number of facilities and the
amount of released emissions. As the number of facilities increases, emissions decrease
because the transportation distance traveled decreases.

Table 2 shows that the model locates the remanufacturing facilities in the GTA area
because of the clustering of collection centers (see Figure 2). If the company only plans
to build one facility in Ontario, it should be located in either Mississauga or Brampton
(both located in the GTA). By investing approximately $21,420 and locating the facility
in Brampton the company can save approximately 332,228 kg of C'Ose yearly. If building
more than one facility in the long run is anticipated, then the company should first place
a facility in Ottawa, followed by another facility in the GTA. Table 2 shows that Ottawa
is always selected when two or more facilities are located.

Figures 3 and 4 (based on Table 2) illustrate the optimal locations produced by solving
the deterministic model when three or four facilities are located. Figure 3 shows that the
selected locations do not change significantly if some weight is placed on the cost objective.
The trend of Ottawa, a location in the GTA, and a location near the US border are
recurrent. Figure 4 shows that the selected locations do not change significantly. The
trend of Ottawa, a location in the GTA, a location between London and the GTA, and a
location near the US border are recurrent.

Figure 5 shows four trade-off curves based on Table 2. Each subfigure displays non-
dominated solutions representing the trade-off between cost and emissions, where the
x-axis shows the total cost (in millions of $) and the y-axis shows the total emissions (in

millions of kg of COqe). Figure 5a displays the two non-dominated solutions: Mississauga
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L o et T Ui = P 1a%
(a) Ottawa, Brampton, and Sault Ste. Marie (¢ =  (b) Ottawa, Brampton, and Sarnia (o = 0.1)

# e T 28 x d L‘\' : =
(¢) Ottawa, Brampton, and Windsor (a = 0.2,0.3) (d) Ottawa, Mississauga, and Windsor (a = 0.4)

Figure 3: Optimal Facility Locations Under Different Values of o with p = 3 Using the
Base Model
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(b) Ottawa, Vaughan, Windsor, and Brant (o = 0.1 — 0.5)

(c) Ottawa, Vaughan, Windsor, and Cambridge (o = 0.6 — 1)

Figure 4: Optimal Facility Locations Under Different Values of o with p = 4 Using the
Base Model
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Figure 5: Trade-off Curves Based on the Deterministic Base Model: x-axis total cost (in
millions of §) and y-axis total emissions (in millions of kg of C'Oqe).

and Brampton. Figure 5b depicts the two non-dominated solutions: Ottawa and Missis-
sauga and Ottawa and Brampton as four points because changing the flow of parts does
not change the locations but changes the emissions and transportation costs. The same
trend may be observed with p = 3 and p = 4 in Figures 5c¢ and 5d.

As can be seen in Figure 5, building one facility (p = 1) has the lowest total cost
because the fixed cost of building a facility (2 million plus the land cost adjustment)
outweighs the savings from the transportation cost. The plateau in the trade-off curves in
Figures 5c and 5d demonstrates that an increase in spending does not correlate linearly
with a decrease in emissions. Therefore, an o value between 0.6 and 0.4 provides a solution
where emissions are reduced without extreme expenses.

When three facilities are opened (p = 3), the Pareto-optimal solutions that signifi-
cantly improve emissions without significant costs correspond to the following locations:
Ottawa, Brampton, and Sarnia; Ottawa, Brampton, and Windsor; and Ottawa, Mis-
sissauga, and Windsor (see Figure 3b, ¢, and d). For four facilities (p = 4), the Pareto-

optimal solutions that substantially reduce emissions while maintaining economic viability
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are Ottawa, Vaughan, Windsor, and Cambridge, as well as Ottawa, Vaughan, Windsor,
and Brant (see Figure 4b and c).

5.2 Stochastic Model

The objective function equation (41) from Section 3.5 is used. This objective function
incorporates weights to observe the locations selected based on how important cost-
effectiveness or environmental sustainability is to the decision maker.” For this initial
analysis, Constraint (9) is included to restrict the number of facilities to be located to p.

Table 3 presents the results of the Base model (deterministic). Table 3 contains the
p value, which represents the number of facilities that should be located. The objective
weights are reported. The total cost of the solution and the total emissions released by
the solution are indicated. The locations of the facilities are indicated. The runtime of
the model is indicated in the rightmost column.

As Table 2 and Table 3 demonstrate, for each value of p, there is no significant increase
in cost as the cost objective weight («) increases. Table 3 differs from Table 2 when p = 4
and a = 0. Ottawa, Vaughan, Brant, Sault Ste. Marie is the solution in the base model
versus Ottawa, Vaughan, Windsor, Brant is the solution in the stochastic model. When
p = 4 the difference in total cost between the solutions with o = 1 and o = 0 is about
$20,250 (which is significantly smaller than the difference in Table 2).

Table 3 shows that the maximum emissions difference occurs when three facilities
(p = 3) are built (approximately 0.56 kg of COse). If one, two, or four facilities are built,
the difference is approximately 0.332, 0.342, and 0.03 kilotons of C'Ose, respectively. A
slight change in cost can reduce emissions. However, in order to minimize emissions, a
much greater investment may be required.

Table 3 shows that when o decreases and when p = 1, p = 2, and p = 3, the model
replaces Mississauga with Brampton. Although Brampton and Mississauga have the same
facility cost, the emissions for the routes to and from Mississauga are higher. When p = 3,
it can be observed that Vaughan is replaced by Mississauga as a decreases. Vaughan has
a lower facility cost than Mississauga but has higher emissions to and from collection

centers and manufacturers. When p = 4, as a decreases, Cambridge is replaced with

5Supply is assumed to follow a normal distribution with a 10% variation around the mean, and the
deterministic equivalent of the stochastic model is solved using ten scenarios, each occurring with equal
probability.
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Table 3: Results with the Stochastic Model

Objective Total Transportation S?)FJ,SE;
p Weights Cost Emissions Optimal Location(s) .
(a,1—a) ($) (kg of COse) Time
' (sec)
1,0 6,664,775 13,789,707 Mississauga 1.87
0.9,0.1 6,664,775 13,789,707 Mississauga 1.59
0.8,0.2 6,664,775 13,789,707 Mississauga 1.50
0.7,0.3 6,686,190 13,457,468 Brampton 1.54
0.6,0.4 6,686,190 13,457,468 Brampton 1.71
1 0.5,0.5 6,686,190 13,457,468 Brampton 1.94
0.4,0.6 6,686,190 13,457,468 Brampton 1.85
0.3,0.7 6,686,190 13,457,468 Brampton 1.83
0.2,0.8 6,686,190 13,457,468 Brampton 1.88
0.1,0.9 6,686,190 13,457,468 Brampton 1.68
0,1 6,686,190 13,457,468 Brampton 1.74
1,0 7,569,508 10,463,268 Ottawa, Mississauga 728.55
0.9,0.1 7,569,508 10,463,268 Ottawa, Mississauga 1,247.69
0.8,0.2 7,569,508 10,463,268 Ottawa, Mississauga 803.16
0.7,0.3 7,571,200 10,435,073 Ottawa, Mississauga 606.72
0.6,0.4 7,571,200 10,435,073 Ottawa, Mississauga 1,030.46
2 0.5,0.5 7,617,583 10,122,478 Ottawa, Brampton 1,041.32
0.4,0.6 7,617,583 10,122,478 Ottawa, Brampton 1,209.41
0.3,0.7 7,617,583 10,122,478 Ottawa, Brampton 205.87
0.2,0.8 7,617,583 10,122,478 Ottawa, Brampton 214.08
0.1,0.9 7,617,583 10,122,478 Ottawa, Brampton 202.29
0,1 7,623,166 10,120,603 Ottawa, Brampton 105.49
1,0 8,724,399 7,722,788 Ottawa, Vaughan, Woodstock 1,119.30
0.9,0.1 8,724,399 7,722,788 Ottawa, Vaughan, Woodstock 921.41
0.8,0.2 8,726,169 7,668,768 Ottawa, Vaughan, Woodstock 980.46
0.7,0.3 8,726,169 7,668,768 Ottawa, Vaughan, Woodstock 1,270.07
0.6,0.4 8,726,169 7,668,768 Ottawa, Vaughan, Woodstock 1,278.39
3 0.5,0.5 8,726,169 7,668,768 Ottawa, Vaughan, Woodstock 1,497.28
0.4,0.6 8,774,487 7,442,405 Ottawa, Mississauga, Windsor 1,546.25
0.3,0.7 8,838,734 7,288,978 Ottawa, Brampton, Windsor 1,486.99
0.2,0.8 8,838,734 7,288,978 Ottawa, Brampton, Windsor 1,250.01
0.1,0.9 8,949,811 7,180,638 Ottawa, Brampton, Sarnia 2,345.95
0,1 10,544,228 7,163,239 Ottawa, Brampton, Sault Ste. Marie 1,134.60
1,0 10,208,393 5,656,931 Ottawa, Vaughan, Windsor, Cambridge  474.82
0.9,0.1 10,208,393 5,656,931 Ottawa, Vaughan, Windsor, Cambridge  323.94
0.8,0.2 10,208,393 5,656,931 Ottawa, Vaughan, Windsor, Cambridge  321.60
0.7,0.3 10,208,497 5,655,381 Ottawa, Vaughan, Windsor, Cambridge  306.37
0.6,0.4 10,208,497 5,655,381 Ottawa, Vaughan, Windsor, Cambridge  281.93
4 0.5,0.5 10,209,301 5,650,033 Ottawa, Vaughan, Windsor, Brant 323.81
0.4,0.6 10,209,301 5,650,033 Ottawa, Vaughan, Windsor, Brant 320.59
0.3,0.7 10,214,550 5,632,072 Ottawa, Vaughan, Windsor, Brant 328.24
0.2,0.8 10,214,550 5,632,072 Ottawa, Vaughan, Windsor, Brant 240.96
0.1,0.9 10,221,117 5,627,880 Ottawa, Vaughan, Windsor, Brant 390.11
0,1 10,228,643 5,627,757 Ottawa, Vaughan, Windsor, Brant 415.97
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Brant because the emissions for the routes to and from Cambridge are higher. As shown
above (see Table 2), if a company chooses to open one facility, it should be in the GTA,
and if a company chooses to open multiple facilities, one should be in Ottawa and another
in the GTA.

There is a considerable variation in the solution times for the stochastic model. The
minimum solution time observed was approximately 1.5 seconds. The maximum solution
time was 39.1 minutes. The average solution time was around 9.8 minutes. The variation
reflects the computational complexity. The long solution times may be due to the number
of decision variables. Despite the variation, these times remain reasonable given the
strategic nature of the problem.

The stochastic and base models yield the same optimal locations for the majority of
instances. This demonstrates that the base model (deterministic) is a good approximation
for the stochastic model when there is a small supply variation (10%). The only difference
between Table 2 and Table 3 occurs when p = 4, a« = 0, where Ottawa, Vaughan, Brant,
Sault Ste. Marie is the solution in the base model versus Ottawa, Vaughan, Windsor,
Brant is the solution in the stochastic model. When p = 4 and a = 0, the base model
solution total cost is worse than the stochastic model by $1.3 million, but the emissions
for the solutions are identical. This is likely due to the random scenarios taken in the
stochastic model.

Figure 6 shows four trade-off curves. Figure 6a displays two non-dominated solutions:
Mississauga and Brampton. Figure 6b shows four non-dominated solutions corresponding
to two facility locations: Ottawa and Mississauga, and Ottawa and Brampton. Although
the facility locations remain unchanged in some of the non-dominated solutions, variations
in transportation routes impact both cost and emissions as placing greater weight on cost
results in the use of less environmentally friendly routes.

Figure 6 shows that locating one facility (p = 1) is optimal in terms of cost because
the transportation cost is substantially lower than the fixed cost of building a facility.
Increasing the number of facilities decreases the emissions (locating four facilities is opti-
mal for minimum emissions values). The sharp decreases show that small investments in
emissions reductions may be beneficial, but the plateau shows that the trend is not linear
(more investment does not result in an equal reduction in emissions). Figure 6 shows that
the objective cost weights (a) of approximately 0.6 to 0.4 should be considered because

small investment results in significant improvements in reducing GHG emissions.
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Figure 6: Trade-off Curves with the Stochastic Model: x-axis total cost (in millions of §)
and y-axis total emissions (in millions of kg of COqe).

When three facilities are located (p = 3), the Pareto front solutions that significantly
improve emissions without significant costs coincide with those of the deterministic model
(see Figure 3). When four facilities are located (p = 4), these solutions correspond to
the locations Ottawa, Vaughan, Windsor, and Cambridge as well as Ottawa, Vaughan,

Windsor, and Brant (see Figures 4a and 4b).
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5.3 Sensitivity Analysis

This section provides a sensitivity analysis. The analysis consists of perturbing the base
facility cost, transportation cost, and supply variation. This section presents the results
for the stochastic model. It offers an assessment of the differences between the results
of the base and stochastic models. Constraint (9) is removed to determine the optimal
number of facilities that should be located.

The sensitivity analysis is conducted with the following cost objective weight values
(): 1, 0.75, 0.5, and 0.25. Cost objective weight values () below 0.25 are not considered
because lower values of a do not result in significant additional emissions savings and
when only the emissions objective is considered in the model (o = 0) with no maximum
number of facilities, the optimal solution opens all potential remanufacturing facilities,

which is unrealistic.

5.3.1 Effect of Facility Cost

The cost of the facility is adjusted, from one to five million dollars, in order to observe the
effect that the base cost of operating a facility has on the locations of the remanufacturing
facilities and the overall cost of operating the network. The rows with two million as the
base facility cost in Table 4 correspond to the results provided in Table 3. The sensitivity
analysis on the fluctuation of the facility cost with the base and stochastic models pro-
duces the same solutions and similar total cost and transportation emissions (which can
be accounted for through the generation of scenarios for the stochastic solution). The
leftmost column contains the objective weights. The base facility cost is recorded. The
total cost and total emissions are included. The optimal locations for the facilities are
listed. The rightmost column shows the runtime.

Table 4 shows that as the fixed cost to locate a facility increases, the number of
facilities located by the model decreases. As the weight of the cost objective function
decreases (decreasing «), the total cost increases. The difference in total cost increases
by approximately $0.63, $2.17, $0.03, $0.04, and $0.05 million when comparing o = 1
and a = 0.25 when fixed cost is one, two, three, four, and five million respectively. The
difference in base fixed cost of a facility causes a larger fluctuation in the total cost of the
solution when the cost objective is weighted more. The difference in total cost increases

by approximately $4.15, $3.99, $4.04, and $3.56 million when comparing fixed cost one
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Table 4: Effect of Facility Cost on the Resulting Solutions

Objective Base Total  Transportation Gurobi
‘Weights Cost Cost Emissions Optimal Locations time
(a,1—ca) ($ in mil) (%) (kg of COqe) (sec)
1 5,545,302 10,463,268 Ottawa, Mississauga 795.64
2 6,664,775 13,789,707 Mississauga 1,619.36
1,0 3 7,676,590 13,821,396 Vaughan 1,415.73
4 8,684,797 13,821,396 Vaughan 55.96
5 9,693,005 13,821,396 Vaughan 38.75
1 5,698,059 7,668,768 Ottawa, Vaughan, Woodstock 3,093.85
2 6,664,775 13,789,707 Mississauga 1,586.36
0.75,0.25 3 7,676,590 13,821,396 Vaughan 1,273.10
4 8,684,797 13,821,396 Vaughan 76.26
5 9,693,005 13,821,396 Vaughan 50.56
1 5,698,059 7,668,768 Ottawa, Vaughan, Woodstock 1,823.43
2 6,686,190 13,457,468 Brampton 949.15
0.5,0.5 3 7,704,125 13,457,468 Brampton 1,160.77
4 8,722,060 13,457,468 Brampton 1,614.38
5 9,739,994 13,457,468 Brampton 88.39
1 6,175,688 5,637,420 Ottawa, Vaughan, Windsor, Cambridge 621.86
2 8,838,734 7,288,978 Ottawa, Brampton, Windsor 688.18
0.25, 0.75 3 7,704,125 13,457,468 Brampton 822.41
4 8,722,060 13,457,468 Brampton 3,088.03
5 9,739,994 13,457,468 Brampton 758.57

million and five million when the weight of the objective function is a = 1, a = 0.75,
a = 0.5, and a = 0.25.

Table 4 shows that as the number of facilities decreases, the emissions increase. The
solution with the lowest emissions has four opened facilities (o« = 0.25 and the base cost is
one million dollars). All solutions that produce the same number of facilities opened yield
similar emissions. For example, all solutions with three facilities opened (when o = 0.75
and fixed cost is one million, o = 0.5 and fixed cost is one million, a = 0.25 and fixed
cost is two million) result in emissions of approximately 7 kilotons of C'Oqe.

Table 4 confirms that when only one facility is opened, it is located in the GTA due
to the proximity to the majority of collection centers and manufacturers (see Figure 2).
Table 4 displays the same trend that opening multiple facilities results in one facility in

Ottawa and another in the GTA.

5.3.2 Effect of Transportation Cost

The transportation cost is perturbed in order to observe the effect that the cost of using
an arc in the network has on the location(s) of the remanufacturing facilities and the

overall cost of operating the network. The transportation cost may fluctuate due to gas
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prices, tariffs, and workers’ wages. The transportation cost of $0.00005696 per kg-km is
increased /decreased by up to 50%. The rows with 0% in Table 5 correspond to the results
provided in Table 3. The sensitivity analysis on the fluctuation of the facility cost with
the base and stochastic models produces the same solutions and similar total cost and
transportation emissions (which can be accounted for by the generation of scenarios for
the stochastic solution). The leftmost column of Table 5 contains the objective weights.
The percentage of the increase/decrease of the transportation cost is recorded. The total
cost and total emissions are recorded. The optimal locations of the facilities are listed.

The rightmost column shows the runtime.

Table 5: Effect of Transportation Cost Variations on the Solutions

Objective Transportation Total Transportation Gurobi
Weights Cost Cost Emissions Optimal Locations time
(a,1—a)  Perturbation (%) (kg of COsqe) (sec)
50% dec 4,342,398 13,821,396 Vaughan 506.85
25 % dec 5,505,390 13,821,396 Vaughan 1,324.88
10% dec 6,201,885 13,789,707 Mississauga 2,267.04
1,0 0% 6,664,775 13,789,707 Mississauga 1,622.03
10% inc 7,127,666 13,789,707 Mississauga 5,119.18
25% inc 7,822,002 13,789,707 Mississauga 2,949.09
50% inc 8,979,228 13,789,707 Mississauga 299.32
50% dec 4,361,030 13,457,468 Brampton 105.75
25 % dec 5,623,610 13,457,468 Brampton 3,413.17
10% dec 6,221,158 13,457,468 Brampton 3,996.78
0.75,0.25 0% 6,664,775 13,789,707 Mississauga 1,594.42
10% inc 7,127,666 13,789,707 Mississauga 2,273.69
25% inc 7,822,002 13,789,707 Mississauga 1,158.47
50% inc 8,979,228 13,789,707 Mississauga 722.81
50% dec 4,361,030 13,457,468 Brampton 2,359.28
25 % dec 5,523,610 13,457,468 Brampton 2,572.14
10% dec 6,221,158 13,457,468 Brampton 496.39
0.5,0.5 0% 6,686,190 13,457,468 Brampton 945.57
10% inc 7,151,222 13,457,468 Brampton 567.05
25% inc 7,848,770 13,457,468 Brampton 816.21
50% inc 9,332,594 10,435,073 Ottawa, Mississauga 903.16
50% dec 5,832,998 10,122,478 Ottawa, Brampton 437.77
25 % dec 8,146,624 7,288,978 Ottawa, Brampton, Windsor 669.45
10% dec 8,561,890 7,288,978 Ottawa, Brampton, Windsor  4,285.50
0.25,0.75 0% 8,838,734 7,288,978 Ottawa, Brampton, Windsor 686.79
10% inc 9,115,578 7,288,978 Ottawa, Brampton, Windsor ~ 1,283.10
25% inc 9,530,844 7,288,978 Ottawa, Brampton, Windsor 588.02
50% inc 10,126,584 7,442,405 Ottawa, Mississauga, Windsor 1,781.53

Table 5 demonstrates that the fluctuation in transportation cost has a significant effect
on the location and number of facilities and, subsequently, the total cost of the solution.

When the weight on the cost objective is higher (o = 1), decreasing the transportation
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cost significantly lowers the total cost (by $2.32 million). Increasing the transportation
cost significantly increases the total cost (by $2.31 million). When the weight of the
emissions objective is higher (o = 0.25), decreasing the transportation cost significantly
lowers the total cost (by $3.01 million). Increasing the transportation cost significantly
increases the total cost (by $1.29 million). When the weight of the cost objective is equal
to the weight of the emissions objective (o = 0.5), decreasing the transportation cost
lowers the total cost (by $2.33 million). Increasing the transportation cost increases the
total cost (by $2.65 million).

Table 5 demonstrates that when the weight of the cost objective is higher (a = 1),
decreasing the transportation cost increases the emissions (by 0.031 kiloton of C'Oze com-
pared to 0% perturbation). Increasing the transportation cost does not change the emis-
sions. When the emissions objective function is weighted higher (o = 0.25), decreasing
the transportation cost increases the emissions significantly (by 2.83 kiloton of C'Ose
compared to 0% perturbation) because the model locates one less facility. Increasing
the transportation cost increases the emissions (by 0.153 kiloton of C'Ose compared to
0% perturbation) because the cost of the model increases substantially which causes less
emissions efficient paths to be taken (Mississauga). When the weight of the cost objective
is equal to the weight of the emissions objective (v = 0.5), decreasing the transporta-
tion cost does not impact the emissions. Increasing the transportation cost significantly
decreases the emissions (by 3.02 kiloton of C'Ose compared to 0% perturbation).

Table 5 demonstrates that locating one facility is the most beneficial. The common
locations selected by the model are Brampton (15 out of 28 solutions) and Mississauga
(11 out of 28 solutions). If an increase in transportation costs is likely, then Mississauga
should be selected. It can again be observed that if multiple facilities are located, then the
facility locations that are selected are typically the first facility is in Ottawa, the second

in the GTA region, and the third near the US border.

5.3.3 Effect of Supply Variation

The variation (distribution) of the supply of parts is perturbed to simulate the effects
that uncertainty of the number of ELVs has on the location(s) of the remanufacturing
facilities and the overall cost of operating the network. This section first presents the

base model and then the stochastic results because the supply variation perturbation is
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expressed differently.

The effect of supply variation on the base model is observed by increasing and decreas-
ing the supply of parts in kg by up to 50% in increments of 10%. The first column of Table
6 is the objective weights. The percentage increase/decrease of the supply in kilograms of
parts is indicated. The rows with "Mean” in Table 6 correspond to the results provided
in Table 2. The total cost and total emissions are indicated. The optimal locations of the
facilities are listed. The rightmost column shows the runtime.

Table 6 shows that the fluctuation on supply has a large effect on the total cost of the
solution. If the cost objective function is weighted more (a = 1,0.75), then the difference
between the mean and 50% increase and the mean and 50% decrease is $2.31 million
and $2.32 million respectively. If the cost objective function and emissions objective
are weighted equally (o = 0.5), then the difference between the mean and 50% increase
and the mean and 50% decrease is $3.37 million and $2.33 million respectively. If the
emissions objective function is weighted more (o = 0.25), then the difference between
the mean and 50% increase and the mean and 50% decrease is $2.44 million and $4.48
million respectively. This shows that fluctuations in supply has a significant effect on cost
within the same objective weight due to transportation costs. The difference in total cost
increases by approximately $2.3, $2.17, and $0.02 million when comparing o = 1 and
a = 0.25 for a supply change of 50% increase, no change (0%), and 50% decrease. This
shows that an increase in the supply has a significant effect on the total cost due to the
number of facilities built.

Table 6 shows that the supply has a significant effect on emissions because the number
of trucks that are needed increases as the supply increases, which significantly increases
the GHG emissions released by transportation. If the cost objective function is weighted
more (a = 1), then the difference between the mean and 50% increase and the mean and
50% decrease is 6.89 and 6.88 kiloton of C'Ose respectively. If the cost objective function
and emissions objective are weighted equally (a = 0.5), then the difference between
the mean and 50% increase and the mean and 50% decrease is 1.95 and 6.73 kiloton of
COqe respectively. If the emissions objective are is weighted more (o = 0.25), then the
difference between the mean and 50% increase and the mean and 50% decrease is 1.17
and 0.56 kiloton of C'Oqe respectively. The difference in emissions decreases by 12.23, 6.5,
and 0.18 kiloton of COse when comparing o = 1 and o = 0.25 for a supply change of 50%

increase, no change (mean), and 50% decrease respectively. This shows that the number
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Table 6: Effect of the Variation in Supply with the Deterministic Model

Objective Supply Total Transportation S?);llft(;l(;;
Weights R Cost Emissions Optimal Location(s) .
Variation Time
(a,1—a) (%) (kg of COqe) (sec)
50% inc 8,979,185 20,684,433 Mississauga 7.33
40% inc 8,516,297 19,305,467 Mississauga 9.60
30 % inc 8,053,410 17,926,506 Mississauga 43.96
20 % inc 7,590,522 16,547,544 Mississauga 2.13
10% inc 7,127,634 15,168,583 Mississauga 19.98
1,0 Mean 6,664,747 13,789,622 Mississauga 4.32
10% dec 6,201,859 12,410,661 Mississauga 16.58
20% dec 5,737,967 11,057,050 Vaughan 8.93
30% dec 5,272,773 9,674,922 Vaughan 1.80
40% dec 4,807,579 8,292,789 Vaughan 15.93
50% dec 4,342,385 6,910,656 Vaughan 10.41
50% inc 8,979,185 20,684,433 Mississauga 6.82
40% inc 8,516,297 19,305,467 Mississauga 8.73
30 % inc 8,053,410 17,926,506 Mississauga 13.66
20 % inc 7,590,522 16,547,544 Mississauga 1.59
10% inc 7,127,634 15,168,583 Mississauga, 7.90
0.75,0.25 Mean 6,664,747 13,789,622 Mississauga 16.41
10% dec 6,201,859 12,410,661 Mississauga 16.73
20% dec 5,738,971 11,031,694 Mississauga 14.52
30% dec 5,272,773 9,674,922 Vaughan 10.10
40% dec 4,807,579 8,292,789 Vaughan 10.36
50% dec 4,342,385 6,910,656 Vaughan 18.51
50% inc 10,061,130 11,503,111 Ottawa, Vaughan, Woodstock 14.15
40% inc 9,045,240 14,171,433 Ottawa, Brampton 15.82
30 % inc 8,688,324 13,159,189 Ottawa, Brampton 18.04
20 % inc 8,331,408 12,146,944 Ottawa, Brampton 11.67
10% inc 7,151,196 14,803,133 Brampton 7.03
0.5,0.5 Mean 6,686,167 13,457,394 Brampton 22.53
10% dec 6,221,137 12,111,656 Brampton 11.65
20% dec 5,756,107 10,765,917 Brampton 12.61
30% dec 5,291,077 9,420,178 Brampton 15.77
40% dec 4,826,048 8,074,433 Brampton 9.53
50% dec 4,361,018 6,728,694 Brampton 2.06
50% inc 11,282,563 8,456,139 Ottawa, Vaughan, Windsor, Cambridge 10.26
40% inc 11,072,461 7,884,900 Ottawa, Vaughan, Windsor, Brant 11.05
30 % inc 9,669,268 9,475,683 Ottawa, Brampton, Windsor 10.45
20 % inc 9,392,424 8,746,783 Ottawa, Brampton, Windsor 11.38
10% inc 9,115,579 8,017,883 Ottawa, Brampton, Windsor 14.29
0.25,0.75 Mean 8,838,735 7,288,989 Ottawa, Brampton, Windsor 14.91
10% dec 8,561,891 6,560,089 Ottawa, Brampton, Windsor 21.25
20% dec 6,903,743 8,097,961 Ottawa, Brampton 21.71
30% dec 6,546,827 7,085,717 Ottawa, Brampton 20.97
40% dec 4,826,048 8,074,433 Brampton 20.14
50% dec 4,361,018 6,728,694 Brampton 15.68
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of facilities placed also has a significant effect on the emissions released.

Table 6 shows that when the cost objective function is weighted higher (o = 1,0.75),
the number of facilities opened is one (Mississauga or Vaughan). If only the cost objective
(v = 1) is considered, then the same location (Mississauga) is valid for fluctuations ranging
from 10% decrease to 50% increases. If the cost objective is equally important to the
emissions objective (a = 0.5), then the same location (Brampton) is valid for fluctuations
ranging from 50% decrease to 10% increase. If the cost objective is weighted less than the
emissions objective (a = 0.25), then the same locations (Ottawa, Brampton, Windsor) is
valid for fluctuations ranging from 10% decrease to 30% increases. Locating one facility
in Mississauga is a common solution when only one facility is desired (this follows the
same trends discussed above). When locating multiple facilities, the trend of locations
demonstrates the same trends as discussed above (Ottawa, GTA, US border, and then a
location between London and the GTA).

The effect of supply variation on the stochastic model is observed by increasing the
supply variation around the mean from 10% to 50% in increments of 10%. The rows
with 10% in Table 7 correspond to the results provided in Table 3. Table 7 indicates the
objective weights for the objective function. The percentage of variation from the mean
used to produce the scenarios is indicated. The total cost and transportation emissions
are indicated. The optimal locations of the remanufacturing facilities are listed. The
runtime for the model is in the rightmost column.

Table 7 shows that the solutions remain robust to fluctuations in supply regardless
of the objective function weights.® The total cost does not change substantially due
to fluctuations in supply within objective values. As the cost objective function weight
decreases (from a = 1 to a = 0.25), the cost difference is $2.17 million for all the supply
variations of 10, 20, 30, 40, and 50 respectively.

Table 7 shows that the emissions are generally stable for all fluctuations in supply.
The emissions are highly dependent on the number of facilities (the greater the number
of opened facilities the lower the transportation emissions). When a = 0.25, the solution
obtained has three opened facilities, which results in the lowest transportation emissions.

Table 7 shows that as the weight assigned to the cost objective decreases, Mississauga

is replaced by Brampton due to the lower emissions associated with routes to and from

6Note that the facilities are assumed to be uncapacitated in this analysis, which allows only one
facility to be located regardless of the quantity of parts. The capacity of the additive manufacturing
facility depends on the processing rate and quantity of machines.
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Table 7: Effect of the Variation in Supply with the Stochastic Model

Objective  Supply Total Transportation Sc(;)illftoi];;
Weights variation Cost Emissions Optimal Locations time
(o, 1 — ) (%) €)) (kg of COqe) (sec)
10 6,664,775 13,789,707 Mississauga 1,614.79
20 6,664,688 13,789,431 Mississauga 4,233.43
1,0 30 6,664,787 13,789,718 Mississauga 1,660.80
40 6,664,761 13,789,665 Mississauga 1,603.90
50 6,664,628 13,789,313 Mississauga 4,579.09
10 6,664,775 13,789,707 Mississauga 1,581.62
20 6,664,688 13,789,431 Mississauga 1,249.18
0.75,0.25 30 6,664,787 13,789,718 Mississauga 1,525.19
40 6,664,761 13,789,665 Mississauga 2,851.06
50 6,664,628 13,789,313 Mississauga 1,680.17
10 6,686,190 13,457,468 Brampton 1,050.23
20 6,686,107 13,457,199 Brampton 940.59
0.5,0.5 30 6,686,203 13,457,469 Brampton 1,330.75
40 6,686,186 13,457,436 Brampton 1,338.47
50 6,686,055 13,457,109 Brampton 719.69
10 8,838,734 7,288,978 Ottawa, Brampton, Windsor  714.63
20 8,838,693 7,288,902 Ottawa, Brampton, Windsor ~ 698.32
0.25,0.75 30 8,838,784 7,289,083 Ottawa, Brampton, Windsor  554.03
40 8,838,768 7,289,041 Ottawa, Brampton, Windsor  1,571.42
50 8,838,680 7,288,853 Ottawa, Brampton, Windsor 850.36

Brampton. When the emissions objective is weighted more heavily than the cost objective,
the number of open facilities increases to three. All solutions follow the same trend of

choosing locations as observed in the previous analyses.
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Chapter 6

Game Theory Model Results

The game theory model was run on a Dell with an Intel Core i5 7th Gen CPU, with 3.5
GHz and 8.00 GB of RAM, running Windows 11 operating system. Gurobi was used as
a mixed-integer linear programming solver. All instances were solved to optimality using
the default settings of Gurobi (the default value of this parameter is 0.01%), coded in
Python.

6.1 Game Theory Model

The Nash equilibrium (a strategy where no players have incentive to deviate) is calculated
based on the mixed-integer linear modeling problem presented in 3.6. The players strategy
set for this case study is {open facility 0, ..., open facility 100, or stay out of the market}.
The players calculate their payoff based on equation (42) for collection centers or equation
(46) for manufacturers. In this case study the game outcomes are {open facility 0, ... ,
open facility 100, open facilities 0 & 1, ... , open all facilities, and do not open any
facilities}.

Constraint (67) is included to restrict the number of facilities to be located to p.

Table 8 presents the results of the game theory model (deterministic). Table 8 contains
the p value, which represents the number of facilities that should be located. The objective
weights are reported. The total cost of the solution (made up of the transportation cost
and the fixed cost for a facility) and the total emissions released (transportation emissions)
by the solution are indicated. The locations of the facilities are indicated. The rightmost

column contains Gurobi’s solution time (in seconds).
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Table 8: Results with Game Theory Model

Objective Total Emissions S(i}gtoilca)lla
p (\Z\yfellg_hic',ls) C(gjt (kg of COyc) Optimal Location(s) Time
' (sec)
1,0 6,664,746 13,789,622 Mississauga 1.23
0.75,0.25 6,664,746 13,789,622 Mississauga 1.12
1 0.5,0.5 6,686,166 13,457,394 Brampton 1.14
0.25,0.75 6,686,166 13,457,394 Brampton 0.99
0,1 6,686,166 13,457,394 Brampton 2.96
1,0 7,569,496 10,463,233 Ottawa, Mississauga 17.92
0.75,0.25 7,569,496 10,463,233 Ottawa, Mississauga 18.43
2 0.5,0.5 7,617,575 10,122,450 Ottawa, Brampton 20.63
0.25,0.75 7,617,575 10,122,450 Ottawa, Brampton 20.03
0,1 7,623,159 10,120,578 Ottawa, Brampton 17.89
1,0 8,635,007 7,444,950 Ottawa, Vaughan, Woodstock 11.43
0.75,0.25 8,635,007 7,444,950 Ottawa, Vaughan, Woodstock 9.01
3 0.5,0.5 8,635,007 7,444,950 Ottawa, Vaughan, Woodstock 9.7
0.25,0.75 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 12.28
0,1 10,731,532 7,091,817 Ottawa, Brampton, Sault Ste. Marie 11.67
1,0 10,128,021 5,415,007 Ottawa, Vaughan, Windsor, Brant 7.67
0.75,0.25 10,128,021 5,415,007 Ottawa, Vaughan, Windsor, Brant 6.45
4 0.5,0.5 10,128,021 5,415,007 Ottawa, Vaughan, Windsor, Brant 6.25
0.25,0.75 10,133,269 5,397,044 Ottawa, Vaughan, Windsor, Brant 5.53
0,1 10,149,347 5,393,596 Ottawa, Vaughan, Windsor, Brant 6.15

Table 8 shows that when one or two facilities are located, the difference in total costs
for all o values are small. For example, when p = 1, the difference in total cost between
the solutions with & = 1 and a = 0 is $21,420. When p = 2, the difference in total cost
between the solutions with = 1 and o = 0 is $53,663. There is a sharp increase in the
difference in total cost as a decreases when three facilities are located. When p = 1, the
difference in total cost between the solutions with & = 1 and o = 0 is approximately $2.1
million. When p = 4, the location does not change but the selection of players who are
assigned to the facility change, therefore, the difference in total cost between the solutions
with a = 1 and a = 0 is $21,326.

Table 8 shows that the emissions are highly dependent on the number of facilities
placed. There is no significant drop in emissions between o« = 1 and o = 0 when the
number of facilities is constant (the differences are 0.33, 0.34, 0.35, and 0.021 kilotons of
COseforp=1,p=2 p=3, and p = 4 respectively). There is a significant drop between
opening one facility and four facilities (by approximately 8 kilotons of C'Osqe).

The locations selected by the model follow the trends that were shown in the determin-
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istic and stochastic models. When one or two facilities are opened the trend is identical
to the trends in the deterministic and stochastic models (see Tables 2 and 3). When four
facilities are selected (p = 4) the set of facilities opened is the same regardless of the
objective weights.

When p = 3 and p = 4 and a = 1,0.75,0.5,0.25,0, there are players who do not
wish to participate in the market because their costs exceed the selling price multiplied
by the supply that they would anticipate selling. The other players choose to remain in

the market and the location indicated in Table 8 is still the Nash equilibrium solution.
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7.61
6.68
7.60
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8.00 10.13
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(c)p=3 (d)p=4

Figure 7: Trade-off Curves with the Game Theory Model: x-axis total cost (in millions
of $) and y-axis total emissions (in millions of kg of C'Oqe).

Figure 7 shows four trade-off curves based on Table 8. Each subfigure displays non-
dominated solutions representing the trade-off between cost and emissions. Figure 7a
displays the two non-dominated solutions: Mississauga and Brampton. Figure 7b depicts
the two non-dominated solutions: Ottawa and Mississauga and Ottawa and Brampton as
three points because changing the flow of parts does not change the locations but changes
the emissions and transportation costs. The same trend may be observed with p = 3 and

p =4 in Figures 7c and 7d.
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6.2 Sensitivity Analysis

The model is very sensitive to parameters. The factors affecting the equilibrium of the
game are: facility cost, transportation cost, supply/demand, and cost of parts on the
market. Each of the factors listed above is permutated while keeping the other factors
stable to determine at which point the Nash equilibrium changes. Constraint (67) is

removed in order to determine the optimal number of facilities to be located.

6.2.1 Effect of Facility Cost

The base facility cost is perturbed from one to five million dollars. The rows with 0% in
Table 9 correspond to the results provided in Table 8. Table 9 contains the base facility
cost, the location(s) selected, the total cost for all players, the emissions released, and the

solution time for the model (in seconds).

Table 9: Effect of Facility Cost with the Game Theory Model

Objective  Fixed Total o o S?)}‘lft‘;z;
Weights Cost Cost Optimal Location(s) .
(1-a) ($inmil) (5  (Kk8ofCOx) Time
’ (sec)
1 5,545,290 10,463,233 Ottawa, Mississauga 36.09
2 6,664,746 13,789,622 Mississauga 30.76
1,0 3 7,676,563 13,821,317 Vaughan 25.3
4 8,684,770 13,821,317 Vaughan 23.06
5 9,692,978 13,821,317 Vaughan 11.97
1 5,606,897 7,444,950 Ottawa, Vaughan, Woodstock 20.48
2 6,664,746 13,789,622 Mississauga 27.29
0.75,0.25 3 7,676,563 13,821,317 Vaughan 48.14
4 8,684,770 13,821,317 Vaughan 46.57
5 9,692,978 13,821,317 Vaughan 37.47
1 5,606,897 7,444,950 Ottawa, Vaughan, Woodstock 32.1
2 6,686,166 13,457,394 Brampton 62.56
0.5,0.5 3 7,704,101 13,457,394 Brampton 65.97
4 8,722,036 13,457,394 Brampton 55.46
5 9,739,970 13,457,394 Brampton 47.08
1 6,098,383 5,397,044 Ottawa, Vaughan, Windsor, Brant 19.68
2 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 38.08
0.25, 0.75 3 7,704,101 13,457,394 Brampton 80.7
4 8,722,036 13,457,394 Brampton 69.41
5 9,739,970 13,457,394 Brampton 66.95

Table 9 shows that as the fixed cost to locate a facility increases, the number of

facilities located by the model decreases. As the weight of the cost objective function
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decreases (decreasing «), the total cost increases. The difference in total cost increases
by approximately $0.55, $1.99, $0.03, $0.04, and $0.05 million when comparing o = 1
and a = 0.25 when fixed cost is one, two, three, four, and five million respectively. The
difference in base fixed cost of a facility causes a larger fluctuation in the total cost of the
solution when the cost objective is weighted more. The difference in total cost increases
by approximately $4.15, $4.09, $4.13, and $3.64 million when comparing fixed cost one
million and five million when the weight of the objective function is a = 1, a = 0.75,
a = 0.5, and a = 0.25.

Table 9 shows that as the number of facilities decreases, the emissions increase. The
solution with the lowest emissions has four opened facilities (o = 0.25 and the base cost
is one million dollars). As the facility cost rises (fixed cost of facilities 3 million dollars
and up) all solutions result in placing one facility.

Table 9 confirms that when only one facility is opened, it is located in the GTA due
to the proximity to the majority of collection centers and manufacturers (see Figure 2).
Table 9 displays the same trend that opening multiple facilities results in one facility in

Ottawa and the other in the GTA.

6.2.2 Effect of Transportation Cost

The transportation cost of $0.00005696 per kg-km is increased/decreased by up to 50%.
The rows with 0% in Table 10 correspond to the results provided in Table 8. Table
10 contains the transportation variation, the location(s) selected, the total cost for all
players, the emissions released, and the solution time for the model (in seconds).

Table 10 shows that the transportation costs have a large effect on the total cost
of the solution. When the weight on the cost objective is higher (v = 1), decreasing
the transportation cost significantly lowers the total cost (by $1.16 million). Increasing
the transportation cost significantly increases the total cost (by $2.31 million). When
the weight of the emissions objective is higher (o = 0.25), decreasing the transportation
cost significantly lowers the total cost (by $2.65 million). Increasing the transportation
cost significantly increases the total cost (by $1.16 million). When the weight of the
cost objective is equal to the weight of the emissions objective (o = 0.5), decreasing the
transportation cost significantly lowers the total cost (by $1.28 million). Increasing the

transportation cost increases the total cost (by $0.65 million).
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Table 10: Effect of Transportation Cost with the Game Theory Model

Objective Transportation  Total Emissions S((;);l;:iz;
Weights Cost Cost (kg of COyc) Optimal Location(s) Time
(a,1—a)  Perturbation (%) & ?
(sec)
50% inc 8,979,185 13,789,622 Mississauga 30.52
25% inc 7,821,965 13,789,622 Mississauga 30.35
1,0 0% 6,664,746 13,789,622 Mississauga 30.63
25% dec 5,505,370 13,821,317 Vaughan 25.81
50% dec 5,505,370 13,821,317 Vaughan 26.54
50% inc 8,979,185 13,789,622 Mississauga 30.16
25% inc 7,821,965 13,789,622 Mississauga 30.76
0.75,0.25 0% 6,664,746 13,789,622 Mississauga 26.54
25% dec 5,523,592 13,457,394 Brampton 33.1
50% dec 5,523,592 13,457,394 Brampton 37.88
50% inc 9,332,576 10,435,033 Ottawa, Mississauga 25.4
25% inc 7,848,740 13,457,394 Brampton 29.43
0.5,0.5 0% 6,686,166 13,457,394 Brampton 30.633
25% dec 5,523,592 13,457,394 Brampton 33.91
50% dec 5,523,592 13,457,394 Brampton 33.95
50% inc 9,932,273 7,426,989 Ottawa, Vaughan, Woodstock 15.67
25% inc 9,286,265 7,426,989 Ottawa, Vaughan, Woodstock 15.39
0.25, 0.75 0% 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 17.79
25% dec 8,003,530 7,403,367 Ottawa, Vaughan, Woodstock 17.61
50% dec 5,832,994 10,122,450 Ottawa, Brampton 20.83

Table 10 demonstrates that when the weight of the cost objective is higher (o =
0.75,1), decreasing the transportation cost slightly increases the emissions (by 0.031 kilo-
ton of COge compared to 0% perturbation). Increasing the transportation cost does
not change the emissions. When the emissions objective function is weighted higher
(v = 0.25), decreasing the transportation cost increases the emissions significantly (by
2.72 kiloton of COse compared to 0% perturbation) because the model locates one less
facility. Increasing the transportation cost does not significantly impact the emissions
(increases by 0.02 kiloton of C'Oqe compared to 0% perturbation). When the weight of
the cost objective is equal to the weight of the emissions objective (a = 0.5), decreasing
the transportation cost does not impact the emissions. Increasing the transportation cost
significantly decreases the emissions (by 3.02 kiloton of C'Ose compared to 0% perturba-
tion).

Table 10 demonstrates that when the cost objective function is weighted more than the
emissions objective function (o = 0.75,1), the selected location, Mississauga, is resilient
to increases in transportation cost. When the emissions objective function is weighted

more than the cost objective function (o = 0.25), the selected location remains the same
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for fluctuations in transportation costs between 25% decrease to 50% increase. When
the cost and emissions objective function are weighted equally (v = 0.5), the selected

location, Brampton, is valid for fluctuations ranging from 50% decrease to 25% increases.

6.2.3 Effect of Supply Variation

The supply is increased /decreased by up to 50%. The rows with 0% in Table 11 correspond
to the results provided in Table 8. Table 11 contains the supply variation, the location(s)
selected, the total cost for all players, the emissions released, and the solution time for

the model (in seconds).

Table 11: Effect of Supply Variation with the Game Theory Model

Objective g 1 Total Emissi SG}lr:.bl
Weights UPPLY Cost THUSSIons Optimal Location(s) o ution
Variation (kg of COqe) Time
(0,1 — @) (%)
(sec)
50% inc 8,979,185 20,684,433 Mississauga 29.88
25% inc 7,821,965 17,237,028 Mississauga 30.46
1,0 0% 6,664,746 13,789,622 Mississauga 30.73
25% dec 5,505,370 10,365,983  Vaughan 25.66
50% dec 4,342,385 6,910,656 Vaughan 24.63
50% inc 8,979,185 20,684,433 Mississauga 48.02
25% inc 7,821,965 17,237,028 Mississauga 38.6
0.75,0.25 0% 6,664,746 13,789,622 Mississauga 26.6
25% dec 5,505,370 10,365,983  Vaughan 26.95
50% dec 4,342,385 6,910,656 Vaughan 21.49
50% inc 9,924,400 11,167,422 Ottawa, Vaughan, Woodstock 17.42
25% inc 8,509,865 12,653,067 Ottawa, Brampton 26.1
0.5,0.5 0% 6,686,166 13,457,394  Brampton 31.25
25% dec 5,523,592 10,093,044  Brampton 27.48
50% dec 4,361,018 6,728,694 Brampton 23.26

50% inc 11,165,018 8,095,567 Ottawa, Vaughan, Windsor, Brant 11.84
25% inc 10,649,144 6,746,306 Ottawa, Vaughan, Windsor, Brant 14.12

0.25, 0.75 0% 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 17.49
25% dec 6,725,284 7,591,839 Ottawa, Brampton 25.09
50% dec 4,361,018 6,728,694 Brampton 31.93

Table 11 shows that fluctuations in supply have a significant effect on cost within the
same objective weight due to transportation costs. The difference in total cost increases
by approximately $2.19, $2.00, and $0.02 million when comparing o = 1 and o = 0.25
for a supply change of 50% increase, no change (0%), and 50% decrease. This shows that
an increase in the supply has a significant effect on the total cost due to the number of

facilities built.
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Table 11 shows that the supply has a significant effect on emissions because the number
of trucks that are needed increases as the supply increases, which significantly increases
the GHG emissions released by transportation. The difference in emissions decreases by
12.59, 6.39, and 0.18 kiloton of C'Ose when comparing @ = 1 and o = 0.25 for a supply
change of 50% increase, no change (mean), and 50% decrease respectively. This shows
that the number of facilities placed also has a significant effect on the emissions released.

Table 11 shows that when the cost objective function is weighted higher (o = 1,0.75),
the number of facilities opened is one in Mississauga or Vaughan. If only the cost objective
(cv = 1) is considered, then the same location (Mississauga) is valid for increases in supply.
Locating one facility in Mississauga is a common solution when only one facility is desired
(this follows the same trends discussed above). When locating multiple facilities, the trend
of locations demonstrates the same trends as discussed above (Ottawa, GTA, US border,

and then a location between London and the GTA).

6.2.4 Effect of Market Price

The price of front lower control arms ( w and A in the mathematical model) only affects
the number of players who choose to stay in the market. The market price is not in
the objective function of the mathematical model (only the costs of participating in the
market); therefore, the market price only determines if a player makes more profit (supply
multiplied by price) than the cost (transportation and facility). If players cannot make
enough money to cover the costs, then players choose not to participate in the market.
Table 12 contains the variation in wholesale and marginal prices, the location(s) selected,
the total cost for all players, the emissions released, the solution time for the model (in
seconds).

Table 12 demonstrates that the fluctuation of the price of the model between 50%
increase and 50% decreases does not effect the number of players who participate in the
market. No players drop out of the market until the price drops approximately 90%
(in this case study, the prices become $3.75 for the wholesale price and $4.10 for the
marginal price). This shows that players have monetary incentive to participate in the

remanufacturing market.
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Table 12: Effect of Part Price with the Game Theory Model

Objective Total Gurobi Number of

- Price Emissions . . Solution players
Weights Fluctuation C;St (kg of CO_2) Optimal Location(s) Time  who drop out
(@,1-a) (%) (sec)  of the market

50% inc 6,664,746 13,789,622 Mississauga 37.02 0

25% inc 6,664,746 13,789,622 Mississauga 35.73 0

1,0 0% 6,664,746 13,789,622 Mississauga 37.22 0
25% dec 6,664,746 13,789,622 Mississauga 37.86 0

50% dec 6,664,746 13,789,622 Mississauga 38.38 0

50% inc 6,664,746 13,789,622 Mississauga 30.61 0

25% inc 6,664,746 13,789,622 Mississauga 32.74 0

0.75,0.25 0% 6,664,746 13,789,622 Mississauga 30.32 0
25% dec 6,664,746 13,789,622 Mississauga 30.1 0

50% dec 6,664,746 13,789,622 Mississauga 31.14 0

50% inc 6,686,166 13,457,394 Brampton 35.38 0

25% inc 6,686,166 13,457,394 Brampton 34.88 0

0.5,0.5 0% 6,686,166 13,457,394 Brampton 35.03 0
25% dec 6,686,166 13,457,394 Brampton 36.21 0

50% dec 6,686,166 13,457,394 Brampton 35.14 0

50% inc 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 19.99 0

25% inc 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 20.4 0

0.25, 0.75 0% 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 20.65 0
25% dec 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 20.66 0

50% dec 8,652,633 7,403,367 Ottawa, Vaughan, Woodstock 20.54 0

6.3 Conclusions and Next Steps

The model shows that the locations for facilities follows a trend. When opening one
facility it is always located in the GTA (Mississauga, Vaughan, or Brampton should be
considered). When opening two facilities one should be located in Ottawa and the other
in the GTA. The opening of three facilities only occurs when the emissions objective is
considered. The placement of three facilities follows locating the first in Ottawa, the
second in the GTA, and the third between London and the GTA or near the US border.
Opening four facilities is not a good solution because it forces a large number of players to
not participate in the market. The model demonstrates that opening one facility results in
the lowest costs. The opening of one facility also results in the largest release of emissions.
The results demonstrate that monetary investment is not proportional to the amount of
emissions reduced.

Fluctuations in the parameters: facility costs, transportation costs, supply variation,
and market price of a front lever control arm are examined. As the facility increases in
price, placing one facility becomes beneficial. This is due to the ratio of fixed facility cost
and transportation costs. The model demonstrates that transportation costs contribute

heavily to the locations of the remanufacturing facility. The results show that Mississauga
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is resilient to increases in transportation costs and Vaughan is resilient to decreases in
transportation costs. The results show that the supply has a significant effect on costs and
emissions. The increase in supply causes more emissions and results in higher total costs.
The results show that the market price of front lower control arms can drop significantly
before players choose to leave the market. This demonstrates that there is a monetary
incentive for collection centers and manufacturers to participate in selling and buying
remanufactured products.

Further extensions to the model may include modifying the facility location model

that each player minimizes. The new model may be as follows:
Minimize Z CijTij + Z 1y, (85)
JER JER
|where other players actions are given and fixed

jER
xi; < Ty, JER (87)
Zgijxij < CarbonCap (88)
jER

y; €10,1} jER (89)
zi; > 0 jeR (90)

where ¢ € P (collection center or manufacturing facility). CarbonCap is the maximum
amount of carbon emissions allowed by government policies. Adjusting the carbon capac-
ity may affect the location of the remanufacturing facility. Using the carbon capacity may
discourage trucking materials or placing facilities in high-emissions routing areas (i.e., Mis-
sissauga and Vaughan). This model (equations (85)-(90)) employs the constraint method

instead of the weighted sum method for modeling the bi-objective nature of the problem.
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Chapter 7
Conclusion

The present thesis offers four mixed-integer linear programming models that facilitate the
design of a reverse logistics network for the recovery of parts in the automotive industry in
Ontario, Canada. The models determine the optimal locations of remanufacturing facili-
ties for processing end-of-use or end-of-life parts using additive manufacturing technolo-
gies, as well as the optimal flow of shipments from collection centers that are responsible
for gathering used parts and transporting them to remanufacturing facilities and from the
remanufacturing facilities to manufacturing plants.

The deterministic, stochastic, and game theory models are formulated as bi-objective
mixed-integer linear programming models. The stochastic model is introduced to account
for the uncertainty in the supply of parts for remanufacturing. The game theory model
is introduced to account for the possibility of cost sharing of facilities. The objectives of
these models are to minimize the total cost of building and operating the reverse logistics
network and to minimize the GHG emissions generated by transportation. Pareto-optimal
solutions are obtained using the weighted sum method.

The models are applied to case study data from Ontario, Canada, to optimize the
design of a reverse logistics network for the recovery of front lower control arm car parts
using cold spray additive manufacturing technology. The deterministic, stochastic, and
game theory models are run under varying weights assigned to the two objective func-
tions. Trade-off curves are generated to analyze the relationship between total cost and
emissions. Sensitivity analyses are performed to examine how changes in facility costs,
transportation costs, and variation in supply uncertainty affect the resulting solutions.

This thesis shows that the results are robust across different modeling approaches. The
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quantitative results (regardless of the objective weights, value of o) demonstrate that the
optimal solution based on the case study data is when multiple facilities are located, one
facility should be opened in Ottawa and at least one other in the GTA. When only one
facility is located, it should be placed in the GTA (either Mississauga or Brampton). This
trend can be explained by the clustering of most collection centers and car manufacturers
around the GTA. The results of all the models demonstrate that there is a diminishing
return on investment in decreasing emissions. There is no linear relationship between
investment and lowering emissions. Therefore, investing small sums can reduce emissions
significantly, and considering some weighting for an emissions objective can lead to better
solutions without significant costs. The results of all the models show that the main factor
behind emissions is the number of facilities located. The results demonstrate that building
one facility is preferable (Mississauga). Locating one facility is a good solution because it
is able to absorb transportation cost increases, facility cost increases, and supply variation.

One of the main limitations of this case study is the accuracy of the data. For example,
the supply of automotive parts for this thesis is based on the number of registered vehicles
in Ontario and is a rough estimate of the number of ELVs per year. The number of ELVs
arriving at each collection center in Ontario cannot be accessed due to the private nature
of the information. In future research, it would be beneficial to acquire more accurate
data in order to better understand the optimal location for remanufacturing facilities. In
addition, the assumption that all car manufacturers evenly split the supply of parts may
not be accurate. In further analyses the models can be re-run with different shares to
understand how the locations may differ. The present study mitigates the data limitations
through sensitivity analysis.”

The insights offered by this thesis pave the way for further analysis. The present study
can be scaled up to design a reverse logistics network for Canada or for individual provinces
and territories. The results of the present study may serve as a basis for comparison with
the current network to better understand the potential GHG emissions savings achieved
by the implementation of remanufacturing. The results and findings of this study may be

used to inform policies on the reduction of transportation emissions.

"This thesis varies the supply in the sensitivity analysis. Further research may vary 3 as well.
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Appendix A
Game Theory Diagram

To illustrate the game dynamics, an example with three players A, B, and C and two
potential remanufacturing locations (facility 0 and facility 1) is presented in Table 13.
The lower case letters are used to indicate the payoff of the players. A similar matrix can
be completed for player B given the decisions of players A and C and player C given the
decisions of players A and B. All players make their decisions simultaneously; therefore,

there is no order of game play.

Table 13: Payoff Matrix

B and C
Given B and C  Given B and C GIVQH.B G1ven.]?> Given B and C
opens facility 0 opens facility 1
open open stay out
facility 0 facility 1 and C and C of the market
Y Y opens facility 1 opens facility 0
Open facility 0 a,b,c d,e,f gh.i ikl m,n,o
A | Open facility 1 p,q,r s,t,u V,W,X V,Z,a8, ab,ac,ad
Stay out .
of the market ae,af,ag ah,ai,aj ak,al,am an,ao,ap aq,ar,as
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Appendix B

Data Table

Table 14 summarizes the information presented in Chapter 4.

Table 14: Summary of Data Used for the Case Study

Parameter Description Reference
Sets
C Set of automotive collection centers in Ontario (Ontario Automotive Recyclers Association, 2024)
R 101 most populated cities in Ontario (World Population by Country 2024, 2024)
M Plants of Ford, GM, Honda, Stellantis, and Toyota (AZ Group, 2025)
L Landfills and metal recyclers in Ontario (Government of Ontario, 2022b), (Scrap Monster, 2025)
Parameters
Uu; Supply from each collection center (Government of Ontario, 2023)
fi Cost of a facility (Government of Canada, 2024b)
Cij Cost of transportation on an arc (Li, Taherkhani, Alumur, & Hewitt, 2025)
Gij GHG emissions released on an arc (Wang, Saari, Bachmann, & Mukherjee, 2020)
w The wholesale price of a front lower control arm (Parts 4 less U pull, 2025)
h The marginal price from second-hand to new parts (Auto Shack, 2024)
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