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ABSTRACT
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DEGRADATION

Raci Berk Islim

Industrial Engineering, Master’s Thesis, July 2022

Thesis Supervisor: Prof. Dr. Biilent Catay
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Battery is a critical component of electric vehicles (EVs) due to its limited useful
economic life and high production cost. Hence, better recharging and discharging
practices through coordinated and improved route planning decisions may be a remedy
for maintaining good battery health and avoiding fast degradation. In this study, we
investigate the effect of considering the battery degradation-related cost on the route and
charge planning of commercial EVs within the context of the Electric Traveling Salesman
Problem with Time Windows (ETSPTW) and Electric Vehicle Routing Problem with
Time Windows (EVRPTW). First, we extend the mathematical programming formulation
of the ETSPTW, where the objective function minimizes the costs associated with battery
degradation and energy consumption. Next, we develop a Variable Neighborhood Search
(VNS) based matheuristic enhanced with an exact solver employed for the post-
optimization of heuristic solutions. Our matheuristic also includes a new mechanism
designed specific to our problem. Then, we perform computational experiments using
benchmark instances from the literature, and our results demonstrate that the proposed
matheuristic achieves good quality solutions within reasonable computational time. We
also extend the mathematical model of the EVRPTW by considering the battery
degradation and conduct a computational study by solving small-size instances from the



literature on a commercial solver. Our results in both problem settings show that
incorporating battery degradation in the problem may vyield significant changes in the
route plans. On the one hand, it offers a potential for substantial reduction in operational
costs compared to the solutions obtained by minimizing energy consumption only. On the
other hand, it leads to more frequent recharges en route, which brings in additional

operational hurdles.



OZET

BATARYA YIPRANMASININ ETKISI GOZ ONUNDE BULUNDULARARAK
ELEKTRIKLI TICARI ARACLARIN SARJ VE ROTA PLANLANMASI

Raci Berk Islim

Endiistri Miithendisligi, YUksek Lisans Tezi, Temmuz 2022

Tez Danismant: Prof. Dr. Bulent Catay

Anahtar Kelimeler: elektrikli arag, ara¢ rotalama problemi, gezgin satici problemi,

zaman penceresi, batarya yipranmasi, mat-sezgisel, sarj planlamasi

Batarya, kisith kullanim omrii ve yliksek iirettim maliyetlerinden dolayr elektrikli
araclarin (EA) en 6nemli bilesenlerinden biridir. Bu sebeple es glidiimlii ve gelismis rota
planlamalar ile beraber uygulanacak iyilestirilmis sarj ve desarj uygulamalar1 batarya
sagligini korumak ve bataryanin hizli yipranmasini 6nlemek igin bir ¢6ztim olabilir. Bu
calisgmada Zaman Pencereli Elektrikli Gezgin Satici Problemi (ZPEGSP) ve Zaman
Pencereli Elektrikli Ara¢ Rotalama Problemi (ZPEARP) kapsaminda batarya
yipranmasina iligkin maliyetlerin ticari EA’larin rota ve sarj planlamalar1 sirasinda
dikkate almmasinin etkisini inceliyoruz. Ilk olarak ZPEGSP’nin matematiksel
programlama formiilasyonunu amag¢ fonksiyonunun batarya yipranmasi ve enerji
tiketimiyle iliskilendirilen maliyetleri en kiiciikleyecegi sekilde genisletiyoruz. Daha
sonrasinda, sezgisel sonuglarin son optimizasyonu icin kullanilan kesin ¢oziicuyle
gelistirilmis Degisken Komsuluk Arama (DKA) tabanli bir mat-sezgisel gelistiriyoruz.
Mat-sezgiselimiz problemimize 6zgu tasarlanan bir mekanizma da igermektedir.
Akabinde, literatiirdeki  problem  Orneklerini  kullanarak  sayisal  deneyler
gerceklestiriyoruz ve elde ettigimiz sonuglar onerdigimiz mat-sezgiselin iyi kalitede
¢oziimlere makul calisma siireleri igerisinde ulastigini gosterir. Ayrica, batarya
yipranmasini dikkate alarak ZPEARP’nin matematiksel modelini de genisletiyoruz ve
literattirdeki kiguk boyutlu 6rnekleri bu model ile ¢ozerek bir deney gerceklestiriyoruz.
Iki problem ortaminda da elde ettigimiz sonuglar, batarya yipranmasini1 probleme dahil



etmenin rota planlamalarinda dikkate deger degisikliklere sebep olabilecegini gosterir.
Bir yandan sadece enerji sarfiyatinin en kii¢iiklendigi durumda elde edilen ¢oziimlere
kiyasla isletme maliyetlerinde 6nemli bir azalma imkani sunar. Diger yandan, rota
boyunca daha sik sarj yapilmasina yol agar ve bu da ek operasyonel engeller getirir.
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1. INTRODUCTION

Transportation sector is responsible for about 25% of overall CO, emissions which is one
of the most widespread greenhouse gases (GHG). Road transportation accounts for 75%
of this transportation related emission (International Energy Agency, 2020). More
specifically, with the substantial surge in e-commerce activities through B2C and C2C
channels, last mile deliveries performed by logistics companies have excessively
increased in the last decade, and this trend is expected to continue in the future
(McKinsey, 2016). However, last mile delivery is one of the most unsustainable
operations covered by logistics service providers (LSPs) (Jiang et al., 2019). Hence, many
governments started to take initiatives and set regulations, such as monetary incentives
for electric vehicle (EV) purchases and issuing directives to increase the number of
recharging infrastructures and improve electrical networks, to mitigate the adverse

environmental effects of transportation activities.

The initiatives taken by governments have led companies and government agencies to
consider alternative fuel vehicles (AFVs), such as biodiesel-, LNG-, CNG-, electric- and
hydrogen-powered vehicles, as substitutes for internal combustion engine vehicles
(ICEVs) (Keskin and Catay, 2018). Furthermore, battery electric vehicles (BEVs), hybrid
electric vehicles (HEVs) and fuel cell electric vehicles (FCEVs) are generic types of EVs
(Catay and Keskin, 2017). In this thesis, we only deal with commercial BEVs, and will

refer to them as EVs.

EVs have been one of the most attention-grabbing alternatives among such AFVs due to
their certain advantages over ICEVs: (i) they do not create GHG in inner-city; (ii) the
zero-emission objective can be reached if the energy used for recharging comes fully from

renewable energy sources; (iii) their noise in traffic is negligible; (iv) fewer maintenance

1



activities are needed; and (v) they are more efficient at low speeds (Schiffer et al., 2016;
Pelletier et al., 2016). These advantages indicate that EV usage in urban logistics is more
favorable than ICEV usage. On the other hand, EVs have significant drawbacks compared
to ICEVs: (i) their driving range is strictly limited; (ii) the recharging time of batteries is
excessively long; and (iii) public charging stations are not widely available in inner cities

and rural locations.

One of the most important aspects of last mile problems is the route optimization of
delivery vehicles, i.e. the vehicle routing problem (VRP) (Deutsch and Golany, 2018).
The LSPs are in the phase of renewing their fleets by acquiring EVs to use these vehicles
in the last mile deliveries. On the other hand, EVs have significantly fewer components
than ICEVs (Wolff et al., 2020), and the battery constitutes the major component in the
total cost of ownership. (Fries et al., 2017). For this reason, battery utilization should be
accounted for during making not only strategic but also operational decisions. However,

this makes the routing problem even more complex.

In this study, we deal with the electric traveling salesman problem with time windows
(ETSPTW) and electric VRP with time windows (EVRPTW). We aim to examine the
influence of battery degradation (wear) cost on both route and charge plans of EVs that
are operated by logistics companies. To the best of our knowledge, this constitutes the
first study that attempts to make routing and charge planning decisions simultaneously in
the presence of time windows restrictions for the large-size problem instances by taking
into account the cost associated with battery degradation. Hence, the contributions of this
study are threefold: (i) we extend the mathematical models of the ETSPTW and
EVRPTW by incorporating the impact of battery degradation in the objective function
and constraint set, and refer to these problems as ETSPTW and battery degradation
(ETSPTW-BD) and EVRPTW and battery degradation (EVRPTW-BD), respectively; (ii)
we propose a variable neighborhood search (VNS)-based matheuristic approach that
benefits from an exact solver to enhance the charging-related decisions; and (iii) we
demonstrate the impact of battery degradation on route planning decisions and costs.

The remainder of this thesis is organized as follows: Chapter 2 reviews the related
literature. We provide the technical background on battery degradation and a formulation
for battery wear cost in Chapter 3. We present mathematical formulation of the ETSPTW-

BD in Chapter 4. We propose a matheuristic approach, called MatHeur, to solve the
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ETSPTW-BD in Chapter 5. Chapter 6 presents the computational study to validate the
performance of MatHeur and provide managerial insights by using benchmark instances
from the literature. In Chapter 7, we introduce the EVRPTW-BD, formulate its
mathematical model, and solve small-size instances from the literature by using a
commercial solver. Finally, Chapter 8 provides concluding remarks and directions for

future research.



2. LITERATURE REVIEW

The TSP and VRP are two of the oldest combinatorial optimization problems that have
been studied the most in the Operations Research (OR) literature. This chapter reviews
the TSP and VRP literature by focusing on the utilization of AFVs, EVs in particular, in
the delivery operations and examine the studies where the battery degradation is

considered in strategic-tactical and operational decision-making.

AFVs have been considered within the context of the TSP by Doppstadt et al. (2016) who
introduced the hybrid electric vehicle TSP (HEVTSP) and extended it to the HEVTSP
with time windows (HEVTSPTW) in Doppstadt et al. (2020). In these studies, they
defined several arcs between each pair of nodes, where each arc corresponds to the trip
using a different driving mode such as pure combustion and pure electric modes. Roberti
and Wen (2016) introduced the ETSPTW using an EV for delivery operations in an urban
area. They presented the mathematical model of the problem and developed a heuristic
algorithm to solve it. The ETSPTW includes one extra limitation that recharging visits
might take a longer time when compared to the refueling of other types of AFVs.
Kigciikoglu et al. (2019) considered different charging rates at each customer location for
recharging the battery in the scope of ETSPTW.

Erdogan and Miller-Hooks (2012) introduced Green VRP (GVRP) which considers a fleet
of AFVs. Since the AFVs have a limited driving range, they may need to refuel along
their routes, and this adds further complexity to the problem. The EVPRPTW was
proposed by Schneider et al. (2014), which is a special case of GVRP where the fleet
consists of EVs. After this study, EVRP literature has been enriched on several aspects as
follows: Keskin and Catay (2016) extended the EVRPTW by allowing partial recharges

4



and designed an adaptive large neighborhood search algorithm (ALNS) to solve the
problem. The effect of different charging technologies on the route plans was also
investigated in the literature. (Felipe et al., 2014; Keskin and Catay, 2018). Furthermore,
Montoya et al. (2017) introduced nonlinear charging functions into the problem. The
location routing problem (LRP) was extended by locating charging stations (Schiffer and
Walther, 2017) and battery swapping stations (Yang and Sun, 2015; Hof et al., 2017)
besides the routing decisions. Time-dependent travel times (Lu et al., 2020; Wang et al.,
2020), waiting times at recharging stations (Keskin et al., 2019, Keskin et al. 2021) and
electricity prices (Lin et al.,, 2021) were also considered in the EVRPTW literature.
Energy consumption in EVs is influenced by internal and external factors, and the effect
of road gradient and travel speed (Goeke and Schneider, 2015), ambient temperature
(Rastani et al., 2019) and load of the vehicle (Kancharla and Ramaduari, 2020; Rastani
and Catay, 2021) on the route plans of EVs were also investigated. Flexible time windows
(Tas, 2021) and alternative delivery locations (Sadati et al., 2022) were also studied in the
literature. The reader may refer to Erdeli¢ and Cari¢ (2019) and Kiigiikoglu et al. (2021)
for other EVRP variants and solution procedures developed to solve it.

The literature generally has looked upon strategic-tactical decisions regarding EVs in
terms of fixed costs of EV purchases, battery replacements and capacity loss of the
batteries in the long run. Feng and Figliozzi (2013) took into account the purchase cost of
EVs and battery replacements in a multi-period setting. However, the influence of the
fleet composition on the routes was not considered in their study. Goeke and Schneider
(2015) also considered battery replacement cost in the objective function of their
mathematical model. Nonetheless, no battery degradation mechanism was incorporated
into the model. Schiffer et al. (2021) established integrated planning to achieve both
strategic and operational decisions for EV fleets. Although they considered battery
degradation in terms of capacity loss, their resulting routes were not affected by this
degradation mechanism. Xu et al. (2021) devised an on-demand charging strategy by
considering battery degradation during they decide on the fleet size of a carsharing service
provider. Even if their consideration of battery degradation has effects on tactical and
operational decisions, this study does not contain any routing perspective. Zhang et al.
(2021) demonstrated that a significant decrease in the lifecycle cost of the electric bus
fleet and an increase in the battery lifetime of buses is attainable if battery aging is

considered during charging and discharging cycles. However, finding the routes of these
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buses was not discussed in this study. Guo et al. (2022) considered the battery degradation
in the context of location routing problem (LRP). Even if the LRP literature has well-
known problem instances, they did not test and benchmark their algorithm by using these
instances. Furthermore, their problem instances do not include time window restrictions
which are highly observed in the industrial applications and make harder to solve the

EVRP. Moreover, they did not give any insight into changes in the routes.

In the context of operational decisions, battery degradation has been mostly considered
in deciding the charge schedule of the EVs. Sassi et al. (2014) set bounds to the energy
level in the battery during the routing of the EVs based on the assumption that batteries
degrade faster at the extreme state of charge (SOC) values. Nevertheless, they neither
utilized a sophisticated degradation mechanism in their model nor analyzed how much
the resulting routes are sensitive to that bounds. This limit was included as a constraint in
their model and has no effect on the objective function. Barco et al. (2017) followed a
phase-by-phase structure and considered battery degradation in the rerouting of the
charging stations. However, they assumed that routes are given as priori, and thus dealt
with the assignment of routes to the vehicles at first. Then, they considered the battery
degradation cost for determining the charge schedules. Rohrbeck et al. (2018) included
the option of replacing the aged battery in their multi-period model for locating the
charging stations. Nonetheless, they did not consider the routing decisions. Pelletier et al.
(2018) formulated a detailed battery degradation cost structure and integrated it into their
mathematical model for the charge scheduling of the electric freight vehicles (EFVS).
However, they utilized a set of fixed routes, which are known in advance, as an input
parameter. Hence, they did not observe the changes in the routes as a result of battery
degradation cost and were only concerned to find the charge schedules of the EFVs. Wang
et al. (2020) considered battery degradation in terms of capacity loss while determining
the schedules of electric bus fleets. Besides the fact that they utilized a sequential
approach, nevertheless, they also do not make any routing decisions. Zang et al. (2022)
designed a column generation algorithm to solve the EVRPTW with nonlinear battery
degradation costs. However, their algorithm is limited to solving only small-size
instances, and they did not propose a solution methodology to solve large-size instances.
Furthermore, they took the battery unit price much higher than the one in real life.
Moreover, they found solutions without respecting the minimum number of vehicles of

the problem instances. Finally, they compared cost savings within the results of their three
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proposed mathematical models without considering the distance minimum routes
available in the literature. In conclusion, the existing studies remain limited to observing

the relationship between changes in the routes and recharging frequencies when battery

degradation is considered.



3. BATTERY DEGRADATION

Battery is a power source that transforms stored chemical energy into electrical energy
through some chemical reactions. Furthermore, a rechargeable battery is a type of battery
that can be reused many times through discharge and recharge cycles. They have a vast
area of usage from smartphones to automobiles. In today’s world, a huge amount of
investment is made to improve battery technology. In this study, we consider EVs
equipped with lithium-ion battery packs, which we will refer to as battery throughout the

thesis.

Vehicle batteries are consumer goods whose performance decreases as they age like all
rechargeable batteries. They provide a limited useful economic life of about 2000 cycles,
which is expected to double in the near future (Pelletier et al, 2016). Cycle and calendar
aging are two main concepts to explain battery degradation. The former represents the
deterioration of the battery during its discharge and recharge cycles, whereas the latter
corresponds to the deterioration when the battery is not utilized, i.e. while being stored
(Pelletier et al., 2017).

Cycle aging is subject to many factors such as temperature, depth of discharge (DOD)
and recharging/discharging rates (Pelletier et al., 2017). DOD refers to the ratio of
recharged/discharged amount of energy divided by the battery capacity. On the other
hand, calendar aging mainly depends on the temperature of the environment where the
battery is stored, time for storage and stored SOC level when the battery is not operated
(Barré et al., 2013). SOC corresponds to the amount of charge that the battery currently
has divided by its capacity.

Barré et al. (2013) and Pelletier et al. (2017) examined a wide range of studies in which

battery degradation is modeled. Among them, we focus on the discrete model devised by
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Han et al. (2014), which can be easily implemented within the mathematical formulation
of the routing problem. According to this study, battery manufacturers specify the life
span of their batteries as the achievable cycle count (ACC) for different DOD values
where the battery is discharged from fully charged. ACC-DOD graph illustrated in Figure

3.1 shows that the battery life shortens as the amount of energy discharged increases.
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Figure 3.1. ACC-DOD Graph for a Lithium-lon Battery (Han et al., 2014)

The battery degradation also depends on the initial SOC level in the battery before
discharging. Han et al. (2014) distributed the battery price into each unit of energy
charged or discharged by considering the initial SOC level of the battery before charging
or discharging in their formulation and refer this to as unit wear cost. This formulation
can also be extended such that the wear cost function is obtained for a finite number of
equal-length SOC intervals as in Equation (3.1). Let D = {1, ...,n4} denote the set of
SOC intervals in which each interval d € D has a lower and upper SOC bounds of LB¢
and UB?, respectively. Each SOC interval has the same length of L = LB - UB% in
percentages. The wear cost W (LB%) is incurred per kWh charged or discharged within
the interval [LB¢, UB?]. The energy amount within each SOC interval in terms of kWh

is represented by A4q.

Battery Price = 2. ACC(DOD) Z w(LBY)aq POD€{L2L,..,1.0} (3.1)

deD
LB2>1-DOD

For example, if we utilize 25% DOD intervals, i.e. L = 0.25, then we form the set of

equations for 4 discrete intervals as shown in Equation set (3.2). In this equation set, Aq



corresponds to an energy amount equal to 25% of the battery capacity. By applying the
function illustrated in Figure 3.1, the ACC values are found as 2089, 1204, 872 and 694
for 25%, 50%, 75% and 100% DOD values, respectively. Battery price can be calculated
by multiplying the battery capacity with a unit cost of $150/kWh (see Nykvist et al.,
2019). In this way, battery wear cost for each SOC interval, i.e. W(LB%), can be

determined.

Battery Price
ACC(0.25).2.4q

W(0.75) =

Battery Price
ACC(0.50).2.4q

W(0.50) + W(0.75) =

(3.2)
Battery Price

ACC(0.75).2.4q

W (0.25) + W(0.50) + W(0.75) =

Battery Price
ACC(1.00).2.4q

W (0.00) + W (0.25) + W(0.50) + W(0.75) =

Since the ACC(DOD) function decreases with DOD, the wear cost function is increasing
when the open form of Equation (3.1) is considered. This means that operating a battery
in higher SOCs is more harmful to its state of health (SOH). For instance, consider two
EVs EV1 and EV2 such that their batteries are currently at 40% and 20% SOC levels,
respectively. Suppose that a journey that requires 20% DOD must be undertaken by one
of them. Both EVs can feasibly complete the journey. Figure 3.2 summarizes the example
in which changes in the SOC of the EVs are represented with solid lines whereas dashed
lines show the battery wear costs (WC) formed resulting from this trip. If EV1 is used,
then its SOC will reduce to 20% at the end of its journey. Otherwise, EV2 is used, and its
battery will be empty at the end of its journey. On the other hand, the wear cost W (.) is
an increasing function of the initial SOC level. If the unit costs found by Equation set
(3.2) are considered, EV2 will incur 8.8% less wear cost than that of EV1 even though

the same amount of energy is consumed.

EVs are expected to return to the depot with empty or near-empty batteries with the
increasing wear cost structure. Hence, this cost structure also alleviates the effect of
calendar aging since storing the battery with higher SOC values is more detrimental to its
SOH.
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Figure 3.2. Example of change in SOC levels and battery wear costs of two EVs that
incurred the same DOD

Note that the battery wear cost function might not always be monotonically increasing,
and other general formulations may be used to represent it. However, we assume a
monotonically increasing battery wear cost with respect to the initial SOC value to benefit
from this characteristic in formulating the mathematical models of the routing problems

that we address.
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4, THE ELECTRIC TRAVELING SALESMAN PROBLEM WITH
TIME WINDOWS BY CONSIDERING BATTERY
DEGRADATION

The electric traveling salesman problem (ETSP) is an extension of the TSP where an EV
is employed to perform logistics operations instead of an ICEV. Roberti and Wen (2016)
introduced the ETSPTW, provided its mathematical model and proposed a VNS
algorithm to solve it. In this chapter, we describe the ETSPTW-BD and provide the

mathematical model of the problem.

4.1. Problem Description

We address the ETSPTW by following the modeling convention and notation in
Schneider et al. (2014) and Roberti and Wen (2016) for ease of understanding. The
ETSPTW deals with determining the minimum cost tour of an EV that serves all
customers by respecting their time windows. The EV can recharge its battery at any
charging station en route and with any amount of energy. A single recharging visit is
allowed between two consecutive customers which is a more realistic approach when the
industrial practice is considered. Without loss of generality, we assume that the battery of
the EV is utilized between its 10% and 90% of its capacity and the recharging time is
linearly proportional to the amount of energy transferred. In addition, we take into account
the cost associated with the degradation of the battery. Battery degradation is not a static
measure and varies according to the SOC and DOD values as explained in Chapter 3. In
this chapter, we adopt the modeling approach of Pelletier et al. (2018) who devised
constraints and parameters for several distinct wear cost functions to incorporate the effect

of battery degradation on the charge schedule of EVs.
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Figure 4.1 depicts an example that illustrates how an optimal tour can change when the
battery degradation cost is taken into account. The example is based on an instance that
we utilized in our experimental study (namely, ‘c206c5-s4’) and involves five customers
and four charging stations. The depot, customers and charging stations are represented
with a triangle, circles, and charger icons, respectively. Since the depot is also a charging
station, we place a charger icon next to the depot to avoid any confusion. The percentage
values along the tour indicate the battery SOC when the EV departs from the depot at the
beginning of its trip or from a station after having recharged, and when it arrives at a
customer, station, or the depot at the end of its trip. Figure 4.1(a) shows the optimal
solution for the distance (energy cost) minimization objective where the customers are
visited in the sequence of 1-2—3—4-5 whereas Figure 4.1(b) illustrates the optimal
sequence of 1-2—4—3—5 when the objective function minimizes the total cost of energy
and battery degradation. We show how the vehicle routes and station visits change in the
presence of battery degradation: the EV is recharged three times in Figure 4.1(a) while
the number of recharges is four in Figure 4.1(b), and a reduction of 4.6% in the energy
plus battery degradation cost is achieved.

100% 59%
0% G, . 0%
/’98% 89% a
42%
@ 49%
ﬂa 49% E

(a) Optimal tour without considering wear cost (Total Cost=1006.4)

24%

/ 52%, i" s
C:)D;ﬂa 0% uM
‘w 0%
o

78% |

(b) Optimal tour with considering wear cost (Total Cost=960.0)
Figure 4.1. An illustrative example
13



4.2, Mathematical Model

The notation of the problem is as follows: Let V = {1, ..., n} be the set of customers and
F denote the set of charging stations. Nodes 0 and n + 1 represent the depot where each
vehicle departs from node 0 and returns to node n + 1 at the end of its tour. Then, we
define Vo =V U {0}, V4 =V U{n+1}and Vy .1 =V U {0,n + 1}. Since the vehicle
can visit a charging station more than once, we create an augmented set of stations F’
which includes copies of charging stations in F and define F; = F' U {0}, V' =V U F/,
Vo =V'U{0}, Vg =V'U{n+1} and V44 = V5 U {n + 1}. Now, the problem can
be defined on a complete directed graph G = (Vg,41,4) in which A ={(i,/)[i,j €

Von+1, i # j} is the set of arcs.

Each customer i € V is associated with a service time of s; and service time window
[e;, 1;]. The distance (travel time) from node i to node j is denoted by d;; (t;;). Q is the
operational capacity of the battery while g and h represent battery recharge and discharge
rates per unit of time, respectively. The maximum tour duration is denoted by [,. The unit

energy cost is denoted by c.

The decision variables t; and y; keep track of the service starting time and battery SOC
upon arrival at a node i € Vg, 4, respectively. The decision variables Y; denotes the
battery SOC on departure from station i € Fy. If the arc (i,j) traversed, the decision
variable x;; takes value 1. To represent the battery degradation in our model, we divided
related decision variables and the constraints into two as ones correspond to overnight
charging at the depot and ones correspond to recharging at stations. Thus, the decision
variables socfand socg keep track of how much the portion of SOC interval d € D is
utilized during charging at a station and the depot, respectively. The binary decision
variables uf and ug take value of 1 when the SOC interval d € D is used to charge the
vehicle at a charging station and the depot, respectively. Finally, since our wear cost
function is non-decreasing, the EV returns to the depot with all its operational battery

capacity consumed if it has been recharged at least once en route.

The notation regarding the mathematical model of the ETSPTW-BD is shown in Table
4.1. In what follows, the 0-1 mixed integer linear programming model of the problem is
formulated.
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Table 4.1. Mathematical notation of ETSPTW-BD

Sets
%4
Vo
Vi1

Vo,n+1
F

D

FI

Fy

v’

Vo
n+1
Von+1

Set of customers

Set of customers and departure depot

Set of customers and arrival depot

Set of customers, departure and arrival depots

Set of charging stations

Set of SOC intervals

Set of charging stations with their copies

Set of charging stations with their copies and departure depot

Set of customers and charging stations with their copies

Set of customers, departure depot and charging stations with their copies
Set of customers, arrival depot and charging stations with their copies
Set of customers, depots and charging stations with their copies

Parameters

Si
le;, 1]
Lo

Distance between node i and j

Travel time from node i to node j

Service time of customer i

Time window of customer i

Maximum tour duration

Operational battery capacity

Recharging rate

Total energy consumed to traverse arc (i, j)
Unit energy cost

Wear cost per unit energy charged or discharged within the SOC interval d
Length of SOC intervals

Upper SOC bound of interval d

Lower SOC bound of interval d

Decision variables

Ti

Yi
Y;

Service starting time at customer i € Vé)lnﬂ

Battery SOC of the EV upon arrival at node i € Vlo,n+1

Battery SOC of the EV during the departure from node i € Fj

1 if the EV traverses arc (i, j); 0 othervise

Portion of SOC interval d € D utilized during the recharging at stationi € F'
Portion of SOC interval d € D utilized during the overnight recharging at the depot
1 if interval d € D utilized during the recharging at station i € F’; 0 otherwise

1 if interval d € D utilized during the overnight recharging at the depot; 0 otherwise

Min c

D 0=y + (o = Yns)

ier’

+Q Z [stocg + Z stocid] (4.1

deD ier’

subject to

15



J€Vnye
i#j
xij <1
J€Vn+41
i#j
i€V, €V 4
i#] i#]

T; + (tl] + Si)xij — lo(l — xij) < Tj

Ti+tyx+ gV —y) —Uo+9.Q) (1 —x;) <7

ej < Tj < lj
0<y; <Y;—(h-di)x; +0Q(1—x)

yi<Yt;=Q

Q) socf =Y~y

deD

Q Z Socg =Y = Yns1

debD
0 < soc? < L.uf
0 <socl <L.uf
Q.socl < Q.UB% — y; + Q(1 —uf)
Q.soc§ < Q.UB? — yny1 +Q(1 —uf)
x;j €{0,1}

uf € {0,1}
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Vi €V,

Vi € F’

vjev'

ViEVy,VjEV) i %]
VieF',\VjEVy i, i #]
Vj € Vons1

VieV,VjeEV 1, i#]

Vi € Fy,Vj €E V1, i #j
Vi € F

Vi € F’

Vie F',vd €D

vd €D

VieF',vd €D
vd e D

Vi€V, VjEVy i, i #]

VieF',vd € D

(4.2)

(4.3)

(4.4)

(4.5)

(4.6)

(4.7)

(4.8)

(4.9)

(4.10)

(4.11)

(4.12)

(4.13)

(4.14)

(4.15)

(4.16)

(4.17)

(4.18)



ud € {0,1} vd € D (4.19)

The objective function (4.1) minimizes the total cost of energy consumption and battery
degradation. The first two terms of the objective function correspond to total energy
consumption from recharging at the stations and the depot, respectively. The battery
degradation cost resulting from charging activities at the depot and stations are
represented with the following two terms. Constraints (4.2) guarantee that the tour starts
from the depot and each customer is visited exactly once. Constraints (4.3) ensure that
each station can be visited at most once. The flow conservation constraints are represented
by constraints (4.4). Constraints (4.5) and (4.6) set service start times at customers and
stations, respectively, and constraints (4.7) respect the service time windows of the
customers. Constraints (4.8) and (4.9) keep track of the battery SOC upon arrival at a
customer and departure from a station/depot, respectively, whereas constraints (4.10) set
the bounds for the SOC. Constraints (4.11) and (4.12) distribute the total amount of
energy recharged at the stations and the depot overnight to related SOC intervals,
respectively. Constraints (4.13) and (4.14) set bounds to the utilization of SOC intervals
for the recharging at the stations and the depot, respectively. Constraints (4.15) and (4.16)
make sure that the SOC interval takes a positive value if the battery SOC upon arrival at
the station/depot is less than the upper bound of the corresponding SOC interval. Since
we employ a non-decreasing wear cost function, the model will use lower SOC intervals
due to the minimization objective function. Finally, constraints (4.17)—(4.19) define the
binary decision variables. Note that regardless of the common assumption in the literature,
we did not set the EV’s initial battery level during departure from the depot to full capacity
since the high level of battery SOCs result in more battery degradation when a non-

decreasing wear cost function is considered.
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5. SOLUTION METHODOLOGY

We develop an algorithm, MatHeur, which is a VNS-based matheuristic enhanced with a
post-optimization method to solve the ETSPTW-BD.

VNS is a metaheuristic method utilized to solve combinatorial optimization problems.
The method was developed by Mladenovi¢ and Hansen (1997), and it basically consists
of two phases which are the local search and perturbation (shaking). The local optimum
solutions are obtained with the application of local search while the same local optimum
solution is avoided by implementing the shaking where neighborhood sizes are
systematically enlarged in both phases (Hansen et al., 2010). Since then, various forms of
VNS algorithms have been employed to solve different TSP variants such as TSPTW (da
Silva and Urrutia, 2010; Mladenovi¢ et al., 2012), ETSPTW (Roberti and Wen, 2016) and
HEVTSPTW (Doppstadt et al., 2020). The method has also been successfully
implemented to solve the VRP and its extensions, e.g. EVRPTW (Schneider et al., 2014),
VRP with intermediate stops (Schneider et al., 2015), electric LRP (Hof et al., 2017;
Almouhanna et al. 2020), multi-depot GVRP (Sadati and Catay, 2021) and EVRP (Zhu
et al., 2020), EVRPTW with time-dependent energy prices (Lin et al., 2021), time-
dependent EVRPTW (Lu et al.,, 2020; Wang et al., 2020) and EVRP with flexible
deliveries (Sadati et al., 2022).

The MatHeur starts with the construction of a TSP tour with a pseudo-random insertion
algorithm. Then, this solution x is set to the best TSPTW tour x* and shaking is applied
to x*. Next, the cyclic local search is implemented. If the solution obtained after the local
search phase produces less cost than x*, then x is assigned to x*, and the counters for
shaking operators k and non-improving iterations nonImplterCount are reset to 1 and

0, respectively. Also, an ETSPTW-BD solution y is obtained from the local optimum x*
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by solving the mathematical model of the fixed-tour vehicle-charging problem (FTVCP)
by considering battery degradation; and if the solution y is feasible and has a better
objective function value than the previous ones, y is set to y*. Otherwise, i.e. if x* is not
improved, k and nonImplterCount are increased by one, and the shaking is performed
on the solution x* with a larger neighborhood except the case when k reaches its
maximum and reset to 1. This procedure is repeated until the limits for the number of
iterations (#Iter) and of non-improving iterations (#NonImplter) are exceeded. We
propose a mechanism called Slack which ensures sufficient time for recharges after
customer visits in the construction and local search phases. We also utilize a parameter
named CL Size to restrict the search space during the phases of construction and local
search. The definitions of Slack and CL Size are provided in the following section. We
elaborate the phases of the MatHeur in the following subsections. The pseudocode of the

algorithm is provided in Algorithm 5.1

Algorithm 5.1: MatHeur
y* < null // Best ETSPTW-BD solution
y < null // Cuurent ETSPTW-BD solution
iterCount < 0, nonlmplterCount « 0
Set of shaking neighborhood structures S, {k = 1, ..., kinax}
k<1

1  x < Construct the initial tour

2  x* « x// Best TSPTW solution

3 while (iterCount < #Iter)&(nonlmplterCount < #NonImplter)
4 Select a random solution x from the k™ neighborhood S, (x*) of x* // Shaking
5 iterCount + +

6 Local Search(x, x™)

7 if (cost(x) < cost(x*))

8 X" x

9 k<1

10 nonlmplterCount < 0

11 y « FTVCP(x") I/ Create an ETSPTW-BD solution
12 else if (k = kppax)

13 k<1

14 nonlmplterCount + +

15 else

16 k+ +

17 nonlmplterCount + +

18 end if

19 if (cost(y) < cost(y*))

20 y ey

21 end if

22 end while

23 returny”
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5.1. Initial Tour Construction

The initial tour is obtained using an insertion heuristic. First, the farthest customer from
the depot is inserted into the tour. Then, unassigned customers are sorted in a list in
ascending order of their late arrival times. One of the first four customers in the list is
randomly selected. Next, the cheapest insertion is performed by calculating the insertion
costs of the selected customer to all possible positions in the tour. If an insertion results
in time-window violations for the inserted and its successor nodes, a penalty cost is added
to the insertion cost by multiplying a sufficiently large number with the sum of each
violated time unit. This procedure is repeated until no customer remains unassigned, and

a customer sequence is obtained.

Since the EVs have limited driving ranges, recharges take place along the tour. However,
recharges take a significant amount of time when compared to the refueling time of
ICEVs. Hence, we design a new mechanism to be used in the construction and local
search phases of MatHeur and refer it to as Slack. We propose reserving a certain amount
of time with respect to the maximum tour duration for each customer during determining
the sequence by considering possible recharges after customer visits. Thus, a customer is
visited before its late arrival time by also respecting this period. For example, let the EV
must serve all the customers between 08:00-18:00 which makes the horizon of the day 10
hours. If a customer must be served before 12:00 and Slack is 1%, 0.1 hours, i.e. 6
minutes, is reduced from the customer’s service time window. In this way, we ensure the
customer is visited before 11:54 by considering potential recharging visits that might take
place after this trip. Thus, we attempt to provide a sufficient amount of time for recharging
between consecutive customer visits and to arrive at the next customers on time by
departing from the customers a little bit earlier than required. We show the benefit of the

proposed mechanism in Section 6.2.

We also adapt a parameter, called candidate list size (CL Size), to MatHeur which limits
the number of candidate positions that a customer can be located in the tour during the
construction and local search phases. A position for a customer node is only evaluated if
its total distance to the predecessor and successor nodes in the new position is below some
certain threshold. Basically, the solution space becomes narrower, and the computational
effort is only made in the promising regions in the neighborhood. For instance, let this

parameter be 50, then the evaluation is made only if the insertion cost of a customer is
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below the insertion cost of the 50 best customer for that position. If this parameter is 1,
then only the best insertion can be applied, and no restrictions are available with the
parameter value of n which is the number of customers in the problem instance. We also

demonstrate the impact of this parameter in Section 6.2.

5.2. Shaking

A random tour is obtained using shaking operators during the shaking phase of the
MatHeur. The only shaking neighborhood operator in the MatHeur is A-Move which
moves randomly selected A customers to random positions in the tour without seeking
time windows feasibility. We also considered A-Exchange, which swaps the position of
randomly selected A customer pairs, as a shaking neighborhood. However, our
preliminary results showed that A-Exchange increases the runtime of the algorithm
significantly without providing much benefit in the solution quality.

Algorithm 5.2: Local Search(x, x*)
Set of LS neighborhood structures I,,, (im = 1, ..., M0x)
me1
x' « x I/ Incumbent solution
while (m < myqy)
Apply I, on x
if (cost(x) < cost(x*))
break
else if (cost(x) < cost(x"))
x «x
mee1
else
10 m+ +
11 end if
12 end while

O~NOoO U WN P

©

5.3. Local Search

The random solution obtained after the shaking phase is improved by applying local
search (LS). The LS phase of MatHeur has the following neighborhood structures: Move,
Exchange and 2-Opt. A customer is selected and located to a new position in the tour with
the Move operator. The positions of two customers are replaced in the Exchange operator.
2- Opt selects two arcs in the tour and reverses the order of customers that are positioned
between these two arcs. We apply the LS in a cyclic manner, i.e. the algorithm returns to

the first LS operator (Move), if the solution improves with one of the LS operators. The
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first-improvement scheme is employed in all operators. Note that evaluations during the
LS are only made for the options that satisfy the time window compatibility of the
customer nodes. As in the construction phase, the penalty cost for time windows
violations is also considered during the evaluations. The LS is expected to generate good
feasible solutions for inserting the charge stations without requiring any repair mechanism
since we incur high penalty costs and implement Slack. The pseudocode of the LS is given
in Algorithm 5.2.

5.4. Fixed-Tour Vehicle-Charging Problem (FTVCP)

We make recharging-related decisions in the tour by employing a post-optimization
technique. The model described in Section 4.2 can be utilized by fixing the x;; variables
according to the fixed sequence of customers obtained after the LS phase. However, this
approach is computationally burdensome, and a more efficient method, the fixed-route
vehicle-charging problem (FRVCP), was presented in the literature. This problem is
introduced by Montoya et al. (2017) based on Suzuki (2014), and basically decides the
stations to be visited and energy amounts at customer and station nodes on a fixed
sequence of customers. Hence, we extend the mathematical model of the FRVCP by
considering battery degradation and solve it on CPLEX for each local optimum solution
generated by the LS phase of MatHeur. Since our problem is an extension of the TSP, we

refer to this problem as the fixed-tour vehicle-charging problem (FTVCP).

We followed the notation used in Keskin and Catay (2018) originated from Bruglieri et
al. (2016), and the formulation has some certain notation differences with respect to the
model presented in Section 4.2. Let V = { ¢y, ¢y, ..., ¢,,} be the ordered set of customers
visited by the EV where c; corresponds to the customer in the it" position of the fixed
tour. We define V, = {0}u V and V,,; =V U {n+ 1} so that the sequence has the
departure and arrival depots, respectively. If station j € F is visited after the departure
from customer c; on the tour, x;; takes the value of 1. The decision variable 8; ; ., keeps
track of the amount of energy transferred if a recharging visit occurs between customers
c; and c;,4 on the tour. The binary decision variable u{’fm takes the value of 1 if the EV
is recharged during its trip from customer c; to customer c; 4, and the decision variables
0;i+1 and socl-‘fll-+1 keep track of the amount of energy transferred and how much portion
of SOC interval d € D is utilized during this recharging visit, respectively.
22



Min Z €041+ (Vo — Yn+1) +Q Z Wasocd + Z Wisocf,, (5.1

i€V, deD i€V,

subject to

inj <1

JEF

Ti+si+tt|1- z X |+ Z(tij + tiv1)Xij

jEF jEF

+9.0;i41 < Tigq

yi—hldii1|1- Z Xij |+ Z(dij + djiv1)Xij | + 141

JEF jeF

=Yi+1

Vi —hz dl-jxl-j >0

JeF

0iiv1 = 0Q Z Xij

JEF

0iiv1 <Q— (i — hz d;jxij)

JeF

d _
Q Z S0Ciiyq = 041

deD

Q Z SOCg =Yo — Yn+1

deD

d d
0 <socjj4g < Lujiyg

0 <socd <L.ul
0 0
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vi €V, (5.2)
Vi €V, (5.3)
Vi € Vpiq (5.4)
Vi € 7, (5.5)
Vi € V, (5.6)
Vi €V, (5.7)
Vi €V, (5.8)
Vi €V, (5.9)

(5.10)

VieV,vdeD (5.11)

vd €D (5.12)



VieV,vdeD (5.13)
Q.soc , <Q.UB*—| y; — hz dijxij |+ Q1 —ufiyy)

JeF

Q.socd < Q.UB —yn,1 +Q(1 —ul) vd € D (5.14)
x;; € {0,1} VieV,VjeEF (5.15)
ul, €{0,1} vieVy,vdeD (5.16)
ud €{0,1} Vd €D (5.17)

The objective function (5.1) minimizes the total cost of the tour where the first two terms
represent the energy cost and the last two corresponds to the battery degradation cost.
Constraints (5.2) guarantee that at most one recharging visit occurs between two
consecutive customers. Time windows feasibility of customer and depot nodes are
satisfied with constraints (5.3) and (5.4). Constraints (5.5) keep track of the battery SOC
upon arrival at the customer and depot nodes. If a recharging visit takes place between
two consecutive customers, constraints (5.6) ensure that the SOC when the EV departs
from the preceding customer is sufficient to reach the charging station. If a charging
station is visited between customers c¢; and c;, 1, then constraints (5.7) guarantee that the
amount of energy transferred is positive and constraints (5.8) limit the amount with an
upper bound. The total amount of energy transferred at charging stations and at the depot
overnight are distributed to the SOC intervals by constraints (5.9) and (5.10), respectively.
Constraints (5.11) and (5.12) set upper and lower bounds on SOC intervals for recharges
at the station and depot, respectively. Constraints (5.13) and (5.14) ensure that the SOC
intervals take positive values only when the battery SOC of the EV upon its arrival at the
charging stations or depot is less than the upper bound of the related SOC interval. Binary

decision variables are defined by constraints (5.15)-(5.17).

We also apply the pre-processing procedures proposed by Keskin and Catay (2018) and
reduce the size of set F without dangering not achieving the optimal solution. Hence, the
number of decision variables decreases, and the computational time required to solve the

problem shortens significantly.
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6. EXPERIMENTAL STUDY

This section first introduces the experimental setting. Then, we present the parameter
tuning of MatHeur and validate its performance. Next, the effect of battery degradation
on route and charge plans is demonstrated with computational studies. Finally, we provide
sensitivity analyses regarding the problem parameters and a trade-off analysis with a
multi-start version of MatHeur. We performed our experimental study on a Windows 10
OS computer equipped with an Intel i7-8700 3.20 GHz CPU and 32 GB RAM. MatHeur
and the models presented in Sections 4.2 and 5.4 were coded in Java, and the models were
solved using CPLEX 12.9.0 in the default mode.

6.1. Experimental Setting

To investigate the impact of the battery wear cost on the route and charging schedules,
we conduct experimental tests using small- and large-size instances. Our small-size data
includes a subset of small-size EVRPTW instances that were generated by Schneider et
al. (2014) where a single EV is employed in the optimal or best-known distance minimum
solutions in 13 instances. The details about this dataset are presented in the Section 7.2.1.
We also benefit from the small-size ETSPTW instances that were generated by Roberti
and Wen (2016) based on the TSPTW instances of Gendreau et al. (1998). These instances
consist of 20 customers, and the time window widths are 120-, 140-, 160-, 180- and 200-
time units. There are 5 instances associated with each time-window width and two
versions of each instance exist involving 5 and 10 charging stations. Hence, the dataset

includes 5x5x2=50 small-size instances in total.

Our large-size instances are based on the large-size ETSPTW instances that were
generated by Roberti and Wen (2016) using the TSPTW instances of Ohlmann and
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Thomas (2007). This dataset is mainly classified into two groups each involving 5 and 10
charging stations. Then, each subgroup involves 15 instances involving 150-customers
and 10 instances involving 200-customers. Hence, the dataset includes 2x(15+10)=50
large-size instances in total. Time window widths in these instances vary from 120 to 160-
time units in 150-customer instances and from 120 to 140-time units in 200-customer
instances. In the nomenclature of the instances generated by Roberti and Wen (2016), the
numbers beside ‘n’, ‘w’ and ‘s’ represent the number of customers, time windows width
and the number of charging stations, respectively, while the number after the dot shows

the version of the data.

The unit penalty cost applied for time windows violations found during the construction
and local search phases is set to 100. We set n; = 4 and L = 1/4 = 0.25 following the
base case scenario of Pelletier et al. (2018). Hence, the upper and lower bounds of SOC
intervals are LB = {0,0.25,0.5,0.75} and UB% = {0.25,0.5,0.75,1}. They considered
battery unit cost as $410/kWh and calculated battery wear cost for these four intervals as
0.48, 0.52, 0.58 and $0.79/kWh, respectively. As we explained in Chapter 3, battery unit
cost can be assumed as $150/kWh and so wear costs for these four intervals become 0.17,
0.19, 0.21 and $0.29/kWh, respectively. What is more, both Schneider et al. (2014) and
Roberti and Wen (2016) assumed that the EV travels one unit of distance in one unit of
time by consuming one unit of energy. So, we set the unit energy cost ¢ = 1 to be able to
compare our results with those reported in the literature. However, the average industrial
electricity price was $0.0681/kWh in 2019 in the U.S (EIA, 2020). Thus, we adapted the
wear costs calculated above to our problem by keeping the ratio between the unit energy

cost parameter and the unit electricity price. So, our W< = {2.56,2.78,3.10, 4.22}.

The distances provided in the Roberti and Wen (2016) dataset are rounded to integer
values and do not satisfy the triangle property. In the original TSPTW data, the Euclidean
distances were first rounded down to the nearest integer values. Then, some adjustments
were made so that triangle inequality holds. However, this approach reduces distance
measures once more time, does not guarantee the triangle inequality and results in
overestimating the results. Fleming et al. (2013) demonstrated the negative effects of
triangular inequality violations on the VRP. Furthermore, Roberti and Wen (2016) located
four and nine charging stations in addition to the depot for each TSPTW instance. They
calculated the distances between the customers and charging stations as the Euclidean
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distance and rounded them to the nearest integer. Hence, the distance measures between
customers and the distance measures between a customer and a charging station were not
given in a consistent manner, and the triangle inequality still does not hold in their data.
In addition, different tours might yield the same optimal or best-known objective function
value (OFV) in the problem since the distance matrix consists of integer values. Hence,
differentiating the optimal or best-known tour might not be possible since multiple
solutions can have the same OFV, and this impairs our solution approach that employs
good TSPTW tours to obtain solutions that take into account the wear cost. We provide
examples of different ETSPTW tours having the same OFV in Table 6.1. The
nomenclature of the problem instances is depicted under column ‘Instance’. ‘TD’
indicates the total distance covered in the optimal tours. The sequence of nodes visited is
reported under column ‘Tour’. Node 0 is the depot and the charging station, nodes 1-20
are customers and nodes 21-24 are the charging stations. We also observed that the
number of different tours that yield the same OFV increases as the problem size grows.
As a result, we decided to calculate the distances by using the Euclidean distance formula
in two decimal places. Since we eliminate the overestimation, the total distance of the
TSPTW tours is significantly increased. To be able to cover increased distances, we
extend the length of planning horizon and late arrival time values of each customer node
in the datasets by a certain rate. Since our algorithm finds the best-known solutions
(BKSs) in the TSPTW setting, which we will demonstrate it in the following section, we
find the rates for increasing the late arrival times by proportioning the BKSs obtained
with the integer and two-decimal distance measures. We provide the rates in Appendix
A. Finally, we utilized the same coordinates for charging station locations and the same
parameter values of g, h and Q as presented in Roberti and Wen (2016) without altering

them. We only assume as Q is the operational battery capacity.

Table 6.1. Examples of tours having the same total distance

Instance D Tour
0,6,16,9,19,17,18,12,10,11,5,1,15,2,21,7,4,13,20,24,3,8.14,21,0
n20w120s5.1 271
0,6,16,9,19,17,22,18,12,10,11,5,1,15,2,21,7,4,13,20,24,3 8,14,21,0
0,1,14,18,4,8.21,19,16,11,15,23,5,7,3,20,17,12.,9,10,23,6,2,13,0
n20w120s5.2 225
0,1,14,18,4,821,19,16,11,15,23,5,7,3,20,17,12,10,9,23,6,2,13,0
0,19,13,11,7,16,18,3,8,21,17,2,5.14,10.4,24.6,9,15,12,22,1,20,0
rowlaocss  ang O1913117.161835821,17,25,14,10,4,24,9)6,15,12,22,1,200
NEOWELSS. 0,19,13,11,7,16,18,3,8,21,17,2,5,10,14,4,24,9,6,15,12,22,1,20,0

0,19,13,11,7,16,18,3,8,21,17,2,5,10,14,4,24,6,9,15,12,22,1,20,0
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6.2. Parameter Tuning

The MatHeur utilizes 5 parameters which are shaking level (1), Slack, #Nonlmplter, #lter
and CL Size. To tune these parameters, we selected a subset consisting of five 150- and
five 200-customers instances as follows: n150w120s5.2, n150w140s5.1, n150w140s5.4,
n150w160s5.2, n150w160s5.3, n200w120s5.1, n200w120s5.4, n200w120s5.5,
n200w140s5.3 and n200w140s5.4. The parameters are sequentially tuned from A to CL
Size. We set the initial values of 4, Slack, #Nonimplter, #lter and CL Size to 6, 0%, 3n,
3n and n, respectively. To tune each parameter, we performed 25 runs per problem
instance and calculated the average percentage deviation from the average of the best
solutions obtained (A%). The value with the smallest A% was selected. This procedure
was repeated until all parameters had been tuned. If more than one value provides the
same A%, we favored the smaller value. The values tested and their corresponding A%

are presented in Table 6.2. The selected values are shown in bold.

Table 6.2. Parameter tuning

Values

Parameter (A%)
A 6 8 10 12 14 16

(0.10) (0.29) (0.13) (0.44) (0.00) (0.16)
Slack 0% 0.5% 1% 1.5% 2%

(1.05)  (0.48)  (0.00) (0.33) (0.50) ’
#Nonlmplter 0.25n 0.375n 0.5n 0.75n n

(0.51) (0.13) (0.00) (0.00) (0.00) )
#lter n 2n 3n 4n 5n

(0.43) (0.36) (0.13) (0.00) (0.00) )
CL Size 0.05n 0.1n 0.15n 0.25n 0.5n n

(0.16)  (0.08)  (0.00) (0.08) (0.18)  (0.37)

6.3. Performance Validation

We validate the performance of MatHeur in several problem settings. We performed 25
runs for each problem instance, and the best solution found by MatHeur is considered in

the comparisons.

6.3.1. Validation on the TSPTW

We test the performance of MatHeur on the large-size TSPTW problem instances of
Ohlmann and Thomas (2007). Since the problem does not include EVs, we set Slack to
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0% and did not solve the FTVCP throughout the execution of MatHeur. Our algorithm
finds the BKSs in all instances, which are reported in Da Silva and Urrutia (2010), even

if the distance measures are integer as explained in Section 6.1.

6.3.2. Validation on the ETSPTW

We also demonstrate the effectiveness of MatHeur in the ETSPTW setting. We compare
the solution quality and the run time of Matheur with CPLEX in small-size problem
instances with 20 customers. The model presented in Section 4.2 is modified by including
the distance minimization objective and not considering battery degradation constraints
and solved with CPLEX. We did not restrict the algorithm and set #NonImplter and CL
Size to 4n and n, respectively since the problem sizes are small. Furthermore, each local
optimum solution obtained after any LS operator is sent to the FTVCP in which the
objective is distance minimization. The results are shown in Table 6.3. The runtimes
required are in seconds and show the average execution time of 25 runs in the case of
MatHeur which is reported under ‘MatHeur’. Both CPLEX and MatHeur find the optimal
solutions. We obtained the same solution quality with less average computational time.

6.3.3. Validation on the ETSPTW-BD

The performance of MatHeur is validated in the original problem, i.e., ETSPTW-BD, as
well. The solutions achieved by CPLEX and MatHeur are compared in problem instances
with 20 customers. The model presented in Section 4.2 is solved with CPLEX. The
parameters of #Nonlmplter and CL Size are set to their upper bounds during the execution
of MatHeur since the problem sizes are small. Furthermore, the FTVCP is solved for the
local optimal solutions obtained after each LS operator. Table 6.4 presents the results.
Column ‘CPLEX’ reports the OFVs of the solutions obtained with CPLEX. Note that
CPLEX was able to provide an upper bound in only 13 out of 50 instances at the end of
the 2-hour time limit. So, we only report the solutions for these instances. The best
solution found by MatHeur and its average runtime in seconds are presented in the
columns ‘MatHeur’ and ‘t (s)’, respectively. The last column shows the percentage
difference between the costs found with CPLEX and MatHeur where a positive value
indicates improvement. MatHeur finds better results in all instances within remarkably

shorter computation times.
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Table 6.3. Comparison of ETSPTW results for 20-customer problems

Runtime Runtime
Instance TD CPLEX MatHeur Instance TD CPLEX MatHeur
n20w120s5.1 274.48 3.6 0.5 n20w120s10.1 273.37 2.6 0.7
n20w120s5.2° 228.02 386.2 0.6 n20w120s10.2 223.84 302.7 0.6
n20w120s5.3° 297.10 6.5 0.3 n20w120s10.3" 295.47 9.1 0.2
n20w120s5.4 307.17 91.5 0.2 n20w120s10.4 299.80 17.4 0.5
n20w120s5.5 254.63 2.3 0.3 n20w120s10.5 248.52 2.0 0.3
n20w140s5.1 188.20 17.7 0.2 n20w140s10.1 185.56 9.0 0.2
n20w140s5.2 27447 1539 0.3 n20w140s10.2 258.74 104.1 0.3
n20w140s5.3 244.16 30.7 0.1 n20w140s10.3 24413 23.3 0.2
n20w140s5.4° 254.85 536.4 0.6 n20w140s10.4"  244.28 39.7 0.5
n20w140s5.5° 223.60 2.5 0.3 n20w140s10.5° 221.04 4.1 0.3
n20w160s5.1 245.12 9.7 0.3 n20w160s10.1 245.12 19.7 0.4
n20w160s5.2 224.22 17.7 0.4 n20w160s10.2 214.56 13.2 0.6
n20w160s5.3 213.11 1.3 0.3 n20w160s10.3 213.11 2.3 0.3
n20w160s5.4 213.43 30.2 0.3 n20w160s10.4 213.43 45.0 0.3
n20w160s5.5° 251.41 41.0 0.6 n20w160s10.5° 243.11 27.1 0.5
n20w180s5.1 266.88 63.1 0.2 n20w180s10.1 260.07 35.1 0.2
n20w180s5.2 281.35 106.2 0.4 n20w180s10.2 279.89 72.2 04
n20w180s5.3 275.27 33.9 0.3 n20w180s10.3 27495 106.7 0.3
n20w180s5.4 208.51 41.8 0.3 n20w180s10.4 205.50 97.8 0.3
n20w180s5.5 205.78 9304 0.4 n20w180s10.5 203.74 1568.4 0.4
n20w200s5.1 238.35 469.8 0.2 n20w200s10.1 238.35 67.9 0.2
n20w200s5.2 220.52 69.1 0.3 n20w200s10.2 216.41 37.7 0.3
n20w200s5.3 250.73 73.0 0.3 n20w200s10.3 250.27 93.5 0.3
n20w200s5.4 299.22 413.1 0.4 n20w200s10.4 298.11 398.8 0.5
n20w200s5.5 243.68 60.1 0.5 n20w200s10.5 236.60 90.2 0.5
Average 247.37 143.67 0.35 243.52 127.58 0.38

* Achieved by MatHeur during the parameter tuning with Slack =0

We also test MatHeur in smaller instances to validate its actual performance in the
ETSPTW-BD setting. The dataset of Schneider et al. (2014) is classified into three groups,
each involving 5, 10 and 15 customers, and includes 3x12=36 instances in total. Among
these instances, we selected 13 instances in which a single EV is employed in the optimal
EVRPTW solutions reported in the literature. The settings of CPLEX and MatHeur are
the same as in solving the 20-customer instances. We present the results in Table 6.5. The
values following ‘c’ and ‘s’ along the instances indicate the number of customers and
charging stations in the corresponding instance, respectively. The computational time
required by CPLEX and the average runtime of MatHeur are presented in seconds under

columns “t (s)’, respectively. The optimality of the solutions which are obtained using the
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entire runtime of 7200 seconds by CPLEX are not guaranteed. MatHeur finds the same
solutions obtained by CPLEX in all 5- and 10-customer instances and achieves better
results in 15-customer instances which are indicated in bold. MatHeur requires less
computational time on average to obtain better solution quality. Consequently, we believe

that the performance of MatHeur is validated with these results.

Table 6.4. Comparison of ETSPTW-BD results for 20-customer problems

Instance CPLEX MatHeur t(s) %lmp
n20w120s5.1 1034.75 1021.63 0.81 1.27
n20w120s5.2 953.90 875.39 0.53 8.23
n20w120s5.5 1395.54 975.21 0.45 30.12
n20w140s5.2 1206.84 1067.26 0.43 11.57
n20w140s5.3 987.54 909.55 0.15 7.90
n20w140s5.4 1254.21 1024.95 0.29 18.28
n20w160s5.3 1087.94 838.45 0.34 22.93
n20w160s5.4 894.95 798.92 0.52 10.73
n20w160s5.5 1127.29 991.81 0.74 12.02
n20w120s10.1 1058.80 1006.83 0.84 491
n20w120s10.5 964.52 938.98 0.55 2.65
n20w140s10.1 892.11 697.28 0.42 21.84
n20w140s10.3 1034.07 895.38 0.16 13.41
Average 1068.65 926.28 0.48 12.76

Table 6.5. Comparison of ETSPTW-BD results for small-size single-EV problems of
Schneider et al. (2014)

CPLEX MatHeur
Instance Cost t(s) Cost t(s)
¢c103c5-s2 656.58 0.17 656.58 0.04
c206c¢5-s4 960.03 0.23 960.03 0.05
c208c5-s3 626.90 0.25 626.90 0.05
r202c5-s3 517.30 0.64 517.30 0.04
r203c5-s4 696.69 0.53 696.69 0.04
rc204c5-s4 713.66 2.52 713.66 0.04
rc208c5-s3 656.67 0.97 656.67 0.03
c202c¢10-s5 1157.38 5.43 1157.38 0.07
r201c10-s4 942.12 32.29 942.12 0.08
r203c10-s5 871.55 7200.00 871.55 0.08
rc201c10-s4 1635.78 0.7 1635.78 0.07
r209c15-s5 1366.20 7200.00 1232.64 0.28
rc204c15-s7 1700.47 7200.00 1475.92 0.43
Average 961.64 1664.90 934.09 0.10

*Initial tour is randomly constructed to obtain the optimal solution
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6.4. Effect of Battery Degradation

In this section, we investigate the effect of battery degradation on route plans and costs
by comparing ETSPTW and ETSPTW-BD results obtained with MatHeur. 25 runs were
performed for each instance of the modified benchmark dataset of Roberti and Wen
(2016), and the best achieved solution and average runtimes are reported. Note that the
cost calculations of ETSPTW solutions are made by assuming that the EVs depart from

the depot as fully charged since this is a common practice in the industry.

Table 6.6. Effect of battery degradation on small-size instances with 5-stations

ETSPTW ETSPTW-BD
Instance Cost  t(s) #R Cost  t(s) #R %A
n20w120s5.1 1114.28 0.54 4 1021.63 0.81 6 8.31
n20w120s5.2 933.63 0.63 3 875.39 0.53 5 6.24
n20w120s5.3 1205.80 0.29 3 1190.44 0.41 5 1.27
n20w120s5.4 1239.07 0.23 4 1175.12 0.42 6 5.16
n20w120s5.5 1008.12 0.25 3 975.21 0.45 5 3.26
n20w140s5.1 760.94 0.20 3 710.51 0.19 5 6.63
n20w140s5.2 1130.90 0.27 2 1067.26 0.43 7 5.63
n20w140s5.3 972.20 0.13 3 909.55 0.15 6 6.44
n20w140s5.4 1047.96 0.64 3 1024.95 0.29 4 2.20
n20w140s5.5 906.18 0.34 3 868.65 0.26 6 4.14
n20w160s5.1 977.65 0.31 3 924.46 0.56 5 5.44
n20w160s5.2 878.69 0.45 4 848.71 0.39 4 3.41
n20w160s5.3 887.50 0.28 3 838.45 0.34 4 5.53
n20w160s5.4 862.54 0.30 3 798.92 0.52 5 7.38
n20w160s5.5 1043.10 0.60 3 991.81 0.74 4 4.92
n20w180s5.1 1077.01 0.25 3 1000.49 0.45 6 7.10
n20w180s5.2 1108.33 0.37 3 1065.46 0.57 5 3.87
n20w180s5.3 1108.57 0.26 3 1059.81 0.44 5 4.40
n20w180s5.4 823.09 0.32 3 788.39 0.55 4 4.22
n20w180s5.5 831.34 0.43 3 798.85 0.75 4 3.91
n20w200s5.1 935.90 0.22 3 924.49 0.45 4 1.22
n20w200s5.2 879.79 0.26 4 839.75 0.47 5 4.55
n20w200s5.3 994.31 0.33 4 953.70 0.43 4 4.08
n20w200s5.4 1239.10 0.42 3 1130.32 0.55 5 8.78
n20w200s5.5 969.71 0.47 4 926.50 0.65 6 4.46
Average 997.43 0.35 3.20 948.35 0.47 5.00 4.90

6.4.1. Results for Small-Size Instances

In this subsection, we make comparisons over the problem instances with 20-customers.
We run MatHeur by setting #NonIimplter and CL Size to 4n and n, respectively since the
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problem sizes are small. Furthermore, local optimum solutions obtained after each LS
operator are sent to the FTVCP phase. Table 6.6 and Table 6.7 show the results obtained
for the instances with 5- and 10-stations, respectively. In these tables ‘Cost’ refers to the
total cost of energy consumption plus battery degradation costs of the best tour obtained
through runs. We should note that in the cost calculation under ‘ETSPTW’ we considered
the optimal solutions presented in Section 6.3.2, and the corresponding total cost is the
realized cost with battery degradation effect. Column ‘#R’ indicates the number of
recharges along tours. ‘%A’ reports the percentage difference between the cost of the best
solutions obtained with MatHeur in the context of the ETSPTW and ETSPTW-BD.

Table 6.7. Effect of battery degradation on small-size instances with 10-stations

ETSPTW ETSPTW-BD
Instance Cost t(s) #R Cost t(s) #R %A
n20w120s10.1 1131.02 0.66 3 1006.83 0.84 7 10.98
n20w120s10.2 894.67 0.63 3 843.69 0.76 5 5.70
n20w120s10.3 119592 0.24 3 1171.81 0.44 6 2.02
n20w120s10.4 1208.16 0.53 3 1139.19 0.42 6 5.71
n20w120s10.5 982.46 0.33 3 938.98 0.55 6 4.43
n20w140s10.1 742.03 0.21 4 697.28 0.42 5 6.03
n20w140s10.2 1035.52 0.32 3 1034.69 0.45 4 0.08
n20w140s10.3 955.22 0.16 4 895.38 0.16 8 6.26
n20w140s10.4 998.63 0.53 3 974.70 0.32 6 2.40
n20w140s10.5 924.44 0.33 3 850.57 0.34 7 7.99
n20w160s10.1 977.65 0.43 3 914.81 0.69 6 6.43
n20w160s10.2 880.95 0.60 3 828.46 0.59 4 5.96
n20w160s10.3 887.50 0.31 3 815.40 0.37 6 8.12
n20w160s10.4 862.54 0.32 3 798.26 0.54 5 7.45
n20w160s10.5 999.96 0.50 3 958.17 1.01 6 4.18
n20w180s10.1 1029.07 0.24 3 967.15 0.58 7 6.02
n20w180s10.2 1127.32 0.39 3 1051.89 0.54 6 6.69
n20w180s10.3 1136.74 0.27 4 1046.90 0.56 6 7.90
n20w180s10.4 803.08 0.31 3 768.38 0.73 4 4.32
n20w180s10.5 817.87 0.41 3 780.34 1.06 6 4.59
n20w200s10.1 93590 0.24 3 897.41 0.72 7 4.11
n20w200s10.2 863.16 0.25 4 815.74 0.53 5 5.49
n20w200s10.3 975.16 0.33 4 928.44 0.77 6 4.79
n20w200s10.4 1228.18 0.46 5 1107.15 0.72 7 9.85
n20w200s10.5 971.62 0.50 3 909.83 1.11 7 6.36
Average 982.59 0.38 3.28 925.66 0.61 5.92 5.75

Significant amounts of cost savings are obtained in all problem instances when battery

degradation is taken into account. The average cost savings are 4.90% and 5.75% in the
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instances with 5- and 10-stations, respectively, while it can reach up to 10.98%. The cost-
saving becomes higher as the number of existing recharging facilities increases. The
results also show that incorporating battery degradation leads to more frequent recharges
en route. The average increases in the number of recharging visits are 56% and 80% in
the instances with 5- and 10-stations, respectively. This is an expected result due to the
non-decreasing wear cost function where lower SOC intervals are more preferable.
Hence, the recharge frequency, amount of energy transferred and sequence of customers
are determined based on the trade-off between energy consumption (distance) and wear
costs. Even though the computational times are not long, the runtimes rise by 34% and
61% in the instances with 5- and 10-stations, respectively when the battery degradation

is considered.

Table 6.8. Effect of battery degradation on large-size instances with 5-stations

ETSPTW ETSPTW-BD
Instance Cost t(s) #R Cost t(s) #R %A
n150w120s5.1 3163.53 28.36 2946.55 31.00 12 6.86
n150w120s5.2 2629.22 21.92 251996 39.12 9 4.16
n150w120s5.3 3186.59 18.24 3176.46 19.44 8 0.32
n150w120s5.4 2791.63 23.28 2704.49  29.20 9 3.12

n150w120s5.5 2892.34 21.56
n150w140s5.1 3048.80 30.44
n150w140s5.2 3100.06 21.96
n150w140s5.3 2547.36  23.28
n150w140s5.4 2758.18 17.32
n150w140s5.5 2622.80 30.80
n150w160s5.1 3026.75 22.68
n150w160s5.2 2920.03 31.48
n150w160s5.3 2418.35 18.32
n150w160s5.4 2785.13 23.40
n150w160s5.5 2781.62 27.28
n200w120s5.1 2997.13  53.28
n200w120s5.2 3059.62 62.24
n200w120s5.3 3429.22 62.24
n200w120s5.4 3391.19 62.00
n200w120s5.5 3278.67 53.48
n200w140s5.1 3299.12 85.92
n200w140s5.2 3243.97 73.48
n200w140s5.3 2988.91 53.48
n200w140s5.4 3120.22  83.88 2977.19 107.20 10 4.58
n200w140s5.5 3304.51 54.76 3204.75 73.68 11 3.02
Average 2991.40 40.20 7.44 2868.60 53.24 10.76 4.08

2763.56 40.84 13 4.45
2917.76  41.00 11 4.30
2986.75 37.64 12 3.66
2434.18 39.56 11 4.44
2630.78  25.40 13 4.62
2545.28 38.16 11 2.96
2819.10 27.84 10 6.86
283241 41.20 11 3.00
2376.24  25.84 10 1.74
2700.12  25.48 10 3.05
2629.97 43.44 12 5.45
2882.18 94.40 8 3.84
2894.23  72.08 12 5.41
3282.02 78.64 12 4.29
3234.27 65.76 11 4.63
3135.87 71.36 10 4.36
3146.56 102.96 10 4.62
3121.76  96.44 12 3.77
2852.66 63.40 11 4.56
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6.4.2. Results for Large-Size Instances

We compare the solutions obtained for 150- and 200-customer instances in this
subsection. The algorithm is executed with the parameter values found in Section 6.2.
Since the problem sizes are large, the tours found in the earlier phases of MatHeur are not
good candidates for inserting the charge stations. Hence, the FTVCP is not solved for the
solutions found within the first n/5 iterations of MatHeur. The results for the instances
with 5 and 10 charging stations are presented in Table 6.8 and Table 6.9, respectively.
We should note that the objective of the ETSPTW is simply the minimization of energy
consumption, and the cost of the tour is calculated by considering the battery wear cost.

Table 6.9. Effect of battery degradation on large-size instances with 10-stations

ETSPTW ETSPTW-BD

Cost t(s) #R %A
2882.64 34.68 14 6.01
2472.51 39.00 11 5.62
3156.89 21.16 11 0.52
2632.86 30.40 13 6.30
263541 41.12 15 7.34
2845.26 41.24 14 6.68
2917.03 37.72 13 5.80
2403.06 50.88 12 5.56
2580.90 23.00 16 6.07
2474.20 37.96 14 411
2749.64 36.04 14 6.13
2739.07 41.24 10 3.89
2317.31 26.84 11 3.93
2648.12  25.00 15 5.72
2564.83 46.96 10 4.25
2822.28 94.00 10 6.92
2831.05 73.56 14 5.58
3184.87 79.24 13 5.53
3126.69 64.04 14 6.51
3052.36  58.08 15 4.85
3094.30 102.36 13 5.97
3057.77 99.80 12 4.79
2811.51 66.44 12 4.07

=
=

Instance Cost t(s)
n150w120s10.1 3066.87 28.56
n150w120s10.2 2619.78 21.88
n150w120s10.3 3173.32 18.96
n150w120s10.4 2809.94 23.04
n150w120s10.5 2844.28 20.92
n150w140s10.1 3049.03 29.88
n150w140s10.2 3096.72 22.00
n150w140s10.3 254459 23.76
n150w140s10.4 2747.57 17.32
n150w140s10.5 2580.34 30.76
n150w160s10.1 2929.22 21.96
n150w160s10.2 284993 31.64
n150w160s10.3 2412.05 18.56
n150w160s10.4 2808.89 23.44
n150w160s10.5 2678.73 27.08
n200w120s10.1 3032.07 52.52
n200w120s10.2 2998.27 62.24
n200w120s10.3 3371.26 62.36
n200w120s10.4 3344.27 62.00
n200w120s10.5 3207.94 53.52
n200w140s10.1 3290.84 86.00
n200w140s10.2 3211.71 71.48
n200w140s10.3 2930.87 53.52
n200w140s10.4 3162.53 83.84 2960.55 112.64 12 6.39
n200w140s10.5 3377.51 54.84 3164.25 75.96 12 6.31
Average 2965.54 40.08 7.44 2805.01 54.37 12.80 5.39
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As in Section 6.4.1, the total cost is improved when battery wear is considered in all

35



problem instances. In the instances with 5-stations, the average cost improvement is
4.08% and the savings can be as large as 6.86%. In the instances with 10-stations, the
total cost can be reduced by 5.39% on average and cost improvement may rise to 7.34%.
Furthermore, the availability of charging stations contributes more when the battery
degradation is concerned. When the number of charging stations is increased from 5 to
10, the average cost decreases by 0.86% in the ETSPTW setting whereas this rate is 1.31%
in the ETSPTW-BD setting. The consideration of battery wear costs increases the
recharging frequency along the tour, where the number of recharges increases by 44%
and 72% on average in the instances with 5- and 10-stations, respectively. Although the
length of the tours becomes longer because of the more detours and changes in the
customer sequences, better recharging plans result in less battery degradation cost and
hence cause saving in total operational cost. On the other hand, incorporating the battery
degradation brings additional complexity to the problem, and the computational times
required to obtain a solution increase by 32% and 35% in the instances with 5- and 10-

stations, respectively.

6.5. Trade-off Analysis

In this section, we perform sensitivity analyses based on the parameters of the problem
instances, and a trade-off analysis by devising a multi-start version of MatHeur. The
sensitivity analyses are only performed on the instances which are used during the

parameter tuning, and the comparisons are based on the best results achieved.

6.5.1. The Effect of Battery Capacity

We observed in Section 6.4 that recharging frequencies along the tours significantly
increase when the battery degradation is considered. Therefore, we increase the battery
sizes of the EVs in each problem instance by 25% and 50%, separately to examine the
impact of increased battery capacities on the solutions. We compare the solutions
obtained for these 2 new cases with the ones presented in Section 6.4.2. Table 6.10
summarizes the results with respect to the percentage change in total operational cost and
the difference in the number of recharges en route. A negative value under ‘ACost(%)’
and ‘A#R’ indicate a cost-saving and a decrease in the number of recharging visits,
respectively whereas ‘-° means no change. As the battery capacity increases, the need for
recharging en route decreases, and this results in fewer detours, a decrease in the route
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length and less energy consumption. Hence, the total operational cost is also reduced.

Table 6.10. Comparisons of results with respect to increased battery capacities

25% 50%
Instance ACost (%)  A#R ACost (%)  A#R
n150w120s5.2 -1.96 - -2.87 -
n150w140s5.1 -2.02 -2 -3.17 -3
n150w140s5.4 -1.96 -1 -2.86 -2
n150w160s5.2 -4.84 -3 -7.00 -3
n150w160s5.3 -3.58 -3 -5.03 -3
n200w120s5.1 -2.11 - -3.28 -
n200w120s5.4 -1.98 -2 -3.53 -3
n200w120s5.5 -1.49 -1 -2.40 -1
n200w140s5.3 -1.67 - -2.84 -2
n200w140s5.4 -1.63 - -2.67 -2
Average -2.32 -1.20 -3.57 -1.90

6.5.2. The Effect of Time Windows

We repeat our experiments by extending the time windows of customer nodes by keeping
the the length of planning horizon the same to explore the effects of time windows on the
route and recharging plans made while considering battery degradation. We obtain the
results by increasing the late arrival times of customer nodes by 50% of their time window
width and without imposing any time windows restriction within the planning horizon,
separately. Table 6.11 presents the comparative results. A positive value under ‘A#R’

indicate an increase in the number of recharging visits.

Table 6.11. Comparisons of results obtained with respect to extended time windows

50% No TW
Instance ACost (%) A#HR ACost (%) A#R
n150w120s5.2 -2.58 1 -28.89 -3
n150w140s5.1 -7.23 - -38.09 -5
n150w140s5.4 -3.07 -1 -31.19 -5
n150w160s5.2 -11.28 -2 -35.44 -5
n150w160s5.3 -2.78 - -22.14 -3
n200w120s5.1 -7.39 - -27.12 -1
n200w120s5.4 -8.26 -1 -35.92 -5
n200w120s5.5 -7.62 -1 -33.34 -5
n200w140s5.3 -6.68 -1 -27.75 -5
n200w140s5.4 -7.65 1 -32.17 -3
Average -6.45 -0.4 -31.21 -4.0
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The saving in the operational cost increases as the time window restrictions are relaxed
since the options for consecutive visits of closer customers in the route increase. The
number of recharges along the tour significantly decreases when no time windows
constraints are imposed whereas it reduces by only 3.85% even if the time windows are
extended by 50%. As observed in Sections 6.4.1 and 6.4.2, the number of recharges en
route significantly increased when battery degradation is considered, and this finding still

holds with looser time windows.

6.5.3. Multi-Start Solution Strategy

In our experiments, we observed that the deviations between the best and average results
found by MatHeur can be large in some instances. Thus, we designed a multi-start version
of MatHeur to investigate the trade-off between the solution quality and run time. In the
multi-start version, a new tour is constructed after #NonImplter is reached if #lter is not
exceeded. #lter is set to 5n instead of 4n while the remaining parameters remain
unchanged. The number of runs performed for each problem instance is limited to 10.

The phase of solving the FTVCP is not performed during the first n/5 iterations.

We compare the results obtained with the single- and multi-start versions of MatHeur in
Table 6.12. We grouped the instances according to the time windows width and the
number of charging stations. Hence, we obtained 10 separate subsets with 5 instances in
each. Table 6.12 report the results for the subsets whereas the detailed results can be found
in Appendix B. The group of instances is given under column ‘Subset’. ‘Best’ reports the
average of the best results found in 5 instances of the subset whereas ‘Avg’ stands for the
average of the average solutions. ‘%Dev’ shows the percentage deviation of the average
OFV from the best OFV.

Although the best solutions achieved by the two versions are similar, the convergence of
the algorithm improves with the multi-start version even if it remains at a high level in
some instances due to Slack. On the other hand, the total runtime increases by 31% when
the number of runs for the versions is considered which are 25 and 10 in the single- and

multi-start versions, respectively.
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Table 6.12. Comparison of single- and multi-start strategies

Single-start Multi-start
Subset Best Avg %Dev t(s) Best Avg  %Dev t(s)
n150w120s5 2822.20 2865.78 1.58 31.92 2809.50 2848.00 1.33 112.92
n150w140s5 2702.95 2763.33 2.21 36.35 2697.92 2722.83 0.94 122.40
n150w160s5 2671.57 2750.81 291 32.76 2679.78 2715.51 1.31 103.26
n200w120s5 3085.71 3161.36 2.51 76.45 3078.36 3118.28 1.32 260.76
n200w140s5 3060.58 3189.13 424 88.74 3077.54 3128.80 1.68 273.62
n150w120s10 2756.06 2794.98 1.45 33.27 2732.63 2766.41 1.18 119.18
n150w140s10 2644.09 2702.22 2.16 38.16 2641.43 2662.10 0.78 126.16
n150w160s10 2603.79 2695.55 3.45 35.22 2611.18 2665.19 2.02 112.68
n200w120s10 3003.45 3077.94 2.52 73.78 3000.66 3034.52 1.14 249.32
n200w140s10 3017.68 3138.69 4.05 91.44 3031.50 3078.32 1.55 281.26
Average 2836.81 2913.98 2.71 53.81 2836.05 2874.00 1.33 176.16
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7. THE ELECTRIC VEHICLE ROUTING PROBLEM WITH TIME
WINDOWS BY CONSIDERING BATTERY DEGRADATION

In this chapter, we address the EVRPTW in which customers’ demands are met by a
homogenous fleet of EVs within specified time windows by considering service times.
Furthermore, partial recharging is allowed, and its duration is assumed to be linearly
proportional to the amount of energy transferred during the recharging by assuming that
the EV is operated between 10% to 90% of its battery capacity which is a practical action
taken by LSPs (Pelletier et al., 2017). In addition, there is a one-to-one relationship
between energy consumed and distance traveled. Finally, only one recharging visit is
permitted between two consecutive customers since it is highly observed in urban
logistics operations. As in Chapter 4, we still utilize the modeling approach of Pelletier et
al. (2018) to represent the influence of battery wear on the route and charge schedules of

EVs and consider a non-decreasing wear cost function.

7.1. Mathemaical Model

For the sake of completeness and ease of understanding, we provide the whole
mathematical notation. We follow the notation used in Rastani et al. (2019) and Bruglieri
etal. (2016). Let V = {1, ..., n} denote the set of customers, K denote the set of EVs, and
F denote the set of charging stations. Each vehicle departs from node 0 and returns to
node n + 1 at the end of its trip where both nodes denote the same depot. We define V, =
Vu{0}, Vpyi =VUuf{n+1}and Vy,,1 =V U{0,n+ 1}. Now, the problem can be
defined on a complete directed graph G = (N, A) in which A = {(i,j)|i,j € N,i # j}is

the set of arcs and N = V;, 1.1 U F is the set of all nodes on the network.

Each customer i € V has a demand of g;, service time of s;, and time window of [e;, ;].
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Since the fleet is homogenous, all EVs have the same load capacity of C and operational
battery capacity of Q. At a charging station, one unit of energy is charged in g time units.
The direct distance from customer i to customer j is denoted by d;; while c?l-js =d;s +
ds; — d;; corresponds to the additional distance if the vehicle is recharged at station s en
route. Likewise, t;; denotes the direct travel time from customer i to customer j, and
t;js = tis + ts; — t;; is the additional travel time if there is a recharging visit in between
customers i and j at station s. However, £;;; does not involve the recharging time at
station s. In addition, the energy is consumed by the rate of h¢ for each unit of distance.
Hence, the total energy needed to directly move from customer i to customer j is
calculated as h;; = h®d;; which is a linear function of the distance. If a recharging visit
takes place at station s during the move between customer i and customer j, the
calculation of additional energy consumption is as follows: fzijs = h;s + hs; — hy;. The

set D and parameters LB, UB%, L and W¢ are already defined in Sections 3 and 4.2.

The decision variables y keep track of the battery SOC of the vehicle k when it arrives
at customer/depot i € V1. On the other side, decision variables y{‘js and Yi’j-s take
values when there is a recharging visit at station s € F on route (i,s,j), i € Vy,j € Vy11,
and represents the battery SOC at arrival to and departure from the charging station s,
respectively. The decision variable t; represents the service starting time at any node i €
N. The binary decision variable xl’j is 1 if the arc (i, ) is traversed by the vehicle k, i €

k

Vo, j € Vnyq and O otherwise. The binary decision variable z;;; takes value 1 when the

vehicle k travels from node i € V,, to node j € V,,,, via station s € F and 0 otherwise.
The decision variables and the constraints are categorized into two as ones that belong to
stations and ones that belong to the depot for overnight recharging to better express the
battery degradation characteristics as follows: The decision variables soc{‘jd and sock
keep track of how much the portion of SOC interval d € D is utilized during the
recharging at a station and the depot, respectively. The binary decision variables u{‘jd and
uX take value 1 if the SOC interval d € D is used to charge the vehicle k € K ata charging
station and at the depot, respectively; and 0 otherwise. Remember since only one
recharging visit is allowed between two consecutive customers there is no need for the
indication of a charging station index in these decision variables. Furthermore, the vehicle

is assumed to be initially charged with the amount of the difference between the battery
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SOC when it departs from the depot and arrives at the depot since that much energy is
consumed during the route. Finally, the EV will have consumed its whole operational
battery capacity when it returns to the depot due to the non-decreasing wear cost function
if it has been recharged at least once en route.

The mathematical notation associated with the EVRPTW-BD formulation is presented in
Table 7.1. In what follows, the 0-1 mixed-integer linear programming model of the

problem is formulated.

Table 7.1. Mathematical notation of EVRPTW-BD

V' Set of customers
Vo Set of customers and departure depot
Vnae1 Setof customers and arrival depot
Von+1 Set of customers, departure and arrival depots
F Set of charging stations
N Set of customers, stations and depots
K Set of vehicles
D Set of SOC intervals
Parameters
d;; Distance between node i and j
c?ijs Additional distance of visiting station s between customers i and j, cfijs =d; +
dgj — d;j
ti; Travel time from node i to node j
fijs Additional travel time of visiting station s between customers i and j, fijs =t +
tsj — ti
q; Demand of customer i
r; Service time of customer i
[e;, l;] Time window of customer i
ly Length of the planning horizion
C Load capacity
Q Operational battery capacity
g Recharging rate
hl-]- Total energy consumed to traverse arc (i, j)
Eijs Additional consumption if Ehe vehicle is recharged in station s while traveling from
customer i to customer j, h;js = his + hgj — hy;
¢ Unit energy cost
W4 Wear cost per unit energy charged or discharged within the SOC interval d
L Length of SOC intervals
UB% Upper SOC bound of interval d
LB? Lower SOC bound of interval d
Decision variables
T; Service starting time at customeri € V

yik Battery SOC of vehicle k € K upon arrival at (departure from) customer (depot) i €
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VO,n+1

yikjs Batt'ery SOC of vehicle k € K upon arrival at station s € F on route (i,s,j), i €
Vo,J € Vi
Yi’]‘.s Battery SOC of vehicle k € K at the departure from station s € F on route (i, s, j),
1€ Vo,J € Viyq
socikjd Portion of SOC interval d € D used during the charging of vehicle k € K at stations €
F onroute (i,s,)),i € Vy,j € Vyyq
Socé‘ Portion of SOC interval d € D used during the overnight charging of vehicle k € K at
the depot
xl?‘j 1 if vehicle k € K travels from node i € V to node j € V,,,1; 0 otherwise
z{‘js 1 if vehicle k € K traverses arc (i,)), i € Vy,j € V41, through station s € F; 0
otherwise
ufjd 1 if interval d € D is used to charge vehicle k € K at station s € F on route (i, s, j),
i €Vy,j €V,iq1; 0otherwise
u’é 1ifinterval d € D is used to charge vehicle k € K at the depot; 0 otherwise
(7.1.1)
vine( Y 3 T - o | o ok -k
i€Vy j€Vn4+1 SEF kEK keK
(7.1.2)
1o 33 Y whsocu |+ oYY wisoct
i€Vy j€Vy+1 kEK AED deD kek
Subject to
yE =0 Vk eK (7.2)

z Zx{‘j=1 VieV (7.3)

JEVn41 kEK

i#j

legcj_ Z xk =0 VjeEV,Vk €K (7.4)
1€V, i€Vnyq
i#j i)
zzl_kjs <xk Vi € Vy,Vj € Vyiq,Vk € (7.5)
SEF K! [ # ]
2 VieV,VjeV Vk € 7.6

T; + (b + )Xl + Z(tijszikjs + 9 = vl L= Y0 V) E Vaty (7.6)

SEF K,i+]

—1o(1—- x{‘j) <7

ej < Tj < l] VjEN (77)
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seF
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vk eK

Vi €V, Vj € Vyyy,Vk €
K,i%j

Vi € Vy,Vj € Vs, Vk €
K,i#j

Vi € Vy,Vj € Vyyyq, Vs €
F Yk E€K,i+#j

Vi € Vy,Vj € Vyyq, Vs €
F.Vk€K,i+j

Vi € Vp,Vj € Vyyy, VK €
K,i+j

vk €K

Vi € Vy,Vj € Vyypq,Vd €
D,Vk €EK,i+#j

vd € D,Vk €K

Vi € Vy,Vj € Vypq,Vd €
D,Vk€K,i # ]

vd € D,Vk € K

Vi € Vo, Vj €Vypy, Vk €K

Vi € Vy,Vj € Vyyq,Vs €
F,Vk €K

vd € D,Vk € K

(7.8)

(7.9)

(7.10)

(7.11)

(7.12)

(7.13)

(7.14)

(7.15)

(7.16)

(7.17)

(7.18)

(7.19)

(7.20)

(7.21)



ufi, €{0,13 Vi € V,,Vj € (7.22)
Vo+1, VA VD,Vk € K

The objective function (7.1.1) of the model minimizes the total energy and battery
degradation costs. The expression (7.1.1) corresponds to total energy consumption by
considering the energy amount that is transferred at charging stations and the depot,
respectively whereas the expression (7.1.1) represents the battery degradation costs
incurred during the recharges at charging stations and the depot, respectively. The initial
battery SOC of the EVs during their departure is set to full by constraints (7.2).
Constraints (7.3) ensure connectivity between customers. Constraints (7.4) enforce that
each customer is visited only once. Constraints (7.5) make sure that recharging the battery
en route is only possible if there is a trip from customer i to j. The time feasibility of arcs
emanating from the customers and the depot is guaranteed by constraints (7.6).
Constraints (7.7) ensure that each customer is served in its time window. By the way,
Constraints (7.6)—(7.7) eliminate the sub-tours. Constraints (7.8) guarantee the load of the
vehicles can not exceed the cargo capacity during the trip. Constraints (7.9)—(7.11) keep
track of the battery SOC at each node and ensure that it never falls below zero. Constraints
(7.9) establish this relation when the vehicle directly travels from customer i to customer
Jj without recharging en route. On the other side, constraints (7.10)—(7.11) provide the
battery SOC consistency if the vehicle recharges itself when moving from customer i to
customer j: constraints (7.10) set the battery SOC during the arrival at customer j whereas
constraints (7.11) determine the SOC level during the arrival at a station. Constraints
(7.12) make sure that the battery SOC during the departure from a station remains in a
certain interval, i.e. it can not be larger than the amount during its arrival at the station
and exceed the battery capacity. Constraints (7.13)—(7.14) equalize the difference
between the energy levels when arriving at a charging station (the depot) and departing
from that charging station (the depot) to the sum of energy charged over all SOC intervals.
Constraints (7.15)—(7.16) set limits on the utilization of SOC intervals for the recharges
at stations and the depot, respectively. These constraints ensure that an SOC interval is
nonnegative and can not exceed its length. Constraints (7.17)—(7.18) make sure that SOC
intervals can take a positive value if the battery SOC during the arrival at the station and
the depot is less than the upper bound of the corresponding SOC interval; and enforce

that SOC intervals take the value O if the upper bound of the related SOC interval is
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already lower than the battery SOC of the vehicle during its arrival at the station and the
depot, respectively. These constraints are a must since the wear cost function is non-
decreasing, i.e. the solution found by solving the model tends to fill lower SOC intervals
that are cheaper. Finally, constraints (7.19)—(7.22) define the binary decision variables.

7.2. Experimental Study

7.2.1. Experimental Design

We conduct experimental tests on the EVRPTW benchmark instances devised by
Schneider et al. (2014). 36 small and 56 large data instances exist in this dataset. Since
large problems are intractable, we practice on small-size instances. There are three subsets
within this dataset, which have 5, 10 and 15 customers, respectively: each with 12 distinct
problems. In addition, customers are characterized with respect to the initial letter(s) of
the problem. Customers are either clustered (C) or randomly scattered (R) or both
clustered and randomly (RC) scattered on a map. These three subsets are also divided into
two subsets which are observable through the 3-digit number in the nomenclatures as the
ones starting with 1 and 2, respectively. This further branching yields different time
window lengths and capacities for the battery and cargo load. In the nomenclature of the
problem instances, finally, the number beside ‘s’ corresponds to the number of charging
stations available in this dataset. For example, the instance ‘c101c5-s3’ contains 5
clustered customers and 3 charging stations.

We set h® to 1, i.e. traveling one unit of distance requires one unit of energy, and c to 1.

The parameters related to battery degradation are the same as explained in Section 6.1.

We performed our experiments using three different scenarios. In Scenario 1, we
considered the optimal (or best-known) solutions reported in Keskin and Catay (2016)
and Rastani et al. (2019) and calculated the corresponding total cost by taking into account
battery wear cost. In Scenario 2, we solved the model presented in Section 7.1. Finally,
in Scenario 3, we repeated Scenario 2 by relaxing constraint (7.2) which enforces the EV
to depart from the depot fully charged. In other words, the initial energy level of the
battery becomes a decision variable. We aim not only to investigate the possible benefits
of considering wear cost besides the energy cost but also to measure its additional
complexity in terms of computational time. We obtained the solutions by using IBM
ILOG CPLEX version 12.9.0 on a Windows 10 OS computer with an Intel i7-8700 3.20
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GHz CPU and 32 GB RAM. CPLEX was run in the default mode with a computing time

limit of 10 hours.

7.2.2. Numerical Results

We could solve all 5-customer problem instances at optimality. That’s why, we did not
report any optimality gap for these solutions. The results are provided in Table 7.2. The
nomenclature of the problem instances is shown under the first column. The columns
‘EC’, ‘WC” and ‘TC’ refer to the energy cost, wear cost and total cost of the route,
respectively. The number of recharges en route is reported under column ‘#R’ and column
‘t (sec)’ shows the computational time required for each scenario in seconds. The last two
columns evaluate the percentage cost differences between scenarios 1-2 and 1-3,
respectively, and a positive value indicates cost saving. Noting that ‘EC’ also reports the
total distance traveled, we show the increase in route lengths in italic. We indicated
improvements in total costs in bold. 5 out of 12 and 6 out of 12 routes become longer in
the second and third scenarios, respectively because of more frequent recharging visits.
This increase in the frequency of recharging is simply due to the non-decreasing wear
cost function where utilizing lower SOC intervals is preferable since wear cost increases
in the higher SOC intervals. Hence, the battery is recharged as much as needed more
frequently. An average of 5.2% improvement in total cost is obtainable by considering
the improvement from the third scenario. Hence, this demonstrates that optimizing
overnight charging at the depot can bring additional cost savings. Finally, run times did

not increase significantly.

We presented the solutions for 10-customer instances in Table 7.3. We could not find the
optimal solution for two problem instances in 10 hours in scenarios 2 and 3. An inferior
upper bound is provided by CPLEX in one of the problem instances in scenario 2 due to
the complexity of the problem. We should note that the solutions in the first scenario are
already feasible solutions for the second and the third scenarios as well. Route plans
change in 5 and 9 out of 12 problem instances for the second and third scenarios,
respectively. The average improvement in total cost is 3.4% while the third setting again
contributes more significantly. Besides not being able to find the optimal solutions in two

instances, the run times increased dramatically.

We reported the solutions for 15-customer instances in Table 7.4. CPLEX used the entire
time allocated for each problem instance in the second and third scenarios, and the
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optimality of the solutions was not guaranteed. Hence, we only provide the statistics for
optimality gaps. In addition, CPLEX could not find even a feasible solution in one of the
problem instances in both the second and third scenarios. As indicated with negative
percentage deviations in the last two columns, inferior upper bounds are provided by
CPLEX in some of the problem instances for the second and third scenarios. Excluding
these instances, we observe that the total cost can be reduced by 5.7% on average and the
savings can be as large as 9.9%. These results reveal the potential benefits of considering

the battery wear explicitly when making the routing decisions.
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Table 7.2. Results for 5-customer instances

Scenario 1 Scenario 2 Scenario 3
Instance EC wc TC #R EC wc TC #R t(sec) EC wc TC #R t(sec) BO? %A
c101c5-s3  257.8 807.1 1064.9 3 257.8 807.1 1064.9 3 0.3 257.8 736.6 994.3 3 0.4 0.0 6.6
c103c5-s2  175.4 530.2 705.6 3 176.1 514.7 690.8 4 0.11 176.1 480.5 656.6 4 0.2 2.1 6.9
c206c5-s4  242.6 763.9 1006.4 3 252.1 7395 991.6 4 0.4 249.8 710.2 960.0 4 0.2 1.5 4.6
c208c5-s3  164.3 499.1 663.5 2 164.3 499.1 663.5 2 0.3 164.3 462.6 626.9 2 0.3 0.0 5.5
r104c5-s3 136.7 440.7 577.4 1 137.0 427.0 564.0 1 0.5 137.2 389.3 526.5 2 0.4 2.3 8.8
r105c5-s3 156.1 486.4 642.4 2 156.1 486.4 642.4 2 0.3 156.3 447.3 603.6 3 0.2 0.0 6.1
r202c5-s3 1289 388.9 517.8 2 1289 388.9 517.8 2 0.8 1289 388.4 517.3 2 0.6 0.0 0.1
r203c5-s4 179.1 5343 713.4 3 179.1 5343 7134 3 0.5 179.1 517.6 696.7 3 0.5 0.0 2.3
rc105c5-s4 233.8 751.4 985.2 3 233.8 745.1 978.9 4 0.2 247.5 667.1 914.7 5 0.3 0.6 7.2
rc108c5-s4 253.9 766.1 1020.0 3 253.9 766.1 1020.0 3 0.6 253.9 710.7 964.6 3 0.3 0.0 5.4
rc204c5-s4 185.2 5589 744.1 2 185.4 537.6 723.0 3 3.7 185.4 528.2 713.7 3 2.5 2.8 4.1
rc208c5-s3 168.0 525.6 693.6 2 168.0 525.6 693.6 2 1.3 168.0 488.7 656.7 2 1.0 0.0 5.3
Average 190.1 587.7 777.8 2.4 191.0 580.9 772.0 2.8 0.7 192.0 543.9 736.0 3.0 0.6 0.8 5.2
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Table 7.3. Results for 10-customer instances

Scenario 1 Scenario 2 Scenario 3
Instance EC wc TC #R EC wc TC #R t(min) EC wc TC #R t(min) %02 %A
c101c10-s5 388.3 1208.5 1596.7 5 389.8 1186.9 1576.6 5 <1 388.6 1105.8 1494.5 6 8 13 6.4
c104c10-s4 273.9 842.2 1116.2 3 276.1 841.3 1117.4 4 600 276.1 795.1 1071.2 4 600 -0.1 4.0
€c202c10-s5 304.1 884.6 1188.6 5 304.4 879.0 1183.4 6 <1 304.4 8529 1157.3 6 <1 0.4 2.6
€c205c10-s3 2283 691.8 920.1 2 228.9 6859 914.8 3 <1 232.6 652.1 884.7 4 3 0.6 3.8
r102c10-s4 249.2 812.1 1061.3 3 249.2 812.1 1061.3 3 <1 249.2 770.3 1019.4 3 <1 0.0 3.9
r103c10-s3 206.3 639.1 8454 3 206.3 639.1 8454 3 86 210.9 593.1 804.0 4 50 0.0 4.9
r201c10-s4 2415 7335 9751 5 2415 7335 975.1 5 <1 241.6 700.5 942.1 6 <1 0.0 3.4
r203c10-s5 222.6 650.4 873.1 4 222.6 6504 873.1 4 600 222.6 6489 871.5 4 600 0.0 0.2
rc102c10-s4 423.5 1300.8 1724.4 3 423.5 1300.8 1724.4 3 <1 4235 1245.8 1669.3 3 <1 0.0 3.2
rc108c10-s4 347.9 1054.7 1402.6 3 347.9 1054.7 1402.6 3 49 352.1 1002.7 1354.8 4 183 0.0 3.4
rc201c10-s4 4129 1256.9 1669.8 6 413.5 12379 1651.4 7 <1 413.5 1222.3 1635.8 7 <1 1.1 2.0
rc205c¢10-s4 326.0 1001.5 1327.4 3 326.0 1001.5 1327.4 3 25 333.0 961.8 1294.8 4 110 0.0 2.5
Average 302.0 923.0 1225.0 3.8 302.5 918.6 1221.1 4.1 2720 304.0 879.3 11833 4.6 222.0 0.3 3.4
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Table 7.4. Results for 15-customer instances

Scenario 1 Scenario 2 Scenario 3
Instance EC wc TC #R EC wc TC #R Gap EC wc TC #R  Gap %02 %A
c103c15-s5 348.5 1065.8 1414.3 5 447.9 1357.4 1805.3 6 57.3 350.4 999.7 1350.1 6 100.0 -27.6 4.5
c106c15-s3  275.1 885.4 1160.5 2 275.1 885.4 1160.5 2 446 339.9 960.8 1300.7 4 100.0 0.0 -121
€202c15-s5 383.6 11335 1517.1 5 425.5 1281.0 1706.4 6 69.9 391.7 1111.8 1503.5 6 100.0 -12.5 0.9
c208c15-s4 300.6 923.3 1223.8 3 301.8 921.7 1223.6 3 58.0 301.8 873.8 1175.6 3 100.0 0.0 3.9
r102c15-s8 412.8 1291.3 1704.1 6 421.3 1287.6 1708.9 6 33.8 413.3 1184.8 1598.1 7 97.0 -0.3 6.2
r105c15-s6 336.2 1046.7 1382.8 4 337.4 1033.6 1371.0 5 555 337.4 947.7 1285.0 5 64.1 0.9 7.1
r202c15-s6 507.3 1507.2 20146 10 No solution No solution
r209c15-s5 313.2 930.7 1244.0 6 325.9 955.7 1281.6 7 843 358.0 1060.0 1418.0 7 100.0 -3.0 -140
rc103c15-s5 397.7 1255.1 1652.8 4 399.4 1231.7 1631.1 5 37.1 400.2 1089.7 1489.9 6 100.0 1.3 9.9
rc108c15-s5 370.3 1183.8 1554.0 4 378.5 1162.6 1541.1 4 50.0 370.4 1073.8 1444.1 5 100.0 0.8 7.1
rc202c15-s5 394.4 1222.0 1616.4 6 401.6 12125 1614.1 7 68.1 466.2 13319 1798.1 7 100.0 0.1 -11.2
rc204c15-s7 382.2 1094.4 1476.6 7 431.5 1216.7 1648.2 8 84.3 464.8 1271.2 1736.0 10 100.0 -11.6  -17.6
Average 368.5 1128.3 1496.7 5.2 376.9 1140.5 15174 5.4 584 381.3 1082.3 1463.6 6.0 96.5 -4.7 -1.4
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8. CONCLUSION

In this thesis, the influence of battery degradation on the route and charge schedules of
the EVs was investigated within the contexts of the ETSPTW and EVRPTW. In Chapter
4, we extended the ETSPTW by incorporating battery wear cost and proposed a

mathematical model.

In Chapter 5, we developed a matheuristic algorithm, MatHeur, which is a VNS-based
method enhanced with an exact solver employed for making recharge-related decisions.
We extended the mathematical model of the FRVCP by considering battery degradation,
and solving it on CPLEX requires a reasonably short runtime. We also developed a new
mechanism, Slack, that is considered during the construction and local search stages for

the insertion of charging stations in the next phase.

The performance of MatHeur was validated using benchmark instances from the literature
in Chapter 6. MatHeur outperformed CPLEX in terms of solution quality and
computational time in the small-size instances. Since no benchmark results are provided
in the literature regarding our problem, we made comparisons among the solutions
obtained with MatHeur by aiming the minimization of distance and of operational costs
including battery wear cost, respectively. Our results revealed that an average of 5% cost-
saving is attainable when battery degradation is considered while making routing and
charging decisions. Furthermore, we obtained the tours that have more frequent stops for
recharging en route. Thus, we demonstrated the utility of considering battery degradation
during the route and charge planning. We also analyzed how much our solutions are
sensitive with respect to battery size of the EV and time windows restrictions, and we
observed that (i) the tours with fewer stops for recharging and less operational costs are

obtained as the battery capacity increases; and (ii) the recharge frequency does not change
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significantly in the presence of time windows whereas the cost of the tour reduces as the
time window restrictions relax. Finally, we demonstrated that the multi-start version of

MatHeur reaches better convergence while the runtime increases significantly.

In Chapter 7, we solved the mathematical model of the EVRPTW-BD for the small-size
instances from the literature. The results showed that the EVs may travel longer distances
due to more frequent recharging, hence, consume more energy. However, the increased
energy cost is offset in the total operational costs since the wear cost is considerably
higher compared to the energy cost. Moreover, optimizing overnight charging at the depot
can bring additional cost savings as opposed to full charge, which is a common
assumption in the literature and practice in the sector. Although our experiments involved
only small-size instances, we observed excessive computational times in some instances,

which could not be solved to optimality.

Future research may focus on developing solution approaches that provide high-quality
solutions for large-size problems of the EVRPTW-BD with reasonable computational
effort. Moreover, integrating non-increasing and custom wear cost functions into
mathematical models might also be another future research direction. Finally, the impact
of charging speed, such as normal, fast and super-fast, on the battery wear can be

investigated and integrated into our problem.
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Appendix A. Data Modification

Integer distances in a distance matrix mainly result in the violation of triangular inequality
and overestimation of the results. Therefore, we calculate the Euclidean distances in two
decimals. However, the tour lengths are increased with the elimination of overestimation.
Hence, we extend the length of the planning horizon and late arrival time of customer

nodes in the problem instances.

Table A.1. Extension of late arrival times in the small-size problem instances

Instance Integer BKS  2-Decimal BF %A Increase in TW
n20w120.1 267 280.74 5.15 6%
n20w120.2 218 225.92 3.63 4%
n20w120.3 303 310.25 2.39 3%
n20w120.4 300 309.33 3.11 4%
n20w120.5 240 246.61 2.75 3%
n20w140.1 176 184.94 5.08 6%
n20w140.2 272 280.31 3.06 4%
n20w140.3 236 241.97 2.53 3%
n20w140.4 255 258.54 1.39 2%
n20w140.5 225 228.52 1.56 2%
n20w160.1 241 250.82 4.07 5%
n20w160.2 201 207.77 3.37 4%
n20w160.3 201 206.62 2.80 3%
n20w160.4 203 209.21 3.06 4%
n20w160.5 245 252.93 3.24 4%
n20w180.1 253 260.47 2.95 3%
n20w180.2 265 273.93 3.37 4%
n20w180.3 271 278.87 2.90 3%
n20w180.4 201 218.22 8.57 9%
n20w180.5 193 199.04 3.13 4%
n20w200.1 233 239.74 2.89 3%
n20w200.2 203 208.25 2.59 3%
n20w200.3 249 257.04 3.23 4%
n20w200.4 293 297.85 1.66 2%
n20w200.5 227 231.59 2.02 3%

Table A.1 and Table A.2 report the increase in the TSPTW tour lengths when the
Euclidean distances are truncated in two decimal places instead of rounded down to the
nearest integer. The first column shows the nomenclature of the instances. The column
under ‘Integer BKS’ shows the length of the TSPTW tour of the optimal or the BKS in
the literature. We report the length of our best-found (BF) TSPTW tour under column ‘2-

Decimal BF’ when the Euclidean distances have two decimal places. The increase rate in
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the length of the tours is reported under column ‘%A’. In the last column, we round up

the values reported under ‘%A’.

Table A.2. Extension of late arrival times in the large-size problem instances

Instance Integer BKS  2-Decimal BF %A Increase in TW
n150w120.1 734 786.51 7.15 8%
n150w120.2 677 727.89 7.52 8%
n150w120.3 747 787.96 5.48 6%
n150w120.4 763 812.89 6.54 7%
n150w120.5 689 734.42 6.59 7%
n150w140.1 762 811.4 6.48 7%
n150w140.2 755 807.72 6.98 7%
n150w140.3 613 670.93 9.45 10%
n150w140.4 676 717.49 6.14 7%
n150w140.5 663 709.88 7.07 8%
n150w160.1 706 752.93 6.65 7%
n150w160.2 711 756.38 6.38 7%
n150w160.3 608 659.79 8.52 9%
n150w160.4 672 712.69 6.06 7%
n150w160.5 658 705.56 7.23 8%
n200w120.1 799 918.05 14.90 15%
n200w120.2 721 774.13 7.37 8%
n200w120.3 880 939.96 6.81 7%
n200w120.4 777 836.96 7.72 8%
n200w120.5 841 905.15 7.63 8%
n200w140.1 834 904.68 8.47 9%
n200w140.2 760 819.19 7.79 8%
n200w140.3 758 821.27 8.35 9%
n200w140.4 816 903.21 10.69 11%
n200w140.5 822 882.23 7.33 8%

The late arrival time of each node in the problem instances increased by a fixed amount
which is calculated by multiplying the length of the planning horizon in the instance with

the increase rate reported under the last column.
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Appendix B. Comparison of Single- and Multi-Start Approaches

In this appendix, we present the detailed comparative results obtained by single- and
multi-start version of MatHeur. Table B.1 and Table B.2 display the results for the

instances with 5- and 10-stations, respectively.

Table B.1. Comparison of single- and multi-start results on large-size instances with 5-
station

Single-start Multi-start
Instance Best Avg %Dev t(s) Best Avg %Dev t(s)
n150w120s5.1 2946.55 3026.92 2.73 31.00 2965.17 3016.66 1.74 123.60
nl150w120s5.2 2519.96 2580.61 241 39.12 2525.89 2548.67 0.90 139.00
n150w120s5.3 3176.46 3180.66 0.13 19.44 3083.72 3157.64 2.40 81.10
nl150w120s5.4 2704.49 2740.96 1.35 29.20 269591 2729.14 1.23 83.40
n150w120s5.5 2763.56 2799.74 1.31 40.84 2776.84 2787.87 0.40 137.50
n150w140s5.1 2917.76 2958.63 1.40 41.00 2917.76 2928.39 0.36 122.70
n150w140s5.2 2986.75 3093.56 3.58 37.64 2984.41 3018.23 1.13 133.70
n150w140s5.3 2434.18 2481.00 1.92 39.56 2423.65 2452.80 1.20 124.70
n150w140s5.4 2630.78 2674.19 1.65 25.40 2630.39 2633.44 0.12 97.20
n150w140s5.5 2545.28 2609.29 251 38.16 2533.40 2581.29 1.89 133.70
n150w160s5.1 2819.10 2897.34 2.78 27.84 2804.85 2851.14 1.65 90.60
n150w160s5.2 2832.41 2954.21 430 41.20 2832.56 2878.97 1.64 117.10
n150w160s5.3 2376.24 2399.40 0.97 25.84 2368.67 237895 0.43 93.80
n150w160s5.4 2700.12 2786.16 3.19 25.48 2772.13 2797.98 0.93 85.10
n150w160s5.5 2629.97 2716.95 3.31 43.44 2620.69 2670.50 1.90 129.70
n200w120s5.1 2882.18 3048.46 5.77 94.40 2863.59 294253 2.76 284.30
n200w120s5.2 2894.23 2951.86 1.99 72.08 2892.44 292291 1.05 232.00
n200w120s5.3 3282.02 3351.77 2.13 78.64 3275.83 3314.14 1.17 265.70
n200w120s5.4 3234.27 3276.80 1.32 65.76 3224.07 3252.10 0.87 248.00
n200w120s5.5 3135.87 317792 1.34 71.36 3135.87 3159.71 0.76 273.80
n200w140s5.1 3146.56 3274.68 4.07 102.96 3154.12 321569 1.95 319.00
n200w140s5.2 3121.76 3257.40 4.34 96.44 3138.26 3170.65 1.03 290.10
n200w140s5.3 2852.66 3025.34 6.05 63.40 2899.02 294599 1.62 214.30
n200w140s5.4 2977.19 3108.29 4.40 107.20 2977.19 3056.00 2.65 288.20
n200w140s5.5 3204.75 327994 2.35 73.68 3219.15 3255.69 1.14 256.50
Average 2868.60 2946.08 2.69 53.24 2868.62 2906.68 1.32 174.59
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Table B.2. Comparison of single- and multi-start results on large-size instances with 10-
station

Single-start Multi-start
Instance Cost Avg %Dev t(s) Cost Avg %Dev t(s)
n150w120s10.1 2882.64 294486 2.16 34.68 2882.27 2931.32 1.70 135.00
n150w120s10.2 2472.51 251849 1.86 39.00 2479.22 2490.36 0.45 140.70
n150w120s10.3 3156.89 3160.53 0.12 21.16 3033.24 3105.52 2.38 87.90
n150w120s10.4 2632.86 2670.27 1.42 30.40 2632.59 2646.87 0.54 86.00
n150w120s10.5 2635.41 2680.74 1.72 41.12 2635.83 2657.99 0.84 146.30
n150w140s10.1 2845.26 2902.06 2.00 41.24 2845.26 2869.20 0.84 123.80
n150w140s10.2 2917.03 3023.11 3.64 37.72 2913.75 2941.71 0.96 127.40
n150w140s10.3 2403.06 2441.31 1.59 50.88 2393.46 241740 1.00 162.70
n150w140s10.4 2580.90 2612.30 1.22 23.00 2580.90 2581.16 0.01 85.90
n150w140s10.5 2474.20 2532.33 235 37.96 2473.78 2501.02 1.10 131.00
n150w160s10.1 2749.64 2831.48 2.98 36.04 2735.39 2781.25 1.68 125.70
n150w160s10.2 2739.07 2896.63 5.75 41.24 272441 2830.14 3.88 124.20
n150w160s10.3 2317.31 2339.08 0.94 26.84 2317.49 2327.10 041 95.70
n150w160s10.4 2648.12 2740.29 3.48 25.00 270492 276850 2.35 84.80
n150w160s10.5 2564.83 2670.26 4.11 46.96 2573.72 2618.95 1.76 133.00
n200w120s10.1 2822.28 2978.23 5.53 94.00 2809.53 2873.27 2.27 285.10
n200w120s10.2 2831.05 2884.23 1.88 73.56 2829.45 2853.99 0.87 236.00
n200w120s10.3 3184.87 3283.37 3.09 79.24 3184.87 3235.03 1.57 271.10
n200w120s10.4 3126.69 3165.90 1.25 64.04 3127.11 3148.50 0.68 240.30
n200w120s10.5 3052.36 307798 0.84 158.08 3052.36 3061.83 0.31 214.10
n200w140s10.1 3094.30 3240.56 4.73 102.36 3097.50 3158.51 1.97 314.10
n200w140s10.2 3057.77 3165.09 3.51 99.80 3062.16 3096.14 1.11 303.50
n200w140s10.3 2811.51 2984.60 6.16 66.44 2866.95 2904.45 1.31 233.80
n200w140s10.4 2960.55 3071.69 3.75 112.64 2960.55 3026.64 2.23 295.30
n200w140s10.5 3164.25 3231.49 2.13 75.96 3170.32 3205.88 1.12 259.60
Average 2805.01 2881.88 2.73 54.37 2803.48 2841.31 1.33 177.72
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