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ANALYSIS OF RECHARGING STATION LOCATION OPTIMIZATION
FOR E-SCOOTERS THROUGH MICRO-SIMULATION

SUMMARY

The concept of micro-mobility has become increasingly common in our lives with the
introduction of electric scooters due to the advancement of technology and rapid
urbanization. The traffic congestion caused by the increasing population and density,
especially in metropolitan cities, has compelled people who seek mobility throughout
the day to turn to alternative transportation modes.

Individuals who need to reach the main backbone of the city, such as railways or piers,
often prefer public transportation modes like buses or minibuses, or they choose to
walk. However, it is a well-known fact that passengers are not particularly satisfied
with these modes of transportation due to factors such as fixed departure schedules or
traffic congestion along the routes. Especially during and after the global pandemic,
which had a worldwide impact, there has been a decrease in the demand for public
transportation modes known to carry risks in terms of hygiene and health conditions,
and passengers have turned to passenger cars for travel. This situation contributes to
the environmental effects already influenced by the transportation sector, such as air
pollution, changes in surface temperatures that lead to climate change, and excessive
consumption of limited energy resources.

With advancing technology, alternative fuel vehicles are becoming increasingly
prevalent, and there is a global increase in the number of users. The use of renewable
energy in these vehicles helps reduce the negative environmental impacts caused by
conventional motor vehicles, and it is believed that in the future, they will serve the
transportation sector to a level that eliminates these effects entirely.

Electric scooters, which consume alternative fuel like electric vehicles, are particularly
appealing to passengers due to their easy accessibility compared to other modes of
transportation, their suitability for short-distance travel, and their small size. They are
commonly used in areas with traffic congestion and for travel between transportation
modes or home-to-station journeys. However, the biggest challenge for electric
vehicles and scooters is the need for battery charging. The distance that can be covered
with a fully charged battery varies depending on factors such as battery specifications,
road conditions, vehicle features, and more. In this context, users choose to travel with
electric scooters instead of electric vehicles to be less affected by traffic congestion.
They can also use electric scooters to travel from origin to destination by combining
them with public transportation vehicles.

Passengers who do not own personal electric scooters can rent vehicles provided by
electric scooter operators to perform their journeys. Operators either use a vehicle to
travel within their service area to collect and distribute scooters for battery charging or
simply make brief stops for battery replacement. It should be noted that the energy
consumed by the vehicles used during these operations has a negative impact on the
environment and contributes to traffic congestion.
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Within the constraints of transportation vehicles, vehicle routing problems have
emerged to find the most optimal routes between predetermined points in a known
cluster of cities. With the development of technology and evolving needs, new
constraints have been added, giving rise to sub problems such as vehicle routing
problems with time windows, pickup and delivery vehicle routing problem, multiple
depot vehicle routing problem, facility location problem, dial-a-ride vehicle routing
problem, and electric vehicle routing problems. Depending on a specific problem,
constraints such as time limitations, picking up and dropping off items from/to
different nodes, determining depot locations, and customer collection are considered,
and various solution methods are tested based on the size of the problem.

In the context of electric vehicle routing problems, considerations include achieving
the minimum energy consumption, the minimum cost, and the shortest distance.
Constraints such as the driving range, location of recharging stations, time spent at
recharging stations, battery specifications, and geographical characteristics of the
sample area are taken into account.

This study focuses on the widespread use of electric scooters and aims to realistically
calculate the energy consumption of electric scooters with given model which also
helps to determine the optimal locations for charging stations among potential points
on travel routes, considering the needs of both electric scooter operators and individual
users. By considering nodes that are treated as origin, destination, or possible
recharging station points, and utilizing the road network that connects these points, the
Recharging Station Locating Problem with Energy Consumption is formulated. This
problem incorporates three-dimensional road geometry and realistic electric scooter
energy consumption approach to determine the optimal locations for recharging
stations with the aim of minimum cost. Solutions to the problem formulated are
obtained by IBM ILOG CPLEX 12.9.0 in order to determine the location of recharging
stations.

To evaluate the proposed problem, Istanbul Technical University, Ayazaga Campus,
is chosen as the study area. The study area consists of 30 travel routes, 30 nodes, and
76 edges. The maximum slope in the area is calculated to be 8.5%. In the scope of the
study, realistic energy consumption approach is considered along with distance-based
fixed energy consumption approaches. The need for recharging stations on the nodes
for different energy consumption approaches are compared and the outcome showed
the possibility of running out of energy before ending the journey. Analyses have
indicated the impact of energy consumption calculations on the number of charging
stations and consequently on the total cost, as well as the possibility of some electric
scooters running out of energy.

The network performances are evaluated for different scenarios through the Eclipse
SUMO simulation software, which utilizes electric scooter travel data and vehicle
demand data obtained from field observations. In this context, performance
evaluations using optimization outputs are carried out by comparing travel times for
different energy consumption approaches through micro-simulation with only electric
scooters. The same approach is applied to mixed traffic scenarios with electric
scooters, where the impacts of different energy consumption approaches on network
performance, including travel times, are evaluated. The samples are also used to
measure the effects of different energy consumption approaches in mixed traffic on
electric scooter travel and to assess the impact of traffic congestion on electric scooter
journeys.
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The present study focuses on the routing of electric scooters, optimization of
recharging station locations using realistic and distance-based energy consumption
approaches, and evaluating the solutions obtained by considering electric scooters both
in mixed traffic and separately through various scenarios through micro-simulation
program. The impact of different energy consumption approaches of electric scooters
on network performances are discussed. The results highlight the importance of
accurately determining the energy consumption of electric scooters for the proper
identification of charging restation locations. Future extensions to the research
involves considering larger networks to validate the proposed model, and improving
the efficiency of model perfomance by employing heuristics solution methods.
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ELEKTRIKLI SKUTERLER ICiN DOLUM ISTASYON YERI
ENIYILEMESININ INCE-BENZETIM iLE COZUMLENMESI

OZET

Mikro-hareketlilik kavrami; gelisen teknolojinin ve kentlerin giderek kalabaliklagmasi
sonucu elektrikli skuterlerin hayatimiza girmesiyle yasamlarimizda daha ¢ok duymaya
basladigimiz bir kavram haline gelmistir. Ozellikle biiyiiksehirlerde giderek artan
niifus ve kalabaligin hareketiyle beraber olusan trafik tikanikliklari, giin iginde
hareketini saglamak isteyen insanlar1 diger ulagim tiirlerine bagvurmaya itmistir.

Sehrin ana omurgasini olusturan rayli sistemler ve denizyolu ulasimi duraklarina
erigebilmek i¢in giin i¢inde yolculuk yapan kisiler ¢cogunlukla otobiis, minibiis gibi
toplu ulasim tiirlerini tercih etmekte veya yiirlimektedirler. Ancak bahsedilen ulagim
tiirlerinin sabit kalkis saatinin olmasi veya giizergah tizerindeki trafik tikaniklig: gibi
sebeplerden otiirii yolcularin bu yolculuklardan ¢ok da memnun olmadiklart bilinen
bir gergektir. Ozellikle diinya capinda etki gdsteren pandemi sirasinda ve sonrasinda
da temizlik ve saglik kosullar1 bakimindan risk tasidigi bilinen toplu ulagim araglarinin
cekiciligi azalmig ve yolcular binek aragla yolculuga yonelmistir. Bu durum, ulasim
sektorlinlin de halihazirda etkiledigi hava kirliligi, iklim degisimine varan yeryiizii
sicaklik degisimleri, kisith enerji kaynaklarinin asir1 tiiketimi gibi ¢evresel etkilere
katkida bulunmaktadir.

Gelisen teknoloji ile secenek yakatl araglar giderek yayginlasmakta ve diinya ¢apinda
kullanic1 sayisinda artig gézlenmektedir. Bu araglarin yenilenebilir enerji kullaniyor
olmasi ile i¢cten yanmali motor yapisina sahip araglarin sebep oldugu olumsuz ¢evresel
etkilerin azalmasina yardimci olmakta ve gelecekte etkiyi yok edecek diizeyde ulagim
sektoriine hizmet edecegi diisiiniilmektedir.

Elektrikli araclar gibi secenek yakit tiiketen elektrikli skuterler; 6zellikle diger ulasim
araclarina gore kolay erisilebilir, en kisa mesafedeki hareketi karsilayacak nitelikte ve
boyut olarak kiigiik olusuyla yolcularin ilgisini ¢ekmekte ve trafik tikanikliginin ¢ok
oldugu ve ulasim tiirleri arasinda veya ev-durak arasi yolculuklarda karsimiza
cikmaktadir. Ancak elektrikli araglar ve skuterler i¢in en biiylik sorun pil dolum
gereksinimi olarak 6ne ¢ikmaktadir. Bu araglarin tam dolu bir pille kat edebilecekleri
mesafe, pilin 6zelliklerine, yolun 6zelliklerine, arag¢ Ozelliklerine vb. bagli olarak
degiskenlik gostermektedir. Bu baglamda kullanicilar trafikte elektrikli araclar ile yer
almak yerine elektrikli skuterler ile yolculuklarmi gergeklestirerek hem trafik
tikanikligindan daha az etkilenmekte, hem de toplu ulagim araglarina elektrikli
skuterleri ile binerek baslangi¢ noktasindan varis noktasina kadar ve kullandiklar1 tiim
ulagim tiirleri arasindaki yolculuklarini skuter ile gereklestirebilmektedirler. Sahsi
elektrikli skuteri olmayan yolcular ise elektrikli skuter isletmecilerinin sundugu
araglar1 kiralayarak bu yolculuklar1 gerceklestirme imkanimi elde etmektedirler.
Isletmecilerin  kullanicilarin  hizmetine sundugu araglarmm  pil  dolumunu
gerceklestirmek igin hizmet sunduklar1 alan i¢inde bir aragla yolculuk yaparak ya
elektrikli skuterleri toplayarak pil dolumu yapip tekrar dagitmakta, ya da yalnizca
noktasal olarak ugrayip pil degisimini gerceklestirmektedir. Bu islemin yapilmasi
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sirasinda Kullanilan arag ile harcanan enerjinin de ¢evreye olumsuz etkisi bulundugu,
ve trafik tikanikligin1 olumsuz etkiledigi sdylenebilir.

Ulagim araglariin sahip oldugu kisitlar c¢ergevesinde, mesafelerin bilindigi sehir
kiimesinde belirlenmis noktalar arasinda en uygun rotayr bulmak amaciyla tariflenen
ara¢ rotalama problemleri; gelisen teknolojiyle ve gereksinimler dogrultusunda
eklenen yeni kisitlar ile zaman pencereli ara¢ rotalama problemi, al-birak rotalama
problemi, ¢coklu depo ara¢ rotalama problemi, yer atama problemi, miisteri rotalama
problemi, eletrikli ara¢ rotalama problemi gibi alt kirilimlara sahip olmustur. Bu
problemlerde problemin igerigine gore; zaman kisiti, farkli diiglim noktalarindan
alinacak ve birakilacak iirlinler, depo konumu belirleme, miisteri toplama gibi kisitlar
ve problemin biiyiikliigiine gore farkli ¢6ziim yontemleri ele alinmaktadir. Elektrikli
ara¢ rotalama problemlerinde ise en diisiik enerji tiikketimi, en diisiik maliyet, en diisiik
mesafenin saglanmasi kapsaminda siiriis erimi, dolum istasyonlarinin konumu, dolum
istasyonunda gecirilen siire, pil 6zellikleri, 6rneklem alanin cografi 6zellikleri gibi
kisitlar dikkate alinmaktadir.

Bu ¢alisma, elektrikli skuterlerin kullaniminin yayginlasmasiyla ortaya ¢ikan ve hem
elektrikli skuter isletmecileri hem de bireysel kullanicilarin gereksinim duyacagi goz
oniinde bulundurularak, elektrikli skuterlerin enerji tiikketiminin gergekei bir sekilde
hesaplanip yolculuk rotalari tizerinde yer alan olasi noktalar iginden dolum istasyonlar1
icin en uygun yerlerin belirlenmesi {izerine odaklanmaktadir. Baslangig, varis veya
olast dolum istasyonu noktasi olarak ele alinan diigiim noktalar1 ile, bu noktalar
birbirine baglayan yol agimin kullanildigi; {i¢ boyutlu yol geometrisi ve gercekei
bigimde belirlenen elektrikli skuter enerji tiikketimi kullanilarak hazirlanan Enerji
Tiiketimli Elektrikli Skuter Yer Se¢imi Problemi’nde en uygun maliyetle elektrikli
skuterler i¢in dolum istasyonlarinin yer se¢imi yapilmaktadir.

Onerilen problemi degerlendirebilmek igin Istanbul Teknik Universitesi, Ayazaga
Yerleskesi calisma alami olarak secilmistir. Uzerinde 30 adet yolculuk rotasi
belirlenen, 30 adet diigiim ve 76 adet bagdan olusan caligsma alaninda egim en fazla
%8,5 olarak hesaplanmistir. Calisma kapsaminda ayrica, ger¢ekei bigimde belirlenen
enerji tiiketimi ile birlikte mesafe bazli sabit enerji tiiketim yaklagimlari da irdelenerek
karsilastirma yapilmis ve elektrikli skuterlerin dolum istasyonuna duydugu gereksinim
ve yolda kalma olasiliklar1 degerlendirilmistir. Irdelemeler, enerji tiiketimi
hesaplamalarinin dolum istasyonu sayisina ve dolayisiyla maliyete etkisiyle birlikte,
baz1 elektrikli skuterlerin yolda kalacagini gostermektedir. Eclipse SUMO benzetim
yazilimi kullanilarak elektrikli skuter yolculuklari ve saha gozleminden elde edilen
tasit talebi verileri kullanilarak olusturulan birbirinden farkli senaryolar i¢in ag
basarimi (performansi) degerlendirilmektedir. Bu kapsamda farkli enerji tiiketim
yaklagimlarmin irdelendigi yalnmizca elektrikli skuterlerin bulundugu senaryolar
benzetim programinda g¢aligtirilarak yolculuk siireleri karsilastirilmaktadir. Benzer
sekilde karma trafikte elektrikli skuterlerin farkli enerji tliketim yaklasimi
orneklemleri ele alinarak ve kayip zaman, bekleme siiresi ve yolculuk siireleri de
degerlendirilmektedir. Senaryolar, farkli enerji tiiketim yaklasimlarinin karma trafikte
ag performansina etkilerini O6lgmek ve trafik tikanikligimin elektrikli skuter
yolculuklarina etkisini 6lgmek i¢in de kullanilmaktadir.

Tez kapsamindaki ¢caligma; elektrikli skuterlerin rotalanmasi, gergek¢i ve mesafe bazli
enerji tilketim yaklagimlariyla eniyilenmis dolum istasyonu yer se¢iminin yapilmast,
kurulan bu sistemin ince boyutlu benzetim programi yardimiyla farkli senaryolarin
elektrikli skuterleri hem karma trafige dahil ederek hem de bir sekilde degerlendirerek
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elde edilen ¢oziimlerin irdelenmesine ve elektrikli skuterlerin enerji tiiketim
yaklasimlarinin ag performansina etkilerinin degerlendirilmesine odaklanmaktadir.
Sonuglar, dolum istasyonu konumlarinin dogru belirlenmesi i¢in elektrikli skuterlerin
enerji tliketiminin dogru bir sekilde belirlenmesi gerektigini gdstermektedir.
Gelecekteki arastirmalarda, onerilen modelin dogrulanmasi i¢in daha biiyiik aglarin
dikkate alinmasi ve sezgisel ¢o6ziim yontemleri kullanilarak model basariminin
verimliliginin artirilmasi konularinin ¢alisilmasit hedeflenmektedir.
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1. INTRODUCTION

From the Paleolithic period to modern times, transportation has been a fundamental
need for humanity. It involves the movement of individuals from one place to another
for various purposes or the transportation of goods. With the advancements in industry
during the 19th century, transportation technologies have progressively improved,
resulting in increased mobility and accessibility for users. Improvements in road, rail,
sea, and air transportation, as well as their integration, have positively influenced this
growth. Thanks to evolving technologies in these transportation modes and vehicles,
innovative solutions have been introduced, particularly in densely populated cities, to
address transportation challenges.

The emergence of vehicles powered by electric motors, as an alternative to coventional
motor technology, has presented new issues and prompted the search for solutions.
Similarly, forms of transportation that involve physical activities, such as walking and
cycling, play an indisputable role in the transportation domain. These modes of
transportation are typically considered suitable for short-distance travel. However,
with the proliferation of electric scooter(ES) technology following the advent of
electric vehicles, urban dwellers have started using ESs as an intermodal or last-mile
transportation option, saving time in the process. Along with this situation, various
challenges have arisen in addition to the existing issues faced in urban areas, such as
e-scooter parking problems, sidewalk occupation, riding restrictions, safety concerns,

and the establishment of recharging stations(RS).

1.1 Motivation of Research

The increasing numbers of ESs, which are becoming more popular nowadays, have
led to challenges for individual users and rental operators in terms of charging.
Considering these charging difficulties, the motivation behind this study is to provide
users with RSs at the most convenient locations when needed in the future.
Additionally, the study aims to examine the impact and effects of the growing number

of ES users on urban traffic congestion, which is already a pressing issue.



1.2 Research Objective

This thesis focuses on the determination of RS locations and seeks solutions within
specific constraints. Additionally, it aims to measure the impact of e-scooters'

movement within traffic on overall traffic conditions.

1.3 Scope of Thesis

Within the scope of this thesis, a model is proposed that combines the vehicle routing
problem and facility location problem to determine the RS locations for ESs. To
accurately determine the energy consumption of ESs, a model calculation which
considers three dimentional road characteristics is employed and integrated into the
proposed model. The findings are analyzed using micro-simulation software, along
with various scenarios, to investigate the impact of ESs” movement in mixed traffic

and network performance.

1.4 Organization of Thesis

The thesis is organised in six chapters starting with the definiton of motivation,
objective and scope of the study. Second chapter provides general information about
micro-mobility and vehicle routing including its fundamentals and variants as well as
explanation of vehicle motion dynamics. Third chapter gives information about
electric vehicle routing problems and ESs including their RSs. Chapter 4 introduces
the description and the formulation of the proposed model together with the case area
features and micro-simlation scenario setups. Result from the solution of the problem
and simulation are given and discussed in Chapter 5. Findings and future research are

given as conclusion in Chapter 6.



2. FUNDAMENTALS OF MICRO-MOBILITY AND VEHICLE ROUTING

2.1 Sustainable Urban Mobility and Modes of Active Travel

Sustainable urban mobility or sustainable transportation pertains to the utilization of
vehicle and fuel technologies that align with the principles of maintaining life and
fostering economic development on our planet while minimizing environmental
impacts. Moreover, sustainable fuel technologies emphasize long-term availability and

their ecological implications.

The advancement of internal combustion engine vehicles, particularly automobiles,
stands as a remarkable feat of contemporary technology which have played a pivotal
role in meeting the diverse mobility requirements of modern society, contributing
significantly to its growth. The unparalleled progression of the automotive industry
has propelled human society's evolution from a primitive state to an intricately
developed industrial civilization. Nevertheless, the substantial proliferation of
automobiles worldwide has resulted in, and persists in causing, grave environmental
and socio-cultural predicaments (Ehsani, 2012). Global warming as a result of a carbon
emission or other gasses which creates greenhouse effect on earth that leads to several
health issues for people and devastating effect on environment starting from climate.
Therefore, a new fuel energy source is sought instead of using limited sources of earth
which includes also new vehicle technologies such as hybrid-electric and plug in
vehicles, battery technologies, alternative fuels etc. When electric vehicles are charged
using renewable energy sources, the absence of air pollutants becomes a reality,

simultaneously reducing the dependence on fossil fuels for energy (Ehsani, 2012).

In addition to motorized transportation, active modes of transportation such as walking
and cycling are crucial for promoting sustainable urban mobility. The increasing
vehicle ownership and resulting traffic congestion, particularly in metropolitan areas,
bring forth numerous challenges. Limited energy resources and the environmental
impacts associated with vehicle use have become prominent concerns, including

inevitable effects on human health. In this context, the concept of creating more livable



cities through walkable and bike-friendly urban environments has gained traction, and
it is possible to achieve this through various design and management decisions. Active
modes of transportation include non-motorized human-powered transportation such
as walking, biking, skateboards etc which is a choice of inexpensive, fun and

environment friendly mode of transportation indeed (Khamis, 2021).

Micromobility is getting popular among citizens who travel short trips with bikes, e-
scooters, skateboards etc which is so called last-mile transportation mode as well
(Khamis, 2021). ESs, which have recently emerged as another sustainable mode of

transportation, let people to navigate in their city and enhance their mobility options.

2.2 E-scooter Mobility

The substitution of combustion motors with electric motor technology is underway,
alongside the rise of shared mobility as an alternative solution to address urban
mobility challenges (Kriimel et al, 2019). In recent times, users have shown a growing
preference for shared micromobility options such as scooters and bicycles when
accessing short-term transportation modes (Shaheen, et al, 2019; Sellaouti, 2020).
While factors like weather conditions, luggage capacity, and safety are identified as
significant concerns, user-oriented studies, particularly focusing on ESs, highlight the
importance of their parking flexibility and accessibility (Hardt and Bogenberger,
2019).

However, it is important to consider environmental concerns related to material
sourcing, manufacturing processes, recharging logistics, and the environmental impact
associated with the distribution of ESs within urban areas (Hollingsworth et al, 2019),
(Severengiz et al, 2020). Additionally, ESs have been recognized for their positive
contribution to economic development by improving accessibility to various
destinations, including service establishments like restaurants and bars (Shaheen and
Cohen, 2019) The evolution of micromobility can be categorized into four stages, as
outlined by Shaheen and Cohen (2019) starting with station-based bike sharing in
2007, followed by peer-to-peer bike sharing until 2014, the introduction of dockless
technologies, and finally, the current trend of dockless bike sharing and scooter sharing
since 2017. Consequently, ESs are gaining popularity as an affordable and
environmentally friendly mode of transportation, with their adoption spreading across

different countries worldwide (Kobayashi et al, 2019).



ESs sharing companies worldwide employ diverse pricing strategies (Shaheen et al,
2019). Moreover, governments have implemented various policies in response to
community conflicts. For instance, in Paris, the initial restriction on using ESs on
sidewalks is later revised to include speed limitations, allowing 25 km/h on bike lanes
and 8 km/h on sidewalks (Gossling, 2020). Due to their user-friendly nature, ESs are
predominantly favored in tourist and recreational areas through rental services
facilitated by mobile applications (Kriimel et al, 2019). While attractive locations are
often chosen for ES placement in recreational areas, less desirable areas are also
considered to enhance accessibility for users (Kriimel et al, 2019). It is important to
note that despite the flexibility provided by the option to end trips at desired
destinations, safety concerns arise, particularly when helmets are not used, potentially
resulting in injuries (Badeau et al, 2019) Countries globally, where the use of ESs is
prevalent or undergoing pilot programs, have encountered issues such as sidewalk
congestion and instances where pedestrians or individuals with disabilities have been
harmed or injured, despite the existence of various usage restrictions for driving ESs
on sidewalks (Choron and Sakran, 2019). Todd et al (2019) categorizes the reasons
behind accidents associated with ES usage in urban areas, including failure to wear
helmets, violation of age restrictions (driving by individuals under 18), riding on
sidewalks, carrying multiple passengers on a single ES, and traveling against the flow

of traffic on streets.

The energy management of ESs presents another challenge concerning recharging
characteristics and the placement of RSs. A study conducted in Washington, DC, USA,
highlighted the importance of recharging ESs at least once a day, leading to the
employment of individuals who recharge ESs in their private residences (McKenzie,
2019). As anticipated, the possibility of running out of battery power before reaching
the intended destination has been identified as a drawback of ESs (Anderson-Hall,
2019). Additionally, determining the appropriate locations for RSs poses a significant
challenge due to the limited driving range of ESs. Typically, location models are
employed to identify optimal sites for ES RS based on Origin-Destination (O-D) flows
(Wang et al, 2011; Wen, 2014; Chen et al, 2018). Given that the ideal locations for
RSs should align with the energy management of ESs, accurately determining the

energy requirement and consumption of ESs becomes a crucial issue.



2.3 Vehicle Routing Problem and Its Variants

This section focuses on vehicle routing problem and its variants which evaluated by
emergence of necessities and development of technology including time restrictions,

electric vehicles etc.

2.3.1 Definition of fundamental problem

In a set of cities where the distances between each pair of nodes are known, the
Traveling Salesman Problem (TSP) is defined as finding the shortest path for a
traveling salesman who visits each city once and returns to the origin city. The TSP is
a classical optimization problem that is mostly studied in mathematics and computer
science. Although its exact origins are not fully known, it is known that the first
examples of the problem is studied by Hamilton (1835) and Menger (1930). An
example of a route for traveling salesman problem presented in Flood (1956) is shown
in Figure 2.1 in which a salesman visits numerous locations scattered around the area

by using a determined route.

Figure 2.1 : Route example for TSP (Flood, 1956).

The Traveling Salesman Problem is defined on a directed graph G = (V, A), or if it is
an undirected graph G = (V, E). The node set is denoted as V={uv1, ..., vn}, the set of
directed edges as A={(vi, vj) : i #J, vi, vj €V}, and the set of undirected edges as E={(vi
, 0j) 11 <], vi, vj €V}. Additionally, regardless of being directed or undirected, each
edge (vi, vj) connecting two nodes is associated with a cost or distance (cjj). Different

problems are defined on the graph G by using various constraints and objective



functions, and different solution methods are applied depending on the size of the data
set. Dantzig, Fulkerson, and Johnson(DFJ) formulation for the Traveling Salesman
Problem (TSP) (Dantzig et al, 1954) as expressed by Laporte (1992a) is as follows:

minimumZCinij (21)
i#]
Subject to;
ZXU :l, i:1;~~~1nl (22)
j=1

Z_l:xu :1, j:]-,---ana (23)

Xi <[S|-1, ScV, 2<S|>2n-2,
<18 s o
x, 0.3,  (i,j=L....n, i#]) (2.5)

In this formulation, equation 2.1 represents the objective function, which expresses the
optimized tour cost. Equations 2.2 and 2.3 determine the condition of exactly one
inbound and one outbound link from each node in the node set V. Equation 2.4
represents the constraints to prevent the formation of sub-tours, where set S represents
potential sub-tours formed by the nodes. Equation 2.5 expresses the binary conditions
of the variables, where xij is indicating whether the links in set A (or E) are used for

the tour.

The Multiple Traveling Salesman Problem (mTSP) is a reformulation of the TSP that
aims to solve the TSP using multiple salesman (Bektas, 2006). It has been formulated
to include additional constraints such as single/multiple depots, multiple salesman,
cost of adding travellers, time windows, maximum distance can be travelled by
salesman, or the number of nodes travellers can visit. When capacity constraints are
added, it results in the Vehicle Routing Problem (VRP). Bektas (2006), expresses the

formulation for mTSP as follows:

minimum anznlxijxij (2.6)

i=1 j=1



Subject to;

%y =m, (2.7)
j=2
ijl =m, (2.8)
j=2
2=t Q=2 (2.9)
ZX” :1, i:2,~--1n1 (210)
j=1
U —u;+px; <p-1 for 2<i=j<n (2.11)
x; 40,13, v(i, j)e A (2.12)

In this formulation, equations 2.9, 2.10, and 2.12 represent assignment constraints that
are identical to those in the TSP. Equations 2.7 and 2.8 ensure that m travelers
departing from the depot, represented as node 1, return to the depot. Due to the
difficulty of solving the sub-tour elimination constraint proposed by Dantzig et al.
(1954) in large data sets, the expression in equation 2.11, suggested by Miller et al.
(1960), is used where p represents the maximum number of nodes that can be visited

by any traveler.

The Vehicle Routing Problem (VRP) is initially introduced in the article "Truck
Dispatching Problem™ by Dantzig and Ramser (1959). The authors developed the VRP
as a problem of designing minimum cost and optimal delivery routes for a fleet of
vehicles with limited capacity to serve customers. The VRP emerged to enable
companies to efficiently move and deliver goods to customers while meeting the
objectives of minimizing transportation costs and maximizing customer satisfaction.
The VRP has become a classical problem and has been extensively studied and

improved by many researchers.

Different variations of VRP have been developed and continue to be expanded by
researchers in the fields of transportation and logistics. These variations include the

Capacitated Vehicle Routing Problem (Dantzig and Ramser, 1959), Time-Windowed



Vehicle Routing Problem (Christofides and Eilon, 1969), Multiple Depot Vehicle
Routing Problem (Desrochers et al, 1988), Pickup and Delivery Vehicle Routing
Problem (Madsen et al, 1995), Green Vehicle Routing Problem (Erdogan and Miller-
Hooks, 2012; Demir et al, 2013), Stochastic Vehicle Routing Problem (Salomon and
Solomon, 1999), and Electric Vehicle Routing Problem (Wang et al, 2013) which have
been developed to meet specific requirements and address different challenges in
vehicle routing, and researchers continue to add new extensions to the problem
(Figure 2.2).

The Vehicle Routing Problem is defined on the graph G = (V, A U E), where the node
set is denoted as V={/,...,n}. Unlike the TSP, in the VVRP, the starting (and ending)
depots are determined as depot 1 for a Qx capacitated identical vehicles. Therefore, the
points to be visited are indicated as V\{1}. The visits to these points and the fulfillment
of constraints such as travel time determined according to the problem's definition,
meeting time windows, capacity constraints, etc., constitute the VRP and its
extensions. As expressed by Laporte (1992Db), for finding minimum cost tours in the
VRP, the problem design should include the following:

(i) Each node except the depot should be visited by only one vehicle exactly once.
(ii) Each vehicle route must start and end at the depot 1.

(iii)If specified, the maximum number of nodes to be visited should be ensured in

each route.

(iv)Side constraints (capacity, total time constraint, time windows, node visitation

priority, etc.) should be satisfied.



Traveling Salesman
Problem (TSP)

Multiple Traveling
Salesman Problem
(mTSP)

multiple vehicle

Capacitated

. . Traveling Salesman
capacitated vehicles

Problem (cTSP)

Vehicle Routing
limited distance Problem (VRP)

Time-Window VRP

Pick Up-Delivery
VRP

Multi Period VRP

Multi Depot VRP

Multi Vehicle RP

Location Routing
Problem

Dial-a-Ride Problem

Green VRP

Electric VRP

Figure 2.2 : A classification for vehicle routing problem and its variants.
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Golden et al. (1977) expresses the formulation for VRP as follows:

minimum Y > d; X (2.13)
i,j=1k=1
Subject to;
ZZXE :l, j:2,...,n, (214)
i=1 k=1
lei:]_, i:2,...,n,

;; ‘ (2.15)
inz_ngj:o k=1...,mq=1...,n, (2.16)
i1 =L

SR O %)<Q, k=1...m, (2.17)
i=1 j=1
Ztakzxa‘} 3 tillfxi‘lf <di kK=L...m, (218)
=1 j=l ij=1 |
fojél k=1...m, (2.19)
j=2
inklgl k=1...,m, (2.20)
i=2
X; €S (2.21)
x €08,  Vij=l..n; izj, k=L..m) (2.22)

In the formulation; the travel time of vehicle k moving from node i to node j is denoted
as t, the demand at node i is denoted as P (P1=0), and the cost matrix previously
encountered as cjj takes the form dij considering the shortest distance in equation 2.13.
Equations 2.14 and 2.15 appear as assignment constraints, indicating that each node
must be visited only once. The requirement for a vehicle entering a node to exit that
node, also known as flow conservation constraint, is expressed by equation 2.16.
Equation 2.17 represents the vehicle capacity constraint, and equation 2.18 indicates
the time constraint. The expression related to not exceeding the appropriate number of
vehicles is presented in equations 2.19 and 2.20. The sub-tour elimination constraint

is specified in equation 2.21.
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The Location Routing Problem (LRP) combines two decisions: opening a facility and
determining vehicle routes in order to meet the demand of customers (Schneider and
Drexi, 2017). Nagy and Salhi (2007) are presented a comprehensive survey about LRP
and Prodhon and Prins, (2014) expanded it by including the literature from 2007. The
formulation of the LRP problem stated by Laporte and Nobert (1981) is given in the

following:
minimum Y > dix; + Y f i (2.23)
i<j k=1
Subject to;
Y =1

; g (2.24)
;Xik +j>zkxkj =2+2(m-1)y,, (k=L1...n), (2.25)

Z X; g|5|_1+(m—1)-Zyk, VS c{l,...,r}, 2£|S| <(n-2),
i<j keS (226)

i,jeS

;=012 y, =01 (i<j, k=1..n) (2.27)

The researchers considered m salesman visiting n nodes where dj; corresponds to
distance matrix and fx is cost of opening a depot at node k. Equation 2.23 indicates the
objective which aims to minimize the operating and routing cost in total in order to
find out the optimum location for the depot. Equation 2.24 ensures that depot could be
located in only one node while equation 2.25 indicates the degree of a node. Equation

2.26 is the subtour elimination constraint.

Specific variants of the vehicle routing problem as mentioned before and the
combination of them including fleet size and mix, time windows, demands etc. are
widely useed by various researchers, until GVRP have introduced by Erdogan and
Miller-Hooks (2012) and the mathematical formulation of the GVRP they proposed is

as follows:
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minimum Y d;X;
i,jev'
i#]j

Subject to,
z Xij :1, Vl S |,
jev
J#
injgl, Vi:Foa
jev'
=i
2 %= 2 % =0, vi=V,
ieV' eV’
j#i j#i
D X <m,
jev'\{0}
D Xp<m,
jev \{0}
7,27+ (7= D)% — T (LX), eV, VjeV"\{0}, i=]j,
0<7,<T.,
to; <7 ST — (70 + P;)s VieV '\{0}’

y; <y —(r-dy)x +QA-x;), Viel,ieV'i#]j,
y,=Q, VjeF,
yjZmin{r-djo,r-(dj,+d,0)}, Viel,VleF/,

x, 08 Vi]

(2.28)

(2.29)

(2.30)

(2.31)

(2.32)

(2.33)

(2.34)

(2.35)

(2.36)

(2.37)

(2.38)

(2.39)

(2.40)

The GVRP is defined on an undirected completed graph G=(V,E), where set of

vertexes V includes set of customers I, the depot vo, and set of alternative fueling

stations F while set of E corresponds to the edges that connects the vertices. The

problem aims to find the tours of vehicles whose travelled distance is minimized given

in equation 2.28. Fuel tank capacity, service time at a vertex and time of arrival at a

vertex are denoted by Tmax, pi and T respectively. Remaining level of fuel when the
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vehicle arrived at a vertex is stated by variable yj which is set to Q after each refuelling.
Equation 2.29 and 2.30 respectively guarantee that each vertex has outrightly one
substitute, and each fuelling station have one substitute at most. Flow conservation
constraint is given in equation 2.31. Equation 2.32 and 2.33 resricts the number of
vehicles leaves and arrives to the depot location. Equation 2.34, 2.35, and 2.36 are time
constraints. Equation 2.37 indicates the vehicles fuel level depend on the visited
vertices while equation 2.38 resets the fuel to the capacity when the vehicle visits
fuelling station. Equation 2.39 guarantees the level of fuel remained is sufficient to
return to the depot without visiting any vertex. The GVRP contributes by introducing
a new category of vehicle routing problems considering factors such as monitoring
fuel levels, incorporating optional visits to different fueling stations, and extending a
vehicle's range in which the study also provides valuable insights into how the
geographic distribution of stations and customers impacts the feasibility of operations.
Erdogan and Miller-Hooks (2012) indicates that the model they proposed is applicable
for any fuel choice since the fuel consumption is related to distance travelled by the

vehicle.

Another extention of VRP is named as Electric Vehicle Routing Problem(EVRP)
which basically considers battery constraints and charging dynamics that differentiates
it from basic VRP which aims to find the optimal route for the vehicles in order to
minimize the cost function. In the literature there are many restrictions and constraints
that have been implemented to the formulation of EVRP which will be reviewed in the
Section 3, the following formulation stated by Kucukoglu et. al. (2021) considers only
the battery capacity as a constraint:

minz=z Z Zdijxij (2.41)

iEVOI jEVllHl keK

Subject to,
Y Y%=l VieV,
eV keK (242)
> Y xi<1l,  VieF!
i keK (2.43)

k
Xp: <1, Vk e K,
JZV: j (2.44)
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in‘; = Z X?i VjeV' VkeK,

ieV(; ieV,'VA (2 45)
y; <y = (h-dy)x +Q—x;), VieV, VjeV,,, VkekK, (2.46)
y; <Q—(h-d;)x;, Vie F'U{0}, VjeV,,, vkeK, (2.47)
k
Yo=Q,  VkeK, (2.48)

The EVRP is defined on a graph G=(N,E), where set of vertices N incudes set of RSs
F, set of customers V, and depot node 0, N+1 while set of E corresponds to the edges
that connects the vertices, and their distance is denoted by djj. Distance based energy
consumption rate and battery capacity of the vehicles are represented by h and Q
respectively. The objective function given in equation 2.41 aims to minimize the sum
of distance travelled by the vehicles. Equation 2.42 ensures that all nodes are
connected while equation 2.43 ensures that each charge station visited once in total.
Equation 2.44 indicates that every electric vehicle is only used once in every unique
route while flow conservation constraint is given in equation 2.45. Equation 2.46, 2.47,
and 2.48 are the battery constraints where battery level status while traveling, after

refuelling and full charging policy is given respectively.

yi <Y —(h-d;)x +Q-x;), Vie F'U{0}, VjeV,,, VkeK, (2.49)

¥ <Y, <Q,  VieF'u{0}, (2.50)

If recharging type is partial, which means vehicle is not fully charged when visited the
RS, then equation 2.47-2.48 should be replaced with equation 2.49-2.50 where a new
variable introduced, Yi which represents the level of the battery remained after vehicle
reached node i. It is also possible to add a capacity constraint to restrict the maximum
loadings C to the vehicle by also using demand of the customer, g;as given in equation
2.51.

Y Y gx <C, VkeK,

o (251)

Itis also possible to implement time window constraints as well as heterogeonous fleet

features depending on the problem handled.
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2.3.2 Road vehicles’ motion dynamics

Calculation of the vehicle’s energy consumption accurately regardless of whether they
employ internal combustion engines or alternative fuels, is imperative. This process
involves a thorough analysis of the vehicle's relationship with its environment, taking
into account its longitudinal dynamics and energy characteristics (Onori et al, 2016).
A vehicle’s equation of motion can be formulated by analyzing the equilibrium of

forces acting upon it (Figure 2.3).

F’:/mh
Myeng

[.—Il(lt

Fron

Figure 2.3 : Forces acting on a vehicle (Onori et al, 2016).

dVveh _ F

veh dt inertia — F |:roII - |:aero -F

trac

M

grade’ (2.52)

Equation 2.52 derived from Newton’s Second Law and it indicates the equilibrium of
forces Finertia, Where Myen is effective vehicle mass, vven is the longitudinal velocity of

the vehicle in which dv/dt denotes the acceleration of the vehicle.

Fuac IS the tractive force produced by the power unit, Fpwt and by the brakes at the

wheels, Forake IS given in equation 2.53.

Fo.—F

Ft brake ! (2 . 53)

rac — | pwt

The aerodynamics resistance denoted as Faero IS given in equation 2.54 where pair is the
air density, At is the frontal area of the vehicle chosen, and Cq is the aerodynamic drag

coefficient.

1
I:aero = E Pir Af Cd V\feh ' (2.54)
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The rolling resistance marked as Fron is stated in equation 2.55 where cron is rolling
resistance coefficient, g is the gravitional coefficient and & is the slope angle of the
road. Cron can be calculated by using the equation given in 2.55b which includes

vehicle speed if it is not accepted as constant(Gao, 2012).

I:roll =Crol (Vveh’ Pire ) Ivlveh g cos 0, (2.55a)

Cron = Cro T CraVien (2.55b)

The grade forces, Fgrade, Stated in equation 2.56 which considers mass of the vehicle,
gravitional coefficient and the slope of the road that changes its sign according to the

motion of the vehicle up or down the slope.

Fgrade 2 I\/Iveh gSin 5 (2.56)

In order to move a vehicle from point to point traction force should be fulfilled by
power unit. Fgrade’s positivity depends on which direction of the slope the vehicle is
moving, Finertia IS Negative during deceleration and positive in opposite situation, Fron
and Feero is always positive where the potential and kinetic energy must be scattered to
the brakes (Onori et al, 2016).

P

trac

= Pinertia + I:)roll + Paero + I:)grade’ (2.57)

In conventional vehicles, the powertrain's capacity to absorb negative power is
relatively restricted, encompassing friction losses in different components and
pumping losses in the engine. However, hybrid electric vehicles offer a significantly
higher capacity for negative power, as the electric traction motors are reversible and
can be utilized for both deceleration and acceleration purposes (Onori et al, 2016).

In equation 2.57 it is stated that instatenous power P, derived by using speed (Vven), IS

calculated in order to move the vehicle forward.

4
Eij :L_ Precl = Ekin +Epot + Eloss (2.58)

trac

Equation 2.58 states that the energy consumed during the trip interval [ti-tj] is a
function of tractive power as well as the sum of kinetic and potential energy along with

the energy lost during the whole process. Figure 2.4 shows the vehicle energy balance.
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vehicle losses (acceleration phase)

ET +ET

roll aero

vehicle losses (deceleration phase)

E,;)H + Et;’ro + Ep_o.f

/ ] o
kinetic energy available for regeneration

. gt + g g F
powertrain output Eﬂ’gi’”-Pﬂf _EkinJrEpm Erah' Eac’ro Epo!
total kinetic and
potential energy

Ef +ET

kin pot

Figure 2.4 : Vehicle energy balance (energy represented with bar length)
(Onori et al, 2016).

The losses are removed in every step (acceleration and deceleration phases) in order
to calculate available energy at each step where the remains of powertrain output,
power unit output in other words, are available for regeneration if the vehicle is

suitable for using braking energy as regenerative energy.
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3. REVIEW ON RELATED LITERATURE

This section of the research delves into a comprehensive exploration of the challenges
and extensions pertaining to electric vehicles within urban transportation. The analysis
encompasses a comparative assessment of the objective functions and constraints
(such as energy consumption, charging duration, battery characteristics, time
considerations, etc.) embedded in the examined models. Furthermore, the investigation
extends to the examination of issues surrounding the locating e-scooters and RSs,

accompanied by a dissemination of noteworthy findings.

3.1 Electric Vehicle Routing Problems

The popularity of electric vehicles (EVs) is on the rise due to their environmental
friendliness and cost-effectiveness with the development of technology. EVRP which
Is an extention of VRP is taking place in recent researches with the understanding that
electric vehicles’ limited features such as limited driving range, recharging time or

location of RSs need to be improved or optimized (Schneider et al, 2014).

In the objective function of EVRP, various factors such as total distance traveled, the
number or cost of RS allocations, total travel time, total recharging time or cost, and
total energy consumption are considered either as individual functions or in
combination with each other. These factors can be optimized in different ways to find

the most efficient and effective routing solution for EVs (Table 3.1).
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Table 3.1 : Objective functions considered in the literature reviewed.

Objective Function

Min Min Min Min_ .
pource EigpI=m Type Min Cost Distance Tr_avel Number of Re((::(r)]gtr %lrng Cl\g:gfmn;:?gn
Travelled Time RS .
Time
Abdallah, K.S. and Adel, Y. (2020) EVRPTW v v
Basso, R. et al. (2021) EVRP-CC v
Schiffer, M. and Walther, G. (2017) ELRP-TWPR v v v
Erdogan, S. and Miller-Hooks, E. (2012) GVRP v
Goeke, D. and Schneider, M. (2015) EVRPTWMF v v v
Keskin, M. and Catay, B. (2018) EVRPTW-FC v v
Hulagu, S. and Celikoglu, H. B. (2020) EVRP-IN v v v
Zhu, X. et al. (2020) 2L-MDEVRP v
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Table 3.2 : Frequently adopted constraints that used in EVRP and its variants

Constraint Type
Source Vehicle Battery  Road Energy RS Number of  Time Recharge Recharge Recharge Pickupand Multiple Traveling  Fleet
Load Capacity Gradient Consumption Capacity RS located Window Time Rate Type Delivery  Depots Speed Type

Abdallah, K.S. and Adel,
Y. (2020) v v LDF v v C HO
Basso, R. et al. (2021) v v v LDF v v Fully v \Y
Schiffer, M. and Walther, .
G. (2017) v v LDF v \ v Y v Partially v c
Erdogan, S. and Miller-
Hooks, E. (2012) v LDF v v v v c
Goeke, D. and Schneider,
M. (2015) v v LDF v v v Fully v c HE
Keskin, M. and Catay, B.
(2018) v v LDF F v v v Fully v HO
Hulagu, S. and Celikoglu, .
H. B. (2020) v v v LDF \% N v v Partially v v Cc HO
Zhu, X. et al. (2020) v v LDF F v v v C HO

LDF: linear deterministic functions

Number of RS located (V: varied, F: fixed)
Recharging Time (V: varied)

Traveling Speed (C: constant, V: varied)

Fleet Type (HO: Homogenous, HE: Heterogenous)
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Energy consumption is a highly valuable and computationally significant aspect of
electric vehicles (EVs) that directly impacts their performance. In the literature,
researchers focus on various factors such as road characteristics, environmental
conditions, battery specifications, and vehicle load to measure the actual energy
consumption of EVs and optimize their routes. According to a study by Kucukoglu et
al. (2021), the energy consumption of EVs can be calculated using linear deterministic
functions (LDF) based on factors like distance traveled, speed, load, road slope, and
time. Alternatively, non-linear deterministic functions are also employed, often
coupled with heuristic approaches such as neighborhood search algorithms or ant
colony optimization. Stochastic approaches are also utilized to estimate energy
consumption. The specific energy consumption approach used in the referenced

research is further detailed in Section 4.1.1.

The way constraints are incorporated into formulations for EVRP varies depending on
the specific problem being addressed. These constraints may include factors such as
battery capacity, vehicle load, recharging unit specifications, RS allocation costs, and
the allowed number of RSs at any given node. Calculating the energy consumption
requires considering important factors such as traveling speed and road gradient.
Another critical aspect is the type of recharging allowed, which may restrict vehicles
to only partially charge their batteries at stations or permit them to continue their route

without fully charging (Table 3.2).

Abdallah, K.S. and Adel, Y. (2020) considered vehicle load and constant speed in
order to calculate energy consumption as well as battery capacity and recharging time
at stations in proposed electric vehicle routing problem with time windows which aims
to minimize cost and consumed energy with homogenous fleet, genetic algorithm

approach is employed to optimize the model.

Basso et al. (2021) assessed time-dependent electric vehicle routing problem with
chance-constraints problem where they introduced the constraints related to vehicle
and battery capacity, as well as a constraint on the recharging rate. The researchers
considered road gradient and used probabilistic Bayesian machine learning approach

in order to compute expected energy consumption to minimize the objective function.

Schiffer and Walther (2017) contemplated the electric location routing problem with

time windows and partial recharging problem by considering constraints including
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battery capacity, load capacity of vehicles, RS serving capacity, number of RSs to be
allocated at the nodes, varied recharging time which brings out partial charging at
stations, constant speed and distance is used to calculate the energy consumption of

the vehicles while traveling from node to node.

Erdogan and Miller-Hooks (2012) evaluated green vehicle routing problem which
aims to minimize total distance traveled by vehicles of the fleet in order to minimize

the consumed energy.

Keskin and Catay (2018) introduced a electric vehicle routing problem with time
windows and fast chargers problem in which the effect of recharging units with
different recharging rates are considered and their effect on optimal solution is sought.
In the study the aim is to minimize recharging cost and recharging time in order to
minimize total cost by considering fixed number of charging units placed at nodes,

battery load and fleet load.

Hulagu and Celikoglu (2020) focused on electric vehicle routing problem with
intermediate nodes where electric fueled shuttle fleet route optimization is sought by
cnsidering the time varying passenger demand at stops, as well as the vehicle

dynamics, vehicle capacity and recharging features of the battery.

Zhu et al. (2020) investigated multi depots capacitated electric vehicle routing problem
with two-dimensional loading constraints problem which aims to minimize distance
travelled required for delivery of the items. In the study a heuristing algorithm is
incorporated with variable search algorithm and space saving search algorithm to solve
respectively to solve vehicle routing problem and bin packing problem.

The discussed studies contribute to the advancement of electric vehicle routing
optimization by addressing various key factors and constraints. Abdallah and Adel
(2020) employed a genetic algorithm to minimize cost and energy consumption,
considering vehicle load, constant speed, battery capacity, and recharging time. Basso
et al. (2021) introduced time-dependent routing with chance constraints, considering
vehicle and battery capacity, recharging rate, and road gradient. Schiffer and Walther
(2017) addressed the location routing problem with time windows and partial
recharging, while Erdogan and Miller-Hooks (2012) focused on minimizing energy
consumption by minimizing total distance. Keskin and Catay (2018) considered fast

chargers and their impact on recharging time and cost, while Hulagu and Celikoglu
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(2020) optimized electric vehicle routing considering passenger demand, vehicle
dynamics, and recharging features. Zhu et al. (2020) tackled a multi-depot capacitated
routing problem incorporating loading constraints. All researchers mentioned handled
the energy consumption in their works as a linear deterministic funciton where only
Hulagu and Celikoglu (2020) and Basso et al. (2021) considered road gradient in the
calculation of energy consumption.The findings from these studies collectively
enhance our understanding of electric vehicle routing optimization and pave the way

for more efficient and sustainable transportation systems.

3.2 E-Scooters and Recharging Stations

EVRP is a variant of VRP which deals with the limited features of electric vehicles. In
recent years, various models have been developed to determine the locations of RSs,
which are crucial for vehicles equipped with electric or other alternative fuel engines
to complete their journeys, should be placed and to accurately calculate the fuel
consumption of the engine. Below is a summary of studies conducted on this topic
specifically about e-scooters which have distinctive feature unlike electric vehicles that

is stated as e-scooters are not able to use regenerative energy.

In the models of locating RSs for vehicles with limited driving range, the objective

function is handled in two ways: maximizing flow or minimizing cost.

Wang and Lin (2009) proposed a flow-based problem to minimize the total cost, taking
into account different costs associated with the placement of RSs. Lim and Kuby
(2010) used a genetic algorithm approach to search for the best solution for the
problem. They proposed a RS location model with a predetermined number of stations

that can meet the maximum flow at an optimal level.

Wang and Lin (2013) addressed the location problem of RSs with a specific capacity
for charging e-scooters in two stages: In the first stage, considering budget constraints,
different types of RSs are placed to formulate a model that covers the maximum flow
on the roads. In the second stage, a cost optimization model is used with a single type
of RS. The results of the models tested in these two stages showed that placing
different types of RSs yielded better results than placing a single type of station (Wang
and Lin, 2013).
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You and Hsieh (2014) addressed a RS location model that takes into account budget
constraints to determine the best locations for RSs and maximize the population
served. The results indicated that the budget directly affected the number of RSs placed
and that there is not a linear relationship between the investment made and the

population served.

Chen and Hua (2014) solved a multi-level location problem by optimizing costs,
including conversion costs and environmental costs. In the proposed model, traditional
gasoline stations are considered as conversion samples, and suitable samples are

selected.

Lam et al. (2014) proposed an electric vehicle RS location problem that estimates the
demand for RSs based on population size and the prevalence of electric vehicles. They
conducted simulations to test the performance of these methods and compared the

results in terms of solution quality, computation time, size, etc.

Zhang et al. (2021) proposed heuristic algorithms to solve large-scale datasets and
contributed to a charging cluster assignment method to enhance the performance of

clustering service.

Masoud et al. (2019a) and Masoud et al. (2019b) analysed the assignment of e-scooters
to existing RSs on a network to reduce congestion on the network, rather than

optimizing the location of RSs.

Determining the optimal locations for RSs for e-scooters is a crucial aspect of efficient
urban mobility. Several studies have addressed this problem from different
perspectives. Wang and Lin (2013) proposed a two-stage model that considered budget
constraints and different types of RSs to maximize flow coverage on roads. You and
Hsieh (2014) focused on maximizing the population served while considering budget
limitations, highlighting the non-linear relationship between investment and the
number of RSs placed. Zhang et al. (2021) contributed heuristic algorithms and a
charging cluster assignment method to improve the performance of clustering services
and enhance the charging infrastructure. Masoud et al. (2019a, 2019b) analyzed the
assignment of e-scooters to existing RSs to alleviate network congestion. These studies
collectively contribute valuable insights into determining the optimal locations for
RSs, considering factors such as flow coverage, population served, budget constraints,

and network optimization yet energy consumption approaches are not handled
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depending on vehicle motion dynamics including road gradient. These studies
mentioned provide valuable insights for designing efficient and cost-effective
recharging infrastructure for ESs. Such research endeavors are instrumental in
facilitating the widespread adoption and usability of e-scooters as sustainable

transportation options in urban environments.
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4, E-SCOOTER RECHARGING STATION LOCATION ROUTING
PROBLEM WITH ENERGY CONSUMPTION

The problem described in this section is a a mathematical model that optimizes the
locations of RSs using along with a realistic energy consumption approach and a
distance-based energy consumption approach with Mixed Integer Linear
Programming Formulation (MILP). The Recharging Station Locating Problem with
Energy Consumption (RSLP-EC) model is defined, taking into account three-
dimensional road characteristics and the impact of e-scooters on network performance

within the traffic network is investigated through micro-simulation.

4.1 Problem Desciption and Formulation

Proposed mathematical model in this thesis described on a network G = (N, V) that is
created consisting of a node set and an edge set. N = {1, ..., n} represents the node set,
while V ={(i, j): 1, ] € V, 1 # j} represents the edge set. The set M = {1, ..., m} defines
the e-scooters traveling on the edges. The proposed problem involves the selection of
RS locations for e-scooters, and the three-dimensional characteristics of the network,
including the energy consumption approach incorporated into the model, are taken into
account. Along with distance-based energy consumption approaches, a vehicle
movement-based energy consumption approach is employed, enabling the
performance evaluation of e-scooters’ movement in mixed traffic through micro-

simulation.

4.1.1 Explicit energy consumption consideration

In order to incorporate energy consumption into the problem, the energy consumption
of e-scooters is calculated based on their movement and therefore their traction
characteristics. E-scooters utilize an electric motor to generate tractive power, which
sets them apart from conventional gasoline-powered vehicles. As a result, their motion
dynamics are influenced by a range of factors such as motor specifications, battery

capacity and efficiency, and braking system. The stability of e-scooters is also
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dependent on factors such as their weight and size, suspension system, and tire quality
(Buchmann, 2017).

The energy required to move an e-scooter from node i to node j is defined in terms of
the tractive force or energy generated by the electric motor. The tractive force (Ft) for
e-scooters can be defined as the sum of resistive forces to the motion, including rolling
force (Fr), aerodynamics force (Fa), and grade force (Fg).

Fi=puwg -cos(6)) (4.1)
F)=0,5-p-A-c, 'Vijg (4.2)
F'=F'+F)+F) (4.4)

The inclusion of the acceleration force (Facc) as Facc=0 in equation 4.4 indicates the
assumption that the e-scooter is moving at a constant speed. By setting the acceleration
force to zero, it is assumed that the e-scooter maintains a steady velocity throughout
the journey, without any changes in speed or acceleration. This assumption simplifies
the energy consumption calculation by considering only the forces that oppose motion,
such as rolling resistance, air resistance, and gradient resistance, without considering
the force required for acceleration. Key notations that are used in calculation steps of

energy consumption is given in Table 4.1.

Table 4.1 : Key notations for energy consumption.

Sign Definition

A Frontal area perpendicular to the direction of the movement
Cq Aerodynamics drag coefficient
g Gravitional acceleration
7 Total loss
7ot Losses in electric motor
ot Losses in battery
7ehr Losses in charging process
Py Grid power
Py Tractive power
p Mass density of air
2} Angle, sine of which corresponds to slope of the edge
7 Coefficient of rolling resistance
V] Instantaneous speed of e-scooter
w Total mass of e-scooter
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Tractive power (Pt) is given in equation 4.5 as a correlation of tractive force (Ft) and
driving speed. The losses that occur in the motor, battery, and charger during the
process of taking energy from the grid and using it in the motor are expressed in
equation 4.7 (Figure 4.1). Equation 4.6 specifies the mechanical power required to
move the e-scooter, taking into account the resistive forces to the motion and the losses
incurred during the charging process.

Ptij = Ftij Vi (4.5)
Pgij =n- Ftij Vi (4.6)
n= 77m0t '77pi| '77§arj (47)

loss

]
T 083 loss

electric
motor

Py = Py Nenr battery
Bn = Pt ot

P, %% /]
Py = B Npar ‘ 4

Figure 4.1 : Illustration of power flow path for e-scooters.
Based on this information, the energy consumption (ej;) on the edge (i, j), where i is
the origin and j is the destination, is calculated as the required grid power during the
travel time (tj) given in equation 4.8. Since it is assumed that e-scooters move at a
constant speed and there is no acceleration over the distance (djj) traveled on the link
(i, J), the equation 4.8 is transformed into equation 4.9 by considering the relationship
tij=dij/vij. Additionally, when the total resistive forces to the motion are negative,
energy consumption (ejj) is considered to be zero (ejj = 0). In this thesis, the energy
consumption relationship expressed in equation 4.6 for e-scooters is assumed along
with the statements (i) energy is non-recoverable, (ii) there are no additional/auxiliary

loads, (iii) the e-scooter is driven at a constant speed.
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& = I Py -t-dt (4.8)

n-Fi.d, F'>0 (4.9)

4.1.2 Decision variables

Table 4.2 defines the key notation that are used in the decision variables when

evaluating model formulation.

Table 4.2 : Key notation for decision variables.

Sign Definition

Xi If RS is located at node i X;>0, otherwise X;=0

Vs If ES mis recharged at node i on a path Yin=1, O otherwise
dijm If edge (ij) is on a path used by an ES m, 0 otherwise

Bjm Battery load of ES m at node j

Rim Amount of energy charged to ES m at node i

tim Length of visit at node i for an ES m

€ij energy consumption on the edge (i, j),

If a RS is located at node i, the variable X; will take a non-zero value, and multiple RSs
can be placed. For other cases, the variable X; should be equal to zero. The variable Yin
indicates whether an e-scooter is charged at node i, and dijm iS a binary variable that
represents whether an e-scooter m uses the edge (i, j). The battery level, amount of
charge, charging time, and energy consumption (explained in Section 4.1.1) are

decision variables.

4.1.3 Parameters

Table 4.3 defines the key notation that are used in the parameters when evaluating

model formulation.

Table 4.3 : Key notation for parameters

Sign Definition
Ci Recharging station placement cost at node i
y Battery capacity
B Recharging rate (depends on the features of the battery)
Ui Maximum allowed number of recharging stations to place at node i

Ci represents the cost of placing a RS at node i while u;i represents the maximum

number of RSs that can be placed at node i. y represents the recharging capacity of the
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battery, and B represents the charging rate/efficiency of the RSs, which depends on
their technological features.

4.1.4 Constraints

Constraints of E-Scooter Recharging Station Location Routing Problem which
considers electric vehicle features and routing problem neccessities are given from

equation 4.10 to equation 4.16.

By = (B + Ry )~ Sy -€; +7-(L- ;) Vi, jeN,ymeM (4.10)
R,<7—-B, VieN,vmeM (4.11)
Rin <VYip tin B, VieN,VmeM (4.12)
DY <X, VieN (4.13)
meM .
X <u, VieN (4.14)
Yin: Gjn €102}, Vi, jeN, vmeM (4.15)
X, B Riy» I €{0,1), Vi,jeN,VmeM (4.16)

The available driving range at node i is determined according to the available range at
node j, increased range at node j, and the consumed energy during the travel between
nodes i and j, where the possibility of increasing the range is considered as well using
the constraint given by equation 4.10. The constraint given by equation 4.11
guarantees that the battery capacity is never exceeded considering the state of battery
charge and the increased range with recharging. The constraint given by equation 4.12
limits the energy to be recharged with recharging rate of the station and the length of
the visit. The constraint given by equation 4.13 indicates that the number of ESs m
being charged at node i should be at most equal to the number of RSs at node i. Using
the constraint given by equation 4.14 the RS locating capacity of sites is ensured. The
constraint given by equation 4.15 indicates that djim and Yim are binary. The sign

restrictions are given by equation 4.16.
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In order to calculate the distance based energy consumption the ejj sign in equation
4.10, explained well in Section 4.1.1 is replaced with the distance travelled in

kilometers (djj) and the energy consumption rate kWh/km (0), given in equation 4.17.

Bjm:(Bim+Rim)—(5ijm-dij-0)+7/~(1—5ijm), Vi,jeN,VmeM (4.17)

With the distance based consumption approach, three different energy consumption
rates are obtained: maximum (max), average (ave) and minimum (min). When the
explicit energy consumption, in other words vehicle motion based (vmd) energy
consumption is added, four energy consumption rates can be obtained from using

above formulation.

4.1.5 Objective functions

Obijective function of the formulation minimizes the total cost of locating multiple RSs

which is given by equation 4.18
minimum{zci : Xi} (4.18)
ieN

4.2 Case Study

In order to test the formulation, to properly determine the locations of RSs, to compare
the energy consumption approaches which are named as distance based and vehicle
motions dynamics based, to present the performance of network within mixed traffic
from the perspective of both the vehicles and the e-scooters 15 scenarios are generated

and tested in micro-simulation program by using the outputs of CPLEX (Figure 4.2).
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Figure 4.2 : Framework of integrating optimization and simulation processes.

Step I: Case specific data, using the parameters explained in Section 4.2.1 are prepared
to account as input to the mathematical program solver CPLEX.

Step I1: Different energy consumption approaches are handled mainly to setup
scenarios and the corresponding instances: vehicle motion based and distance based.
The vehicle motion based energy consumption is incorporated to the location model
as introduced in Section 4.1, where for the distance based energy consumption
constraint given by equation 4.10 is alternateed with the constraint given by the

equation 4.17. max, ave, min, vmd values are handled in order to use in CPLEX.

Step I11: Using as inputs the features of steps I and 1l, CPLEX returns the e-scooters’
trip data that include decisions for RS locations, and where and how long each ES

requires a RS visit.

Step 1V: Field observation based vehicular traffic data is used to generate different

network loading explained in Section 4.2.2.

4.2.1 Characteristics of case area

In order to clearly demonstrate and discuss the effects of energy consumption, the ITU
Ayazaga Campus network is selected as the study area, considering the network's 3-
dimensional road characteristics and the O-D (origin-destination) data of e-scooters
within the network. Nodes are determined by using layout plan of the ITU Ayazaga
Campus, which connects 18 O-D points, consists of 30 nodes and 76 links. As shown

in Figure 4.3, the elevation values of the nodes within the network vary between 65
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meters and 130 meters, and the gradients of the links between each pair of nodes are

shown to be a maximum of 8.5%.

30 e-scooter routes are generated between each O-D point, assuming they will follow

the shortest route on the network consisting of 76 links.

22
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Figure 4.3 : Vertical geometry characteristics of network handled: Node
elevation and slope of edges.

The lengths of the links and the energy consumptions on the links used in the
application are determined using Python, and then the entire optimization problem is
solved using IBM ILOG CPLEX 12.9.0. In order to solve mixed integer programming
models CPLEX uses branch-and cut procedure which manages a search tree formed
by nodes(ILOG CPLEX Optimization Studio, 2023)

In order to determine the energy consumption (ej) used in Equation 4.10, the
parameters p, A, Cq, g, W, v, and p are entered as follows: 1.277 kg/m3, 1 m?, 0.6
(Ehsani et al, 2004) 9.81 m/s?, 100 kg, 20 km/h, and 0.01 (Goeke and Schneider, 2015)
The battery charge capacity is included in the input data as twice the energy required
to traverse the longest link. The charging time for the battery to be fully charged is
assumed to be three times the shortest visit duration (15 s), which corresponds to a
charging rate of 0.0015 kWh/s, lower than the value stated in Wang and Lin (2013).
The solutions obtained from the CPLEX solver and the traffic data are collected by

running them in Eclipse SUMO 1.9.2, a traffic simulation program.
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4.2.2 Modeling mixed traffic through micro-simulation

Using a number of critical figures from field observations, the vehicular O-D demand
data is generated for one hour to fit a sinusoidal function and aggregated at 10 minutes’
time interval. Demand centers, which the points where vehicles both join and leave the
network, are campus entrance gates and parking lots. Based on the principle that all
car parks form a separate demand center, car parks with the same affected road sections
are evaluated under the same demand center. Thus, the number of OD pairs on the
road network has been simplified and the computational complexity of the model has

been reduced.

The SUMO (Lopez et al, 2018) microscopic simulation environment is utilized to
conduct simulation trials based on the simulation scenario definitions presented in the
next subsection. We have made use of the field observation of vehicular traffic inside
the case study area to simulate the background traffic flow in the simulation network.
Although the background traffic is derived from the field measurements, we have not
performed any calibration steps for vehicular traffic, due to the specific focus on
proposing a framework on charging station location selection. The default car-
following model for vehicular traffic in SUMO (Krauss et al, 1997), and its default
model parameters are adopted. To introduce variation in the demand scenarios for
vehicular traffic, different scenarios are imposed by alternating the maximum of the
sinusoidal demand function. Specifically, the demand is changed for each scenario to
be 10 vehicles per 10 minutes (q10), 15 vehicles per 10 minutes (q15), 20 vehicles per
10 minutes (g20), and 25 vehicles per 10 minutes (g25).

4.2.3 Scenario setup

Using the specifications for scenario setups, 15 instances are generated that differ from
each other in terms of the energy consumption approach adopted, network loading
(only vehicles, only ESs, or mixed traffic), and vehicular demand. The features of

generated instances are summarized in Table 4.4.
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Table 4.4 : Scenario configurations and features

Set Instance Name Configuration ES Energy Network Loading?
No. Consumption?® (veh/10 mn)
1 ES e ave Only ES ave -
2 ES e _min Only ES min -
3 ES e _max Only ES max -
4 ES e vmd Only ES vmd -
5 VES e ave 15 Mixed Traffic ave 15
6 VES e min_ql15 Mixed Traffic min 15
7 VES e max_15 Mixed Traffic max 15
8 VES e vmd_q10 Mixed Traffic vmd 10
9 VES e vmd_g15 Mixed Traffic vmd 15
10 VES e vmd_g20 Mixed Traffic vmd 20
11 VES e vmd_g25 Mixed Traffic vmd 25
12 V_ql0 Only Vehicle - 10
13 V_gl5 Only Vehicle - 15
14 V_q20 Only Vehicle - 20
15 V_g25 Only Vehicle - 25

L ave: Network specific average energy consumption per km, mn: Network specific minimum energy
consumption per km, max: Network specific maximum energy consumption per km

2 Maximum of sinusoidal function
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5. RESULTS AND DISCUSSION

The evaluations conducted using the generated examples compared the movement of
e-scooters within the traffic flow and their impact on the traffic, as well as different
perspectives such as the influence of traffic. In this context, the results are compared
to assess the effects of different energy consumption approaches on the locations of
RSs, the performance of the network including only e-scooters, the effects of different
energy consumption approaches on e-scooter journeys in mixed traffic, the effects of
different energy consumption approaches on the network performance in mixed traffic
with vehicle traffic, and the impact of traffic congestion on e-scooter journeys. These
results aimed to evaluate different aspects and perspectives related to the movement

of e-scooters and their impact on traffic flow.

5.1 Effects of Energy Consumption Approaches on Recharging Station Location

Decision

By considering the energy expended during the predetermined routes of ESs, the need
for RS visits can be assessed. In this regard, solutions have been obtained to observe
how the locations of required RSs change based on the energy consumed, particularly
at key nodes. Table 5.1 indicates the start and end (origin-destination or OD) points
of 30 ES journeys, as well as the recommended placement of RSs at different nodes
based on various energy consumption approaches. The numbers of the nodes can be
traced from Figure 4.3. When examining the results, it can be seen that in the distance-
based approach, considering the smallest value, none of the e-scooter trips require a
visit to a RS. For the solutions based on average and maximum values, a total of 11
and 26 RSs are needed, respectively. When analyzing the results of the vehicle
movement-based approach, a total of 13 RSs are required. The results demonstrate that
when a simplified distance-based approach is followed instead of a realistic vehicle
movement-based approach in terms of energy consumption, it reveals estimates of RSs

that may be excessive or insufficient, as well as indicating the extent of the deviation.
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This is because the decisions regarding the locations of RSs are tightly linked to energy
consumption, as can be seen from Table 5.1.

Along with the total number of RSs, the different energy consumption approaches also
have an impact on the locations of RSs for the same trip. Even in approaches that yield
relatively close results such as the average (ave) and vehicle motion dynamics-based
(vmd) approaches, differences can be observed in the node locations where RSs are

placed.

Table 5.1 : RS locations correspond to ES paths.

ES RS Location* ES RS Location*
O D|— O Dr—

no. min ave max vmd |no. min ave max vmd
1 229 - 14 14 14 16 5 9 - - 13 -
2 22 24 - - 15 16 17 5 14 - - - -
3 22 4 - 16 14 16 18 5 29 - - 28 -
4 22 14 - - - - 19 5 17 - - - -
5 2217 - - 14 - 20159 - - - -
6 2230 - 14 14,5 16 21 25 9 - - 14 -
7 23 4 - 17 14 17 22 8 9 - - - -
8 235 - - 25 - 23 8 14 - - 1 12
9 239 - 15 15 15 24 8 24 - 14 1,12 12
10 23 14 - - - - 25279 - - 28 -
11 2329 - 17 13 17 26 27 17 - - 4 -
12 2330 - 17 13 17 27 27 24 - 17 28,17 17
13 23 17 - - 24 - 28 27 14 - 17 4 17
14 2321 - 5 13,6 17 29 27 5 - - 19 -
15 5 4 - - - - 30 2 9 - - - -

* Each node number in the "RS Location” column corresponds to a single visit to a RS.

5.2 Effects of Energy Consumption Approaches on Network-Wide E-Scooter
Traffic Performances in Mixed Traffic

By assuming that e-scooters move independently of traffic flow, i.e., considering a
scenario where only e-scooters exist in the network, the study aimed to measure the
effects of different energy consumption approaches on network performance. The
distance-based (min, ave, max) and vehicle motion dynamics-based (vmd) approaches

presented in Table 4.4 are selected for comparison.

E-scooter trips are modeled using the Eclipse SUMO program and evaluated in terms
of travel times across the network. The results, shown in Figure 5.1, are obtained using
travel time data for 76 connections. Upon examining the results, it can be observed
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that when comparing the vehicle motion dynamics-based (vmd) approach with the
highest distance-based (max) energy consumption approach, the distribution of travel
times in the connections is higher than that of the low and medium approaches. In the
minimum distance-based energy consumption approach (min), it can be read that travel

times are shorter as expected, and the medians are close to each other for all

approaches.
|:'| —— ——
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Energy Consumption Scenario

Figure 5.1 : Travel time performances of edges from micro-simulation of
solutions to optimization problem (instance sets from no. 1 to 4).

5.3 Effects of Energy Consumption Approaches on Network-Wide
Performances of Vehicular Traffic in Mixed Traffic

In this section, the evaluation of e-scooter trips with different energy consumption
samples is discussed based on a vehicle load of 15 veh/10 mn. The changes in travel
time, delay, and waiting time data obtained through microsimulation are compared and
presented in Figure 5.2. In order to calculate these changes, the sample data from 1 to
4, where mixed traffic is absent and only e-scooters are in motion, are compared with
the sample data from 5 to 9, where e-scooters are in motion with a vehicle load of 15

veh/10 mn. Delay accounts for the time spent below the ideal speed, while waiting
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time considers the time when the vehicle and/or e-scooter speed is equal to or below
0.1 m/s.

In addition to the impact of energy consumption approaches on the decision of RS
visits, the results summarized in Figure 5.2(a) demonstrate that different energy
consumption approaches result in different e-scooter trip performances in terms of
travel time. As the simulation results of the network loaded only with e-scooters are
considered as the reference scenario, all the changes in performance measurements
shown in Figure 5.2 are positive in terms of improvement. It can be concluded that no
clear distinction can be made regarding which energy consumption approach is the
best when considering all trips collectively.
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Figure 5.2 : Changes in travel time (a), time loss (b), and waiting time (c)
calculated using simulation results of solutions for instance sets no. 5, 6, 7,
and 9 respectively with respect to simulation results of solutions for
instance sets no. 1 to 4.
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In addition, e-scooters are considered together with vehicular traffic, the changes in
speed and travel time throughout the network are observed as performance measures.
For this measurement, the results obtained from the simulation using the sample
number 13 with a traffic load of 15 veh/10 mn from Table 4.4, where e-scooters are
not present and only vehicular traffic is considered, are compared with the results of
the samples ranging from 5 to 9, which include different energy consumption

approaches.

According to Figure 5.3, it can be observed that the addition of e-scooter traffic to the
daily traffic results in a decrease in speeds on the links throughout the network. This
Is despite the fact that the number of e-scooter trips, which is 30, is significantly lower
compared to the total number of vehicle trips, which is 1903 in the case of the sample
with a traffic load of 15 veh/10 mn. Additionally, it should be noted that not all links
in the network are used by e-scooters, regardless of the energy consumption

approaches in the samples.

20

15 -

SIS (o)

10 - 0

Speed Difference by Edge [%0]
=]

1 o =
— Lk
10 2 E a
- Ly
—15 [}
g i
=20 £

VES e.ave ql5 VES emax ql5 VES emin ql5 VES evmd gl5
Energy Consumption Scenario

Figure 5.3 : Speed differences of edges from simulation of solutions to
optimization problem (plotted using results of instance sets no. 5, 6, 7, and
9 with respect to instance no. 13).

According to Figure 5.4, when considering different energy consumption approaches

for e-scooters, there is a 60% increase in individual vehicle travel times. In this context,
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the charging frequency or schedule in the low energy consumption approach is more
relaxed compared to other energy consumption approaches, resulting in less impact on
travel times for vehicle trips. Based on this information, it can be stated that when
considering mixed traffic including e-scooters, the visits of e-scooters to RSs have a

time-based impact on vehicle travel.
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Figure 5.4 : Travel time differences of vehicle trips from simulation of
solutions to optimization problem (plotted using results of instance sets no.
5, 6, 7, and 9 with respect to instance no. 13).

5.4 Effects of Congestion on E-Scooter Trips

In order to evaluate the changes in the quality of e-scooter trips in terms of travel time
with the increasing vehicle traffic, simulations are conducted using sets in the range of
8-11 given in Table 4.3, where the vmd is considered as the basis, and the data
obtained from simulations are compared with the data from set no. 4, where there is
no vehicle traffic but the vmd is still considered.

Figure 5.5 clearly shows that increasing the number of vehicles on the network is
necessary to improve network performance. However, for the samples of 10 veh/10
mn and 15 veh/10 mn, there is a trade-off between travel time and delay. Similarly,

challenges arise in the realization of e-scooter trips for the samples of 20 veh/10 mn
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and 25 veh/10 mn. When evaluated together with the numbers given in Table 5.1, it is
observed that the waiting times in e-scooter trips, which involve visits to RSs, are

generally affected by traffic congestion.
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Figure 5.5 : Changes in travel time (a), time loss (b), and waiting time (c)
calculated using simulation results of solutions for instance sets no. 8 to 10
with respect to simulation results of solutions for instance set no. 4.
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6. CONCLUSIONS AND FUTURE RESEARCH

In this thesis, the solutions to the RSLP-EC problem is analyzed through
microsimulation by testing several examples designed, adopting different energy
consumption approaches both for routing the e-scooters' paths and optimizing the
locations of the RSs. CPLEX is used in order to solve the mathematical model in which
the RS locations are decided, and Eclipse SUMO is utilized for the microsimulation
part. Distance based and vehicle motion dynamics-based energy consumption
approaches are incorporated to the model on the account of presenting the change in
RS locations. Alternative energy consumption scenarios resulted in changes in RS
locations and thus changes in the quality of e-scooter charging in terms of travel times
primarily is sought. Furthermore, it is also discussed, considering various
configurations of network traffic, the impacts of e-scooters' energy consumption on
traffic performance across the network, regarding simulations involving both only e-
scooters and mixed traffic including e-scooters as well as the effects of congestion on
e-scooters. Although each e-scooter charging is simulated through a specific road as a
routing solution for the optimization problem, when e-scooter charging is introduced
in a mixed traffic scenario, the flow speed on the edges of the network decreased, with
some edges not being used by e-scooters at all. When examining the effect of traffic
congestion across the network, it is observed that both travel time and delay increased
as the network load is gradually increased in the vehicle dynamics-based e-scooter

scenario.

As future research directions, extension of the case study area could be considered
since only 30 travel routes, 30 nodes, and 76 edges are handled in the scope of this
study. Also the proposed framework can be applied on an alternative networks and
areas that includes more nodes and edges which enables validation of it. Moreover,
further extentions of the framework will be in need of operating heuristic approaches
for solution esentially after enhancing the nodes and edges of the study area.
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