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Abstract
To deal with the massive deployment of electric vehicles, charging stations must be properly
placed. This is an extremely important issue that must be resolved before many electric
vehicles are manufactured and governmental authorities start adopting policies to initiate
higher electromobility. A poor design of the charging infrastructure can cost a significant
amount of resources and can disrupt the electric vehicle users’ convenience, can offer poor
quality of service and other user dissatisfaction.
A public charging location is defined as location in a road network, where any electric vehicle
user can come to charge his battery. Due to various charging technologies, the charging service
can be fulfilled by shorter or longer charging time depending on the power transfer capacity
and the disposable charging time of the users. The charging station must be within the
reachable driving range distance of the electric vehicles and must provide a charging service
for majority of users at a lower cost and higher quality.
In this dissertation, we present a new optimisation procedure for charging stations placement.
The introduced methodology takes into account the electric vehicle users, the electric and road
networks. The electric power system reliability check, quality of service and charging
reliability of the charging infrastructure are used as optimisation criteria, while placing
charging stations of different charging technology by minimal investment costs. Electric power
system reliability check is incorporated in the optimisation constraints by using a DC model to
calculate the power flows. In this part, the charging reliability criterion of the charging
infrastructure is defined as selecting at least one candidate location within the driving range of
the electric vehicles in order to ensure unlimited mobility. Another criterion is the quality of
service required by the electric vehicle users, which considers the time the users are willing to
spend for charging their battery, when traveling, to complete the trip. To please the
requirements of the users regarding the quality of service of the charging infrastructure,
different charging technology types are factored in the optimisation objective function. The
optimisation model also includes the mobility behaviour of electric vehicles by involving their
trajectories of movement at different time instances. By also analysing their mobility
behaviour, the traffic load of the candidate locations is identified which exposes the number of
electric vehicles that are going through a particular candidate location. The final optimal
charging infrastructure expansion plan shows the optimal placement layout, number of
locations and placement cost.
We also elaborate a stochastic formulation of the optimisation placement procedure that takes
into consideration the stochastic occurrences that can have a significant impact on the electric
vehicles’ driving range i.e. battery charge, the charging time that the users are willing to spend
while charging at candidate location and the charging stations’ investment costs. The stochastic
formulation includes also a representative trajectories search and a scenario reduction method
to form common stochastic scenarios to be executed by the proposed optimisation model.

II

Abstract

Besides the charging infrastructure placement plan, the optimal results of the stochastic
scenarios can be used to calculate the placement probability of candidate locations, which is
fundamental for the charging infrastructure planners in the decision-making part.
The numeric results illustrate the application of the proposed charging infrastructure
optimization on test road and electric power system by showing the optimal charging stations
placement layout and overall placement costs for the optimization constraints set on the
charging reliability, required quality of service and running a power system reliability check.
Additionally, for the stochastic formulation of the optimization model, the results show the
optimal charging locations and their placement probability, which exposes their importance to
charging infrastructure planners in terms of prioritization and robust decision-making. For the
detailed analysis made on the impact of the stochastic driving range scenarios on the
optimization output regarding the placement cost and locations, it is ascertained that a shorter
uncertainty distance increases the number of candidate locations included in the charging
reliability criterion resulting in higher overall charging infrastructure placement costs and viceversa.
Key words: charging infrastructure, charging reliability, charging stations location
optimisation, electric vehicles, quality of service, stochastic scenarios.
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Razširjen povzetek v slovenskem jeziku
Za masovno vpeljavo električnih vozil morajo biti polnilne postaje skozi postopke načrtovanja
polnilne infrastrukture lokacijsko pravilno razporejene s ciljem zagotoviti zanesljivo oskrbo z
električno energijo, potrebno v prometu. To je izredno pomembna naloga, ki jo je treba
opraviti, preden se poveča številno električnih vozil in preden vladini organi začnejo sprejemati
politične odločitve za večjo elektromobilnost. Slabo zasnovana infrastruktura za električna
vozila lahko zviša stroške za polnjenje električnih vozil, vpliva na samo udobje uporabnikov
električnih vozil, kakovost storitve polnjenja in povzroči dodatna nezadovoljstva uporabnikov.
Torej je pravilno (optimalno) postavljena polnilna infrastruktura bistvenega pomena za
povečanje množične uporabe in večjo uporabnost električnih vozil. To je velik izziv, ki
vključuje zasnovo in uvedbo omrežij javnih (in zasebnih) polnilnih postaj s skupnimi
povezanimi sistemi za preverjanje pristnosti in zaračunavanja stroška porabljene električne
energije.
Javna polnilnica je opredeljena kot polnilnica v cestnem omrežju, kjer lahko vsak imetnik
električnega vozila pride in napolni svojo baterijo. Zaradi različnih tehnologij polnjenja je
mogoče storitev polnjenja opraviti v krajšem ali daljšem časovnem obdobju, glede na
zmogljivost polnilnic in razpoložljiv čas polnjenja uporabnikov. Polnilnice morajo biti
postavljene v dosegljivi razdalji električnih vozil in morajo zagotavljati storitve polnjenja za
večino uporabnikov z visoko kakovostjo storitve polnjenja, ki je povezana z razpoložljivim
časom polnjenja vozil. Čas, potreben za polnjenje baterije, je odvisen od treh glavnih
dejavnikov: priključne moči polnilnice, zmogljivosti baterije in stanja napolnjenosti baterije
ob času polnjenja. Priključitev polnilnice na omrežje in vrsta priključka se določi na podlagi
uvrstitve v skupino končnih odjemalcev glede potrebe po energiji, moči in tipu priključka. Pri
tem je operater polnilne infrastrukture dolžan izvesti vse ukrepe, ki jih predpisujejo sistemska
obratovalna navodila. Zmogljivost baterije je različna v odvisnosti od tehnologije shranjevanja,
tipa električnega vozila (avto, tovornjak, avtobus, moped, tricikel), izvedbe modela,
električnega motorja, napetosti baterije, stopnje hitrosti polnjenja / praznjenja itd. Za polnjenje
baterij električnih vozil so na voljo različne tehnologije polnjenja, vendar trenutno obratujejo
trije standardni nivoji polnjenja, in sicer:






prvi nivo polnjenja se nanaša na uporabo enofaznega izmeničnega sistema do 3 kW
priključne polnilne moči (običajno je 1 kW). Odvisno od lastnosti in tehnologije
shranjevanja baterije je lahko čas polnjenja do 24 ur;
drugi nivo polnjenja uporablja trifazni izmenični sistem, pri čemer je priključna moč
do 24 kW. Čas polnjenja je do 8 ur. Zahteva tudi dodatne dogovore z operaterji omrežja
glede nastavitev zaščite in inštalacije dodatne opreme, ki jo je treba namestiti k
polnilnici (transformatorji, odklopniki, stikala, adapterji itd.);
tretji nivo polnjenja predstavlja hitro polnitev. Priključna moč polnjenja je v razponu
od 44 kW do 240 kW. Hitro polnjenje lahko popolnoma napolni baterijo električnega
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vozila v 15 min - 30 min, kar je relativno primerljivo s časom polnjenja rezervoarja
vozila z motorjem z notranjim zgorevanjem. Tretje nivo zahteva povezavo na višji
napetostni nivo in je postavitev takega polnilnega sistema bolj zahtevna v primerjavi z
nivojema 1 in 2, ker je treba namestiti dodatno električno opremo višjega napetostnega
nivoja.

Izkazalo se je, da je večina uporabnikov električnih vozil zadržanih do dejstva, da nimajo
dovolj polnilnih postaj na poti do končne destinacije, kar pomeni, da uporabniki zaradi
neprimerno načrtovane polnilne infrastrukture ne bodo dosegli cilja. Ocenjuje se, da je s
trenutno tehnologijo mogoče avtonomno na električni pogon prevoziti do 350 km z enim
polnjenjem, vendar je tipična dnevna razdalja nekje do 80 km na dan. Cilj proizvajalcev
električnih vozil za prihodnja leta je razvoj in zagon množične proizvodnje električnih vozil s
tehnologijami shranjevanja električne energije, ki bodo omogočile potovanje na daljše
razdalje, primerljive s temi, ki jih danes dosegajo vozila z motorji z notranjim izgorevanjem,
tudi do 1000 km in več. Trenutno so poti na daljše razdalje težavne, saj so na razpolago le
javne polnilnice. V nekaterih primerih vozniki potujejo dlje časa in prevozijo daljše razdalje,
da bi našli polnilnico. Dejstvo je, da morajo biti polnilnice postavljene na lokacijah, ki so
primerne za uporabnike električnih vozil, na primer na lokacijah, kjer se beleži večji promet z
električnimi vozili. Kot drugo, ob prihodu je lahko polnilnica zasedena, zato morajo vozniki
čakati na vrsto, da napolnijo baterije. Ta scenarij je zelo realen, saj se s trenutno tehnologijo
shranjevanja električne energije električna vozila polnijo dlje časa, kar povzroča daljše čakalne
vrste, še posebej ob povečanem številu električnih vozil v prometu. Z daljšimi čakalnimi
vrstami so nadalje povezane tudi zahteve po večjem prostoru na črpališčih, počivališčih,
kjerkoli se pač nahajajo polnilnice.
Naključna postavitev polnilnic je med glavninami ovirami za splošno sprejetje in s tem
uporabnost električnih vozil, saj s tem se lahko poveča neudobnost in nezadovoljstvo
voznikov. Poudariti je treba, da se morajo polnilnice postavljati na primernih lokacijah. Gre za
večrazsežnosti problem: tehnični – priključitev na omrežje, obremenitev omrežja, drugi vplivi
na obratovanje omrežja itd., ekonomski – stroški priključitve, stroški vzdrževanja in
obratovanja itd. in družbeni – dostopnost polnilnic, udobje voznikov itd. Izzivi, ki se odpirajo
na področju načrtovanja elektroenergetskih in polnilnih omrežij s povečanim deležem
električnih vozil, so torej tako tehnične, ekonomske kot tudi družbene narave.
V tej doktorski disertaciji smo razvili nov matematičen postopek za optimalno načrtovanje
izgradnje polnilne infrastrukture za električna vozila. Predlagana metodologija upošteva
obnašanje uporabnikov električnih vozil (vozne navade), tehnologijo polnjenja ter obstoječo
cestno infrastrukturo in dostopnost elektroenergetskega sistema. Preverjanje zanesljivosti
elektroenergetskega sistema, kakovosti storitve polnjenja in zanesljivost polnilne
infrastrukture se uporabljajo kot omejitve v predlaganem optimizacijskem modelu, pri čemer
se polnilnice postavljajo na izbranih optimalnih lokacijah glede na tehnologijo polnjena z
minimalnimi naložbenimi stroški inštalacije, vzdrževanja, obratovanja.
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Preverjanje zanesljivosti elektroenergetskega sistema je vključeno v optimizacijske omejitve z
uporabo DC (enosmerni izračun) metode izračuna pretokov moči. Z DC načinom izračuna
pretokov moči preverjamo obremenitev vodov zaradi vključitve polnilnic ter bilanco v sistemu.
Pri optimizaciji je merilo zanesljivosti polnjenja polnilne infrastrukture opredeljeno kot izbor
vsaj ene možne lokacije v območju dosega vožnje električnih vozil, s ciljem zagotavljanja
neomejene mobilnosti – da je v območju dosega vsaj ena polnilnica in to v smeri poti. Drugo
merilo je kakovost storitve polnjenja, ki jo zahtevajo uporabniki električnih vozil. Ta upošteva
čas, ki so ga uporabniki pripravljeni nameniti polnjenju baterije med potovanjem, da bi lahko
prispeli na cilj. S tem želimo približati model čim bližje realnosti, realnost pa je, da imamo več
polnilnih tehnologij, v grobem 2 skupini - hitre in počasne. Optimizacijski model vključuje
tudi vozne navade voznikov električnih vozil z vključevanjem njihovih voznih poti v različnih
časovnih obdobjih. Z analizo njihovega vedenja se določi prometna obremenitev lokacij, kar
je bistvenega pomena pri sprejemanju odločitve o primernosti izbrane lokacije glede postavite
polnilnic in njihovih priključnih moči.
Priprava vhodnih podatkov vključuje pripravo modelov električnih in cestnih omrežij, niz
tehnologij in naložbenih stroškov inštalacije, vzdrževanja in obratovanja, trajektorij gibanja
električnih vozil in zahtevano raven kakovosti storitve polnjenja. Da bi modelirali cestno
omrežje ter da bi opazovali obnašanje voznikov električnih vozil, uporabljamo postopek
razdelitev na odseke z oblikovanjem diskretnih množic cestnega omrežja in trajektorij.
Uporabljamo diskretni način, kar pomeni, da sta cestna infrastruktura in trajektorije premikanja
voznikov električnih vozil modelirana z množicami diskretnih elementov.
Pri električnih vozilih je njihov doseg glavnega pomena zaradi zagotovitev neomejene
mobilnosti, zato je pri določanju lokacij polnilnic doseg električnega vozila glavni dejavnik pri
oblikovanju kriterija polnilne zanesljivosti polnilne infrastrukture.
V nadaljnjih poglavjih je bolj podrobno predstavljen koncept, s katerim se postavi kriterij
oblikovanja polnilne zanesljivosti polnilne infrastrukture. Pri postopku optimizacije se
upošteva tudi pomembnost lokacije na način, da se ji na podlagi analize prometne
obremenjenosti dodeli ustrezna utež. Posledično imajo lokacije z večjimi utežmi večjo
pomembnost v postopku optimizacije izbor lokacij polnilnic, saj večja utež pomeni, da večje
število električnih vozil prepotuje to lokacijo. Ob pripravi podatkov se tudi upošteva več vrst
tehnologij polnjenja. Vsaka tehnologija polnjenja ima svojo moč, ki vpliva na čas polnjenja.
Tehnologije večjih priključnih moči (tehnologije hitrega polnjenja), imajo primerljiv čas
polnjenja z konvencionalnimi načini polnjenja vozil z notranjim izgorevanjem. V tej doktorski
nalogi pri pripravi podatkov in v postopku optimizacije podajamo bolj podroben pregled
polnilih tehnologij. Vsaka lokacija cestnega omrežja, odvisno od možnosti povezave in
izvedbe, ima različen naložbeni strošek inštalacije, vzdrževanja in obratovanja, ki ga
upoštevamo v kriterijski funkciji pri postopku optimizacije. Zahtevana kakovost storitve
polnjenja vključuje razpoložljiv čas, ki bi ga vozniki električnih vozil namenili polnjenju na
poti do svojega končnega cilja. V tej doktorski nalogi podrobno opisujemo in dajemo definicijo
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kakovosti storitve polnjenja, s katero tudi vplivamo na končno razporeditev lokacij polnilnic v
cestnem omrežju. Zaradi vključitve novih polnilnic z različnimi moči polnjenja in zaradi
omejitve virov električne energije in prenosa vodov v elektroenergetskem sistemu, je vključen
izračun prerokov moči na podlagi DC metode.
V naslednjih letih je pričakovati povečan vpliv obratovanja polnilnic zanesljivosti
elektroenergetskega sistema zaradi množičnega vključevanja električnih vozil. S predlaganim
postopkom optimizacije postavitve polnilnic bodo lahko načrtovalci polnilne infrastrukture in
operaterji elektroenergetskih omrežjih uskladili delovanje in se dogovorili za širitev omrežij,
kar ima za posledico zanesljivo oskrbo z električno energijo. Končni načrt optimalne
postavitve polnilne infrastrukture prikazuje optimalno razporeditev postavitve, število lokacij
in naložbeni strošek postavitve polnilne infrastrukture.
V tej disertaciji smo obravnavali tudi razširitev postopka optimizacije s stohastično
formulacijo, saj je večina vhodnih parametrov povezani z negotovostjo, ki lahko močno vpliva
na optimalno postavitev polnilnic. Ker je znanje o prihodnjih vrednostih vhodnih parametrov
pogosto neznano ali je znano le v času faze načrtovanja, je vključitev stohastične komponente
smiselna za dolgoročno načrtovanje polnilne infrastrukture. Negotovost se lahko razvrsti v dve
kategoriji: naključna in nenaključna negotovost. Ta disertacija je osredotočena na naključne
negotovosti, za katere so značilni ponovljivi parametri z določenimi odstopanji in omogočajo
možnost statistične analize, ki poda funkcijo porazdelitve verjetnosti, povprečne vrednosti,
standardne odklone itd. Nenaključne negotovosti z nejasnimi podatki v stohastični formulaciji
niso upoštevani.
Glavna motivacija za razširitev postopka optimizacije s stohastično formulacijo je vključitev
stohastične narave obnašanja električnih vozil, njihovega dosega, razpoložljivega časa
namenjenega polnjenju baterije električnih vozil in naložbenih stroškov inštalacije,
vzdrževanja in obratovanja za različne tehnologije polnjenja. S pomočjo stohastičnega
modeliranja bomo lažje razumeli vplive na optimalno izbiro lokacij in postavitev polnilnic in
s tem povezanimi stroški, hkrati pa se bolj približali k dejanskim dogodkom, ki so v realnosti
navezani na elemente, kar je cilj stohastičnega modeliranja. Zagotovo morajo biti optimalne
lokacije polnilnic postavljene na mestih, kjer se odvija največ prometa. Zato je treba vse
negotovosti, povezane s odmikom od najpogosteje vožene trajektorije vključiti v postopek
optimalne postavitve polnilnic. Negotovi dejavniki, kot so hitrost vožnje, pospešek, masa in
aerodinamika električnega močno vplivajo na doseg električnega vozila. Stohastično
modeliranje kakovosti storitve polnjenja, QoS (angl. Quality of Service), zajema vse
stohastične dogodke v realnem času, ki vplivajo na razpoložljivi čas polnjenja voznikov
električnih vozil, kot so delno napolnjene baterije, prometne razmere na cestah itd. Pri
naložbenih stroških inštalacije, vzdrževanja in obratovanja za različne tehnologije polnjenja se
stohastična komponenta uvede s ciljem, da se zajame negotovost, ki je posledica
neprekinjenega razvoja baterij različnih proizvajalcev, ki pa ponujajo izdelke/storitve po
določeni ceni. Stohastična komponenta prav tako pokriva negotovosti povezane z inflacijo in
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diskontnimi stopnjami naložbenih stroškov za različne vrste tehnologij polnjenja. Nadgraditev
oz. razširitev determinističnega postopka optimizacije postavitve polnilnic s stohastično
formulacijo zagotavlja koristi načrtovalcem polnilnih infrastruktur, kot so prednostni seznam
optimalnih lokacij za postavitev polnilnic različnih tehnologij polnjenja z minimalnimi
naložbenimi stroški inštalacije, vzdrževanja in obratovanja, ki se razvrščajo po svoji verjetnosti
izbire lokacije, verjetnosti dogajanja, številu lokacij, njihovih postavitvah v prostoru in
skupnem strošku postavitve.
Stohastična formulacija postopka vključuje novo metodo iskanja reprezentativne poti
električnih vozil. Pri tem smo predlagali novi kazalnik TSI (angl. Trajectory Similarity Index),
s katerim se določa podobnost med stohastičnimi trajektorijami električnih vozil, ne glede le
na dolžine trajektorij, ampak z njihovimi časovno-prostorskimi lastnosti. S pomočjo novega
kazalnika TSI smo predlagali rešitev, s katero se določa reprezentativne trajektorije gibanja
električnih vozil, ki so v nadaljevanju vključene v optimizacijski postopek. Pri stohastični
formulaciji smo uporabili tudi metodo za zmanjšanje števila scenarijev s ciljem poenostavitve
kompleksnosti samega optimizacijskega postopka.
Na razpolago je več optimizacijskih metod, kot so: GA (angl. Genetic Algorithms), ANN
(angl. Artifitaial Neural Networks), LP (angl. Linear Programming), MILP (angl. Mixed
Integer Programming), AI (angl. Artifitial Intelegence), itd. V tej doktorski disertaciji
uporabljamo optimizacijski postopek MILP, zaradi enostavnosti, hitrosti in ustreznosti
reševanja zastavljenega matematičnega optimizacijskega modela pri izbiri optimalne lokacije
postavitve polnilnic.
Rezultate prikazujejo uporabnost novega matematičnega postopka za optimalno načrtovanje
izgradnje polnilne infrastrukture za električna vozila, pri čemer sta uporabljeni cestno in
električno testno omrežje. Prikazane so optimalne lokacije in skupni najmanjši strošek
izgradnje, obratovanja in vzdrževanja glede na tehnologijo polnjenja ob upoštevanju omejitev
optimizacije, kot so zanesljivost polnilne infrastrukture, zahtevana kakovost storitve polnjenja
in preverbo zanesljivosti elektroenergetskega sistema. V rezultatih razširjenega
optimizacijskega modela s stohastično komponento je tudi prikazan prednosti seznam
optimalnih lokacij za postavitev polnilnic različnih tehnologij, ki se razvrščajo po svoji
verjetnosti izbire lokacije. Rezultati zajamejo tudi natančnejšo analizo negotovosti dosega
električnega vozila in scenarije vpliva na optimizacijo izbire lokacij in skupnim stroškom
postavitve.
Med glavnimi izvirnimi prispevki doktorske disertacije so:



nov večkriterijski matematičen postopek za optimalno načrtovanje izgradnje polnilne
infrastrukture za električna vozila;
nov kriterij, ki definira zanesljivost polnjenja (angl. Charging Reliablity) polnilne
infrastrukture s ciljem zagotavljanja neomejene mobilnosti električnih vozil;
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kriterij preverjanja zanesljivosti obratovanja električnega omrežja;
nov kriterij kakovosti storitve polnjenja polnilne infrastrukture (angl. Quality of
Service) na podlagi zahteve uporabnikov električnih vozil glede njihovega
razpoložljivega časa za polnjenje baterij in glede na trenutno stanje baterije;
razširitev predlaganega optimizacijskega model s stohastično komponento. Cilj je
zajeti vse negotovosti povezane z vhodnimi podatki (obnašanje voznikov, domet
električnega vozila, razpoložljivi čas polnjenja baterije električnega vozila in stroški
izgradnje, obratovanja in vzdrževanja glede na tip polnilne tehnologije).

Ključne besede: polnilna infrastruktura za električna vozila, zanesljivost polnjenja baterij,
optimizacija lokacije polnilnic, električna vozila, kakovost storitve polnjenja baterij,
stohastični scenariji, MILP, optimizacija izbire lokacij.
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1. Introduction
In recent years, electric-drive vehicles (EV) have been gaining importance as an alternative
transportation option. Majority of the authorities are adopting national strategies that mainly
address the EVs power supply, cost and benefits of EV ownership, infrastructure readiness,
public awareness, social acceptance and clean environmental growth, [1]. They often include
EV purchasing premiums, relaxation of the EV importing taxes and excise duty release. Other
incentive measures are: free parking spaces in public parking areas, release from pay-toll
expenses, using the paths reserved for buses and taxis of the public transport, fee release for
EV registration in the state vehicle register, etc.
The biggest disadvantage of EVs is in their purchasing cost, which in comparison to the one
of the conventional vehicles (CVs), it is still relatively high, [2]. For that cause, many EV
manufacturers are trying to offer less expensive models, which will be comparable to the one
of the CVs, where the new charging technologies will also provide faster and reliable battery
charging. A present forecast states, that the EVs will be cheaper than the EVs by year
2022, [2]. Present trends are stating that the future of the EVs manufacturing is in the lightweighted EVs with smaller dimensions and fewer seats. The general tendency is to increase
the battery capacity by reducing the weight and optimally reformulating the design of the car
by using new, lighter but stronger materials. Regarding the maintenance of the EV, records
indicate that the EVs are subject to fewer mechanical services in comparison to the CVs, since
their main components (AC motor, electronics, etc.) are highly efficient and have longer
lifetime. By the involvement of the EVs, it is expected lower maintenance and transportation
costs, higher security in traffic, powerful automated guidance, increased transportation
efficiency, higher cost-effectiveness, etc., [1].
According to [3] and [4], the EV fleet in transportation is growing rapidly. All long-term
(technical, economic and social-ecological) forecasts are ensuring that by the year 2020 the
share of the EVs will be significantly increased. For instance, a draft version of
“Slovene energy concept“, [5], from 2015, assumes reduction of the greenhouse emissions by
year 2055 by at least 70%, in comparison to year 2005, which indicates to a 100%
electromobility in public and private transportation sector. However, the growth of the EVs
share, in parallel contributes to increasing battery recharging needs. In this respect, it must be
noted that it does not matter how many charging stations (CSs) are placed and available, if they
are not placed at the right locations to maximally serve EV users. The drivers point out, [6],
that there is a scarcity of CSs available when going on longer trips and even in the case where
a CS is found on-route, the problem stemming from a plethora of connector and charging
standards, which may be unsuitable to charge the battery, still remains unresolved.
Increased share of the EVs will, for sure, have a direct impact on the operation and reliability
of electric power systems (EPS), as a consequence of the charging/discharging processes of
the batteries in the EVs. Recently, the optimisation models for the CSs placement that consider
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the proper integration of CSs in the EPS are gaining significance. The main goal of the system
operators (SO) still stays to ensure reliable power supply to it’s end-users. Consequently, EPS
reliability check has to confirm the allowed operational limits and power balance in the
network. Giving priority to implementing CSs at locations facilitating the EPS operation is
highlighted in [7]. The network must include a user convenient charging infrastructure (CI)
that does not expose the EPS to higher uncertainty. Therefore, all the power network expansion
planning strategies must find cost-efficient approaches to suitably place the charging stations
for the EVs.
The establishment of the CI infrastructure for EVs concerns both, the road and electric network
operators, for the good of the EV users. In near future, it can be expected the establishment of
an EV operator (EVO) that will be responsible for ensuring the reliable operation, maintenance
and planning of the entire CI. The EVOs would consider placing CSs at locations, which would
not burden the power network based on the mobility behaviour analysis by considering the
EVs’ trajectory patterns and the required electrical energy for transportation. EVOs must also
consider that EV users would prefer also CS locations close enough, so that distance/traveling
time and the charging time of the service is as short as possible. Additionally, the EV users
would prefer a CI that is easy accessible and convenient to their needs.
The planning of the CI for EVs includes various aspects, such as:






technical:
o options of connecting the CSs to the power network,
o line loadings,
o power network flexibility and adequacy,
o voltage profile,
o power losses,
o reverse power flows,
o reliability and security of power supply,
o power quality,
economic:
o land costs,
o connection costs,
o equipment costs,
o operation and maintenance costs,
o additional power losses costs,
o costs of providing ancillary services,
o element’s outage costs,
social:
o mobility behaviour of EV users,
o EV's trajectory patterns of movement,
o accessibility of the CSs,
o convenience of EV users,
o quality of service of the CI.
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All these aspects are later elaborated specifically in the literature overview heading.
It can be seen, that the planning of the CI is complex issue. The goal of this doctoral dissertation
is to introduce a new optimisation procedure for expansion planning of the CI that covers as
much of the aspects mentioned above.

1.1. Dissertation purpose
EVs have significantly shorter range compared to CVs. However, research on this subject
suggests that EVs still meet the daily transport needs, [8], and the level of the driving range
anxiety is low. The biggest problem regarding the charging of the EVs arises when users dare
to go for longer distances with their EV. The limited range of EV makes such a journey much
harder, as drivers must stop several times to recharge. This raises the question of whether the
EV user has a properly placed CSs in order to successfully complete his journey. It’s not just
the problem of having a CS in its way, it’s also a matter of the duration of the charging time,
because it affects the provided charging service. Therefore, it is primarily to provide CS placed
within the driving range and on the way of the pattern trajectories of EV movement, as well as
to provide charging technologies that ensure charging times, which will correlate with the time
that EV users are willing to spend to charge. Certainly, faster charging will meet the
expectations of the users regarding the required level of quality of the CI charging service, but
it involves the integration of CSs with higher charging power that can come to a conflict with
the normal EPS operation and network reliability. The EVs’ mobility behaviour can be used to
find for both the battery recharging needs and the EV trajectory patterns of movement. With a
more profound analysis of the mobility behaviour, the spatial and temporal characteristics of
the trajectories can be determined which can be henceforth used in the process of CI planning
and for provision of ancillary services to enhance the normal EPS operation.
The purpose of this doctoral dissertation is to present new optimisation procedure for the
optimal CSs placement by minimal investment costs to face the EV range limitation and
required quality of service without interrupting the normal EPS operation. The model is based
on the eminent set-covering theory, [9], [10], [11], which practically defines how to find the
minimal number of facilities to be placed in an area to cover the demand needs. It is
considerable to propose a new optimisation model to employ a principle that engages unlimited
cruise for the EVs based on their mobility behaviour, but also the incorporation of the charging
technologies that dictate the charging time followed by an EPS reliability check. Additionally,
the purpose of this dissertation is to facilitate the transition from deterministic to stochastic
formulation of the optimisation placement procedure. The stochastic formulation is important
for the long-term CI planning, as the knowledge of future value of the input parameters is often
poor at the time of planning stage. The new optimisation procedure employs settled
mathematical approaches and methods that give reliable numeric results.
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1.2. Headings outline
Section 1 introduces the readership with the research field, where the main purpose and outline
of the headings is presented in order to get familiar with the thematic elaborated in the doctoral
dissertation.
Section 2 shows a profound literature overview of the field. First, it involves definitions and
explanations of few essential terms used in electromobility so as description of it’s
development and future trends. In the subsections of the literature overview, we discussed
selected papers that we consider that are most relevant for our research and from which the
readership can obtain clearly the scientific contributions of the work that we have done. In this
section we also show the trends in the optimisation techniques for CI planning. At the end, we
make conclusions regarding the literature overview and we present the incentives used for
researching.
Section 3 is the core of this doctoral dissertation. It elaborates the optimisation procedure for
CSs placement. It describes the approach used to formulate and define the input parameters
and main principles, so as the optimisation model with its objective function and constraints to
derive the CSs placement plan. The definition of the objective function is set on minimising
the overall investment costs for placing the CI, while the constraints are set on ensuring the
charging reliability of the CI, the required quality of service (QoS) by running an EPS
reliability check.
Section 4 presents the stochastic formulation of the optimisation procedure. It shows the
stochastic modelling of the input parameters. Numerous scenarios are created to include all the
possible occurrences relevant for the CSs placement. By using a newly incorporated search of
representative trajectories of the EVs movement based on the trajectories’ similarity index and
a scenario reduction method (K-MEANS), common stochastic scenarios are formed, and are
henceforth executed by the optimisation model. Based on the particular scenario’s probability
of occurrence, the placement probability of the optimal locations is identified, which is
valuable for the CI planners when locations are prioritised in the case of limited budget.
Section 5 shows the numeric results, which confirm the excitability of the developed
optimisation procedure shown in Section 3 and for it’s stochastic formulation in Section 4.
Different case studies and results are shown, presenting the optimal CSs placement layout,
number of CSs, overall CI placement costs and locations’ placement probability.
Section 6 draws the conclusions and the scientific contributions of the work done in this
doctoral dissertation.
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2. Literature overview
Following subsections provide a detailed elaboration of the most important scientific papers
and relevant themes on the topic of EVs and optimal CSs placement. The final conclusions at
the end of this section also show what is lacking and what can be additionally incorporated as
novelty in the research field.

2.1. Electromobility
Electromobility is a road transport system based on vehicles that are propelled by electricity,
such as electric cars, buses, bikes, mopeds, tricycles, etc. All of these EVs are equipped with
an alternative-current (AC) electric motor, as their main powertrain, and a battery that stores
electrical energy that can be recharged using an external power supply source. The
revolutionary era of electromobility started in the last decade and requires more time to
develop. It also needs to pass through a complex socio-technical transformation that evokes
incentives for technological development, innovation, development of new business models,
policymaking and exploration of a new mobility behaviour.
Transportation is major contributor to urban noise and air pollution, [12]. Therefore,
electromobility is forced in highly polluted, smog-affected regions with high population
density, in order to reduce the effects on the environment. Still, EVs are part of the transport
and yet have their contribution to public noise, but release lower polluting emissions, [13]. EVs
are also included in the measures taken to mitigate the effects on climate change and to increase
the sustainability in transportation mobility which is based on the growth of the public
transport, [14], and active (physical) mobility, [15]. Such measures include also utilisation of
low-carbon fuels, integration of renewables in the EPS, etc., [16].
Vital components to enhance the level of electromobility in transport are:




Longer driving range; having EVs that can go for longer distance per single charge is
one criterion that will contribute at most in adopting more EVs.
Properly located CSs; form logistical aspect, the CSs must be placed at EV range
reachable locations, to engage unlimited mobility of EVs.
More network capacity to integrate CSs; regarding the network capacity, two issues are
apparent. First, the installed power transmission and delivery capacity of the network
can be limited and new reinforcement and replacement investments may be needed to
additionally load the power network. Second, the power network can deliver power,
but there can be generation insufficiency, which can be resolved by installing additional
generator units. Nevertheless, the power balance in EPS must be kept, besides the
additional loading due to EV’s charging.
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Lower purchasing costs of an EV; at present state, the purchasing costs for new EV are
very high. Without any financial support from the governmental authorities, purchasing
an EV is only available to richer customers.
Advanced technological education level of customers; the customers that are more
familiar with the technology that drives the EVs, will most probably make a decision
in purchasing an EV. Making the technology of EVs widely available by offering an
open access to principles, methods and test drives will hopefully result in more EVs on
the roads.

On the long-term, the main drives of electromobility are considered to be:





Tax relaxation, financial support and financial investments in companies that are
producing charging systems, companies that manufacture and can maintain the CSs
and companies that can activate EVs in the provision of ancillary services.
Optimisation of EV model’s performance.
Opening up public CSs at private locations that involve a privately owned renewable
generation.

According to [5], the future of electromobility in Republic of Slovenia is envisioned with a
total electric mobility incorporation in transport by the year 2055. The EU clean fuel strategy,
[17], defines the proposed targets of publicly accessible infrastructure by year 2020. Some
experts say that these forecasts for EV’s adoption in Slovenia are too optimistic, since there
are still unresolved issues, such as undefined deployment policy, regulators, bureaucracy,
un-expanded CI, elaborated examination of the EV charging impacts on the normal EPS
operation and the security of power supply, cost-efficiency analysis of the massive EVs
integration, etc. The implementation of the Central Green Corridor, [18], which goes through
Austria, Germany, Slovakia and Croatia, was the first major project that got fast charging CSs
placed in the Slovene highroads and is considered that is step forward towards improving the
strategic logistic charging conditions for the Slovene electromobility.

2.1.1. Electric vehicles
An EV is a battery charged vehicle that has a fully electric powertrain configuration. In
comparison to CVs, which enjoy the exploration of the engineers for the past 60 years, the
EV’s production industry started to develop in the past decade.
To get a deeper insight into the EV’s, in continuation we show those features of the EVs that
are most advantageous and disadvantageous. We consider that advantageous features of the
EVs are:


Lower transportation costs; currently the EV’s transportation costs are significantly
lower in comparison with CVs, [1]. This assertion is made by calculating the costs for
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fuel (for the CVs) and electrical energy (for the EVs) in combination with the specific
consumption rate of the vehicle per travelled distance at certain speed.
Lower maintenance costs; the costs for regular maintenance of the EV are low, since
the service only includes seasonal changing of the tyres and simple visual inspection
of the battery system for signs of any connection faults.
Low pollutant emissions; the pollutant gases and particulates emitted by the EVs such
as: (PM10, PM2.5), NOx, SOx, CO, CO2, are very low (manufacturing emissions
excluded). This fact makes the EVs more environmentally friendly.
High energy transformation efficiency; the energy transformation efficiency of the AC
drives (electrical to mechanical) is over 90%. In this calculation, the power supply and
the network losses are neglected. Just for comparison, the energy transformation
efficiency of the internal combustion engine of the CVs is 20 - 30%.
Driving assistance; this is an advantages feature, since majority of the EVs have an
integrated computer for assisting in adjusting the speed of the EV in accordance to the
speed limitations and traffic on the roads. More expensive EV models offer an option
of autonomous driving.
Regenerative breaking; this is a feature for the merit of the reversibility of the AC
drives. When AC motors are in reversible regime (generator mode) a counter force is
engaged in the magnetic field that is used for regenerative breaking of the EV.
Rapid acceleration; AC motors of the EVs are designed to deal with a high value of the
torque on wheels, which deliver instant acceleration.
Longer lifetime; EVs are more likely to last longer due to the new materials used for
it’s manufacturing, proven durability of the AC motors and electronics installed.
Smart grid asset; a fleet of EVs can be included in the smart grid concept as smart grid
asset in combination with the renewable generation to provide ancillary services such
as energy storage or to participate in demand side management.

Disadvantageous features of the EVs are:




Energy storing cost; EVs have higher costs for storing power. Many types of battery
storing technology are at disposal, however, the Li-Ion technology is the one that gives
the most promising results in terms of efficiency and production costs. Oppositely, CVs
are using a regular metal thank, that costs few times less than the battery and can have
higher capacity by only increasing its dimensions.
Charging time; the EVs charging time is longer than the usual gas tanking of a CV’s
reservoir, even in the case of fast charging. The power supplying the battery can be
limited by the charging capacity of the CS, connectors, plug cable, etc. This feature of
EVs is especially disadvantageous when going on longer distances, since the traveling
time is significantly extended.
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Short driving range; EVs have shorter driving range per single battery charge in
comparison with CVs. Consequently, the EV users must be more aware in selecting the
proper route when they want to travel and to make plan for battery charging.
Weather impact on battery; the battery of the EV is very much dependent on the
temperature, i.e. present weather conditions. Warm weather has an effect to shorten the
battery lifetime and cold weather reduces the battery capacity.
High purchasing cost; EVs struggle to be cost-competitive. The manufacturers are
constantly analysing, optimising and using various materials to improve the EV
components by also trying to reduce their costs. To face this problem, many developed
countries are offering purchasing incentives.
Battery lifetime; the battery lifetime for the Li-Ion storage technology is evaluated to a
period of one decade. New research and investments in development of this technology
gives promising results in storing higher power density in smaller dimensions and more
recharging cycles to extend it’s lifetime.
Loose charging infrastructure; one of the main barriers to the uptake of EVs is the lack
of CSs. EV users must be logistically supported by providing more CSs, which will
additionally strengthen the EV’s charge anxiety and user convenience.

One of the crucial components of the EVs is the battery, which can be distinguished by the
battery storing technology, capacity, charging rate, power density, etc. In the following
paragraph, we present the most important battery characteristics, such as:










Battery technology; the most favorited battery storing technologies are: Li- ion and LiIon Polymer, Pb, NiCd, NiMh. Certainly, the Li-Ion technology is used the most, since
the performance, efficiency and costs in comparison to other technology types is more
advantageous.
Specific energy; the specific energy of the battery is defined as the ratio of the rated
battery capacity and the battery mass. The goal is to come to a very high specific energy
of the battery, that will satisfy greatly the electromobility needs and that will be
comparable with the specific energy stored in a CV’s reservoir.
Energy density (volumetric energy density); the energy density is defined as the
nominal battery energy per unit volume.
Specific power; the specific power is defined as the ratio of the rated battery peak power
and the battery mass.
Battery capacity; the rated battery capacity is related to the product of the current
discharge capacity and the rated battery voltage. Usually, the battery capacitates vary
depending on the type of the EV and it’s transportation purpose.
Charging rate (C-rate); this is a measure of the rate at which a battery is discharged
relative to its maximum capacity. For example, a 1C rate means that the discharge
current will discharge the entire battery in 1 hour.
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Battery weight; the battery can weigh as much as half the weight of the EV. Usually is
settled in the powertrain in places that can support higher weight such as the drive axis.
Battery weight is one of the major problems since it requires analysis to decide which
parts of the EVs must be additionally reinforced.
Battery lifetime; the battery lifetime is associated with the:
o State of Charge (SoC), considering the ratio of the remaining battery capacity
and the rated battery capacity.
o Depth of Discharge (DoD), DoD is used to indicate the percentage of the total
battery capacity that has been discharged.
State of Health (SoH); this parameter shows the condition of the battery, considering
the ratio of the present energy capacity and the initial battery capacity.
Cycle life (number of cycles); this parameter is allied with the number of
discharge/charge cycles the battery can perform, before the battery fails specific
performance criteria. Higher DoD, implies shorter cycle life of the battery.
Battery cost; battery cost seems to be an everlasting problem. On the following figure
is shown the projection on the costs of the battery thorough the year 2020. The ultimate
goal is to reach the 300 $/kWh by year 2020.

Figure 1: Estimated costs of batteries for EVs through year 2020, [19]
A potential customer will make a positive purchasing decision if the EV meets his daily
transportation needs, [14], and if is prepared to face the battery charging time and the limited
driving range, [15]. Very often, the EV’s driving range is considered as the main influential
factor that questions the final purchasing decision, [21]. For different models of EVs, battery
technology and capacity, the EV driving range is different. Each time, the initial EV driving
range will be reverted after the battery is fully-recharged. Although, there are some factors
having an effect on extending or reducing the EV’s driving range such as:
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Driving style and skills; variations of the driving speed, rapid accelerations, breaking
and similar driving has an effect on the battery SoC.
Road condition and terrain configuration; road steepness also affects the driving range.
If the EV is driven on a plain surface, the range will be longer, in comparison when
driving up-hill. Inclined surfaces affect the battery discharge, since the electric motors
are more loaded. This effects on driving range on such way, that it shortens the overall
traveling distance. Down-hill driving also frequently activates the breaking system
which causes battery discharge. Also, the actual road condition affects the driving
range, since the pot holes, metal parts or gravel roads, cause frequent applying of the
breaks and the automatic gear changing.
Traffic congestions; very often a long traffic congestion affects the battery to discharge
more rapidly. For example, getting caught in a traffic jam for several hours significantly
reduces the EV driving range.
Air-conditioning on board; the air conditioning is related with the weather. The ambient
temperatures are dictating the on/off state of the air conditioner and consequently the
battery discharge.
Battery condition; what is the condition of the battery is related to the number of
charging cycles, time of utilisation, battery technology, etc. More used batteries are
expected to be in more dissipated condition and to have smaller storage capacity.

As the short driving range is considered as one of the major drawback of EVs, manufacturers
are developing driving range prediction programs, [22], that are installed in EVs and can give
parallel proposals for battery charging at near-by locations in case if the battery is drained.
These programs also lower the charging anxiety, [23], and are useful for route and charging
planning, which increases the transportation traveling efficiency of the EV users.

2.1.2. Charging technologies
In the newer era of the EVs, one of the main problems was the charging connectors’
incompatibility, since each EV manufacturer had developed his own type. Lately this issue is
resolved by the introduction of standards (such as IEC 62196, [17]) that must be incorporated
by all EV manufacturers. For those EV users who already have incompatible plug-in
connectors, still have the option to charge their EV by using a connector adapter.
The related charging time needed to recharge the battery depends on three main factors: the
charging power, the battery capacity and SoC at the desired time of charging. The allowed
charging power of the CS is dependent on the current protection settings and the lines
transmission capacity. The battery capacities differ, starting from the EV type, model, number
of wheels, car-body, AC motors, battery voltage, discharge/charge rate, etc.
For the battery charging, various charging technologies are available, but 3 standard charging
levels are currently operating:
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The first charging level (Level 1) is referred to use of 1-phase AC system with up to
3 kW charging power (usually 1 kW), [24]. Depending on the battery features, the
charging time can be up to 24 hours.
Second charging level (Level 2) uses 3-phase AC with up to 24 kW charging power,
[24]. The charging times are up to 8 hours. It also requests additional arrangements
with network operators regarding the protection and the additional equipment to be
installed (transformers, breakers, switches, etc.).
The charging level (Level 3) is rather called fast charging level. Charging rate is within
the range of 44 - 240 kW, [24]. Fast charging can fully charge the EV battery in
15 - 30 min, [25], which is relatively comparable with the fuelling time of a CV’s
reservoir. Level 3 requests connection to higher voltage level and the implementation
is more difficult in comparison to Levels 1 and 2, since additional power equipment
must be installed.

The following figure shows the charging power and the voltage level, together with the current
established for that case.

Figure 2: Charging technologies with their charging powers, voltage level and currents, [26]
As anticipated, the fastest charging technology has the highest installed charging power, and
accordingly the voltage connection level is higher. To transfer even higher powers the direct
current (DC) connection is most commonly used. The currents established in that case are
comparable with those at high voltage lines.
The capacity of the EV’s battery is usually between 20 - 60 kWh depending on EV’s
transportation purposes. Even though Figure 2 shows the charging times for the charging
technologies, in Table 1, we presented more specifically the charging powers and the charging
times for the different charging levels for a charging a 20 kWh battery.
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Table 1: Charging levels

Level 1
Level 2
Level 3

Charging power
(kW)
3
10
100

Charging time
(min)
400
120
12

Table 1 shows that the charging time for the fast charging technology is the shortest (12 min)
and contributes at most for the public acceptance of the EVs, [27]. However, the installation
of this charging level is more technically demanding, since additional network elements are to
be integrated, such as a transformer to connect to a higher voltage level and a rectifier to
generate DC voltage, [24]. The lower charging levels are for charging with lower powers and
are recommended for installation at private or public locations where EVs are parked for longer
time, such as during the working time or at home during the night.

2.1.3. Charging infrastructure
CI is essential to increase the mass deployment and popularity of the EVs. It is a big challenge
that involves the design and roll-out of a network of public (and private) CSs with associated
user authentication and billing systems, environmental safety, public security, standardised
plug-in connectors, etc.
Today, it turns out, that EV users have a problem with charging anxiety (scarcity of CSs) rather
than range anxiety. Typically, EV drivers can drive up to 350 km and is a range that meets the
daily needs for crossing a distance of 80 km, [8]. The EV manufacturers have made
commitments in delivering EV models with longer ranges in the next few years. However, the
problem arises when EV drivers want to travel for longer distances and they need to use public
CSs. In some cases, they may even take a longer detour off-route to meet a CS. Therefore, CSs
must be placed at locations that are convenient for EV users i.e. at locations where EVs are
most usually driven. At the arrival, the CS may be occupied and they EV need to wait in line
in order to be processed. This situation can be quite repetitive, since EVs are charged for longer
time. While EV is on stand-by for charging, they need to be parked which can increase the area
needed to place a CS.
A significant barrier for the widespread adoption of EVs is the random distribution of CSs,
which is regarded as a cause of having scarcity of convenient charging locations. In [28], the
fundamentality of the energy infrastructure problem regarding telecommunications, railways
for trains, electricity grid and natural gas pipelines in the energy sector is discussed and it is
shown that new infrastructures are built when required to overcome strategic needs. Also in
[29], the scarcity of having recharging facilities in convenient locations is argued. It is pointed
out, that the main barrier for adopting alternative fuel vehicles is the huge cost of developing
a dispersed CI. New methods must be involved to minimise the costs of establishing a CI.
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In [30], it is discussed that we can distinguish between four categories of CIs:





Public CS on public domain (e.g. roadside/sidewalk).
Publicly accessible CS on private domain (e.g. commercial areas such as shopping
areas).
Semi-public CS on public or private domain (e.g. car sharing CS, hotels or business
parking for visitors and customers).
Privately accessible CS (e.g. home or work locations).

This dissertation is focused in offering the optimal solution relating the placement of CSs,
particularly on public domain as one of the key pillar in the achievement of mass EVs adoption.

2.1.4. Electromobility development
CVs can be easily refuelled and it usually takes no more than 20 min for a full-reservoir at any
gas station. For majority CV users, the locations of the gas stations are already well-known
and signs noting where they can refuel their vehicles are clearly exposed at noticeable places
along the roads. This makes it easy for the CV users to find a convenient place to refuel.
However, the EV users face the problem of lack of signage on roads indicating to a CS location
and reliability of the applications guiding the EV users to find the charging locations. This is
when EV users face charging anxiety and usually happens when they are going on longer trips,
driving through unfamiliar areas. When starting a trip, EV users are making charging planning
by using their preferred applications showing a map of chargers. However, different programs
have different guiding signals, maps, CSs locations, charging availability info, etc. Difficulties
occur when EV users are guided through unknown neighbourhoods and loose the guiding
signal, and no traffic signs are placed on the roads indicating to a CS, which puts users in
uncomfortable situation increasing their charging anxiety. Additionally, EV users must use
few charging planning applications, since as consequence of business interests and competition
among the CSs energy providers, some charging locations are not even included in a particular
application. Regarding this aspect, more development must be made in putting more signage
on the roads that is easy recognisable, greater unification of the applications with the charging
maps and information flow in guiding EV users to the CSs.
More effort must be put in developing standard plug-in charging connectors. EV users face
this problem where the plug-in connector of the EV is incompatible with the CS plug at certain
locations or is compactible, but the charging powers are limited, which prolongs the charging
time, making EV users very uncomfortable. Many EV manufacturers use this strategy
intentionally and integrate connectors that can only charge at CS locations that are in their
ownership, expecting higher promotion and originality. However, this strategy has counter
effect and discourages EV users to go on longer trips.
More development must be done in finding an approach in merging the EV users’ charging
accounts opened at different electrical energy providers. While on road, the EV users can face

14

Literature overview

the problem in arriving at charging location with minimal battery charge and need to charge at
that location, but their charging account is from another electrical energy provider. There are
some existing initiatives in resolving this issue, but more policy development is needed that
will contribute to the higher comfortability of EV users.
For the EVs a big advantage is that the battery recharging time is almost comparable to the one
for the CVs, but the disadvantage is that the driving range is significantly less, which can be
resolved by placing more fast charging CSs that consequently cost more. Since, more
development must be made in improving the battery storage capacity and the technology to
transfer the charging power to the battery more rapidly.

2.1.5. Future trends in electromobility
For the future trends in electromobility, many initiatives appear as the concept of fast inductive
charging via the roadways or wireless charging. Fast inductive charging technologies allow the
exchange of high power quantities (>20 kW) between an EV and the power network in
contactless way, [31]. Since higher powers are transferred significant power network impacts
can be expected that will reflect on EPS operation. By date, experiments are conducted only in
laboratories and studies are made to evaluate the network impacts. Until their implementation
there are still decades to come.
Other specific trends are moving from EV car ownership towards car sharing and EV renting
services. For example, in [32], a two-stage stochastic optimisation problem is presented
suitable to solve strategic optimisation problems for locating CSs of car-sharing systems that
utilize electric cars.
Also in the future, it is expected that more vehicles will be autonomous, as they are expected
to offer higher comfort for traveling at lower costs, [33].

2.2. Integration of electric vehicles in the electric power system
Besides focusing on EV sales and other influential factors that contribute to increasing EV
sales, more focus must be given to how EVs can take a greater part in the smart grid concept
as a smart grid asset. EVs are parked for the majority of time, whether the EV users are at home
or at their workplace. Each EV has a storage unit on-board that can be used to provide the SOs
additional ancillary services as they are plugged-in to the power network. Certainly, the
manipulation of the battery charging/recharging is allowed by the EV users as long as their
convenience is kept concerning the charge needed to fulfil their daily driving distance
needs, [34].
In the smart grid concept, the EV fleet can participate with the help of an effective control
algorithm where the potential for storing power combined with renewable sources can be used
to control the effects of the EV fleet on the network, thereby contributing to stabilizing EPS
operation and reduce more the exhaust emissions.
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The literature has recognised a variety of concepts for integration of the EVs in the EPS and
other operation modes, such as:






Vehicle to grid (V2G)
Vehicle to home (V2H)
Vehicle to vehicle (V2V)
Vehicle to market (V2M)
Vehicle for grid (V4G)

For all these operation modes of the EVs, the reverse mode can be also used (example G2V,
H2V, etc.). Nevertheless, in this dissertation, we elaborate in detail three concepts which are
most in commonly used: V2G, V2H and V2V.

Figure 3: EV operation modes (shown in Figure 5 in [40])
V2G concept is widely discussed, [35], [36], [37]. It is the concept where the EVs are parked,
connected with the electric power network and have a bi-directional communication module
to allow controlled energy exchanges between the network and the EV, as discussed in [38].
This concept allows the provision of several ancillary services like peak shaving and fast power
response for the spinning reserve, [39]. As more people choose EVs, the potential of demand
side management using V2G, will have huge value to the utility’s load profile.
V2H is also a concept for the active participation of EVs within the home grid. The EV is
connected to the home grid by a bi-directional charger, enabling the EV to exchange energy in
the home grid in correspondence with the charge/discharge control scheme. In the V2H
scheme, besides the EV’s storage unit, the home loads, small-scale renewable generation like
small wind turbine or photovoltaic panels and a controller are included. In this case, the
reactive power within the home grid is provided by using a capacitator, [40].
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V2V concept is about the connection between multiple EVs by using a local network, [40].
For this concept, the EV’s storage units are exchanging electrical energy with other EVs
connected in a V2H or to a local network. Usually, the EVs are connected to a network of a
parking lot or a smart home to exchange electrical energy. Generally, the V2V and V2H are
related, since the V2V is an improvement of the V2H concept, where the basic idea is to
exchange energy locally when needed.
These concepts are developed for the active participation of the EVs with the electric power
network and for the transition of the EVs from passive to active i.e. controllable elements in
the scope of the EPS.

2.3. Optimal charging stations placement planning methods
Installing CSs at existing locations such as parking lots or gas stations is considered as effective
way and good measure to encourage the adoption of the EVs, [41]. However, for reasons like
higher cost-effectiveness and easier EPS integration, majority CI planners are using
optimisation models to identify an optimal CSs placement solution.
CI expansion models have placed the optimisation objectives on the minimisation of the CSs
allocation cost, minimisation of distance/traveling time to a set of CSs, maximising the
covering of demand clusters during morning and evening peak hours, maximisation of the
number of charged EVs or total energy recharged, etc. A review of placement models is shown
in [42]. Constrains of the optimisation models set limits on candidate locations capacities
(power, parking, etc.), number of EVs that can be charged, etc. Other models incorporate the
uncertainties with regards to the battery charging at CSs (stochastic load modelling), the
simultaneous charging/discharging of EVs (V2G participation), mobility behaviour of EVs
accounting for their spatial and temporal parameters, drivers’ disposable charging time, battery
condition and SoC, electricity markets (load growth and electricity price), etc.

2.3.1. Models based on set-covering theory
Up until now, literature has recognized a variety of discrete location models. The taxonomy of
discrete location models fall under three categories: coverage, median and dispersion models
as noted in [42]. The coverage location model relates to the discrete set-covering theory, as
explained in [43], and it is stated as discrete set-covering location problem (SCLP), where by
definition, the problem is to find the minimum number of facilities to cover the demand that
represented as passing flows or potential customers aggregated as area points. The first
practical discrete SCLP model was introduced in [44], where it was used to find the minimal
number of emergency service facilities to cover the demand nodes by at least one facility. The
sets are composed of the potential facility nodes within a specified time or distance measure
criteria from each demand node. Then one constraint is written for each demand node requiring
a coverage regarding the criteria. The costs in the objective function are equal for all the
emergency service facilities. The SCLP model is then defined and solved by using a linear
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programming approach. One of the first SCLP models used for the determination of CSs
locations is presented in [45]. The main reason why the model was developed is to enhance
the initiative to mitigate air pollution in an area with high population density. The objective
function is to minimise the CSs placement cost and the constraints are set on the candidate
locations capacity. Additionally, a sensitivity analysis seeks the minimum charging time and
length of stay at each location. As a conclusion, it is stated that faster charging method would
significantly reduce the number of CSs. The same optimisation procedure shown in [45] is
applied in [46] for the determination of battery exchange stations which is considered as more
timesaving option when owning an EV. [47] uses the concept of SCLP and a vehicle refuelling
logic to propose a hybrid model with dual objectives, using a mixed-integer programming
method to locate CSs at minimal cost. First objective is set on placing CSs at minimal costs
and the second one is on the maximum population coverage. Again, it is pointed out that the
longer the EV range, the fewer the CSs to be placed to serve the population. Another similar
model with the concept of location covering based on vehicle-routing logic is shown in [48].
In [49], set-covering theory based model is shown that considers the existing traditional gas
station network as the candidate locations to determine the distribution of the charging and
battery swap stations. The objective function minimizes the total cost of deployment of the
CSs, by including the transformation cost of the gas station into a grade noted charging station
subject to the candidate locations coverage and the service capacity of the CSs. EVs are for the
majority of time parked, while their users are at work or at home. Therefore, in [50], a parkingbased set-covering model is introduced, where the objective function is based on the
minimisation of EV users’ CS access costs while penalising unmet demand. The constraints
are set on the parking demand, charging supply, CS availability, CS spacing and minimum
inter-stations spacing. [51] elaborates a model where the CSs coverage is maximised with the
constraints set on the distance between the demand node and the nearest CS which equals to
the CS service range derived from the modelling of the Trip Success Ratio (TSR). The
modelling of the TSR with consideration of the uncertainty of the trip distances and the
uncertainty of the remaining range of the EVs. Additionally, a diversity of driving behaviours
and different trip types are included. In the allocation stage, the model places the CSs on a way
they cover the road network with certain quantified TSR level and to enhance the CSs
accessibility. Another formulation based on the CS coverage is shown in [52]. The objective
function is to minimise the placement costs of the CSs while satisficing the EV users’
convenience i.e. covering the flow demand in the induced subgraph condition for all the nodes.
The constraints are set on the CSs capacity that opens the possibility for additional capacity
upgrade. The paper also notes the possibility of equipping the CSs with storage units and
renewable energy generation in combination with practical methods like installation of
distributed active and reactive power injection control to alleviate the effects of the increased
charging demand on the power network.
In location set-coverage models, it is assumed that unlimited resources are available for placing
the CSs, which is a rare case in reality. Therefore, the extended version of the SCLP problem
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is defined as Maximal Set-covering Location Problem (MCLP), where the total amount of
nodes served is maximized by a predefined number of facilities (limited resources). A model
for maximising the covering of the demand clusters during morning or evening peak hours is
proposed in [53] where the constraints are set on the number of CSs which can be bought for
the available budget. Another MCLP model with constrained budget is shown in [54], which
is coupled by a simulation process to determine where to locate CSs to maximise their use by
privately owned EVs. The objective function is set on maximising the number of charged EVs
or the total electrical energy used to charge by setting the constraints on the charging capacity
of the candidate locations. In [55], a new model and framework for CI placement is presented
by incorporating an Occasional CS Location Model (OCSLM) based on the MCLP model. The
OCSLM is developed to address the issues such as integration of more realistic assumptions
and integration of characteristics of occasionally occurring break time as fractional charging
potential. In the objective function, the volume of demand spots that are located within the
covering distance is maximised. The constraints are set on candidate locations coverage and
on the number of facilities to be placed. With a view to decide on the location and number of
public CSs within the CI planning process, [56] proposes two optimisation models for two
different charging types – fast and slow charging, which aim at minimising the total CS
placement cost, while satisfying certain spatial coverage goals with a budget limitations for
placing CSs. Instead of using discrete network points, polygons are employed to represent
charging demands. The objective function is considering the placement costs of the CSs, and
the constraints are set on the polygons coverage by placing a CS, the number of EVs in a
polygon and the percentage of polygons coverage.

2.3.2. Models based on vehicles travel patterns
Very often, vehicles follow a certain spatial and temporal pattern of movement. For example,
people go to work on workdays from location A to B, at the precisely known time instances of
the day, however, some deviation of the trajectory between A and B is to be expected in reality.
In order to capture the nature of EV drivers’ mobility behaviour, some representative
trajectories of various EV fleets or individual EVs have to be derived. Thus, the importance of
a similarity analysis of trajectory data (e.g. EVs’ trajectories) is widely recognised, [57]. Raw
EV mobility data include a combination of all sequential spatial-temporal EV movement.
However, they must henceforth be analysed, since the data alone does not give any
information. This complicated task is also handled in other research areas, such as traffic
estimation, movement behaviour, traffic pattern finding etc. In [58], the current tracking
technologies are used to collect movement data from vehicles. By applying aggregation
methods, the gathered data are processed to represent the results of aggregations and enable
comprehensive exploration of the data which is hence used in the domain of city traffic
management. Similarly, in [59], a clustering approach is proposed to extract meaningful
clusters from large databases of spatial-temporal movement data by combining clustering and
classification. An interesting approach is presented in [60], where an area of interest can be
determined based on the movement behaviour and given a spatial-temporal movement data. In
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addition, in [61], an approach is presented to analyse the movement behaviour, gain additional
insights into the data, and cope with the inherent geospatial and behavioural uncertainty.
Alternatively, in [62], a method is shown which can be used to determine the vehicles’ activity
from recorded trajectory movement data, which can be used to find patterns for the designation
of roads, maximum allowed speed and even the urban or rural structure along the roads. In
addition, in [63], an interactive visual analytics system is demonstrated that can be used to
effectively find both regular and abnormal traffic flow patterns.
In [64], it is demonstrated how driving patterns databases and data mining can be used to
appropriately design the CI for EVs. It provides a developed model and focuses on the valuable
potential of the proposed methodology to support the future policies for designing alternative
fuel infrastructures in urban areas. The results of the model are capable of designing the layout
of the CSs based on the driving patterns data from CVs. Based on the data, the model derives
the fleet, trips and distance shares which can be shifted from CVs to EVs and the increase of
electrical energy demand, given the vehicles performance and recharge strategies constraints.
In [65], an optimisation model is formulated to find the optimal locations for installing CSs to
maximise electrified fleet vehicle-miles-travelled based on vehicle travel behaviours for
potential environmental benefits. To verify the model, the public CI for the city of Beijing is
used as a case study where trajectory data for numerous CVs is processed for a defined period.
Reference [66] elaborates an example of an improved mathematical model for locating CSs in
urban environments. The paper considers not only the travellers’ parking locations, but also
their daily mobility traveling activities in order to link the demand on distinct places, which
provides the basis for the so-called demand transference between those locations. The paper
also focuses on the realistic modelling of charging demand, such as dividing the day to multiple
time intervals to better reflect the charging demand needs of EV users. In [66] a multi-period
optimisation is introduced that focuses on multiple intervals with regards to charging demand.
That represents an important drawback, as it would be difficult to apply the same approach to
the long scale CI planning problems, since its computation complexity increases and the
optimisation model becomes more demanding. This can be resolved by pre-processing the
charging demand by using heuristics or decomposition approaches.
In [67], a novel model for the CI planning and the optimal CSs location problem is proposed.
The objective function is consisted of two sub-objectives: minimisation of the overall CI
placement costs and attainment of a desired traveller convenience. The constraints are set on
placing the CSs at candidate regions where EVs have needs to be charged, number of chargers
installed at CS location and pre-defined distance between CSs placed at different regions. The
model also includes the commuting patterns of EVs in urban environments and offers an
extension to the base model by the possibility of not placing CSs only on the nodes, but also
placing CSs on the links between the nodes. Nevertheless, the drawback of the proposed model
lies in the EV behaviour reflected in the traffic flow, which is not included in the optimisation
process. In addition, the type of charging technology is not included, that is essential to the
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CSs placement. It relates to the charging service level and the overall CSs placement costs, and
is thus valuable for the CI expansion plan.

2.3.3. Models with simultaneous incorporation of the power and road
networks
Today, the issue of optimal CSs placement revolves mostly on researching the electrification
and effect of the transportation sector on the electric power network. What is most significant
is the sufficiency and reliability of the power network with a large-scale integration of EVs.
Reference [68] proposes a multi-objective CS placement planning method. There are two
components in the main objective. The first one is minimising the power loses and the nodes
voltage deviations in the power network. The other component is maximising the utilisation of
CSs described by the total EV traffic flows according to EV traveling routes in the road
(transportation) network. Constrains for the first component are set on the power-flow balance,
power and voltage limits of the lines and the nodes of the network, respectively. One constraint
is also set on making the total CSs’ charging power to be less than the total minimum charging
power demand of all EVs. The constrains for the second component are set in checking if the
CS can serve the traffic flow for the specific route and if the CS is available for conducting the
charging service. Other constraints for the second component are set on the overall number of
CSs to be constructed. The model presented gives a candidate construction plan of CS for EVs.
In [69], a novel economic CSs placement planning solution is proposed, which considers the
effects of power and transportation systems. The gathered traffic data is utilised to expose the
behaviours of the EVs, while their load templates are used to reflect the uncertain states of
distribution networks. The traffic and load capability constraints are integrated into the
planning model. The methodology in [69] mainly deploys the planning of the CSs from the
perspective of achieving an economic objective, however, it can be concluded that the paper
neglects the charging service level of the CI, which also has an effect on the overall CSs
placement costs.
One planning model example of the integration of EVs by acknowledging the power network
limitations and the road network is demonstrated in [70]. The paper considers the future
development of the power network expansion planning in both generation and transmission
capacity and sufficiency in order to find the maximum level of EVs penetration into the
transportation sector of a selected area. The CI planning is conducted within the constrained
planning framework by taking into account the environmental benefits of EVs. In particular,
the paper wants to determine the maximum share of EVs deployed in different zones in a
specified area that can be charged from the electric network during off-peak electricity price
time intervals.
An optimised genetic algorithm to place optimally CSs is shown in [71]. The parameters that
are considered are the traffic density, placement costs of the CSs, transportation costs for going
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towards the CSs, the power capacity of the CS, and the power network capability for the CSs
integration. Traffic data of CVs is analysed and pre-processed to create clusters which help in
reducing the complexity of the problem and saves execution time. The objective function is
combination of two functions, giving equal weight of each function i.e. equal importance. First
function includes the CSs investment costs and second function the EV transportation cost.
Constrains are set on ensuring that the CVs will meet the energy demand and that they can
deliver at the CS location considering the power network capacity.

2.3.4. Models incorporating the electricity market
In [72], a formulated model to support CI planning of fast CSs in a competitive market is
discussed in detail. The paper is based on the assertions that CI investors are making
investments in CSs placement to maximise their individual profits, while the EV users are the
ones that make decisions on where and by what extent will they fulfil their charging needs. In
a market competitive environment these assertions must be modelled simultaneously as a
whole. The complex network structure into the problem is introduced by the interdependency
of the road (traffic) network, CSs and EPS in terms of physical, spatial and functional relations.
In [72], a business-driven CI planning method in a competitive market is studied on the basis
of a network-based multi-agent optimisation model, that exposes the selfish nature of each
decision entity while simultaneously captures the interactions of all other participants in the
network structure. However, the planning method presented in [72] disregards the market
competition with its stochastic nature of occurrence, which could have a valuable effect on
CSs investment decisions and the CI cost in a competitive market environment. Involving a
stochastic component is important for the long-term CI planning, as the knowledge of future
parameters is often poor at the time of planning stage. Other improvements that can be adopted
is incorporating a combined EV destination and assignment mode, economic/pricing
mechanism to guide private investment towards a social-optimal outcome and explicit
modelling of the EPS and road network. It must be expected that the improvements will extend
the problem complexity and more decision entities will be included.

2.3.5. Models based on the charging service level of the charging
infrastructure
The term QoS is already used in other areas, such as telecommunications, multimedia,
communications, etc., and is defined differently in each area. In [73], a corridor-centric
approach to CI planning is proposed. The objective of the model is to select a battery size and
charging capacity in terms of both charging power available at each station and the number of
stations needed along the corridor to meet a given level of service in such a way that the total
social cost is minimised. A relaxation is included that involves battery swapping as an
alternative to a CS, which deviates from the paper’s focus on the planning of electric CSs
placement. However, this relaxation is used as an option to oversee the dependency of the level
of service and the optimal social welfare. In [73] is emphasised, that using fast charging
technologies at candidate locations will increase the level of charging service and it will
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minimise the social costs. This finding will justify the investment in fast charging technologies,
which will increase the adoption rate of EVs and will reduce the social cost due to the savings
on batteries. In [74], it is ascertained that the fast CSs are the only ones that can provide high
charging level service which will henceforth facilitate the wide market penetration of EVs.

2.3.6. Models with included stochastics
Recently, the optimisation models for CS placement are upgraded by a stochastic component,
which reflects the uncertainty of the renewable generation integration into the EPS and
simultaneous generation/charging, electricity market pricing, EV battery charge, EV mobility,
etc. For example, in [75], a practical solution to deal with the challenges of integrating the
renewable generation and EVs in the electric grid, considering the renewable generation source
intermittency, energy usage inconsistency and the proper location of CSs to embed vehicle-togrid functionality. However, the paper is more focused on siting and sizing of renewable
generation in combination with the power network connection functionalities of on-board
battery of the EVs, rather than on finding the optimal location of the CSs considering the
mobility behaviour, connection costs, charging service, etc. Another example where the EVs
can be used to mitigate the renewable generation intermittency through vehicle-to-grid
technology is shown in [76]. Furthermore, in [77], a multi-year expansion planning method is
shown for enabling distribution systems to support growing penetrations of EVs. The proposed
method considers the capacity reinforcement of distribution systems in conjunction with their
operation decisions to minimise the total EPS operation costs for accommodating the EVs.
Multiple probabilistic scenarios are used to represent the uncertainties associated with
renewable energy generation, charging behaviours and conventional load demand. Similarly,
in [78], an uncertainty component into the optimisation model is incorporated, thus giving the
stochastic characteristic to the load growth, electricity price and the EV access to a charging
station location. Furthermore, the uncertainty of the initial battery state-of-charge is also
included. [79] addresses a novel framework for the economic operation of EVs parking docks
integrated with an on-site renewable energy generation. The stochastic approach includes the
consideration of forecasting errors related to the variable solar power output and users’
charging demand. However, in [78] and [79] significant entities are neglected such as the
stochastic mobility behaviour and trajectories of movement, the disposable charging times of
EV drivers and QoS of the CI, as well as the types of charging technology and the overall
investment costs of candidate locations. Reference [80], which reviewed recent trends in
optimisation techniques for EV Cis, highlights the fact that there is a need to apply stochastic
approaches in the optimisation of the CS placement in order to reflect the uncertainty and
randomness of the EV trajectory movement.
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2.4. Recent trends in optimisation techniques for charging stations
placement
In [81], a review is made of the recent trends in optimisation techniques for the CI placement,
such as: hybrid swarm intelligence-based optimisation technique, [82], game theory, [83],
ant-colony optimisation, [84], gravitational search algorithm, [85], stochastic optimisation,
[57], etc. Reference [81] emphasises, that the growth of the smart grid technologies depend
upon the recently introduced V2G service of EVs and that the proper integration of diverse
renewable generation in combination with CSs sitting and sizing is the future of CI
optimisation planning.

2.5. Conclusions on literature overview
Electromobility contributes having a diversity in mobility and offers advantageous features
such as reducing the pollutant emissions and public noise in urban areas, increases the
transportation efficiency and helps the environment to be cleaner and healthier.
The literature overview above is entirely committed to electromobility and the conclusions
state that there are:
a) Scarcity of models that would ensure the charging reliability of the CI in order to
exclude the mobility limitation of EVs i.e. to help resolve the EV charging anxiety.
b) Scarcity of models in considering the expected quality of service of the CI. The QoS
depends on whether or not the nearest CS is within a pre-defined distance acceptable
for driving and if the CSs fulfil the requirements for the charging time in accordance
with EV users’ charging times at disposal.
c) Scarcity of models engaging new approaches in finding representative trajectories and
charging needs in accordance with the mobility behaviour of the EV users.
d) Scarcity of models that consider the type of charging technology to be installed and
their relevant investment costs at candidate locations.
e) Scarcity of models that would incorporate the most significant stochastic occurrences
to approximate more realistically the mobility and charring behaviour of EV users’,
placement costs for different charging technologies and expected quality of service. It
can be expected that the placement of the CSs would be different for the different
stochastic scenarios.
f) Scarcity of models that employ the uncertainty distances regarding the EV users’
driving range. The uncertainty distances have an impact on the EV battery charge and
are caused by factors such as partial charging, traffic congestions, road condition and
configuration, driving style, air-conditioning, aerodynamic rolling, weather,
temperature, etc.
g) Scarcity of models that combine points a) – d) with simultaneous EPS reliability check.
The points noted above are foundation for the research made for this dissertation.
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2.6. Incentives for researching
The following facts served as incentives for the research:
a) CI planners and EPS operators concerns for their coordinated operation and
networks expansion resulting in reliable power supply for the end-users.
b) Uprising interdependency of the operation of CSs and the EPS reliability due to the
mass adoption of EVs, [86].
c) Necessity to incorporate integrated model of EPS and road network as essential
fundament for future expansion planning.
d) Required consideration of the EPS elements operational limits and discrepancy
balance in order to provide reliable power supply.
e) Necessity to engage cost-efficient methodology that can comprise large-scale
interdependent EPSs and road networks.
f) Necessity to formulate the uncertainty related to EV users’ driving style, road
configuration, air-conditioning and other factors in a significant parameter with a
distance unit of measurement.
g) Required consideration of stochastic occurrences related to the initial driving range
of the EVs in order to improve the charging reliability of the CI to engage the
unlimited mobility of EVs.
h) Planners concerns regarding an inadequate CSs placement and a negative effect on
EV purchasing decision-making for potential customers.
i) Necessity to of CI planners to know the placement probability of the candidate
locations in the road network so that they can give prioritise CSs in case of limited
funds.
j) Necessity to develop a model for CI planners to acknowledge the impact of
stochastic EV driving range on future investments in battery and charging
technology development.
k) Implementation of EPS reliability check alongside the requested quality of service
and ensuring charging reliability of the CI. The literature overview above shows
that scan attention has been paid to the issue.
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3. Developed optimisation procedure for charging
stations placement
The optimisation procedure for placing CSs involves the implementation of several tasks and
their execution, as shown in Figure 4. This procedure is based on the use of a discretisation
approach and the set-covering theory. The research paper that was published regarding this
section is shown in [87].

Figure 4: General optimisation procedure CSs placement
Input data preparation includes the models of the EPS and the road network, a set of charging
technologies and costs, EV trajectories and the requested QoS level. The road network is
modelled as a discrete set of candidate location points, as shown in Subsection 3.1.1. In order
to observe the EVs’ mobility behaviour, the modelled set of the road network is used to
represent the individual EV trajectory at a specific time instance. The formation of sets
representing EV drivers’ trajectories is explained in detail in Subsection 3.1.2. The EV driving
range is a key factor for determining the locations of CSs, which are necessary for completing
longer trips, as presented in [35]. Therefore, Subsection 3.1.3 elaborates the formation of the
charging reliability criterion. For an candidate location, it’s traffic flow weight represents the
number of EVs passing through that candidate location. Weights can be identified from the
sets representation of EV drivers’ trajectories. Consequently, candidate locations in the road
network with higher weights are of greater interest. Weight identification is shown in detail in
Subsection 3.1.4. Charging technologies and their charging powers are elaborated in
Subsection 3.1.5, together with the overall investment costs for placing a charging technology
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type at a candidate location. A detailed elaboration for the requested QoS of the CI is presented
in Subsection 3.1.6. The DC EPS model used for a reliability check is described in
Subsection 3.1.7.
Following the input data preparation, the proposed optimisation model (Subsection 3.2) is
executed. Consequently, the optimal CSs placement plan can be formed.

3.1. Input data preparation
As it was already mentioned, with the help of the discretisation approach and the definitions
behind the set-covering theory, the road network and the trajectories of the EVs movement are
accordingly modelled. When discretised, each point in the road network becomes a candidate
location for placing a CS. According to the set-covering theory, each candidate location can
have multiple roles i.e. it can be also considered as trajectory point, part of a set that describes
an EV trajectory movement or a point of a service, for example in this case, a charging service
with charging time and charging power transfer capability, [88]. Apart from the spatial
notation, with the discretisation of the trajectories of the EVs movement, it is possible to also
note the time of movement, which reflects more precisely the EVs’ mobility behaviour. Thus,
taking the notations of the trajectory sets the answer for “when” and “where” are the needs for
charging can be determined. Based on the trajectories of movement, the flow of EVs going
through the candidate locations can be determined and used to expose its’ importance. The
overall investment costs related to charging technologies vary depending on the degree of
installation complexity at the candidate location. At some candidate locations, the procedure
of installing some charging technologies may be more complicated and thus the costs are
higher. Charging times offered by charging technologies may vary considerably. Fast charging
technologies are certainly more advantageous because they offer comparable charging times
with those of the CVs and since they are more preferable.

3.1.1. Candidate locations for placing a charging station
Candidate locations for placing a CS are all the points in the road network. A discrete approach
is applied to model the road network to significantly reduce the complexity of representing the
candidate locations and to come more closely to a formulation of a linear program. For that
purpose, the formulation of the road network as a set of candidate locations is represented as
follows:

M  m1 , m2 , m3 ,, mi ,, mI ; i  1, 2,3,..., I

(1)

M is a finite set of I elements and mi represents i-th candidate location in the road network for
placing a CS. Figure 5 shows a practical example of discretising a simple road network. The
road network is transformed from continuous domain to discrete and represented with the set
of candidate locations M with I = 15 elements sampled on equally spaced distances between
two consecutive points.
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Figure 5: Example of road network discretisation

3.1.2. Trajectories of electric vehicles movement
The trajectory of the EV movement is noted by the following set:





Nv,t  nv,1,t , nv ,2,t ,..., nv , j ,t ,..., nv , Jv ,t ,t ; j  1, 2,..., J v ,t ;  v  1, 2,..., V ;  t  1, 2,..., T

(2)

Nv,t is the set of trajectory points of the v-th EV movement in the modelled road network at tth instance with overall T instances. Nv,j,t is the notation for the j-th trajectory point of the
trajectory set and Jv,t stands for the total number of trajectory points at t-th instance, while V is
the total number of EVs.
Figure 6 shows a simple example of an EV trajectory in accordance with (2). The starting point
of the trajectory is nv,5,t and nv,3,t is the end-point of the trajectory. In the trajectory set are 7
points describing the EV movement within the modelled road network. In Figure 6 trajectory
points are noted with solid black round markers, while in Figure 5 the candidate locations are
presented with empty round markers.
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Figure 6: Representation of the v-th EV trajectory at t-th time instance

3.1.3. Charging reliability criterion
Following the sets definition for the candidate locations in (1) and the EVs trajectories of
movement in (2), in order to keep with the formulation structure of the set-covering theory,
[44], there are few assertions that can be made and by this point of the dissertation, must be
emphasised:





The set Nv,t is also a set of users’ demands i.e. the EV trajectories can be seen as
demands that can be covered by candidate locations at which CSs can be placed to
provide charging with different quality of service level.
Each of the candidate locations at which a CS is to be placed has charging capability at
all times.
The sets of users’ demand points showing the trajectory movement of EVs are
constituted by the elements of the candidate locations set for the modelled road
network.

Under these assertions, we have now have narrowed the formulation of the optimisation
problem to “covering” each of the EV users’ trajectory points with one of the candidate
locations within the modelled road network. Now, if we set a maximal limit on the distance
from a candidate location, to any trajectory demand point, the minimum-cost spatial
arrangement of charging service locations can be determined to adequately serve in charging
the EVs. The maximum limit on distance is imposed to ensure no more than a specified
distance will be passed before a charging service can be reached. If the maximum limit on
distance is equal to the driving range, then at least one candidate location will be placed
ensuring the EV to reach a charging point defining the charging reliability principle for the
establishment of the CI. The charging reliability principle incorporated for the placement of
the CI is one of the main novelties involved in this dissertation and implemented in the research
area. We have set the bases for the definition of the optimisation problem on the charging
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reliability principle to face the driving range limitation of the EVs. In our opinion, the EV
driving range is a key factor for determining the charging locations in order for EV users’ to
complete their trips.
The formulation of the charging reliability principle can be most easily understood if it is
graphically presented. For that cause, Figure 7 is introduced where it is also assumed that at
the start of the trajectory in point A and when reaching a CS, the battery of the EV is fully
charged and enables the EV to go for distance equal to EV driving range.
Figure 7, a) shows the example if a CS is placed at location beyond the end-point B. Due to
the range limitation of the EV, point B cannot be reached. Therefore, the EV will go only for
200 km and after passing this distance, the battery will discharge and it will not complete the
trajectory. On Figure 7, b), a CS is placed at the location of the end-point B. Yet again, the EV
starting from A will not complete its trajectory. Also for this case, the charging reliability of
the CI is not ensured since no CS is placed at a location that can be reached knowing the EV
driving range. As seen in Figure 7, c), starting the trajectory from point A, a CS is placed within
the EV driving range that enables the EV to reach the end-point B that completes the trip. The
centres of the overlapping circles represent the locations of the CSs and the length of circles
intersection cord in this case equals the EV driving range.

Figure 7: Charging reliability principle illustrated by overlapping circles
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Next, we elaborate more profoundly the charging reliability principle by defining its sets. We
use the well-known Euclidean distance, [89], to determine the distance between the various
candidate locations and the EVs trajectory points by the definition as explained in detail in
[88]:
2
2
  (mi  nv, j ,t )dx
 (mi  nv, j ,t )dy
; mi  M ; nv , j ,t  Nv,t

(3)

ξ is the Euclidean distance between the candidate location, mi, and a point part of the EV
trajectory, nv,j,t. To include all the candidate locations that fall under the charging reliability
criterion the following sets are formed:

Sv, j ,t  mi  M :   Rv ; j  1, 2,..., J v,t ;  v  1, 2,..., V ;  t  1, 2,..., T

(4)

In (4), the elements of the set Sv,j,t are the candidate locations mi, which meet the distance
criterion ξ ≤ Rv. Therefore, the upper limit is the driving range of the EV to ensure that no more
than that distance will be passed before a CS is reached.

Figure 8: Charging reliability criterion
Figure 8 is made in accordance with the previous trajectory in Figure 6 and shows how the
charging reliability of the CI will be ensured if CSs are placed according with the principle
involved. The driving range of the EV is 200 km and the distance between two consecutive
points is 100 km. Therefore, if starting the trajectory from nv,5,t by full charged battery, the next
location to follow will be at distance equal to the driving range, location nv,7,t. Generally, if the
EV starts fully charged in order to reach the trajectory end-point (location nv,3,t), two locations
would be optimally selected at locations nv,7,t and nv,9,t.
In the example shown in Figure 8 it can be seen, that the circle centres are placed at locations
when for the distance criterion ξ ≤ Rv the distance from a candidate location to a trajectory
point, ξ, is equal to the driving range Rv. To note the individual candidate location in the
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constraints for the following optimisation procedure we introduce the following coefficient
which is equivalent to the set defined in (4):

1, if   Rv
(5)
ai ,v, j ,t  
; j  1, 2,..., J v,t ;  v  1, 2,..., V ;  t  1, 2,..., T
0, otherwise
The coefficient in (5) takes a value of 1 if the Euclidean distance from the i-th candidate
location to the j-th trajectory point for the v-th EV at t-th time instance is within the EV driving
range, and 0, otherwise. This coefficient is included in the constraints of following optimisation
model.
We must also notice that the starting point of the EVs trajectories can be anywhere within the
modelled road network, but also we acknowledge the case if there are EVs coming from
beyond the modelled network. We solve that case indirectly by determining the input points in
the road network and by identifying the remaining EV driving range by involving the v-th EV
SoCv as shown in (6). The range of the EV, Rv, is dependent of the v-th EV battery state-ofcharge, SoCv and the coefficient noting the energy conversion efficiency, η:

Rv    SoCv ;  v  1, 2,..., V

(6)
Therefore, if there are EVs coming from beyond the modelled network their driving range will
be proportional to the charge left in the battery and that driving range will be used as distance
criterion to determine the candidate locations to be included in set of the charging reliability
of the CI as demonstrated in (4). For the rest of the cases the EVs are fully charged when
starting a trajectory and can go for distance equal to the EV driving range. At this point, we
must emphasise that any external factors that would have impact on the EV driving range is
considered that are all included in the Rv value. However, we elaborate and explore these
impacts in detail in Subsection 4.1.2.

3.1.4. Traffic load
The mobility behaviour of EVs can be observed with the analysis of the multiple trajectories
that can be driven in different time instances with different spatial coordinates. As one of the
advantages of the discretisation of the road network, is that it can be determined the number of
EVs passing through a candidate location point. This will indicate the importance of the
candidate location in the road network, since it will be the point where multiple EVs trajectories
are overlapping spatially. The number of EVs passing through a candidate location is also it’s
traffic load and consequently the traffic load weights can be assigned to all candidate locations.
From the mobility behaviour of EVs, the traffic flow weights can be determined if first, the
following coefficient is defined:

1, if mi  Nv,t
Wi ,t  
; i  1, 2,..., I ;  t  1, 2,..., T ;  v  1, 2,...,V
0, otherwise

(7)
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where the coefficient Wi,t takes the value of 1 if the i-th candidate location is part of a set with
trajectory points of the v-th EV at t-th time instance, and 0 otherwise. The weight of the i-th
candidate location point for placing a CS, noted with wi, is calculated as sum of the coefficients
Wi,t, in an observed period with T time instances, written as:
T

wi   Wi ,t ;  i  1, 2,..., I

(8)

t 1

Therefore, the values of the traffic weights are known “a-priory” and are factored in the
optimisation objective function.

3.1.5. Types of charging technologies
Nowadays, a variety of charging technologies are available that can be installed at candidate
location. The type of the charging technology installed at candidate location dictates the
charging time. We consider the inclusion of K types of charging technologies as candidates to
be placed at candidate location in the road network. For that cause, we define an input
parameter, Lk,v, that considers the charging time, CTk, using the k-th charging technology to
reach distance equal to the driving range of the v-th EV, Rv, written as follows:

Lk ,v  CTk Rv ;  v  1, 2,...,V ;  k  1, 2,..., K

(9)

This input parameter is included in a constraint in the following optimisation model.
Also in this dissertation, we consider the investment costs related with k-th charging
technology type for i-th candidate location, noted with ci,k. These costs consider the basic
installation, land, equipment, etc. costs related with the charging technology of the CS to be
placed at candidate location. In the following optimisation model these costs are factored into
the optimisation objective function.

3.1.6. Quality of service of the charging infrastructure
As previously ascertained by the definition of the set-covering theory, the trajectory points of
EVs can be seen as set of users’ demands that must be covered by candidate locations at which
CSs can be placed to provide charging with different quality of service level. In this
dissertation, K types of charging technologies are considered with different charging times,
which gives the option in ensuring the charging service level of the CI as required by the EV
users. In that direction, we propose new index named Quality of Service (QoSv) for the
requirement of the v-th EV user defined as following:

QoSv  DCT v Dv ;  v  1, 2,...,V

(10)
where DCTv is the overall disposable charging time of the v-th EV user to reach his traveling
distance, Dv. Majority of EV users would be satisfied if the charging time to go for distance
equal to the driving range is approximately the same as that of the CVs. At the moment, EV
users are aware that these charging times can not yet be reached. However, majority EV users
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would like or at least strive to keep the charging time as short as possible, yet to the extent that
they can complete the planned trips. According to this index, if the profile of fewer EV users
is from those having really short charging times at disposal when travelling, consequently it
can be expected faster charging technology types of the CSs to be placed at candidate locations.
Reasonably, the CI placement costs is expected to be higher, but the QoS for the EV users will
be more satisfactory. Thus, it can be further anticipated that the overall CI placement costs are
dependent of the QoS level required by the EV users.

3.1.7. Electric power system model
The EPS model is based on the equations for DC power-flow calculations that are convenient
for EPS reliability check, defined with the following equations:
A  PG - B  PD - W  PL  0

PLr 

 m,r   n ,r
xr

;  r  1, 2,..., RL

(11)
(12)

PLr  PLr max ;  r  1, 2,..., RL

(13)

PGg min  PGg  PGg max ;  g  1, 2,..., G

(14)

 ref  0

(15)

Equation (11) notes the power-flow balance in the EPS. A is the bus-generation units incidence
matrix and PG is the matrix of generator units outputs. B is the bus-electric load incidence
matrix and PD is the matrix of bus electric loads. W is the bus-transmission line incidence
matrix and PL is the matrix of power flows, while 0 is vector of zeros. RL stands for the overall
number of lines, while G stands for the overall number of generators in the EPS.
PD is the matrix that comprises the elements PDq and is defined as:
PDq  PD0 +

P x

i q t k

k

i ,t , k

;  q  1, 2,..., Q

(16)

PD0 stands for the base EPS load connected on q-th bus. Pk notes the charging power of k-th
candidate charging technology. Γq is the subset of candidate locations connected to q-th bus,
and Φ and Θ are the subsets noting the time instances over optimisation period of T time
instances and K candidate charging technologies of the connected candidate locations to q-th
bus, respectively. Q stands for the overall number of busses in the EPS.
In (12), the r-th line power flow depends on the value of r-th line reactance, Xr, and the
difference of the a-th and b-th connection bus angles for the r-th line, θa,r and θb,r, respectively.
The maximum flow value for the r-th line, PLrmax, is noted in (13). Equation (14) notes the
maximum, PGgmax, and minimum limit, PGgmin, for the g-th generation unit output, PGg. The
value of the reference bus angle is noted in (15).
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3.2. Optimisation model for charging stations placement
In this dissertation, the objective function addresses the placement costs of the CI. Therefore,
the objective function in (17) minimizes the overall cost for placing the CSs, with K charging
technologies, I points in the road network in an optimisation period with T time instances.
T

I

K

1
 ci ,k  xi ,t ,k
k 1 wi

F  minimize 


t 1 i 1

(17)

As shown in (8), the parameter wi notes the traffic flow through i-th candidate location. The
inverse value of wi is written since the point of the objective function is minimisation and by
having higher value of wi, the candidate location is more significant in the optimisation as we
strive to include the points where multiple trajectories overlap (elaborated profoundly in
Subsection 3.1.4). The investment costs for placing the k-th charging technology at i-th
candidate location are noted with ci,k as described in Subsection 3.1.5. xi,t,k is the binary decision
variable associated with the k-th charging technology for the CS to be placed at i-th candidate
location at t-th time instance, while Ω is the set with all the xi,t,k optimisation variables.
In continuation to the EPS reliability check equations, (11) – (15), other optimisation
constraints are:
I

a
i 1

i , v , j ,t

 xi ,t ,k  1; j  1, 2,..., J v ,t ; t  1,, T ; v  1, 2,...,V ; k  1, 2,..., K

(18)

In accordance with the charging reliability principle elaborated in Subsection 3.1.3, constraint
(18) is introduced to ensure charging reliability of the CI by using the coefficient ai,v,j,t, as
shown in (5).
I

K

 L
i 1 k 1

k ,v

 xi ,t ,k  QoSv ; t  1,, T ; v  1, 2,..., V ; k  1, 2,..., K

(19)

The left-hand side of constraint (19) ensures placement of the k-th charging technology at i-th
candidate location with charging time to achieve the EV user’s required quality of service level,
QoSv.

xi ,t 1,k  xi ,t ,k ; t  1,, T  1; i  1, 2,..., I ; k  1, 2,..., K

(20)

The equality constraint (20), is involved to obtain continuity of i-th candidate location decision
variable during the optimisation period of T time instances and K technologies. If k-th
candidate charging technology is selected to be placed at i-th candidate location at t-th time
instance, the selection decision must be committed to the following t+1 time instance, for the
observed time period with T instances and K charging technologies.

xi ,t ,k 0,1; t  1, 2,, T ; i  1, 2,..., I ; k  1, 2,..., K

(21)
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Constraint (21) states the binary definition of the decision variable for the k-th charging
technology installed at i-th candidate location for the t-th time instance, i.e. the binary
definition of decision variables for I candidate locations in an optimisation period of T time
instances and K charging technologies.
The optimal CSs placement plan is significant for the CI planners since it improves the EV
users’ convenience regarding the range limitation and consequently enhances the mobility
sustainability. Optimal CSs selection improves EVs satisfaction and can also help SO to face
the rapid integration of CSs in the power network.
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4. Stochastic formulation of the optimisation
placement procedure
In this dissertation, we have also considered an extension of the optimisation procedure to a
stochastic formulation, since the majority of the input parameters are related to uncertainty,
which can have significant influence in the optimal CSs placement. As the knowledge of the
future values of the input parameters is often unknown or barely known at the time of the
planning stage, incorporation of a stochastic component is meaningful for the long-term CI
planning. Uncertainty can be classified in two categories: random and non-random
uncertainties, [90]. This dissertation is focused on the random uncertainties, which are featured
by repeatable parameters with defined deviations and can provide a statistical analysis that
results in probability distribution functions, mean values, standard deviations, etc., as
elaborated in [91]. The non-random uncertainties and vague data are not considered in the
stochastic modelling.
The main motivation of the extension of the optimisation procedure to a stochastic formulation
is integration of the stochastic nature of the mobility behaviour of EVs, driving range,
disposable charging time of EV users and the investment costs for different charging
technology types. Consequently, we will understand the impacts on the optimal CSs placement
layout and costs, while better approximating the real life occurrences. Certainly, the CSs
should be placed at the most often used mobility trajectories i.e. patterns of movement of EVs,
which is why all the uncertainties related to the deviation from the most frequently driven
trajectories must be included in the CS’s optimisation placement procedure. In addition,
uncertain factors such as driving speed, acceleration, angle or road grade, vehicle mass,
aerodynamic rolling and grade resistance can affect the EV’s driving range. The stochastic
formulation of the index QoS undertakes the real-time stochastic occurrences that have an
effect on the EV drivers’ disposable charging time, such as partial battery charging, traffic
conditions, charging queues at CS location, etc. Regarding the costs for the charging
technologies, the stochastic component is introduced to expose the uncertainty that results from
the constant battery charging technology development, upgrade and improvement. With this
regard, the stochastic component also takes the uncertainty related to the inflation and discount
rates of the investment costs for the different charging technology types. The improvement
arising from a shift from a deterministic to stochastic formulation of the optimisation procedure
provides beneficial gains to CI planners, such as locations’ importance prioritisation based on
their placement probability, occurrence probabilities, number of CSs, their placement layout
and overall costs. We have also published a paper regarding the assessment of the candidate
investments prioritisation in the final part of the power network expansion planning, [103],
that can be also applied and to find the impact of a CS’s integration in the EPS, but this
approach is sub-optimal.
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It can be stated that one of the concerns of this dissertation is to obtain a final CI expansion
plan that includes the related uncertainties of the inputs for the optimisation procedure and that
its optimal expansion CS placement solution is meaningful for CI planners. Hence, the
stochastically envisioned optimisation procedure of the CI placement, which was published in
[92], is formulated as presented in Figure 9. It consists of several reformulated tasks:







Input data preparation; this part is reformulated in two modules. First module is the
deterministic module that holds the entities that cannot be modelled stochastically such
as the road network or the charging technologies. Second module is the stochastic
module that consists the entities that are modelled by using a stochastic approach:
mobility behaviour of EVs, driving range, QoS and investment costs. In the stochastic
module numerous scenarios are created for each entity, which are further used in next
steps to extract the most significant ones.
Formation of common stochastic scenarios; this part uses the numerous scenarios
created in previous step, where reduction procedures are used to extract most
significant ones to use in the optimisation procedure ahead.
Optimisation model for the CS placement; the model is used to execute the
representative scenarios from previous step.
Optimal solution presenting the CI expansion plan; this part shows the optimal CSs
placement layout and costs for different stochastic scenarios.

Figure 9: Principle scheme of the proposed stochastic formulation of the optimisation
procedure for CSs placement, [92]
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4.1. Stochastic input data preparation
The modelling of the input data needs to be precisely defined and noted for the stochastic
formulation of the model. The following subsections are profoundly elaborating the stochastic
module.

4.1.1. Stochastic trajectories of electric vehicles
EVs follow certain spatial and temporal trajectory patterns, which may be representative and,
as such, used for planning of the CI purposes. By using a general probabilistic approach,
stochastic trajectories are created on the basis of the principle examined in [93] and the
self-avoiding random walk principle presented in [94]. The self-avoiding walk principle is a
sequence of moves on a discrete network grid (a lattice path) that does not visit the same point
more than once. The procedure of self-avoiding walk ends when the observed object reaches a
dead-end state, which means that it can no longer progress to a newly unvisited discrete point
in the road network. A random trajectory generator algorithm, which combines the concepts
of random walks, space-time prisms and the Brownian bridge movement model is capable of
efficiently generating random trajectories between a given origin and a destination.
At this point, it is important to emphasise, that in this section, we are not focusing on the
random trajectory generation procedures. As such, these procedures are considered as
self-evident and applied to generate stochastic trajectories to the restricted road network
boundaries.
Similar to (2), the stochastic trajectory of the v-th EV is shown as finite discrete set:





Nv,s ,t  nv,s ,1,t , nv,s ,2,t , ..., nv, s , j ,t ,..., nv,s , Jv ,s ,t ;

(22)
j  1, 2,..., J v,s ;  s  1, 2,..., SN ;  v  1, 2, ..., V ;  t  1, 2, ..., T
where Nv,s,t is the finite set of spatial-temporal trajectory points of the v-th EV driver in the sth scenario at the t-th time instance. Nv,s,j,t is an element of the set Nv,s,t and its spatial
characteristics are noted as follows:
nv , s , j ,t  dxv , s , j ,t , dyv , s , j ,t 

(23)

where dxv,s,j,t and dyv,s,j,t are the coordinates in a plane, respectively. SN stands for the overall
number of scenarios and V is the total number of EVs. Jv,s stands for the total number of
trajectory points. By applying a probabilistic approach, the randomly selected position of the
trajectory point is determined as follows:

nv , s , j 1,t  nv , s , j 1,t  DN

nv ,s , j 1,t

;

j  1, 2,..., J v , s  1;  s  1, 2,..., SN ;  v  1, 2, ..., V ;  t  1, 2, ..., T
n

(24)

where the DN v ,s , j1,t is the value of the uniform probability density function at point nv,s,j+1,t with
a uniform probability density function PN(nv,s,j+1,t), which is described as:
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In accordance with the self-avoiding walking principle, the interval of the uniform probability
density function at point PN(nv,s,j+1,t) is limited to three directions. Each direction has equal
probability and each value indicates to a random direction. According to (24), the next point
i.e. nv,s,j+1,t, which represents part of the trajectory, is indicated by the direction of the randomly
generated variable expressed in (25). Figure 10 shows an example of a trajectory creation on
the basis on the self-avoiding walk principle.

Figure 10: Random trajectory creation based on the self-avoiding walk principle
For the example on Figure 10, the origin of the trajectory is at point nv,s,1,t, next to follow are
points nv,s,2,t, nv,s,3,t, …, nv,s,10,t. At point nv,s,11,t, the trajectory it reaches a dead-end state, which
means that it can no longer progress to a newly unvisited discrete point of the discrete network.
At that point, the process of random trajectory creation is stopped.

4.1.2. Stochastic driving range of electric-drive vehicles
By the state of the currently available battery technology, the EV driving range can only be
ensured only to a certain point for which the manufacturer can guarantee that it can be 100%
reach by a fully charged battery. In the following table, the current guaranteed ranges per single
charge for fewer EV manufacturers are shown:
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Table 2: 10 EV models with the best driving range in year 2017, [95]
EVs
Tesla Model S 85D
Tesla Model X
Chevrolet Bolt EV
BYD Auto
Volkswagen e-Golf
Hyundai Ioniq Electric
Ford Focus Electric
BMW i3
Nissan Leaf
KIA Soul

Driving range
(km)
540
475
380
300
200
200
185
180
170
150

The driving range of the EVs is primarily dependent of the battery condition and capacity. The
batteries with higher capacities are used for more complicated transportation purposes such as
electric buses, trucks etc., batteries with smaller capacities are used for mopeds, bikes, tricycles
etc., while electric cars are using medium capacity. The battery of the EVs can ensure a driving
range by some extent, but afterwards, there are multiple influential uncertain factors that are
draining the battery.
Therefore, the inclusion of a stochastic component is mandatory for the EVs driving range due
to the following uncertain factors that affect the battery SoC (according to [96] and [97]):








Driving style and skills; the EV drivers are often driven by the possibility of rapid
acceleration, i.e. achievement at quite high speeds in a short-time duration. The same
possibility is available when overtaking another vehicle on an open highway or other
similar examples depending on traffic conditions.
Roads state and structure; the state of the roads is a very influential factor of the EV’s
driving range. Roads with high steepness, roads made with materials causing high
resistance such as paved roads, roads with rocks, stones and holes are also draining the
battery due to the frequent activation of breaks.
EV mass, aerodynamic rolling and electric features of the motor; these characteristics
are mainly dependent on the external factors due to the weather like wind, temperature,
moisture, etc. Manufacturers are producing EV models that are already optimised in
performance, rolling, efficiency etc. by the constraints of mass, aerodynamics and
motor efficiency, however, there is still minimal influence on the EV range.
Air-conditioning; the air-conditioning drains the battery especially in the winter season
when the temperatures drop. In combination with the influence of the cold weather on
the battery when the capacity is reduced the range of the EV is significantly less.
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Therefore, the initial v-th EV driving range of the EV, Rv,0, can be written as follows:

Rv ,0    SoCv ;  v  1, 2,..., V

(26)

The initial range is proportionally dependent of the v-th EV driver battery SoCv and η is the
energy conversion efficiency, [91]. We define the additional uncertainty distance component
due to stochastic occurrences that affect the initial EV driving range, which is formulated as
the stochastic EV driving range or R’v,s:

R 'v , s  Rv ,0  dv , s ;  s  1, 2, ..., SN ;  v  1, 2, ..., V

(27)

where Rv,0 is the initial v-th EV driving range with fully charge battery and Δdv,s is an
uncertainty distance component for the v-th EV in s-th scenario, which relates to all uncertainty
factors affecting battery discharge to go for a distance equal Rv,0. This uncertainty distance is
modelled in terms of the normal probability density function or RNv, and expressed as:

dv,s  RNv  v ,  v  ;  s  1, 2, ..., SN ;  v  1, 2, ..., V

(28)

RNv  N  v ,  v 

(29)

where µv and σv, represent the mean and standard deviations, respectively.
The application of the stochastic EV driving range in the formation of the charging reliability
principle is elaborated in Subsection 4.1.5.

4.1.3. Stochastic quality of service of the charging infrastructure
As presented in [87], QoS is defined as the overall disposable charging time of the v-th EV
driver to reach the overall travel distance Dv. In the stochastic formulation of the QoS, a set of
random values are generated for the disposable charging time of the v-th EV user according to
the normal probability density function as in (29). The stochastic component was involved to
consider all the influential factors that can have impact on the disposable charging time for the
v-th EV users such as:





Partial battery charging.
Frequency of stops while traveling.
Traffic and road conditions.
Waiting time in the event of having unavailable CS.

Therefore, the stochastic disposable charging time of the v-th EV user in the s-th scenario is
complemented by the stochastic component, defined as below:
DCT 'v , s   DCTv ,0  RN v  v ,  v   ;  s  1, 2,..., SN ;  v  1, 2, ..., V

(30)

where DCTv,0 is the initial value of the disposable charging time for the v-th EV driver. In
accordance with (29) and (30), the stochastic definition of the QoS is expressed as follows:
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QoS 'v ,s 

DCT 'v, s

;  s  1, 2,..., SN ;  v  1, 2, ..., V
Dv
where Dv stands for the v-th EV driver overall travel distance.

(31)

4.1.4. Stochastic investment costs of the charging technologies
The stochastic investment cost, c’I,k,s, for placing the k-th type candidate technology at the i-th
candidate location for the s-th scenario depends on the initial value, ci,k,0, and the stochastic
component having a normal density distribution:
c 'i ,k , s   ci ,k ,0  RNi  i ,  i   ;  s  1, 2,..., SN ;

(32)
 i  1, 2, ..., I ;  k  1, 2, ..., K
The initial investment costs include the installation, equipment, land and maintenance costs
concerning the charging technology type. These investment costs are jointly actualised to the
present value. The stochastic component is introduced to expose the uncertainty which results
from the constant battery charging technology development, upgrade or improvement. Also,
the stochastic component takes the uncertainty related to the inflation and discount rates of the
costs.

4.1.5. Stochastic charging reliability criterion
As seen in Subsection 4.1.2, the stochastic EV driving range or R’v,s includes all distance
uncertainties that are valuable to the formation of the charging reliability criterion. In order to
provide a clear explanation of the impact that uncertainty factors may have on the complete
charging reliability of the CI, one should assume that by having an initial driving range Rv,0,
an EV wishes to travel from point A to point B, as shown in Figure 11 (a). As stated previously
in Subsection 3.1.3, the notation of the circle centre is introduced as the location of the CS, as
presented in Figure 11 (a). We assume that at A and the EV is fully charged. If CS1 is placed
beyond B, if starting from A the EV would drive to a distance equal to Rv,0 and run out of
charge. The other circle represents the EV driving range distance, if CS 1 is placed at a location
that exceeds the endpoint of the trip. Figure 11 (b) shows a CS, which is placed at endpoint B.
Yet again, an EV starting from A would not reach B, since it can only drive a distance equal
to Rv,0 and would run out of charge before it arrives at end-point B. In this case, the charging
reliability is also not ensured, which means that no CS is placed at a location that can be
reached within the Rv,0. Figure 11 (c) shows the principle that ensures the complete charging
reliability of the CI, where at least one CS is placed within the Rv,0 distance. This example was
elaborated in section Subsection 3.1.3. The case demonstrated in Figure 11 (d) introduces the
uncertainty distance related to the stochastic component. The main purpose of the uncertainty
distance component, i.e. ±Δdv,s, is to comprise the occurrence probability of real-time
stochastic occurrences in order to better model the charging reliability criterion for the
placement planning of the CSs. As seen, this distance can shorten or extend the EV driving
range, and thus it can be expected different placement of CSs and CI placement costs.
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Figure 11: Charging reliability principle and uncertainty distance with regards to the initial
EV driving range
To show the impact of the uncertainty distance on the formation of the charging reliability
formation, we use similarly the definition that was previously presented in Subsection 3.1.3.
The distance between the candidate location point on the road network and the trajectory point
is calculated by the means of the Euclidean distance:
2
  (mi  nv,s , j ,t )2dx  (mi  nv,s , j ,t )dy
; mi  M ; nv,s , j ,t  Nv,s ,t

(33)

where, ξ is the Euclidean distance between the candidate location point mi and the trajectory
point nv,s,j,t of the stochastically generated trajectory set defined with (22). In this case, for
defining the sets S’v,s,j the stochastic driving range is now used:

S'v , s , j  mi  M :   R 'v , s  ; j  1, 2,..., J v ,s ;  v  1, 2,..., V

(34)

where elements of the S’v,s,j set represent the candidate location points mi, which meet the
distance criterion ξ ≤ R’v,s in the s-th scenario. The mathematical coefficient ai,v,s,j is relevant
to an element in the set defined in (34):
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1, if   R 'v,s
(35)
ai ,v,s , j  
0, otherwise
Again, the coefficient presented in (35) takes a value of 1 for the i-th candidate location, if the
measured Euclidean distance to the j-th trajectory point in the s-th scenario is within the
boundaries defined by the driving range of the EV driver or, otherwise, if it equals 0.

4.1.6. Stochastic traffic load
The stochastic traffic load is similarly calculated as shown in (7). The definition stays the same
as the number of EV users traveling along a candidate location point of the road network
represents the traffic weigh, thus reflecting its importance. To calculate the weights the
following coefficient is defined:

1, if mi  Nv ,s ,t
W 'i ,s ,t  
;  t  1, 2,..., T ;  v  1, 2,...,V ;
0, otherwise

(36)

i  1, 2,..., I ;  s  1, 2,..., SN
where the W’I,s,t coefficient takes the value of 1 if the i-th candidate location point is part of the
s-th scenario trajectory points of the v-th EV at t-th time instance, or, otherwise, if it equals 0.
The weight of the i-th candidate location point for placing a CS, expressed by wi, is calculated
as the sum of Wi,s,t coefficients in the observed optimisation period with the T time instances,
is expressed as follows:
T

w 'i   W 'i , s ,t ;  i  1, 2,..., I ;  s  1, 2,..., SN

(37)

t 1

4.2. Formation of common stochastic scenarios
The formation of a common stochastic scenarios includes two parts (as shown in Figure 9): the
search for representative trajectories and the K-MEANS scenario reduction procedure. The
goal of the first part is to derive representative trajectories for the EVs by using a newly
developed index named Trajectory Similarity Index, (TSI) that acknowledges the mutual
similarity of stochastic EV trajectories. The second part consists of using the K-MEANS
procedure to reduce the numerous stochastic scenarios created for the driving range of EVs,
QoS and investment costs.
The formation of common stochastic scenarios process combines both parts of the stochastic
module in a common set scenarios, which are then used to execute the optimisation model
presented in Section 4.3.

4.2.1. Search of representative trajectories of electric-drive vehicle
movement
A representative trajectory identification method is presented by using the newly introduced
TSI. The method is based on the comparison between decomposed spatial-temporal parameters
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of a trajectory, which are elaborated in detail in [98]. It consists of a functional similarity
search, which takes two comparison trajectories and exposes their similarity. To do so, the SN
scenario trajectories are created for each of the overall V EVs, after which their mutual
similarity is examined by applying a combinational analysis.
The functional similarity search is demonstrated by finding the mutual trajectory similarity of
stochastic spatial-temporal trajectories X and Y, respectively. First, their temporal length must
be identified, so that the spatial-temporal parameters may be compared, as demonstrated
in (38). We consider this option as advantageous, since it does not require trajectories to be of
equal length.

Z v  min( J v , X , J v ,Y ); XT  1, 2,..., XS ; YT  1, 2,..., YS ;

(38)
XT  YT ;  v  1, 2,..., V
Zv takes the value of the minimal temporal length of comparison trajectories XT and YT. Next,
the following coefficient is defined:

1, n XT , j  N v , XT  nYT , j  N v ,YT
lv , XT ,YT , j  
;
0, otherwise

(39)

j  1, 2,..., Z v ;  v  1, 2,..., V
In (39), the coefficient l takes the value of 1 if the discrete elements of the trajectory XT are
overlapping with the elements of the comparison trajectory YT concerning their spatialtemporal parameters. This comparison is made for all V EVs and for all trajectory set elements.
The TSI which is intended for achieving the functional similarity search of stochastic
trajectories of the v-th EV, is then introduced as presented in (40).
Zv

TSI v , XT ,YT 

l
j 1

v , XT ,YT , j

(40)
J v , XT  J v ,YT
2
If we address the dividend in (40), the TSI considers the overlapping of trajectory set elements
by taking into account their spatial-temporal parameters. The devisor in equation (40) is the
average temporal length of the comparison trajectories XT and YT, which is used to centre the
sum of noted overlaps. By having such index for the mutual trajectories similarity comparison
as presented in (40), the combinational trajectory similarity analysis can be performed for
numerous stochastically derived trajectory scenarios.
The subsequent step involves the formation of a trajectory similarity matrix for the v-th EV
and for SN stochastic EV trajectories:
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 0
 TSI v ,1, S 


TSM v   M
O
M 
(41)
 TSI

0  SN SN
 v , S ,1 L
In (41), the TSMv represents the v-th EV combinational trajectories similarity matrix. It is a
square matrix with SN × SN dimensions. It represents a mutual combination of an individual
v-th EV trajectory generated in the s-th scenario with the rest of the SN scenario trajectories.
The diagonal elements of this matrix are not in our interest, since a diagonal element represents
a functional similarity search with the trajectory itself and provides an expected, known result
(maximum similarity). Therefore, these elements are attributed a zero value.
When the trajectory similarity matrix is formed, it is necessary to pursue the combination, at
which the individual EV trajectory achieves the highest value of the TSI, i.e. to note when the
highest mutual trajectory similarity is determined. Therefore, by applying (41), the most
similar trajectory is searched rows wise for each individual s-th scenario trajectory, as
demonstrated below:
MI v ,1  max TSI v ,1,1 ,..., TSI v ,1, s ,..., TSI v ,1, SN 
 0
 TSI v ,1, SN 
1 s  SN ; s 1


M
O
M 
M

 TSI

L
0  SN SN MI v , SN  max TSI v ,1,1 ,..., TSI v , SN , s ,...,TSI v , SN , SN 
v , SN ,1


1 s  SN ; s  SN 

(42)

The MIv,s stands for the index of the v-th EV trajectory, at which the s-th scenario trajectory
achieves the highest similarity according to the functional similarity measure presented
in (40). Consequently, the obtained column of indices (observe (42), right part) of trajectories
noting the achievement of the highest mutual trajectory similarity, allows for the identification
of the mode, i.e. the most frequently occurring index of a scenario trajectory. Therefore, the
mode of this column of indices is the representative trajectory of the v-th EV, since this
trajectory is in combination to the maximum similarity achievement in the majority of the
cases. In case of obtaining various numbers of trajectories that are equal to the mode, we made
a definition that we will select as representative trajectory of the v-th EV mobility behaviour,
the one with a shorter temporal length.

4.2.2. K-MEANS scenario reduction
The computational requirements for solving a scenario-based optimisation models is
proportional to the number of scenarios. Therefore, having an effective scenario reduction
method is vital for solving cases when numerous stochastic scenarios are generated. The
scenario reduction procedure is a scenario-based approximation with a smaller number of
scenarios with significantly good approximation of the original state, [91]. In the reduction
process, new probabilities to the preserved scenarios are assigned. The probability of scenarios
is calculated based on the assignment of each stochastic data point to its nearest centroid. As
we expect that the execution of numerous scenarios would be time consuming and
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computationally requiring, we apply the K-MEANS scenario reduction method in order to
select the most probable scenarios to be included in the optimisation process. The K-MEANS
scenario reduction method is elaborated in detail in [99], [100] and [101]. In [99] the authors
present a global K-MEANS clustering algorithm for the minimisation of the clustering error
that employs the K-MEANS algorithm as a local search procedure. A profound overview of
the K-MEANS clustering is made in [100], where the problem statement of breaking data up
into K groups and the search for K average or mean values about the data as an approach to
clustering is also explained. [101], shows a procedure for computing a refined starting
condition from a given initial point for K-MEANS clustering, which is based on an efficient
technique for estimating the modes of distribution, is profoundly elaborated. It must be
emphasised that the focus of this paper is not on the reduction procedure, and hence it is taken
as a given.
We use the K-MEANS scenario reduction procedure in order to reduce the numerous scenarios
with regards to the driving range of EVs, QoS and investment costs related to the types of
charging technologies to be installed at candidate locations. This part comes after the stochastic
modelling of entities form the stochastic module. Each scenario in the reduced set of scenarios
has its own probability of occurrence, which will be later used for the calculation the placement
probability of the selected optimal candidate locations.

4.3. Stochastic formulation of the optimisation model for charging
stations placement
The optimisation model is stochastically formulated as following:
T

I

K

1
 c 'i ,k ,s  xi ,t ,k
k 1 w 'i

F 's  minimize 


t 1 i 1

(43)

Subject to the following constraints:
I

a

i ,v , s , j

 xi,t ,k  1; j  1, 2,..., J v, s ; v  1, 2,...,V ; k  1, 2,..., K ; t  1, 2,..., T ; s  1, 2,..., SN

(44)

i 1

I

K

 L

k ,v

 xi,t ,k  QoS 'v,s ; t  1,, T ; v  1, 2,...,V ; k  1, 2,..., K ; s  1, 2,..., SN

(45)

i 1 k 1

xi ,t 1,k  xi ,t ,k ; t  1,, T  1; i  1, 2,..., I ; k  1, 2,..., K

(46)

xi,t ,k 0,1; t  1, 2,, T ; i  1, 2,..., I ; k  1, 2,..., K

(47)
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4.4. Placement probability of optimally selected locations
After executing the optimisation model in (43) – (47) for the stochastic scenarios and by using
their probability of occurrence, the placement probability of optimally selected locations can
be identified. This idea comes after deriving the optimal CSs placement locations by execution
of the stochastically formulated model for each stochastic scenario and the fact that each i-th
selected location shares the scenario occurrence probability. Therefore, the placement
probability of i-th candidate location, λi, is calculated as follows:
SN

i   pi , s ; i  1, 2,..., I

(48)

s 1

where pi,s is the probability of occurrence of i-th location of the road network that selected in
the optimal solution in s-th scenario execution. Therefore, if a candidate location is selected in
an optimal solution for all SN scenarios, the stochastic placement probability of this candidate
location is 100%. Candidate locations having a 0% placement probability do not appear in any
of the optimal scenario solutions; therefore, these candidate locations are not qualified for the
inclusion in the CI planning.
The value of the placement probability of the of optimally selected stations placement λi may
be used to ensure CI planners with information regarding which locations in the road network
must be included, but also to oversee and prioritise locations according to their importance.
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5. Numeric results
The proposed optimisation procedure for CI placement planning is applied on a discrete test
road network and the six-bus test EPS by Wood and Wollenberg, [102], both presented in
Figure 12. The test road network is in a form of 10 ×10 discrete grid in the two dimensional
plane (dx, dy), with equally distributed points. In Figure 12. A), the overall number of discrete
points is I = 100 where each point holds notation from 1 to 100. Additionally, to which bus of
the EPS are the candidate locations connected is also shown in Figure 12 a). The test EPS in
Figure 12 b) includes 11 lines, 6 buses and 3 generators.

a)

b)

Figure 12: a) Test road network and bus connections of candidate locations, b) Test EPS as
shown in [102]
Table 3 and Table 4 show the data for the test EPS. All the EPS parameters are expressed in
p.u. i.e. as a function of a defined base unit quantity that equals 100 MVA.
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Table 3: Lines input data for the test EPS, [102]
Line
ID
1

form
bus
1

to
bus
2

X
(p.u.)
0.2

PLmax
(p.u.)
0.30

2

1

4

0.2

0.50

3

1

5

0.3

0.40

4

2

3

0.25

0.20

5

2

4

0.1

0.40

6

2

5

0.3

0.20

7

2

6

0.2

0.30

8

3

5

0.26

0.20

9

3

6

0.1

0.60

10

4

5

0.4

0.20

11

5

6

0.3

0.20

Table 4: Buses input data for the test EPS
Bus
ID
1

PD0
(p.u.)
0

PGgmin
(p.u.)
0.5

PGgmax
(p.u.)
2

2

0

0.375

1.5

3

0

0.45

1.8

4

0.7

5

0.7

6

0.7

At this stage, in order to make the example presented is clearer and simple we make the
following assumptions:





The distance between two consecutive points in the road network is 100 km.
At the start of each new EV trajectory the battery of the EV is fully charged.
When an EV reaches a CS, the battery is charged so that it can drive distance equal to its
driving range, Rv, on a single charge.
All EVs have the same driving range.

Once we have the road network modelled, we can present the trajectories of the EVs
movement, which can start everywhere within the road network and at different time instances.
By having the time and space features of EV trajectories we consider the mobility behaviour
of the EVs which is valuable for the CI planners. In Table 5 are listed the individual EV’s
trajectory points of the road network in different time instances. The case study is applied for
an overall time period of T = 24 time instances where one time instance equals one day.
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Table 5: EV's trajectory at t-th time instance
EV

1

2
3

Time instance
t=1
t=8
t = 12
t = 16
t = 22
t=1
t = 15
t = 21
t=8
t = 17

Trajectory
1 2 3 4 14 24 34 44 54 64 74 84 94 95
95 96 97 87 77
77 78 79 80
80 70 60 50 40 30 20 10 9 8 7 6
6 16 26 36 46 56
22 32 42 52 62 72 82 92 93 83 73
73 74 75 65 55
55 45 35 34 33 23 13 12 22
8 18 28 38 48 58 68 78 88 98
98 97 96 95 94 93 92 91

Figure 13 shows the overall spatial layout of the EV trajectories in the road network. The
trajectory points are noted with solid black round markers, while the rest of the points in the
road network are noted with empty round markers.

Figure 13: Spatial layout representation of all EV trajectories
In this case study, the number of types charging technologies for the CS to be placed at
optimally select location is K = 2. The first charging technology candidate, i.e. k = 1, is a slow
charge technology with charging time CT1 = 240 minutes and the second charging technology,
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i.e. k = 2, is the fast charge technology with charging time CT2 = 20 minutes. The CSs’s
charging powers, Pk, for the slow charge technology is P1 = 0.1 p.u. and for the fast charging
P2 = 0.5 p.u, respectively.
In Table 6, columns 1 and 6 represent the candidate locations, enumerated from 1 to 50 and 51
to 100, respectively. The related traffic load weights are shown in columns 3 and 8 where the
value of the weight represents the traffic flow defined as number of EV users traveling through
a candidate location. The calculations of these weights are made based on (7) and (8). The
candidate locations with zero weight are not part of any trajectory, those with weight 1 are part
of one trajectory, and the candidate location with weight 2 would mean that two different
trajectory points are crossing through that candidate location. For the optimisation procedure,
the points that have higher traffic flow have higher significance.
In Table 6, columns 2 and 7 represent the buses’ ID at which the candidate locations of the
road network are connected.
The investment costs for placing either slow charge technology or fast charge technology type
at the i-th candidate location point of the road network are shown in Table 6, columns 4, 5, 9
and 10, respectively. The calculated values regarding these investment costs are based on the
equations elaborated in detail [24]. In our case study, the maximum investment cost with regard
to the slow charge technology type is at candidate locations 13 and 77, with maximum
investment costs of 100,000.00 €, and the maximum investment cost with regard to the fast
charge technology is at candidate locations 5 and 9, with overall costs 991,000,00 €. If we
compare the charging technology types slow charge and fast charge, their difference is by
factor of 10. This is due to the fact that faster charging technologies are more technically
demanding, requiring to be installed transformers for connection to higher voltage levels,
equipment as AC/DC converters, etc.

Table 6: Input data for the candidate locations
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i-th
candidate
location
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

53

Bus
ID

wi
(weights)

4
4
4
4

1
1
1
1
0
1
1
2
1
1
0
1
1
1
0
1
0
1
0
1
0
2
1
1
0
1
0
1
0
1
0
1
1
2
1
1
0
1
0
1
0
1
0
1
1
1
0
1
0
1

6
6
6
6
6
4
4
4
6
6
6
4
4
4
6
6
6
4
4
4
4
6
6
6
4
4
4
6
6
6

Investment costs
Slow
Fast
charge
charge
technology technology
(€)
(€)
34,000.00
727,000.00
38,000.00
625,000.00
20,000.00
834,000.00
95,000.00
891,000.00
68,000.00
991,000.00
53,000.00
100,000.00
68,000.00
879,000.00
59,000.00
651,000.00
68,000.00
991,000.00
59,000.00
575,000.00
75,000.00
532,000.00
57,000.00
822,000.00
100,000.00 305,000.00
29,000.00
548,000.00
19,000.00
911,000.00
19,000.00
617,000.00
15,000.00
861,000.00
46,000.00
765,000.00
50,000.00
627,000.00
43,000.00
322,000.00
79,000.00
700,000.00
67,000.00
175,000.00
80,000.00
663,000.00
94,000.00
695,000.00
98,000.00
757,000.00
27,000.00
902,000.00
22,000.00
985,000.00
73,000.00
792,000.00
18,000.00
623,000.00
57,000.00
936,000.00
58,000.00
622,000.00
88,000.00
115,000.00
54,000.00
208,000.00
45,000.00
877,000.00
71,000.00
536,000.00
77,000.00
861,000.00
57,000.00
288,000.00
41,000.00
597,000.00
23,000.00
667,000.00
63,000.00
128,000.00
33,000.00
653,000.00
14,000.00
426,000.00
78,000.00
144,000.00
32,000.00
541,000.00
50,000.00
273,000.00
72,000.00
210,000.00
42,000.00
285,000.00
77,000.00
232,000.00
45,000.00
270,000.00
72,000.00
138,000.00

i-th
candidate
location
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100

Bus
ID

5
5
5
6
6
6
5
5
5

6
6
5
5
5
5
6
6
6
6
5
5
5

6
6

5
5
5
5
5
6
6
6

wi,
(weights)
0
1
0
1
1
1
0
1
0
1
0
1
0
1
1
0
0
1
0
1
0
1
1
2
1
0
1
2
1
1
0
1
1
1
0
0
1
1
0
0
1
2
2
2
2
2
2
1
0
0

Investment costs
Slow
Fast
charge
charge
technology technology
(€)
(€)
74,000.00
672,000.00
50,000.00
353,000.00
11,000.00
585,000.00
40,000.00
726,000.00
48,000.00
549,000.00
34,000.00
582,000.00
27,000.00
501,000.00
84,000.00
211,000.00
49,000.00
541,000.00
90,000.00
868,000.00
45,000.00
887,000.00
79,000.00
343,000.00
46,000.00
287,000.00
83,000.00
609,000.00
78,000.00
676,000.00
44,000.00
475,000.00
29,000.00
285,000.00
81,000.00
954,000.00
96,000.00
173,000.00
39,000.00
195,000.00
71,000.00
227,000.00
49,000.00
249,000.00
85,000.00
659,000.00
79,000.00
616,000.00
25,000.00
146,000.00
88,000.00
939,000.00
100,000.00 756,000.00
56,000.00
764,000.00
90,000.00
157,000.00
63,000.00
875,000.00
24,000.00
941,000.00
28,000.00
986,000.00
47,000.00
873,000.00
78,000.00
807,000.00
85,000.00
562,000.00
81,000.00
260,000.00
38,000.00
459,000.00
58,000.00
220,000.00
18,000.00
127,000.00
20,000.00
946,000.00
22,000.00
371,000.00
71,000.00
366,000.00
55,000.00
399,000.00
27,000.00
520,000.00
55,000.00
684,000.00
23,000.00
122,000.00
15,000.00
858,000.00
87,000.00
603,000.00
61,000.00
869,000.00
94,000.00
413,000.00
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By following Table 7, three different cases (rows-wise 1, 2, 3) of the value of the QoSv and the
EV driving range are shown (columns-wise I, II, III). The first case considers that the EV user
has low disposable time to charge. This means that he tends to spend as less time charging at
a CS. Having low disposable charging time can be significant reflection of the EV user being
in a hurry, or is time limited e.g. late for work, meeting, etc. This is the case when the value of
the index QoS is low and very demanding. Any significant retention for the EV user at the CS
means that the CI is awaiting the required quality of the charging service. The second case
considers higher disposable charging time, and case 3 considers a case where the EV driver
has a very long waiting time at his or her disposal for charging. The third case reflects the EV
users that have loose charging time requirements. This is a relaxed form when traveling, no
pressure on arriving exactly on time or a case where there is a long time reserve to arrive on
destination. For the required quality of service level of the CI, these EV users are more flexible.
We consider 3 cases of different driving range, 200, 400 and 500 km, as shown in in Table 7.
These values of the driving range are based on values used in the majority of the papers
elaborated in the literature overview in Section 2.
In this dissertation, we test the optimisation model for two different options regarding the
optimisation constraints:




model without constraints for the EPS reliability check (reference) where are
considered objective function in equation (17) and the constraints in equations (18) (21), and
model with constraints for EPS reliability check (improved); this is the reference model
by following additionally the constraints for the DC EPS model in (11) - (15).

By comparing the models, the goal is to acknowledge the impact of incorporating the EPS
reliability check constraints on the optimal CSs placement layout and overall CI placement
costs. Table 7 shows the optimisation results for the three different cases of QoS and ranges,
for the models without and with EPS reliability check, while ∆F notes their difference in the
overall CI placement costs.
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Table 7: Comparison of F as function of QoSv and Rv for the models without / with EPS
reliability check, respectively
Model without EPS reliability check
I
Case
No.
1

2

3

EV
user

QoSv
(min/100km)

1

10

2

11

3

12

1

42

2

45

Rv
(km)

II
F
(€)

QoSv
(min/100km)

Rv
(km)

III
F
(€)

9
48,403,000

5

18,157,000

38

4

13,328,000

25
400

11,295,500

33

3

34

26

24

1

130

70

51

2

121

3

117

32,856,000

F
(€)

5

35
38,140,500

Rv
(km)

6

4
200

QoSv
(min/100km)

60

10,500,000

50

500

83

9,349,500

8,472,000
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Model with EPS reliability check
I
Case
No.
1

2

3

Rv
(km)

II
F
(€)

QoSv
(min/100km)

Rv
(km)

III

EV
user

QoSv
(min/100km)

F
(€)

1

10

2

11

3

12

4

5

1

42

35

25

2

45

9
59,679,500

200

52,077,500

3

34

26

1

130

70

2

121

3

117

47,709,000

60

Rv
(km)

F
(€)

6

5

38

QoSv
(min/100km)

20,889,500

400

16,730,500

4

33

16,409,000

500

13,438,500

24
51
16,730,500

50

83

13,438,500
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Comparison
Case No.

ΔF
(€)

ΔF
(€)

ΔF
(€)

1

11,276,500

2,732,500

3,081,000

2

13,937,000

5,435,000

4,089,000

3

14,853,000

6,230,500

4,966,500

By observing in Table 7 the columns I, II, and III, for both the models, it can be concluded
that as the value of the QoSv index is increased the lower is the CI placement cost because of
placing charging technology types for the CS with longer charging times and lower investment
costs. Just for example if regarding the reference model in column I, and comparing the
individual cases no. 1 and 2, the results show that the overall placement cost has reduced for 21.2 % and if comparing no. 1 and 3 reduces to -32.11 % and cases no. 2 and 3 reduces -13.8
%. For column II, cases no. 1 and 2, -37.78 %, cases no. 1 and 3, -42.17 % and cases no. 2 and
3, 7.04 %. Column III, cases no. 1 and 2, -29.85 %, cases no. 1 and 3, -36.43 % and cases no.
2 and 3, -9.38 %. It is shown that the biggest reduce of the overall placement cost of the CI is
when comparing the cases no. 1 and 3, due to the difference in the values of the required QoS.
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Comparison results for ∆F in Table 7 show that the CI placement costs for the model with EPS
reliability check are higher in comparison with the model without EPS reliability check due
to the constraints added for the EPS limitations and keeping the power flow balance. The
highest difference in the value of the placement costs can be noticed for the case of shortest
driving range (200 km) and low values of QoS (10 - 12 min/100km) or column I, because more
CSs are to be placed with faster charging times.
Further, we explore the F vs. QoS dependency i.e. the impact on overall placement costs of
having constantly increasing value of the QoSv for the different values of the EV driving range
as illustrated in Figure 14. The initial value of the QoS is equal for all EV drivers and starts at
10 min/100km by constantly increasing with a step of 5 min/100 km.
As shown in the comparison curves in Figure 14, the incorporation of the EPS reliability check
in the optimisation model constraints contributes in increasing the overall CI placement costs
for all the observed cases. The higher the value of the quality of service, QoS, the lower the
overall placement investment costs, F. The constant part of the curves of F, occurs as a
consequence of the involved criterion of ensuring charging reliability of the CI. The constancy
means that, even though the required QoS by the EV users implies to lower the overall
placement costs by placing CSs with lower investment costs, the constraint for the charging
reliability in (18) enforces the optimisation to select CSs to perceive that criterion.

a)
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b)
Figure 14: Required QoSv vs. placement costs, F = f(QoSv), for different EV ranges: a) without
EPS reliability check b) with EPS reliability check
Table 8 shows the difference in the optimal CSs placement locations selection for the models
without / with EPS reliability check constraints, respectively. The number of selected charging
stations is shown in column 4 and the selected optimal locations in column 3. As expected, the
highest number of selected CSs is for the example of the shortest driving range,
case I, 200 km. The table also elaborates how the additional constraints for EPS reliability
check influences the change of the optimal CSs selection. An optimal location is considered
that is unchanged if is selected in the optimal location selection solutions for both models.
Otherwise, it is considered that the location is changed. Just for example of the optimal
locations change, if observing case 1.I, three different optimal locations of the reference model
(locations 8, 10 and 30) were not selected for the optimal solution of the model with constraints
for EPS reliability check. Therefore, the model with EPS reliability check constraints enforce
the change of 3 locations that represent 8.82% of the optimal location solution for that case.
The same comparison analysis can be made for the rest of the cases.
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Table 8: Number of CS and selected locations as function of the QoSv and Rv
Case
No.

Model
Ref.

1.I
Imp.
Ref.
2.I
Imp.
Ref.
3.I
Imp.
1.II
2.II
3.II
1.III
2.III
3.III

Ref.
Imp.
Ref.
Imp.
Ref.
Imp.
Ref.
Imp.
Ref.
Imp.
Ref.
Imp.

Selected locations
2 3 6 8 10 13 14 18 22 26 30 33 34 38 42 45 46 50 52 54 55 58 70 72
74 75 78 80 83 87 92 94 96 98
2 3 6 7 9 13 14 18 20 22 26 33 34 38 40 42 45 46 50 52 54 55 58 70 72
74 75 78 80 83 87 92 94 96 98
1 3 6 8 10 12 14 18 22 23 26 30 34 38 42 45 46 50 52 54 55 58 70 72
74 75 78 80 83 87 92 94 96 98
2 3 6 8 10 13 14 18 22 26 30 33 34 38 42 45 46 50 52 54 55 58 70 72
74 75 78 80 83 87 92 94 96 98
1 3 6 8 10 12 14 18 22 23 26 30 34 38 42 45 46 50 52 54 55 58 70 72
74 75 78 80 83 87 92 94 96 98
2 3 6 8 10 13 14 18 22 26 30 33 34 38 42 45 46 50 52 54 55 58 70 72
74 75 78 80 83 87 92 94 96 98
3 8 12 20 26 34 38 50 52 74 78 92 96
3 6 10 22 26 33 34 38 50 52 74 78 92 96
3 8 12 26 30 34 38 42 70 74 78 82 93 96
3 8 22 26 30 33 34 38 52 70 74 78 92 96
3 8 12 26 30 34 38 42 70 74 78 82 93 97
3 8 22 26 30 33 34 38 52 70 74 78 92 96
8 14 16 22 34 40 42 58 74 92 96
6 14 16 20 33 38 42 64 70 75 78 92 96
3 8 16 22 34 40 42 58 74 92 96
8 14 16 33 38 40 42 64 75 78 92 96
3 8 16 22 34 38 40 42 74 78 92 97
8 14 16 33 38 40 42 64 75 78 92 96

No. of
selected
locations
34
35
34
34
34
34
13
14
14
14
14
14
11
13
11
12
12
12

One graphical example showing the changed and unchanged optimal CSs location selection
for the two models in case of 1.III is shown in Figure 15.
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Figure 15: Changed and unchanged optimal locations for the models without / with EPS
reliability check constraints in the case 1.III
As demonstrated in Figure 15 in the case 1.III the optimal locations 14, 16, 42, 92 and 96 stay
unchanged, but others such as 6, 8, 20, 22, 33, 34, 38, 40, 58, 64, 70, 74, 75 and 78 change.
For the model with incorporated EPS reliability check, Table 9 gives a comparison of the lines
power flows in the base and newly derived state of the EPS due to the integration of the CSs.
In its initial operating state, the power-flows of the lines are shown in Table 9 (BASE CASE),
column 2. Table 9, can serve to find the overloaded lines of the electric network. In Table 9,
column 13, the mean value of the lines’ power flow, β, is shown considering all the cases of
EV ranges and QoS. Thus, as critical lines we considered the lines that operate near the
maximum operation limit i.e. have up to 10 % incremental reserve from its average value to
reach the maximum operational limit. The overloading lines in Table 9 that are grey marked
are 1, 2, 3, 5, 6, 7 and 8. For these lines, there is higher line outage possibility, which can affect
the power network reliability and power supply. Therefore, the optimisation model can serve
to find the critical lines in the network, for which the SOs must consider reconstruction or
replacement.
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Table 9: Comparison of the power flows for the initial operation state and cases 1.I - 3.III.
Line
ID

BASE
CASE

CASE
1.I

CASE
2.I

CASE
3.I

CASE
1.II

CASE
2.II

CASE
3.II

CASE
1.III

CASE
2.III

CASE
3.III

PL
(p.u.)

PL
(p.u.)

PL
(p.u.)

PL
(p.u.)

PL
(p.u.)

PL
(p.u.)

PL
(p.u.))

PL
(p.u.)

PL
(p.u.)

PL
(p.u.)

PLmax
(p.u.)

β
(p.u.)

1

0.30

0.30

0.30

0.30

0.30

0.30

0.30

0.30

0.30

0.30

0.30

0,30

2

0.45

0.48

0.48

0.48

0.48

0.48

0.48

0.48

0.48

0.48

0.50

048

3

0.37

0.38

0.38

0.39

0.38

0.38

0.39

0.38

0.39

0.38

0.40

0.38

4

0.07

0.01

0.01

0.04

0.01

0.01

0.04

0.01

0.04

0.01

0.20

0.02

5

0.30

0.36

0.36

0.37

0.36

0.36

0.37

0.36

0.37

0.36

0.40

0.36

6

0.17

0.18

0.18

0.19

0.18

0.18

0.19

0.18

0.19

0.18

0.20

0.18

7

0.29

0.27

0.27

0.30

0.27

0.27

0.30

0.27

0.30

0.27

0.30

0.28

8

0.13

0.20

0.20

0.18

0.20

0.20

0.18

0.20

0.18

0.20

0.20

0.19

9

0.39

0.53

0.53

0.49

0.53

0.53

0.49

0.53

0.49

0.53

0.60

0.51

10

0.05

0.04

0.04

0.05

0.04

0.04

0.05

0.04

0.05

0.04

0.20

0.05

11

0.02

0.00

0.00

0.01

0.00

0.00

0.01

0.00

0.01

0.00

0.20

0.00

Table 10 shows the generation output change for the cases 1. I - 3. III. It can be seen, that there
is an incremental change of the generators due to the CSs integration. For the executed cases
of range and QoS, the highest output has the first generator, next to follow is the third and the
second generator has the least output. The average output of the first generator is 116.49 MW,
which is tightly a +4 % generation increase from it’s initial 112.09 MW. The second one has
54.74 MW average output that is +3.49 % increase from the initial, 52.90 MW, and the third
generator has an average of 68.74 MW output that is +53 % increase from its initial, 45 MW.
Table 10: Comparison of the power generation outputs for the base case and cases 1.I - 3.III
BASE CASE
Generator
ID

1
2
3

PGgmin
(p.u.)
0.50
0.38
0.45

PGg
(p.u.)
1.12
0.53
0.45

PGgmax
(p.u.)
2.00
1.50
1.80

CASE
1.I

CASE
2.I

CASE
3.I

CASE
1.II

CASE
2.II

CASE
3.II

CASE
1.III

CASE
2.III

CASE
3.III

PGg
(p.u.)
1.16
0.52
0.72

PGg
(p.u.)
1.16
0.52
0.72

PGg
(p.u.)
1.17
0.60
0.62

PGg
(p.u.)
1.16
0.52
0.72

PGg
(p.u.)
1.16
0.52
0.72

PGg
(p.u.)
1.17
0.60
0.62

PGg
(p.u.)
1.16
0.52
0.72

PGg
(p.u.)
1.17
0.60
0.62

PGg
(p.u.)
1.16
0.52
0.72

According to the stochastic formulation of the optimisation procedure elaborated in Section 4,
for each of the entities in the stochastic module we have generated numerous scenarios i.e. a
significant large number of scenarios (SN = 10 000) to include all the possible stochastic
occurrences. First, to find the reflection of the stochastic mobility behaviour of the EVs, we
have applied the search procedure of representative trajectories of EVs movement that was
elaborated in Subsection 4.2.1. In Table 11, Column 2 we show how the EV’s representative
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trajectories are disjointed in different time instances but also the scenario ID of the trajectory
in an overall 10,000 scenarios.
Table 11: Representative trajectories of the EVs disjointed in time instances and trajectory
scenario ID

EV

1

2

3

Time instance

Trajectory

1
3
6
9
11
4
8
12
14
19
16
20
21
23
24

23 13 12 2 3
4 14 15 5 6 7
8 18 19 9 10
20 30 40 50 49
59 60 70 69 79 89
83 82 81 91 92 93
94 84 85 95 96
97 98 99 89 90
80 79 69 59 60
50 40 30 29 19
52 62 61 71 72 73
83 93 94 84 74
75 65 64 63
53 54 55 45
46 47 37 38 39

Scenario
ID

4772

4350

5136

Figure 16 shows the representative trajectories and the direction of movement for EVs in the
dx and dy plane.

a)
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b)

c)
Figure 16: Representative trajectories for the EVs and directions of movement
Henceforth, these trajectories are used in the formation of the common stochastic scenarios in
combination with the stochastic values of the input parameters of the second part of the
stochastic module. The second part of the stochastic module includes the implementation of
stochastic components related to the driving range of EVs, QoS and overall costs. Table 12
presents the initial data for the second part of the stochastic module. Table 12, Row 1 shows
the initial driving range for all EVs. The value of the QoS is different for each of the individual
users and their initial values are shown in Table 12, Rows 2 - 4. The initial values of the
investment costs for both of the charging technology types are the same as those in Table 6.
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Table 12: Initial data for the stochastic module
Rv,0 (km)
D1,0 (min)
D2,0 (min)
D3,0 (min)
L1,v (min)
L2,v (min)
µ
σ
V
K
T
I
S
ci,k,o

400
748
552
364
240
20
0
0.1
3
2
24
100
10 000
Table 6

After creating 10,000 scenarios for the EV driving range, QoS and investment costs, in
accordance with K-MEANS scenario reduction procedure presented in Subsection 4.2.2, we
have reduced those scenarios to a set of 10 scenarios. We assume that a pre-defined set of 10
scenarios is adequate to execute the optimal placement procedure. Each of these scenarios
holds different probability of occurrence, as shown in Table 13, Column 2.
Table 13: 10 stochastic scenarios
Scenario
No.
1

404.52

QoS1,s
(min / 100km)
10.91

QoS2,s
(min / 100km)
12.05

QoS3,s
(min / 100km)
13.12

2.26

400.40

11.01

12.00

13.02

3

10.89

399.57

11.00

11.99

13.01

4

16.23

400.48

10.99

11.99

13.03

5

16.20

402.36

11.02

11.94

12.95

6

6.85

400.61

11.03

12.01

13.03

7

13.97

399.80

11.03

11.99

12.99

8

2.49

400.33

11.01

12.02

13.03

9

14.38

402.02

10.93

12.09

13.11

10

10.40

399.19

11.01

12.04

13.04

ps (%)

Rv,s (km)

6.33

2

Furthermore, Table 13, Column 3 also demonstrates the stochastic EV driving range, which is
assumed to be equal for all EV drivers in order to perceive the principle of charging reliability.
However, the requested QoS for the EV users is different in the individual scenario and their
values are shown in Table 13, columns 4 - 6. Regarding the investment costs for the different
charging technology types of the candidate locations there would be 10 different tables similar
as Table 6. That representation would be very space-wise demanding, therefore we have
decided to include table as Table 14 where we represent the mean value of the investment costs
of the 10 scenarios for each of the charging technology type for the individual candidate
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location. To be more specific, in Table 14, in columns 3 – 4 are shown the investment costs
for both the slow and fast charge technology types starting from 1-st to 50-th candidate location
and in columns 7 – 8, for 51-st to 100-th candidate location. Nevertheless, we must emphasise
that the appropriate investment cost values are used in the particular scenario optimisation
execution.

Table 14: Traffic flow weights and overall costs (mean value of the reduced scenario set) for
placing the k-th candidate charging technology at the i-th candidate location
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Investment costs
(mean value of the reduced set)
Slow charge
Fast charge
technology (€)
technology (€)
67,933.87
155,966.72

i-th
candidate
location

wi
(weights)

1

0

2

1

43,957.21

727,844.67

3

1

82,919.29

4

1

5

Investment costs
(mean value of the reduced set)
Slow charge
Fast charge
technology (€)
technology (€)
96,905.67
378,193.80

i-th
candidate
location

wi
(weights)

51

0

52

1

58,942.63

745,174.30

140,675.86

53

1

56,944.57

713,573.21

57,943.60

167,180.01

54

1

30,969.85

596,343.32

1

40,960.13

581,052.47

55

1

53,947.49

742,116.13

6

1

94,907.62

190,625.99

56

0

65,935.82

713,573.21

7

1

88,913.45

853,229.68

57

0

70,930.95

265,041.48

8

1

59,941.65

852,210.29

58

0

44,956.24

219,168.91

9

1

65,935.82

764,542.72

59

2

42,958.18

1,019,390.29

10

1

62,938.74

239,556.72

60

2

98,903.73

258,925.13

11

0

27,972.77

707,456.86

61

1

12,987.36

131,501.35

12

1

36,964.02

577,994.30

62

1

89,912.48

616,731.13

13

1

51,949.43

994,924.93

63

1

92,909.56

911,334.92

14

1

29,970.83

697,262.96

64

1

81,920.26

715,611.99

15

1

85,916.37

836,919.43

65

1

17,982.49

276,254.77

16

0

26,973.75

517,850.27

66

0

32,967.91

440,376.61

17

0

29,970.83

498,481.85

67

0

39,961.10

524,986.00

18

1

24,975.69

859,346.02

68

0

70,930.95

1,003,080.05

19

2

29,970.83

178,393.30

69

2

21,978.60

244,653.67

20

1

48,952.35

223,246.48

70

1

74,927.07

886,869.55

21

0

37,963.05

260,963.92

71

1

18,981.52

693,185.40

22

0

93,908.59

460,764.41

72

1

68,932.90

447,512.34

23

1

48,952.35

865,462.36

73

1

53,947.49

277,274.16

24

0

25,974.72

838,958.21

74

1

79,922.21

494,404.29

25

0

91,910.53

156,986.11

75

1

74,927.07

544,354.42

26

0

98,903.73

467,900.14

76

0

91,910.53

212,033.18

27

0

48,952.35

585,130.03

77

0

90,911.51

643,235.28

28

0

19,980.55

484,210.39

78

0

39,961.10

308,875.26

29

1

32,967.91

704,398.69

79

2

72,929.01

454,648.07

30

2

46,954.29

677,894.54

80

1

27,972.77

637,118.93

31

0

63,937.76

370,038.68

81

1

11,988.33

332,321.24

32

0

32,967.91

497,462.46

82

1

76,925.12

367,999.90

33

0

63,937.76

115,191.10

83

2

54,946.52

667,700.64

34

0

73,928.04

1,005,118.83

84

2

52,948.46

345,573.31

35

0

29,970.83

254,847.57

85

1

91,910.53

858,326.63

36

0

19,980.55

198,781.11

86

0

64,936.79

1,004,099.44

37

1

35,964.99

443,434.78

87

0

65,935.82

771,678.45

38

1

38,962.07

283,390.50

88

0

87,914.42

416,930.63

39

1

47,953.32

551,490.15

89

2

82,919.29

638,138.32

40

2

55,945.54

412,853.07

90

1

61,939.71

200,819.89

41

0

16,983.47

975,556.51

91

1

25,974.72

933,761.51

42

0

32,967.91

947,013.58

92

1

30,969.85

909,296.14

43

0

81,920.26

149,850.37

93

2

89,912.48

852,210.29

44

0

11,988.33

778,814.18

94

2

11,988.33

340,476.36

45

1

93,908.59

348,631.48

95

1

53,947.49

647,312.83

46

1

75,926.09

489,307.34

96

1

24,975.69

122,326.83

47

1

53,947.49

604,498.44

97

1

98,903.73

492,365.51

48

0

61,939.71

967,401.39

98

1

73,928.04

388,387.70

49

1

30,969.85

485,229.78

99

1

54,946.52

249,750.62

50

2

50,950.41

1,004,099.44

100

0

51,949.43

266,060.87
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In scenario no. 1, the value of the stochastic EV driving range is the highest (404.52 km), while
in scenario no. 10, it is the lowest (399.19 km). With respect to the stochastic QoS in the
scenario with the highest probability (Scenario no. 4), the values for the EV users are: 10.99
min / 100 km, 11.99 min / 100 km and 13.03 min / 100 km, respectively. In the scenario with
the lowest probability (Scenario no. 2), the values of the stochastic QoS are: 11.01 min / 100
km, 12 min / 100 km and 13.02 min / 100 km, respectively. With respect to the stochastic
investment costs, the highest and the lowest mean value for the reduced set of 10 scenarios for
the fast type of charging technology are achieved at candidate locations 26 (98,904.00 €) and
44 (11,988.00 €), respectively. For the slow type of charging technology, the highest and the
lowest mean value for the reduced set of 10 scenarios are obtained at locations 59
(1,019,400.00 €) and 33 (115,190.00 €), respectively. According to calculations conducted on
the basis of (36) and (37), the related candidate location weights are shown in columns 2 and
6 of Table 14. The value of the weight represents the traffic flow according to the representative
trajectories. As expected, the weights in this case study are small due to the representative EV
trajectories and the number of EVs considered, which equals 3. The zero weight candidate
locations are not part of any EV driver trajectory, while the candidate locations having a weight
of 1 are part of one representative trajectory. Similarly, the candidate location having a weight
of 2 would mean that two different representative trajectory points are crossing through that
candidate location.
The stochastic results obtained by executing the stochastic formulation of the optimisation
model shown in Subsection 4.3 for the 10 common stochastic scenarios are demonstrated in
Table 15
Table 15: Optimal solution results for s-th scenario
Scenario
no.

ps
(%)

F’s
(€)

1

6.33

9,334,186.49

No. of
charging
stations
10

2

2.26

8,308,981.54

10

3

10.89

14,080,656.58

14

4

16.23

8,674,405.66

10

12 14 19 38 40 61 69 81 89 94
12 15 19 37 40 54 60 61 65 69 81 84 94
99
12 14 19 38 40 61 69 81 94 99

5

16.2

9,059,087.47

10

12 14 19 38 40 61 69 81 94 99

6

6.85

8,773,411.64

10

7

13.97

14,312,458.89

14

8

2.49

8,076,930.06

10

12 14 19 38 40 61 69 81 94 99
12 15 19 37 40 54 60 61 65 69 81 84 94
99
12 14 19 38 40 61 69 81 89 94

9

14.38

7,818,626.57

10

10

10.4

14,927,548.72

14

Selected
locations
12 14 19 38 40 61 69 81 94 99

12 14 19 38 40 61 69 81 89 94
12 15 19 37 40 54 60 61 65 69 81 84 94
99

On the basis of Table 15, it can be concluded that the highest F’s value is was acquired in the
10-th stochastic scenario, and equals to 14,927,548.72 €. The lowest F’s value was obtained in
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scenario no. 9, and equals to 7,818,626.57 €. Accordingly, the overall number of selected
candidate locations for the 10-th scenario amounts to 14, while for the 9-th scenario it amounts
to 10. The selected locations for the individual stochastic scenario are shown in Table 15,
column 5. As shown in Figure 17, the F’s depends on the value of the EV driving range, R’v,s.

Figure 17: CI placement costs as a function of the EV driving range
Table 16 presents the stochastic placement probability of candidate locations (λ i), which is
calculated as elaborated in Subsection 4.4 where pi,s is the probability of occurrence of a
candidate location in the optimal location solution presented in Table 15, column 2. Therefore,
if a candidate location is selected in an optimal solution for all 10 scenarios, the stochastic
placement probability of this candidate location is 100%.
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Table 16: Sorted (descend) candidate locations according to their placement probability

100

i-th
candidate
location
12

100

19

100

40

100

61

100

69

100

81

100

94

80.87

99

64.74

14

64.74

38

35.26

15

35.26

37

35.26

54

35.26

60

35.26

65

35.26

84

19.13

89

λ i (%)

The value of λ i may be used to ensure CI planners with information regarding which candidate
locations must be included, but also to oversee and prioritise candidate locations according to
their importance. On the basis of Table 16, column 2, candidate locations 12, 19, 40, 61, 69,
81 and 94 have a 100% placement probability. Candidate locations having a 0% placement
probability do not appear in any of the optimal scenario solutions; therefore, these candidate
locations are not qualified for the inclusion in the CI planning.
The placement probability of selected candidate locations is shown in Figure 18. The CI
planners can oversee the significance of the optimally selected CSs, where the width of the
point presents the placement probability of the candidate location. Boldness points have less
placement probability in comparison to other ones in the road network.
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Figure 18: Placement probability of optimally selected candidate locations point out with
locations boldness
Nevertheless, the stochastic formulation of the CI expansion planning procedure presented in
this thesis is general and can be used to execute realistic cases with numerous scenarios.
Additional simulations are made for several different number of scenarios in the range from
10-10,000. Simulations showed that the scenario reduction procedure is robust, as comparable
results are obtained, however, the calculation time is saved. It can be concluded that it is
reasonable to use a set of 10 reduced scenarios – fast calculation time and still sufficiently
precise results, since the method is robust. Table 17 categorises the optimal locations with
regards to their placement probability while increasing the sets of executed scenarios. For the
CI planners, the emphasis is on the locations with the highest probability placement. In the first
category (100% ≥ λ i ≥ 95%), there is recognisable pattern of optimal locations selection
(12, 19, 40, 61, 69, 81, 94) that remains unchanged.
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Table 17: Placement probability categorisation of optimal locations while executing sets with
a higher number of scenarios
10

50

100

95% > λ i ≥ 75%

12
19
40
61
69
81
94
99

12
19
40
61
69
81
94
99

12
19
40
61
69
81
94
99

75% > λ i ≥ 50%

14
38

14
38

14
38

50% > λ i ≥ 25%

15
37
54
60
65
84

15
37
54
60
65
84

25% > λ i ≥ 5%

89

89

89

89

5% > λ i ≥ 1%

5

15
37
54
60
65
84
59
89
5
59

Number of scenarios
500 1000 2500
Locations
12
12
12
19
19
19
40
40
40
61
61
61
69
69
69
81
81
81
94
94
94
99
99
99
14
37
14
14
54
38
38
65
84
15
15
37
37
15
54
54
38
60
60
60
65
65
84
84

5
59

5
59

5
59

Categories

100% ≥ λ i ≥ 95%

1% > λ i > 0%

5000

10000

12
19
40
61
69
81
94
99

12
19
40
61
69
81
94
99

14
37

14
37

15
38
54
60
65
84

15
38
54
60
65
84

89

89

89

5
59

5
59
4
18
23
30
47
52
71
83
91
95
98
79
80

5
59
4
18
23
30
47
52
71
79
80
83
91
95
98

98

Also we demonstrate the dependency of the calculation time for a different number of
scenarios as shown in Figure 19. The calculation time is shown for executing sets of 10, 50,
100, 500, 1,000, 2,500, 5,000 and 10,000 scenarios. Just for example, the calculation time in
case of 10,000 scenarios is 1,137 times longer compared to the case with 10 scenarios.
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Figure 19: Model execution elapsed time for a different number of scenarios
For the stochastic formulation of the model, we have additionally explored more profoundly
the impact of the EV driving range on the optimal CI expansion planning. Therefore, according
to Figure 9, in Table 18 we present the initial data for the deterministic and stochastic modules.
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Table 18: Initial data for the deterministic and stochastic module
Deterministic module
No. of discrete
points in the network
10 000
(I)
No. of charging
2
technologies (K)
L1,v (min/1000 km)
1200
L2,v (min/1000 km)
100
ci,1 (€)
20 000
ci,2 (€)
100 000
No. of EVs (V)
3
Optimisation period
24
(T)
EV trajectory 1
1010 (endpoints)
5000
EV trajectory 2
5001 - 100
(endpoints)
EV trajectory 3
9930 - 10
(endpoints)
000
QoS1 (min/1000 km)
1256
QoS2 (min/1000 km)
1840
QoS3 (min/1000 km)
915
Distance between
two consecutive
10
points in the road
network (km)

Stochastic module
Initial driving range (Rv,0)
(km)

200

Mean value (µ)

0

Standard deviation (σ)
Stochastic scenarios (SN)

0.1
10 000

The deterministic module includes the road network, charging technology types, EV driving
trajectories, QoS and investment costs of the charging technologies. As seen in Table 18, we
used a wider test road network with I = 10 000 candidate locations or a 100 × 100 discrete grid
and we have narrowed the distance between two consecutive points in the road network to 10
km. On this way, by narrowing the distance between the points in the road network we can
explore more profoundly and capture the essence of the importance of the EV driving range in
the formation of the stochastic charging reliability principle elaborated in Subsection 4.1.5.
Additionally, we have made an assumption to simplify the elaboration, that the investment
costs for the charging technology types are same for all candidate locations i.e. 20,000 € for
the slow charge technology and 100,000 € for the fast charging technology.
For the elaboration on the stochastic driving range, we have selected the EV driving trajectories
are illustrated in Figure 20. The starting and the end-points of these trajectories are shown in
rows 10, 11 and 12 in Table 18.
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100
90
80
70

dy

60
50
40
30
20
10
10

20

30

40

50

60

70

80

90

100

dx
Figure 20: EV driving trajectories in the discretised road network
The stochastic module includes the initial value of the EV driving range, the values of the mean
(µ) and standard deviations (σ) and the number of stochastic scenarios (SN). We must be
emphasise that the entities of the deterministic module (EV trajectories, required QoS and
investment costs) are considered in combination with individual stochastic EV driving range
scenarios to execute the optimisation.
On the basis of (26) - (29), stochastic scenarios (SN = 10 000) are created to establish the
uncertainty distance and consequently the stochastic EV driving range. Creating stochastic
scenarios of the EV driving range also includes the uncertainty related to the randomness of
the battery SoC which is important when going on longer trips. Certainly, the battery SoC is
also a function of the battery capacity. The uncertainty related to the initial driving range of
EVs is valuable for CI planners, since it cannot be assumed that in reality all EV users will
have a fully charged vehicle at the start of each run. Henceforth, the number of scenarios was
reduced to a set of 10 most probable scenarios by using the K-MEANS reduction procedure.
Again we have used the same pre-defined number of 10 scenarios since the optimisation
procedure is executed on a methodological test network and a set of 3 EVs. It must be noted
that as the number of scenarios increases, the probability of scenario occurrence will drop and
vice-versa. The stochastic scenarios are presented in Table 19. Column 2 presents the scenario
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occurrence probability, while the value of the stochastic EV range, which is applied to form
the stochastic charging reliability criterion for the CSs placement, is shown in Colum 3.
Table 19: Stochastic scenarios for the uncertainty distance and EV driving range

1

ps
(%)
2.58

R’v,s
(km)
176.85

Δdv,s
(km)
-23.15

2

15.48

198.71

-1.29

3

2.31

223.12

23.12

4

11.68

189.99

-10.01

5

10.3

210.72

10.72

6

15.13

202.63

2.63

7

15.39

194.63

-5.37

8

7.74

184.69

-15.31

9

12.91

206.57

6.57

10

6.48

215.84

15.84

Scenario ID

The highest value of the uncertainty distance is 23.12 km (positive) and lowest is -23.15 km
(negative). The average negative uncertainty distance equals to -11.02 km, while the positive
distance equals to 11.77 km. These values indicate that on average, the randomness of the SoC
at the beginning of the trip or the driving behaviour while the EV is on-route, shortens or
extends the initial range of 200 km by nearly 11-12 km. It can be ascertained that the stochastic
modelling of the uncertainty distance in the formation of the charging reliability criterion
becomes a necessity in order to better include the realistic occurrences, which would meet both
the EV users’ and CI planners’ needs. Scenario no. 2 holds the maximum occurrence
probability, while Scenario no. 3 has the lowest probability. Namely, this probability for the
uncertainty distance can, in reality, relate to the possibility of having an EV user frequently
unplugging the vehicle at certain charged level before the battery is fully charged and
continuing along with their drive. Another example would be when an EV user charges the
battery fully each time, but various factors, such as the driver’s sudden acceleration, speed,
breaking, air-conditioning and other external factors, i.e. road steepness, road resistance, wind,
etc., drain the battery while travelling.
The following step refers to the execution of the optimisation model presented in (43) - (47)
for the 10 stochastic scenarios of the range in combination with entities of the deterministic
module. For the formation of the charging reliability criterion, the value of the stochastic EV
driving range is considered equal for all EVs in each particular scenario. Thus, 10 different
optimal solutions for the CS placement were reflected, along with the occurrence probability
for the stochastic range scenario. The results of the objective function value for the s-th
scenario (F’s), the no. of CSs and the unary percentage increase/decrease from Fref and dFs are
shown in Table 20.
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Table 20: Objective function value, the no. of CSs for the reduced set of stochastic scenarios
of the EV driving range and the unary percentage increase/decrease from Fref

11,760,000.00

No. of
CSs
27

dFs
(%)
0

1

12,720,000.00

29

+8.16

2

12,480,000.00

28

+6.12

3

8,160,000.00

17

-30.61

4

12,720,000.00

29

+8.16

5

8,160,000.00

17

-30.61

6

9,360,000.00

20

-20.41

7

12,480,000.00

28

+6.12

8

12,720,000.00

29

+8.16

9

9,360,000.00

20

-20.41

10

8,160,000.00

17

-30.61

Scenario ID

F’s (€)

Reference

The dependency of the optimisation objective function value F’s for different values of the
stochastic EV driving range is shown in Figure 21. From this figure, CI planners can easily
determine which stochastic range scenario will bring about higher benefits along with the
occurrence probability of that scenario.

Figure 21: F’s dependency of the stochastic R’v,s
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Numeric results

At this point, it can be concluded that for scenarios 1, 2, 4, 7 and 8, the F’s value is higher than
Fref, which is the consequence of the lower value of the individual stochastic scenario for the
EV driving range (< 200 km), as may be observed in Figure 21 and Table 20, Column 4. In
this case, a higher number of CSs is selected in the final optimal solution, as seen in Table 20,
Column 3, which will definitely have an effect on increasing the EV users’ convenience. This
fact is unfavourable for CI planners, since they would need to place a higher number of CSs.
For scenarios 3, 5, 6, 9 and 10, the F’s value is lower than Fref, which is the consequence of
higher stochastic EV ranges (> 200 km). This happens in case of range scenarios for which the
number of CSs is lower than the reference case, which indicates that the EV users’ convenience
will be disrupted because a lower number of CSs will be placed; however, CI planners would
obtain higher benefits. This can also affect the mass adoption of EVs.
A negative value of the uncertainty distance component will contribute to higher CI placement
costs, since an increased number of candidate locations are placed in comparison with the
reference case where no uncertainty component is considered. In the event of a positive dFs
(unary percentage increase from Fref), it can be concluded that it represents an additional cost
for the CI planners, however, all possible stochastic occurrences having a profound effect on
battery discharge are comprised in these scenarios. In the event of a positive uncertainty
distance component, the overall CI placement costs are reduced in comparison to the reference
case. Hence, the positive value of the uncertainty distance components generates positive gains
for the CI planners, i.e. reduced CI placement costs and higher savings, which may be used for
additional investments for improving the battery charging technology, increasing the battery
stamina, capacity, etc. As a consequence, the possibility to invest generated savings increases
the initial EV driving range.
This case study elaboration shows that CI planners can assess the impact of the stochastic EV
driving range on the overall optimal CSs placement costs. The stochastic driving range, as
shown in Table 20, makes an effective change in the formation of the charging reliability of
the CI which is significant to exceed the major EVs drawback, such as their limited mobility.
Moreover, the related probabilities of occurrence for the uncertainty distance of the initial
driving range, as shown in Table 19, can be associated with the CI placement costs and can
thus be used by the CI planners as a foundation for future CI expansion plans. So far, no paper
in the literature overview has been published that would address the effect of the uncertainty
distance for the initial EV driving range and its probability of occurrence on the optimal CSs
placement solution.
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6. Conclusions
This doctoral dissertation proposes an optimal charging stations’ placement model for the
charging infrastructure expansion planning by running an electric power system reliability
check and factoring in the charging reliability and expected quality of the charging service. To
enable the practical implementation of the proposed model, this dissertation uses the set
covering theory in combination with a discretisation approach to represent the road network
and electric vehicle trajectories. We consider that the driving range of the electric vehicle is
crucial in determining the locations at which a charging station ought to be placed. Hence, the
charging reliability principle is defined as a selection of at least one candidate location within
the driving range of an electric vehicle and is included to ensure electric vehicle users’
unlimited mobility. Charging reliability is used in parallel to face the driving range limitation
of the electric vehicles. The quality of service of the charging infrastructure is considering the
disposable charging time required for electric vehicle users to reach their overall travel
distance. Investment costs are considered for each charging technology option to be placed at
candidate locations. Placing faster-charging technology types costs more, however the
charging time is shorter.
The effectiveness of the proposed formulation is demonstrated by a case study involving a test
road network and a test six-bus electric power system for different driving ranges and required
quality of service levels. Two optimisation models are compared in each of the cases in order
to indicate the significance of the electric power system reliability check which considers the
network elements’ limitation and the balance in the power flow. First model is the reference
model without and the second model is with electric power system reliability check. For the
first model, results show that the optimisation model ensures the charging reliability of the
charging infrastructure where by variation of the required quality of service level, the overall
placement costs of charging infrastructure change. Results indicate that the longer the electric
vehicle users are willing to spent time at a charging station to charge the battery, the lower the
overall cost for placement of the charging infrastructure. This is due to selecting candidate
charging technologies with charging times with longer duration, and consequently lower cost.
These findings were also published in [87]. When executing the second model, with electric
power system reliability check, numeric results show which locations remain unchanged and
which change, due to additional constraints incorporated in the model. The model with the
electric power system reliability check shows a different selection solution of optimal locations
and higher overall placement costs in comparison with the first model without the electric
power system reliability check. Further comparisons are made by constantly increasing the
required quality of service and applying different values of the driving range. Still, the overall
placement costs for the model with the incorporated reliability check remain higher.
This dissertation also introduces a stochastic formulation of the proposed optimisation model
for charging stations placement. It can be stated that the primary concern of this formulation
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is to obtain a final expansion plan that includes the related uncertainties of input parameters
for the optimisation procedure and that its optimal expansion charging stations placement
solution is meaningful for charging infrastructure planners. At the time of the planning stage
of the charging infrastructure, very often the knowledge of future parameters is poor, since,
involving a stochastic component is important for the long-term charging stations placement
planning. Also, by stochastic upgrade, a vital step forward is made in order to approximate the
actual stochastic occurrences that can happen in reality. For the stochastic formulation of the
optimisation model, the input parameters that underlie over stochastic modelling are the
electric vehicle users’ mobility behaviour, electric vehicle driving range, the quality of service
of the charging infrastructure and the investment costs of the charging technologies. The
findings regarding the stochastic formulation of the model were published in [92].With respect
to the stochastic electric vehicles’ mobility behaviour, numerous stochastically derived
trajectories are created based on the concepts of random and self-avoiding walks and efficiently
generating random trajectories between a given origin and a destination point. The principle of
self-avoiding walk ends when the observed object reaches a dead-end state, which means that
it can no longer progress to a newly unvisited discrete point in the road network. This principle
was taken as self-evident and was applied to generate stochastic trajectories to the restricted
road network boundaries. After deriving numerous scenarios of the electric vehicle mobility
behaviour, it is followed by a new approach for finding representative electric vehicle driving
trajectories. It includes a new trajectory similarity index that consists of a functional similarity
search, which takes two comparison trajectories and exposes their similarity. As representative
trajectory of the stochastic mobility behaviour of the electric vehicles to be used in the
optimisation is taken the trajectory that is mostly similar to other trajectories. Furthermore, the
stochastic electric vehicle driving range is used to include candidate locations for placing the
charging stations in the optimisation procedure with a view of overcoming and satisfying the
mobility limitation of electric vehicles. By allying the currently available battery technology,
the electric vehicle driving range can only be ensured to a certain point. However, the inclusion
of a stochastic component is mandatory for the driving range due to the most common
uncertainty factors alongside battery capacity and temperature at its base, which are considered
to have the highest effect on battery discharge. These factors include the electric vehicle
driver’s driving style, road terrain configuration (road steepness, road network topology, etc.),
status of on-board electric devices (e.g. lights, air conditioning), etc. Other factors include the
speed, acceleration, vehicle mass, aerodynamic rolling and grade resistances. The stochastic
component for the quality of service considers individual stochastic occurrences that have an
effect on the electric vehicle drivers’ disposable charging time, such as partial charging,
frequency of travel stops, traffic and road conditions, waiting time in the event of congestions,
time delays due to the charging constraints on the capacity of a charging stations in the event
of excessive charging demand, etc. For the investment costs, the stochastic component is
introduced to expose the uncertainty of the costs for the charging technologies, which result
from the constant battery charging technology development, upgrade and improvement.
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Additionally, the stochastic component may take the uncertainty of the inflation and discount
rates in the scope of operation and maintenance costs. The stochastic formulation was applied
to the model without electric power system reliability check and executed with a set of
stochastic common set scenarios for the different values of the electric vehicle driving range,
quality of service and investment costs together with representative trajectories on a discrete
test road network. After execution, stochastic results were derived that included the overall
charging stations placement cost, the number of charging stations and the optimal charging
stations layout with respect to each scenario and its probability of occurrence. Moreover, a
stochastic placement probability is calculated for individual candidate locations, which is
computed as a sum of all scenario probabilities of occurrence if a candidate location is selected
in the optimal scenario charging stations layout. This value may be used to oversee the
importance of candidate locations, which is a significant piece of information for the charging
infrastructure planners, as it enables them to prioritise candidate locations for the long-term
charging stations placement expansion planning. The present stochastic formulation also
contains another step forward in improving the overall process, as it proposes new criteria (for
the stochastic optimisation results) to be applied in the preparation of a prioritisation list for
the final decision-making part of charging infrastructure planning. We have also published
another (suboptimal) approach for prioritisation and valuation of investment candidates in the
final part of the expansion planning of the power network in [103].
We have also explored more specifically the involvement of the uncertainty distance
component accounting for the driving range and the charging infrastructure charging reliability
formation criterion. It is showed that the uncertainty distance for the initial driving range has
a significant effect on the optimal charging stations location selection and overall charging
infrastructure placement costs. The stochastic formulation of the placement model also
provides an option of scenario analysis, an opportunity to derive the optimal station placement
solution for different range scenarios and conduct a more detailed comparison. The findings
on the impact of the stochastic driving range on the charging infrastructure expansion planning
were published in [104].
The appliance of the presented optimisation model is general and different input data can be
used regarding the road network, electric vehicles’ trajectories, optimisation period, etc. The
optimisation model holds no reservation for practical implementation.
This dissertation represents a solid basis for future work that will consider the employment of
linearized approaches for running the electric power system reliability check based on the AC
power flow calculation. Additionally, this dissertation represents the basis for future work that
will consider the employment of new probabilistic approaches in the modelling of uncertainty
related to the input parameters such as the distance for the electric vehicle driving range with
a view to better comprise the stochastic occurrences in real-time. This will enhance
electromobility by surpassing the electric vehicle range limitation and better meeting the
electric vehicle charging needs.
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6.1. Scientific contributions
This doctoral dissertation develops a discrete, set-covering based linear integer optimisation
model for determining locations of charging stations by minimising the overall charging
infrastructure placement cost. The constraints on the model are set to ensure the charging
reliability due to the driving range limitation of the electric vehicles, required quality of service
as a consequence of the disposable charging time of electric vehicle users by running an electric
power system reliability check. Additionally, the optimisation model is upgraded to a
stochastic formulation to include all the related uncertainties of the input parameters.
When compared to the existing similar research presented in the literature overview in
Section 2, the main contributions of this doctoral dissertation are scientific and applicative.
The following bullets elaborate clearly these contributions:













Ensured charging reliability of the charging infrastructure by placing at least one charging
station within the electric vehicle driving range, based on the distance criterion defined by
the Euclidean distance between a candidate location point and the electric vehicles’ driving
range. We consider that the driving range is a key factor for determining the locations of
charging stations for completing longer trips and to exceed the mobility limitation.
Tracking electric vehicle mobility behaviour and factorisation of candidate charging station
location points according to their importance. Potential location points characterised by
greater traffic flow defined by the number of electric vehicle users traveling along a
candidate location point of the road network. Thus, candidate locations with higher traffic
flow will reflect with higher importance and higher significance for the optimisation.
New criterion for establishing a charging infrastructure based on required service level,
named Quality of Service index, defined as a measure that reflects the disposable charging
time of the electric vehicle users needed to complete planned trips.
Consideration of the investment cost of different charging technology options at candidate
locations. The charging times offered by a charging technology type to be placed at
candidate location point directly targets the quality of the charging service. Placing faster
charging technologies will offer shorter charging times that will make users more
convenient, but they cost more, and thus the overall costs for establishing the charging
infrastructure will be higher.
Running an electric power system reliability check in order to ensure that the electric power
system operates reliably and provides a sufficient supply to the system load and electric
vehicles’ charging needs.
Alongside the electric power system reliability check, charging stations are placed with
regards to the charging reliability principle and the quality of service requirements.
The incorporation of the electric vehicles’ charging demand in the flow balance of the
electric power system, which is valuable for system operators.
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An optimal charging stations placement selection for different stochastic scenarios
involving various driving ranges and requested quality of service levels.
The dependency of the overall charging stations placement costs from the constantly
increasing requested quality of charging level while ensuring the charging infrastructure
charging reliability.
Stochastic modelling of the driving range. An additional uncertainty distance component
is involved with regards to the initial driving range, to show the effect on the creation of
the charging reliability criterion. The uncertainty of the driving range and its occurrence
probability expose the uncertainty of battery discharge and consequently the related initial
‘distance to empty’ status due to certain probabilistic factors, such as driving style, road
configuration, air conditioning, etc. The significance of the stochastic driving range also
serves to point out the randomness of the battery state-of-charge levels at the beginning of
each trip or the available charge in the battery, which depends on the variety of
characteristics related to battery type and capacity.
Presented optimisation procedure that can be used to demonstrate to charging infrastructure
planners how the uncertainty distance affects the initial driving range while comprising the
candidate locations in the charging reliability criterion.
Optimisation model for charging stations placement with an option for scenario analysis
valuable to CI planners.
Modelling the dependency of the overall charging stations placement costs from the
stochastic driving range with regards to the charging reliability criterion. The dependency,
which also encloses the inherited range probabilities, can help charging infrastructure
planners to oversee which optimal charging stations placement solution can bring higher
benefits. In addition, the obtained dependency can be used as a foundation for future
investment incentives in technological development or easier decision making for the
adoption of the final charging infrastructure expansion plan.

Overall, the research papers that were published for this doctoral dissertation can be found in:
[87], [92], [104] and [103].
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