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Executive Summary

This paper provides a systematic review of studies on charging stations for shared autonomous electric
vehicles with implementation of vehicle-to-grid strategies. This review will focus on mobility and grid
constraints for the optimization of the charging infrastructure. An evaluation of its impacts on mobility
and on the electricity grid will be provided.
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1 Introduction
Electric vehicles (EVs) and autonomous vehicles (AVs) have gained interest among researchers in the last
years due to their potential to reduce oil dependence and greenhouse gas (GHG) emissions of the trans-
portation sector and to increase safety, drivers’ comfort and vehicle efficiency. However, large adoption
of privately owned AVs may dramatically increase GHG emissions, which is why shared autonomous
vehicles (SAVs) are studied [1].

Shared autonomous electric vehicles (SAEVs) are expected to accelerate transportation electrification.
The lower operation costs of EVs compared to internal combustion engine (ICE) vehicles will outweigh
their current higher purchase cost faster when used in a shared fleet, because of their many miles travelled
(unlike privately owned vehicles which are idle 90% of the time). Furthermore, the fact that there is no
need for a driver in SAEVs reduces the service cost even more [2], making SAEVs very attractive as a
means of transport for customers.

Although the use of EVs might be beneficial in terms of emissions, it presents some challenges. The
implementation of charging stations brings down the stability of the electrical grid, because EVs serve as
extra load. Moreover, uncontrolled charging of EVs increases peak demand, causing an unbalance in en-
ergy demand and supply [3]. Therefore, the charging infrastructure (CI) must be studied and coordinated
charging strategies are needed to safely introduce EVs into the grid. Bi-directional, i.e. vehicle-to-grid
(V2G), charging is a promising charging technique [4]. With this technique, EVs do not only serve as an
extra load, but also as a power source.

A clear overview of both the V2G charging strategy and location analysis for the CI for SAEVs from
an energy and mobility point of view is currently missing in the literature. This study undertakes a
systematic literature review to address the research question What are the impacts of charging stations
for SAEVs in a V2G context both from an energy and mobility point of view? The goal of this study is
vizualized in Figure 1.
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Figure 1: The goal of this systematic literature review is to bring together three coherent aspects that have not yet
been jointly researched: SAEVs, the charging infrastructure, and the implementation of V2G.

2 Methodology

2.1 Search strategy
The methodology used for this review is based on the methodological framework from [5]. This study
uses the three-stage procedure proposed by [6, p.3] : “(1) Planning stage: objectives; defining sources
and procedures for article searches. (2) Review stage: descriptive and structural analysis. (3) Reporting
and dissemination stage.” In the planning stage, keywords are defined, inclusion and exclusion criteria
are developed, and databases are chosen. For this study, we look at papers published after 2014 since
the topic of this study is in a fast-evolving domain. Four databases are included: ISI Web of Science,
ScienceDirect, Scopus and IEEE Xplore. Keywords that are used are among others “shared autonomous
electric vehicles”, “vehicle-to-grid” and “charging infrastructure”.

First, a synonym search for every keyword is conducted. Looking at the first 50 results in Mendeley,
synonyms are chosen (e.g. “bidirectional charging” as a synonym for “vehicle-to-grid charging”).

After this, two search strings are built: one for the CI for SAEVs, and one for the CI with V2G. The
resulting search strings are respectively (”auto* taxi” OR ”auto* car” OR ”auto* fleet” OR ”auto* ve-
hicle” OR ”auto* mobility on demand” OR ”driverless” OR ”self-driving”) AND (”charging infrastruc-
ture” OR ”charging station* place*” OR ”charging station* location*” OR ”charging point* place*”
OR ”charging point* location*”) and (”charging infrastructure” OR ”charging station* place*” OR
”charging station* location*” OR ”charging point* place*” OR ”charging point* location*”) AND
(”vehicle-to-grid” OR ”V2G” OR ”bidirectional charging” OR ”charging-discharging” OR ”two-way
energy” OR ”bidirectional energy flow”). We want to keep the papers that try to find an optimal CI for
SAEVs and for V2G.

The search was conducted in January 2022.

2.2 Results
An overview of the results is presented in Figure 2. The search string for CI for SAEVs delivered 481 re-
sults at Web of Science, 34 results at ScienceDirect, 66 results at Scopus, and 186 results at IEEE Xplore.
The search string for CI with V2G delivered 237 results at Web of Science, 171 results at ScienceDirect,
290 results at Scopus, and 136 results at IEEE Xplore.

A coarse-grained inclusion is conducted, stopping the search after a sequence of 10 titles incoherent
with the subject appeared. The results for the CI for SAEVs is now 51 at Web of Science, 21 at Sci-
enceDirect, 66 at Scopus, and 60 at IEEE Xplore. For the CI with V2G, this is 231 at Web of Science,
91 at ScienceDirect, 172 at Scopus, and 75 at IEEE Xplore.

The remaining papers are screened by abstract, leaving for CI for SAEVs 22 results at Web ofScience,
6 results at ScienceDirect, 26 at Scopus, and 18 at IEEE Xplore. For CI with V2G, the screening of the
abstracts leaves us with 93 results at Web of Science, 35 at ScienceDirect, 40 at Scopus, and 36 at IEEE
Xplore.

After removing duplicate papers from the collection, there are 48 papers left about CI for SAEVs, and
162 papers about CI with V2G.
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(a) Charging infrastructure for SAEVs (b) Charging infrastructure with V2G

Figure 2: Overview of the search for papers about charging infrastructure for SAEVs and about charging infras-
tructure with implementation of V2G.

Finally a fine-grained-inclusion is conducted, leaving only the papers that are eligible after full-text-
reading. There are 23 papers left discussing the optimal CI for SAEVs, and there are 39 papers left
discussing (impacts of) the optimal CI with implementation of V2G.

The high reduction in number of V2G papers is due to the following reasons. In many cases, charge
scheduling was optimized instead of CI. Those papers usually considered the grid constraints for charge
scheduling, but CI was already fixed. Other papers only considered battery swap stations, which is also
not the focus of this study. Another large part of the papers discussed many aspects of V2G, such as
a safe communication between the EVs and the aggregator, a detailed construction of a V2G enabled
charging station, ... but not the CI. Other papers considered separate energy storage systems, instead
of using EVs as energy storage. We thus conclude that - to the best of our knowledge - there has not
been many research conducted on optimal CI with V2G implementation or on the impact of the CI with
respect to the V2G strategy.

3 Motivation for SAEVs and V2G
Due to climate change, the current goal for many countries is to reduce greenhouse gas (GHG) emis-
sions. Therefore in the future, a shift in means of transport is important. In 2014 the transport sector
was responsible for 23% of global energy-related CO2 emissions. For this reason, the mobility must be
evaluated towards an electrically driven system. The autonomy of vehicles can also help reduce emis-
sions, because AVs drive more efficiently. Furthermore it is important that these AVs are shared, because
otherwise vehicle automation could lead to more congestion, more kilometers travelled, more energy
consumption, and more emissions [7]. Finally, if a SAEV fleet is owned and operated by a central com-
pany instead of by individuals, the SAEV’s charging scheme is more flexible. This enables charging to
be more dispersed throughout the day and this makes it possible to take part in specific charging tech-
nologies, such as V2G charging, which is explained later in this section.
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Figure 3: Peak-load shaving and load-levelling [10]

Shifting to an electrically driven transport system is not enough to reduce GHG emissions. At least as
important is a transition to clean energy. To reach this goal, a larger share of the energy should come
from renewable energy sources (RES). Next to RES’s ability to reduce GHG emissions, another great
advantage is that RES’s can be placed anywhere near charging stations, reducing transmission losses,
voltage fluctuations, and transmission cost [8]. However the problem with RES’s is that it depends on
nature conditions, thus it is not consistent and thereby not reliable [9]. In addition, the peak energy
generated by renewable energy sources does not correspond to the peak in energy demand [8, 10]. This
asymmetry of energy supply and energy demand may lead to an unbalanced grid.

A balanced power grid is important, because heavy energy waste can occur due to daily load demand
fluctuations and regulation of voltage and frequency from the grid. An unbalanced grid can occur in two
directions. Firstly, there can be too much electricity for a low power demand. In this case, the electrical
frequency increases. Since power plants are designed to work within a certain frequency range, there is
a risk that they will disconnect from the grid after a period of time. Secondly, there can be a too high
power demand, with low energy availability. In this case, the frequency drops. If the frequency falls too
low, the power plants switch off and a power blackout will occur [11, 12].

Controlled use of V2G charging strategy could enable EVs to help balancing the grid. V2G is a tech-
nology where energy flows from a vehicle back to the power grid. The EV acts as a movable storage of
electrical energy, a battery on wheels one may say. Acting as storage systems, EVs can provide ancillary
services to the grid to maintain voltage and frequency stability, such as power grid regulation and acting
as spinning reserve (a quick response to the required needs) [10]. Power grid regulation can happen by
providing regulation up/down to stabilize the frequency. When the grid experiences overvoltage, vehi-
cles will start charging to keep the voltage within the acceptable limits. This is referred to as voltage
down regulation. When vehicles give back energy to the grid, this is referred to as voltage up regula-
tion and typically occurs during peak load hours [13]. Using the V2G technology, EVs can absorb the
energy in periods of high electricity penetration and feed electricity back into the grid in situations of
insufficient electricity generation [10]. Thereby, EVs can deliver active power support by flattening the
grid load profile. This is done by peak-load shaving (sending power back to the grid when demand is
high) and valley-filling/load-levelling (charging when demand is low), see Figure 3 [11, 14]. According
to Guo et al. [15], the current electricity grid of California would need no update to be capable to serve
power demand of 2 million PEVs, given that V2G integration is enabled and fully practiced. Kontic et
al. [16] showed that is is possible to reduce peak power by more than 12% by utilizing EVs. All of the
above enables EVs to balance the grid, and thus making a larger integration of RES’s possible. Next
to bringing advantage to the grid, V2G also gives rise to an economical benefit for EV owners. During
off-peak demand hours, the EV can purchase energy at a lower price from the grid and store this energy.
During peak-demand hours, the EV can sell its electrical energy to the grid at a higher price. Savings
up to 227$ per year per vehicle in power network cost can be achieved with smart charging as compared
with simple uncontrolled charging [17]. An overview of the values of V2G, which have been discussed
in this section, is shown in Figure 6b.

EVs are the perfect tool to serve auxiliary services to the grid, because they are used by their owner
for only a small amount of time during the day. Individually owned vehicles are idle 83% [11] or even
90-95% [9] of the time. That means they are free the rest of the time to serve in the V2G system. How-
ever, V2G also brings challenges. When participating in V2G, the constant charging and discharging
increases the cycles the battery makes, resulting in a shorter battery life [10, 18].

Despite all the contributions EVs might have to the grid via V2G, the large-scale implementation of
EVs could have adverse effects, such as voltage drops, frequency variations, non-desired load peaks, an
increase in energy losses, overload on grid components, load factor reduction, and power quality issues
[10, 19, 20, 8, 17]. According to Deb et al. [21], many problems (such as the degradation of voltage
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stability and reliability indices and increased power losses) are actually a result of poor allocation of
EV charging stations (CS) in the distribution network. Therefore it is important to take the power grid
network into account when positioning CSs, which is usually neglected.
Up to now, optimization of CI for SAEVs is mostly done out of a mobility point of view, minimizing
waiting times for passengers and maximizing service quality. Yet grid constraints or impacts are seldom
checked [22]. Deb et al. [23] optimize the location for charging stations for individually owned EVs both
looking at mobility and at grid constraints and impacts. However, research on CI for privately owned
EVs is not always helpful since infrastructure needed for SAEVs may be substantially different from
private individual EVs [2]. In the following section, an overview is presented of the point of view the
reviewed papers take finding an optimal location for the CI.

4 Optimal charging infrastructure for SAEVs
Some papers that are reviewed in this literature review will solve the allocation problem using simulation
(section 4.1), other papers use heuristics (section 4.2), and others will solve an optimization problem
(section 4.3). A classification is shown in Figure 4a. (When one paper performs two separate strate-
gies, both strategies are included as input for this bar chart. This is why the total considered in the bar
chart is higher than 23.) When solving an optimization problem, different objective functions can be
defined (section 4.3.1) and different constraints can be taken into account (section 4.3.2). All of them are
discussed and summarized in appendix A.

4.1 Simulation
Some researchers place their charging stations using an agent-based model. Whenever a charging de-
mand pops up, and there is no CS for the SAEV to reach with its remaining battery range, a new CS
is generated at the location of the charging demand. This type of CS siting mimics the objective of a
coverage model. [24, 25].

4.2 Heuristic placement
A heuristic placement is also a method used by some researchers to find optimal locations for CS’s.
Cocca et al. [26] compare the heuristic placement with a likelihood based on three different definitions:
average parking time, total number of parking events, and random placement. They find that placing
CSs at the parkings with the largest average parking time performed the worst of the three heuristics,
followed by the random placement. Placing CSs at those parkings with the highest number of parking
events, even for low duration, performed the best in terms of customers’ comfort and system installation
cost.
Funke et al. [27] investigate the economic profitability of an optimal CI exclusively built for e-taxi’s in
Karlsruhe, Germany. They rank the charging sites by taxi arrival rate and place a CS at the taxi stand
with the highest rate and find that only half of the taxi stands need to be equipped with chargers to reach
an electrification rate of 40%.
Cai et al. [28] use heuristics to expand some gas stations as charging stations. The likelihood of the
gas stations is based on three heuristics: number of parking events within 1 mile of the gas station, the
average vehicle-hour per day, and the average vehicle-hour per vehicle. They conclude that gas stations
with the most parking events and daily vehicle-hours are concentrated in the center of the city while gas
stations with the highest vehicle-hour per vehicle are located in the suburb. Their CI rollout located at
gas stations with maximum total number of parking events can reach an electrification rate that is 37%
higher than with the existing charging stations.

4.3 Optimization problem
In contrast to authors that opt for simulation or heuristic placement as a method to optimally locate
charging stations, most of the researchers choose to solve a mathematical optimization problem.When
solving an optimization problem, an objective function is minimized/maximized, subject to a series of
constraints. Most of the time, the cost or customer convenience is respectively minimized or maximized.
In very few cases, the power grid is also considered. This can happen in the objective function or in the
constraints or both. The different objective functions and constraints, both from a mobility and energy
point of view, are discussed in the following paragraphs.

4.3.1 Objective function
The objective functions that are used can be divided into three large groups. The first group of objective
functions is the cost. In this group belong the papers that minimize infrastructure cost [29, 30, 31], fleet
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(a) SAEV papers (b) V2G papers

Figure 4: A classification of the methodologies used for the charging infrastructure allocation problem.

cost [32], or a combination of infrastructure and fleet cost [33, 34]. Infrastructure costs can include the
construction cost to build CSs, but also the maintenance cost, and the cost that needs to be payed to use
the space. Fleet cost can include purchase cost, operation cost, and mainenance cost of the vehicle.

The second group is customer convenience. In this group belong the papers that minimize the dis-
tance between CSs and customers [29, 35], maximize the number of satisfied requests [36], or minimize
waiting time or total charging time [37].

The third group is all about coverage. Here belong the papers that solve a maximal coverage prob-
lem, where they try to cover a certain area with CSs as well as possible. This area can be geographical,
in that case mobility is not considered. But this area can also be a series of pick-up and drop-off points
based on mobility demand [38]. In that case, mobility is considered.

4.3.2 Constraints
Most constraints that are included are there to make sure that the model works. Some constraints are
vehicle routing constraints, among which flow conservation is an important constraint [36, 33, 31, 39].
Constraints considering the vehicle’s battery must also be involved, for example charging of the battery
cannot exceed battery capacity, and a vehicle cannot continue serving trips when the State of Charge
(SOC) is 0% [40, 30]. Other constraints considering the battery, can be that the vehicle’s battery needs
to be charged again to a certain level at the end of the the day. Some want a full battery, with a SOC
of 100%, like [40, 31]. Others want the SOC in the final time to be identical to the SOC in the initial
time, to ensure periodicity, like [32, 30]. Mohamed et al. [30] use the just appointed constraint to ensure
charge-sustaining operation. A series of constraints can be bundled to control the energy level of vehicles
[33].

Another sort of constraints are the ones considering mobility demand. Usually, one insists that all mo-
bility demand must be served [32, 31, 34, 40]. Or one puts a maximum [41] or penalty [33] on rejection.

In very few cases, grid constraints are considered. Network flow models minimize fleet travel and elec-
tricity cost subject to among others charging constraints imposed by congestion on the power grid. Luke
et al. [32] enforce consistency and flow conservation in the network flow problem. Although this is not
a detailed look on the constraints of the grid, it is one of the very few papers that cares to consider the grid.

When the cost is not minimized in the objective function, there’s a need to consider budget restric-
tions. If not, then the optimal CI from a mobility point of view would be to place a charging station at
every corner of every street. Budget restrictions can be in the form of enforcing the total cost to be under
a maximal imposed budget [37], or by fixing the number of CSs in advance [36, 35, 38].
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5 Optimal charging infrastructure with V2G
Some papers that are reviewed in this literature review will solve the allocation problem using heuristics
(section 5.1), and others will solve an optimization problem (section 5.2). A classification is shown in
Figure 4b. Not all V2G papers included in this review optimized the CI. Some papers only discussed
relevant impacts. Therefore, the total amount of papers in the bar charts (= 26) is less than the number
of papers included in this review (= 39). When solving an optimization problem, different objective
function can be defined (section 5.2.1) and different constraints can be taken into account (section 5.2.2).
All of them are discussed and summarized in appendix B.

5.1 Heuristic placement
Some papers use heuristics to place CSs. These heuristics can be clearly divided into three groups. The
first group focuses on mobility. CSs can be placed at locations with high vehicle density [42], based on
the likelihood of being at a certain location [43], at locations with the highest dwelling time [44], or at
locations with high energy demand [45]. The second group focuses on energy aspects, where CSs are
located at strong buses, defined as buses with a high voltage stability index [46], or as buses with a high
bus reliability index [47]. Finally, one reviewed paper considers both mobility and energy aspects, added
with a social aspect, placing CSs at the geographic overlap of area’s with solar excess generation, high
convenience and accessibility for EV drivers, and a low crime index [48].

5.2 Optimization problem
As in the papers on SAEVs, also in the V2G papers is the location of CSs found by solving an optimiza-
tion problem.

5.2.1 Objective function
The objective functions used for optimally locating V2G enabled CSs can be divided into three groups.
The first and largest group takes an economical look at the problem. Some papers maximize the total
revenue or income from the aggregator [49, 50, 51, 52], other papers minimize cost such as investment,
operational, and maintenance costs [53, 54, 55, 51, 56], and other papers maximize benefit [57, 58, 59].
Many benefits are included, such as the benefit of daytime charging, benefit from discharging, benefit
from reduced cost of purchased energy, benefit from reducing active power loss, ... But also costs are
subtracted from this benefit, such as investment costs, operational costs, and maintenance costs. It can be
seen that maximizing revenue, minimizing cost, and maximizing benefits all mean more or less the same.

Another group of papers looks at grid aspects when optimizing the locations of CSs. They minimize
the negative impacts on the grid, such as power losses, voltage deviation, and thermal line loading
[53, 60, 61, 55, 62, 63].

A third small group, in this literature review only one paper, takes a mobility point of view in their
objective function, by maximizing traffic flow captured [55].

5.2.2 Constraints
The constraints that are taken into account in the optimization problems are almost in all papers the
same. The most important and most frequently used constraints are grid constraints. One that al-
ways returns is the limited range of the voltage profile, which is usually between 0.95 ppu and 1.05
ppu [53, 60, 61, 64, 54, 57, 55, 47, 51, 58, 65, 52, 62, 66, 56, 67, 63]. Other grid related constraints
are imposing a maximum capacity on distribution lines by imposing power flow constraints or ther-
mal constraints [53, 60, 61, 57, 58, 65, 66, 64, 55, 49, 51, 52, 62, 56, 63], and CS capacity constraints
[64, 57, 55, 47, 49, 50, 51, 58, 56, 63].

Another type of constraints are the ones to make sure the model works, such as power flow equations
and demand-supply balance [53, 61, 55, 65, 52, 66, 56, 63],

As explained in section 3, V2G is mainly introduced to enable a larger integration of renewable en-
ergy. There are also constraints imposed on RESs, such as limited capacity and generation of RES
[61, 57, 49, 58, 65, 66]

A final type of constraints focus on the EVs, such as limits on EV battery storage systems [61, 54, 59, 63],
and limited input/output power of EVs [54, 59, 52, 66].
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(a) SAEV papers (b) V2G papers

Figure 5: Partition of papers based on the network(s) they consider.

6 Point of view
In optimization problems, when the grid is included in either the objective function or the constraints, we
will say that an energy point of view is taken. When mobility is included in either the objective function
or the constraints, we say that a mobility point of view is taken. It is possible that both points of view
are taken, when both the grid and mobility are included in the objective function and/or the constraints.
In simulations, none of the papers reviewed in this study take an energy point of view, and the mobility
point of view is taken when the simulation is based on mobility demand/driver’s behaviour. For heuristic
placement, the mobility point of view is taken when driver’s behaviour is taken into account. The energy
point of view is taken when the grid is taken into account. None of those points of view is taken when
the heuristic placement is purely based on geographical features. The partition of networks considered is
shown in Figure 5. We see that for the allocation of CSs for SAEVs, almost all papers solve the allocation
problem from an exclusively mobility perspective. Only 2 papers out of 23 consider the grid along with
mobility constraints. For allocating CI with V2G, we see the opposite appear. The majority of the papers
only consider the power network. Some papers consider both the transport and power network, and there
are only few papers that do not consider the grid.

7 Results
In this section, the results and findings of the reviewed papers will be discussed. First we will take a look
at the impact of SAEVs and at some CI effects. Then we will look at the impact of V2G and some CI
effects that might affect the V2G potential.

7.1 Impact of SAEVs
A SAEV fleet has an impact on many levels. Some of the impacts represent values of a SAEV fleet,
some impacts represent challenges. An overview of the values of a SAEV fleet is presented in Figure 6a.

7.1.1 Travel behaviour
An aspect that SAEVs have a major impact on is travel behaviour. The first in this category is vehicle
replacement. The literature mentions a replacement of conventional vehicles by 67% to 91%, depending
on vehicle range and level of charging [7, 24, 40]. Lokhandwala et al. [37] compared autonomous
taxi’s without ride-sharing with autonomous shared taxi’s in New York City. They found that ride-
sharing reduces the taxi fleet with 59%, going from 13,500 conventional taxi cabs without sharing to
5500 autonomous shared taxis serving the same amount of travellers.
Another aspect in the category of travel behaviour is vehicle kilometer/miles travelled (VKT/VMT). In
general when private vehicles are replaced by SAEVs, an increase in VKT is expected. This is because
SAEVs will spend some time travelling empty, e.g. when they are finding a charging station or when
they are relocating [24, 38]. An additional 7.1% to 14% of travel miles is generated due to this empty
travelling [24]. Longer-range vehicles spend more of their empty VMT for passenger pick-up while
shorter-range vehicles spend more of their empty VMT for relocation [24]. Loeb et al. [68] found that
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empty travel accounted for 19.8% of VKT, where 23% of all empty travelling is for driving to CSs. Luke
et al. [32] found that their optimal station siting could reduce VMT by 11.20% compared to a scale-up of
the present day station siting. This means that the increase in VMT can be partly countered by optimal
charging station siting in San Francisco. Besides, also the in-vehicle passenger kilometer travelled (PKT)
decreases when deploying SAEVs instead of SAVs, indicating a reduction in service performance [38].
However, next to these negative aspects, ride-sharing reduces the total travel distance [37].

7.1.2 Fleet cost
SAEVs also have an economical impact. A SAEV fleet is associated with a great reduction in the total
cost of ownership. The first reason for this reduction is the lower operation costs for electric vehicles
compared to gasoline vehicles. The second reason for this reduction is that there is no need for a chauffeur
that needs to be payed. Sheppard et al. [7] found a reduction in total fleet cost of 74% compared to
gasoline vehicles. Bauer et al. [25] found that the operation cost for a SAEV fleet is about 10 times
lower than for present-day Manhattan taxis. When comparing to an automated fleet of conventional
vehicles, they found a cost reduction of $0.05-0.08 per mile. Luke et al. [32] propose a framework for an
electric autonomous mobility-on-demand fleet, which can reduce the total cost (incured by the E-AMoD
operator, the peak charging load, and the empty-vehicle distance travelled) by 10%. Their framework can
also lower the charging station procurement by more than 30%. These two number are savings compared
to a baseline station siting based on a scale-up of the present station siting.

7.1.3 Environment
Another great impact of SAEVs, is the one on the environment. There is less energy consumption and
lower emissions with an electric fleet. A SAEV fleet would reduce GHG emissions by 70-73% and
energy consumption by 58% compared privately owned conventional vehicles [7, 25]. Bauer et al. [25]
are convinced that by 2030 a SAEV fleet could reduce emission per mile with more than 90% compared
to privately owned conventional vehicles. Zhang et al. [69] find that AEVs reduce CO2 emissions by
more than 75%. Lokhandwala et al. [37] agree to this high percentage, finding that AVs can reduce
CO2 emissions by 9% because of efficient driving. EV adoption further reduces CO2 emissions by 74%.
Miao et al. [70] however find a much smaller percentage, saying AEVs only reduce CO2 emissions by
42% compared to fuel vehicles. Cai et al. [28] present an even worse result. They perform a case study
in Beijing and find an increase in electrification rate accompanied with an increase in CO2 emissions.
The reason for this is that Beijing’s electricity is for 98% generated by coal. Luke et al. [32] found that
with their optimal CI, energy consumption was reduced by 4.08% due to the lower VMT compared to
with a scale-up of the present day station siting in San Francisco.

7.1.4 Charging infrastructure
The use of SAEVs has some effects on the needed CI. The first aspect is the size of the CI. Ride-sharing
reduces the number of chargers needed [40]. The second aspect is the level of charging. Sheppard et
al. [40] found that urban regions can be satisfied by lower-power chargers, while rural regions often
require fast chargers. Funke et al. [27] found that fast-charging infrastructure is necessary for electric
taxi driving, due to their high daily VKT.

7.1.5 The power grid
Due to their flexibility in terms of charging scheme, SAEVs can have a great positive impact on the power
grid. For example Luke et al. [32] model an electric mobility-on-demand fleet such that charging during
the highest price period from 4pm to 9pm can be completely avoided. The fleet’s peak charging occurs
during the lowest price period from 9am to 2pm. Sheppard et al. [7] find that SAEV fleet can provide
a reduction in peak load by 47% compared to a private fleet with uncontrolled charging. According to
Chen et al. [24] longe range SAEVs (with a 200-mile range) equipped with a fast-charging scheme is the
best scenario for spreading out charging demand across the day, with a maximum of 7.46% of vehicles
in the fleet concurrently charging during any time step, compared to as many as 52.6% of the vehicle
fleet concurrently charging in the base SAEV scenario (80-mile range SAEVs with a level II charging
scheme). However, Cai et all. [28] find that fast public charging results in a more significant load shock
(160 MW) comparing to slow public charging (40 MW) for 40 charging stations. This indicates that
charging time management is needed when deploying fast public charging stations. Luke et al. [32]
proof that CI can have an impact on the power grid. The compare their optimal CI to a scale-up of the
present day station siting in San Francisco and find a reduction of peak charging load by 10.07%, a result
of the lower VMT and thereby lower energy consumption.
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7.2 Effects explored in SAEV papers

7.2.1 Battery range
Zhao et al. [71] find that increasing the battery range from 100km to 400km leads to less CSs needed.
Also Loeb et al. [68] find that the number of stations is highly dependent on vehicle range, calling for
222 stations for a 409-vehicle fleet with 100-km ranges, but just 5 to 6 stations needed for the same size
fleet with 325-km ranges. Zhang et al. [69] find a higher utilization level of CSs as a result of higher
battery range. However, according to Chen et al. [24] the number of charging sites does not change with
the vehicle’s electric range, but is more determined by the city’s geographical area. Though the total
number of charging ports is highly sensitive to charge time and vehicle range. Increasing vehicle range
from 80 miles to 200 miles, the number of chargers needed decreases with 45.0% (using level II charg-
ers) and with 85.6% (using level III chargers). Battery range also has an effect on fleet size. Increasing
the range from 80 miles to 200 miles reduces the fleet size by 28.1% and 19.5% for level II and level
III charging schemes respectively. Funke et all. [27] investigate the electrifiable part of the taxi fleet to
be economically profitable with the accompanying optimal CI rollout. They find that the combination
of very high vehicle ranges and a medium to high availability of CI is necessary for high electrification
shares above 40%. E-taxi’s with ranges below 300 km might only be interesting if operated very locally.

Next to the number of CSs, battery range also influences the waiting times for customers to be picked
up by a vehicle, and thus the service performance. A higher battery range results in lower waiting times
[71] and a higher service performance [38]. However according to Loeb et al. [68] this would only be
the case when charging time is very long (4 hours). Moreover for ranges higher than 175km, an increase
in battery range no longer improves response times, even when the number of CSs is fixed. Besides, as
vehicle ranges rise, CSs become scarce, resulting in higher VKT/VMT, which is a negative effect. Miao
et al. [70] also find the similar results that a higher battery range means a longer vehicle travel distance.

Finally, a higher battery range could also save costs. First of all, with higher battery ranges, a lower
fleet size is needed [71, 33, 70]. Next to that, the cost will drop due to reduced vehicle usage [33] and
less recharging activities [70]. Ma et al. [33] find a battery capacity of 35 kWh to be the most econom-
ical, which incurs the least cost. However Zhang et al. [69] find a 60 kWh battery capacity to lead to
the lowest cost. They include passengers’ time cost, which lowers with higher battery capacity because
AEVs will charge less on the road.

7.2.2 Fleet size
Increasing the fleet size improves service performance by lowering waiting times [71, 68] and increasing
the number of satisfied requests [36, 69]. Loeb et al. [68] find that a fleet (150-km range with 30-min
charge times) with 10 travellers per vehicle resulted in an average response time of 41.6 min, while a
fleet of 7 or 3 travellers per vehicle resulted in an average response time of only 6.52 min and 2.16 min
respectively.

Zhang et al. [69] find that with a higher fleet size, less CSs are needed. However, according to Loeb et al.
[68] fleet size does not appear to correlate with number of CSs generated. Finally Zhang et al. [69] find
that when fleet size increases, AEVs utilization level reduces and with a low fleet size, there are more
empty VMT.

7.2.3 Charge power of charging stations
Many papers find as a results that a higher power level means that there are less CSs needed [24, 41, 71,
69]. Chen et al. [24] find that the total number of charging ports is highly sensitive to charge time. Using
level III chargers cuts the charge times by 87.5% and thus the number of chargers needed by 45.2% for
SAEVs with a range of 80 miles and by 85.6% for SAEVs with a range of 200 miles. However Loeb et
al. [68] do not find charging time to influence the number of CSs generated.

Moreover, charge power also has an impact on fleet size. Switching from level II chargers to level
III chargers reduced the fleet size by 30.9% for 80-mile range SAEVs and by 23.3% for 200-mile range
SAEVs [24].

Also, when the power increases, a same charger can satisfy more demands and the average charging
time will be lowered. Faster charging thus results in lower waiting times and thus higher service perfor-
mance [31, 71, 70, 68]. Loeb et al. [68] find that response times increase approximately exponentially for
charging times longer than 90 minutes. Reducing charge time (and thus increasing charge power) from
4 hours to 90 minutes for a fleet with 150-km range and 5 travellers per vehicle, resulted in an average
response time of 4.25 min instead of 9.40 min. Miao et al. [70] find that faster charging results in lower
charging waiting delay and lower charging waiting events. They conclude that charging speed does not
influence charging behaviour frequency, but it can make the occurrence of daily charging behaviours
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more stable. A higher charging power can impose extra load on the power grid. Higher power means
that AEVs drive and charge more and this results in a higher charging demand [69].

Vosooghi et al. [38] finally find that with increasing the charge power from 22kW to 43kW, the empty
distance ratio increases. This is because the vehicle drives and charges more, and thus spends more time
relocating and driving to CSs.

7.2.4 Number of CSs
In some papers, the number of CSs is fixed on beforehand instead of serving as a decision variable. In
that case, this number can have an impact as well. [38] looks at the impact of the variation of units at each
charging station. They conclude that by increasing the number of outlets per CS, the charging waiting
times decrease.

7.3 Impact of V2G
The V2G charging strategy has various positive impacts. An overview of the values of V2G is shown in
Figure 6b.

7.3.1 Ancillary services
The first main contribution of V2G is enabling EVs to provide ancillary services to the grid. Under these
services, we understand voltage and frequency regulation, and peak-shaving. One of the results of these
ancillary services is an improved voltage profile, found by [72, 53, 64, 54, 57, 46, 58, 59, 65, 62, 66, 56,
63]. The improved voltage profile is a result of V2G, but also a results of optimally locating charging
stations. Ma et al. [72] found that nodal voltage deviation is related to EV permeability, node location
and node type. The nodal voltage deviation increases when EV permeability increases. Nodes further
away from power supply are more easily affected by EV charging load, as there is a bigger difference
between rated voltage and actual voltage. Next to the voltage profile, also the net power flow stays within
acceptable range with coordinated charging [49].
Another result of ancillary services is a flattened load profile. V2G enables a reduction in net peak
demand [73, 57, 74, 67, 75], because a portion of the load is provided by EV discharging. Bibak et al.
[76] find that V2G has the ability of peak-shaving and valley-filling and thus assuring a better reliability
of the grid. However, according to Tarroja et al. [44], V2G is unable to level the load profile to the
same extent as stationary energy storages (SESs). This is because the V2G strategy is still constrained by
consumer travel patterns. The vehicles cannot completely discharge to respond to a grid event, because
they always need to save enough battery for their next scheduled trip. Also, the variability of the number
of vehicles available for V2G is another constraint that SESs don’t have.

7.3.2 Power loss reduction
Aljanad et al. [60] say that in general, the injected phase current in the V2G mode brings thermal
effects in the distribution lines, which results as losses. Bilal et al. [53] also find that the even optimal CS
placement increases power loss and disturbs the voltage profile in electrical power networks, even though
EVCS are positioned near to the substation bus. The optimal placement of capacitors after CSs improves
power loss and voltage profile. EV participation in V2G further decreases active power loss and improves
the voltage profile. The reduction in power losses is confirmed by [64, 57, 46, 59, 65, 62, 66, 56, 67, 63].
The reduction in power loss is not only a result of V2G, but also of optimally locating the CSs.

7.3.3 Renewable share
Tarroja et al. [44] investigated the possible share of renewable energy with the use of the V2G strategy
and compared this to other charging strategies. Depending on vehicle penetration, renewable penetrations
between 60% and 75% are reached. With higher vehicle penetration goes a lower renewable penetration,
because in this study renewable capacity is fixed and higher penetration of vehicles indicates a larger
electric load. V2G achieves the highest renewable energy utilization, followed by SES, then followed
by smart charging without energy storage (ES). V2G reaches renewable energy utilization very close to
the ideal ES case. The ideal ES case refers to a SES system with no losses, 100% round trip efficiency.
Such a system is impossible in reality, but serves as an upper bound check to evaluate the performance
of V2G. V2G charging achieves 73% renewable penetration, less than 1% lower than the ideal ES case.
With achieving the highest renewable energy utilization, goes producing the lowest GHG emissions.
Also Aunedi et al [73] find that V2G reduces carbon emissions due to better integration of renewable
generation.
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7.3.4 Cost
V2G can lead to a reduction in costs thanks to charging during off-peak hours, when energy prices are
low, and discharging during peak hours, when energy prices are high. Next to that, discharging actions
also reduce net peak demand and thereby reduce the energy generation cost. Finally, operational costs
are reduced because the EV fleet displaces 50% of frequency regulation that would otherwise be served
by less efficient thermal generators [66, 73]. Rajamand et al. [54] agree with these findings and find
a reduction of 10.54% in energy costs compared to no existance of EV charging parks (EVCP) in the
microgrid. However non-optimal location of the EVCP leads to energy cost increasing. Hajidavallo et
al. [74] find cost savings of 52% with V2G compared to uncontrolled charging. And finally also Fahmy
et al. [77] find that the profit for a parking owner is highest when the parking rooftop is equipped with
solar panels and when V2G feature is allowed. The parking owner’s profit is the lowest when the parking
is only connected to the grid.

7.4 Effects explored in V2G papers
There are some aspects explored in the papers reviewed in this study that have an effect on the efficiency
of V2G. The first aspect is when there is a limitation on CI (in number of charging ports or in location),
and the second aspect is when CI occurs as a central charging hub or in distributed CSs.

7.4.1 Charging infrastructure availability
Kong et al. [78] find that V2G can only be feasible in the case that there is sufficient CI to meet the
primary charging needs of EVs, which is their transportation function. Once this critical point is met,
higher availability of CI enables more flexibility for V2G purposes. Fewer charging ports reduce the
ESS capacity and the potential power flow from V2G. Next to that, power flow constraints can also limit
V2G potential, because low power flow capabilities limit the rate at witch power is injected by EVs into
the grid. There is a an interaction between available charging ports and power flow constraints, as higher
power flow reduces the time a ESS needs to be connected to the grid and thereby reduces the number of
charging ports needed. The feasibility of V2G is thus highly dependent on the rate of power injection
from EVs.
Tarroja et al. [44] investigated the location where CSs are build, being residential area’s or workplace
area’s. They find that restricting the V2G charging to residences has a negative impact on the potential
of V2G. For example this would reduce the renewable penetration with 12.4%, because removing the
workplace chargers limits the possibility for EVs to absorb solar power during the day. With this, also
GHG emissions increase when CSs are limited to residences only. The feasibility of V2G is thus depen-
dent on the locations where CSs are built. Moreover, Taljegard et al. [79] find that the V2G potential
is overestimated when CSs are restricted to home-charging only, when using aggregated (AGG) vehicle
profiles (”AGG uses the values averaged from the measured individual vehicles” [79, p. 4]). They say
that this results for example in an overestimation of approximately a 10 percentage point in renewable
energy share. With this, they confirm the finding in [44] that restricting CSs to home locations would
negatively impact the V2G potential. Contradictory to this, Bibak et al. [76] find that charging at home
with V2G charging flattens the demand profile, having a positive impact on the reliability of the system,
more than charging everywhere else. This is because EVs are available at home during the night until
the morning.
Mills et al. [80] find that, with respect to transport energy requirement (TER), the availability of V2G
CSs is far more important than the charging rate. They find that implementation of off-street CI reduces
the peak TER by more than half compared to only residential CI. Also in terms of distributed energy
resources (DER) is CI more influential than charging rate. The benefit of extra CI is the strongest during
the middle of the day, when the battery capacity available for discharge is 30% higher. They conclude
that non-residential CI is necessary for enabling EV flexibility and DER potential during the day.

7.4.2 Charging hubs or distributed CSs
Strickland et al. [81] take as starting point a car-park as a base for V2G services. They do not search
optimal scattered locations for CS, but they take a central hub to investigate its feasibility to serve as an
ES and grid balancing solution. They conclude that it would take 20 years for investment costs of the
infrastructure to be payed back by the income from a large-scale V2G scheme. Thus charging in a central
hub would not be economically beneficial.
Sachan et al. [82] compared distributed CI (with V2G) with fast-charging infrastructure (gathered to-
gether like a gas station) and with battery swapping (also gathered together). They find that distributed
CSs have the highest potential to provide regulating power. The consumption of distributed CSs is higher
at night, while the consumption of the other two strategies is higher during the day. The average con-
sumption of fast charging is the highest. A distributed CI has the highest capacity and connection to the
grid, and thus has the most potential to provide peak power and system services like V2G.
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(a) Values of SAEVs (b) Values of V2G

Figure 6: Overview of the values for SAEVs and for V2G.

8 Challenges
To the best of our knowledge, no research has yet been done on optimizing a CI for SAEVs with the im-
plementation of V2G, taking into account both the constraints from mobility and from the electricity grid.

The biggest challenges to filling this research gap are twofold. First, it is difficult to implement the
link between the transport network and the power network. The transport network influences the routes
of the SAEVs, which influences the locations where demand for charging will occur. This affects the
placement of charging stations, which affects the power grid. The power grid is experiencing increased
demand for electricity in certain places, which affects prices. As a result, SAEVs may choose a different
place to load, which in turn changes the routes of the SAEVs.

In addition, it is also a challenge to reflect reality. In the papers reviewed, a simplified version is usually
used, where all SAEVs have the same battery capacity and where all charging stations offer the same
level of charging and/or have the same amount of charging ports per CS. Implementing a heterogeneous
fleet and CI is therefore still a challenge.

9 Conclusion
This paper reviews the literature on CI for SAEVs and CI with V2G. First, we conclude that many
papers on V2G optimize the charge schedules in order to minimize negative grid impacts, but they rarely
optimize the locations of the CI. Thereby many papers were not useful for this review. When looking
at the point of perspective of the papers, being a focus on the transport network and/or on the power
network, we notice a difference between the papers about SAEVs and the papers on V2G. Papers that
discuss optimal CI for SAEVs usually take a mobility point of view, while papers on the optimal CI
focus more on grid constraints and impacts, ans thus take an energy point of view. Also the objective
functions in the optimization problems are discussed and compared. We can conclude that minimization
of cost is an objective function that occurs as a similarity between both groups of reviewed papers.
However, maximization of customer convenience (expressed in any form, like minimal distance travelled,
or minimal waiting times) is typical for optimization problems for the CI for SAEVs. On the other hand
minimization of negative grid impact (such as voltage deviation or power losses) is a typical objective
function for the optimization problem of CI with V2G implementation.
In this review, the impact of CI on the feasibility of SAEVs and V2G, and the impacts of SAEVs and
V2G are discussed. In terms of CI, we can conclude that V2G has the most potential in a distributed
CI which is not restricted to residences. For mobility and customer convenience purposes, also SAEVs
would benefit from a distributed CI. SAEVs and V2G both have many values, and some of their values
are similar, such as the reduction of GHG emissions, the reduction of peak load, and a reduction in cost.
To the knowledge of the authors, a study where CI is optimized for SAEVs with implementation of V2G,
looking both at mobility and grid constraints, is still missing from the literature. Such a study could give
an impression of the values we might expect to be promising when SAEVs and V2G are joint together.
Looking at our findings in this review, a potential way for this study to find the optimal CI would be by
solving an optimization problem where cost is minimized, and grid and mobility constraints are added.
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