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ABSTRACT

Renewable energy and electric vehicles (EVs) are crucial technologies for achieving sustainable cities. However,
intermittent power generation from renewable energy sources and increased peak load due to EV charging can
pose technical challenges for the power systems. Improved load matching through energy system optimization
can minimize these challenges. This paper assesses the optimal urban-scale energy matching potentials in a
net-zero energy city powered by wind and solar energy, considering three EV charging scenarios: opportunistic
charging, smart charging, and vehicle-to-grid (V2G). A city on the west coast of Sweden is used as a case
study. The smart charging and V2G schemes aim to minimize the mismatch between generation and load,
and are formulated as quadratic programming problems. The simulation results show that the optimal load
matching performance is achieved in a net-zero energy city with the V2G scheme and a wind-PV electricity
production share of 70:30. The load matching performance in the optimal net-zero energy city is increased
from 68% with opportunistic charging to 73% with smart charging and further to 84% with V2G. It is also
shown that a 2.4 GWh EV battery participating in the V2G scheme equals 1.4 GWh stationary energy storage
in improving urban-scale load matching performance. The findings indicate that EVs have a high potential to

provide flexibility to urban energy systems.

1. Introduction

Cities are a major contributor to global CO, emissions, accounting
for over 70% [1]. A large share of urban CO, emissions comes from
the energy and transport sectors, which have mainly been relying on
fossil fuels since decades ago [1]. In urban energy systems, the net-
zero energy district or city concept has recently been promoted globally
[2,3]. In a net-zero energy city, the city generates as much energy as
it consumes, and the energy generated should come from renewable
energy sources (RES), such as solar photovoltaic (PV) and wind energy
[2]. With a net-zero energy city, the CO, emission challenges from
city energy use are expected to be addressed [3,4]. To de-carbonize
the urban transport sector, the transition towards electromobility has
been promoted in recent decades [5]. It is important to note that using
electric vehicles (EVs) for transportation can only be as environmen-
tally friendly as its fuels [6,7]. This highlights the increased importance
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of deploying RES as transport electrification increases. In other words,
both the integration of distributed renewable energy sources and elec-
tric transportation in the urban environment are considered crucial for
future sustainable cities [5,8].

However, both integration of intermittent RES, such as wind and
solar PV, and transport electrification create new technical challenges
in the power system [9-11]. The shift to EVs in the transportation
sector introduces new electricity demands in the power system which
can lead to system overload [12,13]. On the other hand, the high
penetration of wind and solar PV, which are non-dispatchable sources,
can lead to system overgeneration [11,14]. These conditions can cause
several power system issues such as voltage and frequency fluctuations,
transformer and cable overloading, and increased energy losses in the
system [10,11,15]. If these problems are not appropriately addressed,
the costly and time-consuming power grid reinforcement may become
necessary [16].
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Nomenclature

Abbreviations

BESS Battery energy storage system.

CF Capacity factor.

EV Electric vehicle.

P/L Production-to-load.

PV Photovoltaic.

RES Renewable energy sources.

RHC Receding horizon control.

SC Self-consumption.

SCSB Self-consumption-sufficiency balance.

SS Self-sufficiency.

V2G Vehicle-to-grid.

Variables

A Auxiliary matrix to compute the cumulative sum.
Ce The aggregated number of connected EVs at the end

of each time.
The aggregated number of connected EVs during

each time.
agz The aggregated energy balance at each time (kWh).

e, The aggregated energy demand for those arriving at
each time (kWh).

Eq4 Auxiliary matrix denoting the aggregated energy de-
mand by the departing time index for the arrived
EVs at each time (kWh).

eq The aggregated energy demand for those departing
at each time (kWh).

n, The aggregated number of arrivals at each time.

ny The aggregated number of departures at each time.

Pagg Total aggregated charging/discharging power at
each time (kW).

Pcons Total power consumption at each time (kW).

Prix Total charging power for the inflexible sessions at
each time (kW).

pL Total base load at each time (kW).

Popp Total charging power for the flexible sessions when
applying “opportunistic”’ charging at each time
(kW).

Pprod Total power production at each time (kW).

PRES Total RES generation at each time (kW).

Psc Total charging power for the flexible sessions when
applying smart charging at each time (kW).

Pv2g Total charging power for the flexible sessions when
applying smart charging and V2G at each time (kW).

Ty Auxiliary matrix denoting the aggregated departing
time index for the arrived EVs at each time.

dp/L Production-to-load ratio (p.u.).

bscsp Self-consumption-sufficiency balance (p.u.).

bsc Self-consumption (p.u.).

bgs Self-sufficiency (p.u.).

T Temporal resolution (15 min).

e The energy demand of a charging session

Egy,max Maximum stored energy in an EV (kWh).

Egy min Minimum stored energy in an EV (kWh).(kWh).

K Maximum number of time slots for the stay time.

k Time index k € {1,...,K}.

M Total number of time slots in a year (35 040).

Py max Maximum charging/discharging power for an EV
(kW).

Pey min Minimum charging/discharging power for an EV
(kW).

ty The arrival time of a charging session.

14 The departure time of a charging session.

The challenges coming from RES and EV integration can be mit-
igated by improving the synergy between the two [17]. Deploying
battery energy storage systems (BESS) is a straightforward way to im-
prove the synergy between RES and the EV charging load or any load in
general. However, BESS deployment is costly and can be economically
infeasible in many cases [18]. The generation-load synergy can also be
improved by utilizing flexible demand and generation units [17]. With
long uninterrupted parking duration, EVs can act as flexible demand
and generation units. It is possible to shift the charging load through
smart charging control, or even discharge the energy from the EV
batteries to the electricity grid or through vehicle-to-grid (V2G) con-
trol [17,19,20]. Similarly to why wind and solar energy are considered
as intermittent RES, EV batteries participating in V2G schemes can be
considered as intermittent energy storage, since EVs with V2G schemes
are not constantly available and predictable as stationary energy stor-
age for the power grid due to EV users’ mobility behaviors. With these
schemes, the optimal operation to improve the synergy between RES
and EVs can be achieved without compromising user convenience, such
as having a full battery by the time of departure [17].

Besides optimal operation, the sizing of RES in comparison to the
load is also crucial. With oversized or undersized RES, the synergy
between RES and EVs will remain sub-optimal, despite the deployment
of smart charging schemes [21]. In order to realize sustainable urban
energy and transport systems, it is important to implement both optimal
operation and sizing of combined RES-EV systems in different parts
of the built environment as well as at the city level as a whole. On
the generation side, the optimal shares between different RES can help
the energy systems achieve optimal load matching. For example, in
mid-latitudes, wind electricity production typically peaks during the
night on a diurnal basis and during winter on a seasonal basis, while
PV electricity production peaks during the day on a diurnal basis and
during summer on a seasonal basis [22,23]. With the complementary
nature of wind and solar power generation, combining the two with
the right shares will result in optimal load matching.

1.1. Related work and motivation

Net-zero energy systems have been a major research topic in the
energy system field in recent years [24]. As previously mentioned, in a
net-zero energy system, the system locally supplies as much renewable
energy as it uses on an annual basis, meaning the ratio of local RES
production to consumption is one [25]. Recent research has studied
net-zero energy in different levels of the energy systems, for example at
residential buildings [25,26], at commercial buildings [27,28], for elec-
tric mobility [29], on a community level [30,31], on a district level [3],
and on a city-scale level [32]. It should be noted that a net-zero
energy system may experience unfavorable power mismatches between
consumption and production since it only considers the annual energy
balance, not the instantaneous power matching. As previously men-
tioned, the lack of synergy between power consumption and production
is one of the main sources of problems in the power grid [33].

Options for improving the synergy between local RES and load have
also been a major research topic in recent years [33,34]. These include
studies on the optimal operation and optimal sizing of renewable-
powered energy systems considering EV flexibility utilization and dif-
ferent types of RES [35-37]. A considerable amount of research on
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smart charging and V2G considering renewable generation to achieve
optimal operation has been conducted in recent years.

Studies on PV-EV synergy through smart charging in different parts
of the built environment, e.g., residential and workplace areas, have
been more common than studies on wind-EV, since in such cases it is
easier to integrate PV than wind power, e.g., on building rooftops [17].
Several research studies have investigated the EV smart charging
and/or V2G impacts on the PV-EV synergy in different parts of the built
environment, for example at residential areas [35,38-40], at workplace
areas [21,41,42], on aggregator/charging station levels [43,44], on
distribution grid levels [9,45,46], and on regional levels [47,48]. The
improved synergy of PV-EV leads to an improved grid hosting capacity
for both PV and EVs, as shown in [9] for a case study in Sweden, and
in [45] for a case study in the U.K.

Studies on EV smart charging and V2G involving wind power have
been more common on higher system levels, such as aggregator levels,
rather than individual building levels. Studies on EV fleet charging
scheduling considering wind power were presented in [37,49,50]. Sev-
eral studies also considered both wind and PV for coordinated EV
charging/discharging schemes to improve technical, economic, and
environmental performances, such as in [51,52]. In [51], it was shown
that the hosting capacity for wind and PV could be increased up to 20%
with the deployment of EV smart charging schemes. Ref. [52] showed
that implementing V2G schemes in power grids with high penetration
of wind and PV improves grid reliability.

As mentioned previously, besides optimal operation, optimal sizing
also plays an important role in improving the synergy between RES and
EVs, and generation and load in general. A study in [21] proposed a
novel technical measure, combining the self-consumption (SC) and self-
sufficiency (SS) measures, to define the optimal sizing of PV-EV sizes at
workplace charging stations. The mentioned study also concluded that
the measure can be used to define the optimal RES-EV or generation-
load sizing in general, in different parts of the built environment or
on city-scale levels, as conducted in [53-55]. Previous research has
also studied optimal RES sizing considering EV charging demand based
on other measures, e.g., cost, as conducted in [28,31,44]. Studies on
the optimal deployment of public EV charging stations, which involve
sizing and placement, have also been conducted in previous research.
Examples of such studies can be found in [54,56]. Research on the
sizing of different RES sources, such as wind and PV, in the power sys-
tems to achieve optimal system performance has also been conducted
in recent works. For example, Ref. [57] attempted to find the optimal
share of wind and PV plant size to smooth the combined generation
profile in a hybrid park. In [58], optimization of wind-PV plant share
to reduce grid burden was presented.

Based on the literature review conducted in this study, it is clear
that assessments of built environment energy system performance con-
sidering different variables are highly relevant. To the best knowledge
of the authors, assessments of the urban-scale load matching potential
considering different wind-PV electricity production shares, RES-load
ratios, and degrees of EV flexibility utilization simultaneously have not
been previously studied. In addition, an assessment on the technical
value of EV flexibility as intermittent storage for urban-scale energy
systems is also relevant and has not been conducted previously.

Studying EV scheduling in the context of urban-scale energy sys-
tems is a complex problem, given that traditional methods tend to
solve the charging scheduling for each individual EV. These methods
face increasing complexity due to the huge amount of decision vari-
ables resulting from the many EVs. For example, the load matching
objective in [35] results in a quadratic programming problem, and
the complexity suffers from a polynomial increase with an increas-
ing number of variables [59]. Moreover, studies focusing on provid-
ing accurate scheduling for EVs consider practical constraints such as
minimum charging power [60], which can result in integer decision
variables, leading to an exponential increase in the computational
complexity [61]. However, for energy system evaluations, the overall
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EV charging load is of interest rather than the scheduling for each EV.
Ref. [62] proposed an aggregated model that directly solves the overall
EV charging load, which has fixed complexity since the number of EVs
does not affect the number of decision variables. The aggregated model
has been further simplified and validated in [55].

1.2. Contribution

This paper complements previous research and contributes to the
field by assessing the optimal load matching of urban energy systems
considering EV flexibility and renewable energy deployment. The study
utilizes the aggregated EV model validated in [55]. Table 1 summarizes
the comprehensive comparison between the literature reviewed and
the study in this paper based on four key aspects: studied systems,
RES supply, EV flexibility, and energy system optimization. This study
specifically focuses on the electricity needs of urban energy systems,
including transport electrification. The impacts of smart EV charging
and V2G on urban energy systems are assessed in this study. This
study uses the urban mobility and energy system of a Swedish city as
a case study. The main contribution of this paper lies in its thorough
investigation of the following topics:

1. The optimal wind-PV and RES generation-load sizing to reach
optimal load matching performance in city-scale energy systems
considering three different EV charging scenarios, i.e., oppor-
tunistic charging, smart charging, and V2G.

2. The potential of improved synergy between wind-PV generation
and electricity consumption in a net-zero energy city by smart
charging and V2G schemes.

3. The technical value of EV flexibility with V2G schemes as inter-
mittent energy storage compared to traditional stationary energy
storage.

4. The possibility of transforming a net-zero energy city into a self-
sufficient energy city with different EV charging scenarios and
stationary storage capacities.

The investigation was carried out through simulation studies. It should
be noted that this study does not aim to propose or use scheduling
methods for individual EV charging/discharging. Instead, as mentioned
previously, a validated model to quantify the aggregated EV charging
demand and discharging production, regardless of the charging strat-
egy, will be used. In this study, this approach is adopted because the
focus is on the overall EV charging load for energy system evaluation,
rather than the scheduling of individual EVs.

1.3. Structure of the paper

The paper is structured as follows: In Section 2, the simulation
data, assumptions, scenarios, models, and performance measures are
described. Section 3 presents the simulation results related to the four
topics investigated in this paper. In Section 4, the results and possible
future works are discussed. Section 5 concludes the paper.

2. Methods

This section describes the methods used in this paper. Since the
study focuses on optimizing urban-scale energy system balance, the
studied scope is delimited within a higher energy system level. With
this delimitation, this study does not include simulations for individual
systems, for example individual EVs and buildings, and aggregate the
simulation results afterwards. Instead, this study first models the aggre-
gated representation of the systems and then performs simulations on
the aggregated level. Fig. 1 illustrates the outline of the city electricity
systems and the emphasis of the aggregated level of energy systems
being the scope of the optimization.

The workflow of urban-scale energy system optimization conducted
in this paper, which includes both optimal operation and sizing, is
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A comparative summary between previous works and this study in terms of studied energy systems, RES supply involved, EV charging flexibility, and energy system

optimization.

Ref. Studied systems RES supply

EV charging flexibility

Energy system optimization

Net-zero energy  Urban-scale level ~ Solar PV~ Wind

Opportunistic charging

Smart charging  V2G Optimal operation  Optimal sizing

[3] v v 4 v
[9,38,41,42] v v
[19] 4
[21] v 4
[25] v v

[26] v v v
[27] v v 4

[28] v v v
[29] v v v v
[30] v v

[31] 4 4 v v
[32] v v v

[35] v v v
[36,48] v v v
[37] 4 v
[39,40,43,45,46] v 4
[44] v/ v
[52] 4 v 4
[47] v v v v
[49] v 4
[50] v v/
[51] v v v
[54] v/ 4
[56] v 4
[57] v v v

[58] v v 4

This study v v v v v

v
v 4
4 v 4
4 4 v
v v
v v v
v/ v
4 4 4 v
v v
4
4 v v v
v
v/ 4
4 v 4
v v v
v v v
4 v 4 v
4 4 4
v v v
4 4
4 v 4
v/ v
4 v
4 v 4
v
v
4 v 4 v

illustrated in Fig. 2. Three blocks representing the scope of the study
are included in Fig. 2 which corresponds to: 1. data preparation, aggre-
gation, and modeling, 2. EV charging modeling and optimal operation,
and 3. optimal sizing of the urban energy systems. A more detailed
analysis of urban energy matching performance and technical value of
V2G will be conducted after the optimal system is defined. It should be
noted that this work aims to evaluate the load matching potential of an
existing energy system. Hence, historical data is directly used without
considering uncertainty. With this assumption, the results represent the
best-case approximation of urban-scale load matching potentials in the
case study.

More detailed explanations of each study scope shown in Fig. 2
are presented in the following sections. Section 2.1 presents aggregated
data and the assumptions used in the study. Section 2.2 presents how to
validate and aggregate the charging sessions for later simulations. Both

Sections 2.1 and 2.2 correspond to data preparation, aggregation, and

modeling parts of the study. In Section 2.3, the aggregated smart
charging and V2G optimization models and algorithm are specifically
described, which corresponds to optimal operation part of this study.
Section 2.4 presents the energy matching measures used to assess the
urban-scale energy performance. The simulation scenarios conducted
in this study are presented in Section 2.5. Sections 2.4 and 2.5 are
integral parts of the optimal sizing conducted in this study.

2.1. Data and case study

This section presents the data used in the study. More specifically,
Section 2.1.1 presents the case study and data that is used to model
the aggregated city power consumption and production. Section 2.1.2
presents the mobility data and the process for how to convert from
travel sessions to charging sessions.

2.1.1. City-scale electricity consumption and renewable power generation
The study uses real measured data from an electricity grid on the
west coast of Sweden in 2021 from [22]. The electricity grid serves a
city and some neighboring suburbs with an approximate population of
100,000. The maximum aggregated peak load is 94 MW and the annual

electricity consumption is 372 GWh. The load is typical for the case of
Sweden, with prominent seasonal variations with higher consumption
in winter compared to summer.

The grid has 33 MW, of wind power, and 2.7 MW, of PV installed,
respectively. These are measured on the aggregated level, meaning
there are two production time series, one for the aggregated wind
power output and one for the aggregated PV power output. The mea-
sured capacity factors of wind and PV power plants in this study
are 0.35 and 0.14, respectively. Both wind and PV annual electricity
production (MWh) are scaled up to match certain annual electricity
demand levels (MWh), so that different city energy system scenarios
can be simulated, for example, a scenario of a net-zero energy city
with 50:50 wind-PV electricity production shares. Further details on
simulation scenarios are presented in Section 2.5. It should be noted
that even though the scope of the study is focused on the city-scale,
the city energy system is still connected to the outer transmission grid.
This implies that any power imbalance within the city is assumed to be
handled by the transmission grid.

Both load and RES production data are originally in 10-min resolu-
tion. However, they were averaged to a 15-min resolution in order to
match the resolution of the simulation setup intended for load matching
assessment in this study. The use of 15-min resolution was motivated
by the findings in [33,63], which showed that 15-min resolution was
sufficient for a load matching assessment.

2.1.2. Mobility patterns and charging sessions

This study utilizes the synthetically generated travel sessions from
the model in [64], which relies on the Swedish travel survey [65].
The survey consists of information from the trips made by cars and
other information which is representative for Swedish conditions. In
the generated sessions, each travel session is associated with a unique
user ID, and the travel sessions from the same user ID form the travel
behavior for that user over the year. It is here assumed that all personal
cars in the city are electric. For the specific Swedish city, depending on
the population, personal car ownership percentage, and productive age
percentage [66], this work assumes a total of around 37 000 users. With
this assumption, the annual EV electricity demand (MWh) corresponds
to 15% of the total annual electricity demand (MWh) in the city.
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N
| Electricity consumers
_ 1 within the city

Aggregated PV-wind  © I Aggregated EV charging
generation on city-scale | " networks on city-scale
level i level

Transmission
. I Aggregated electricity :: network to outside
Il load on city-scale level of the city

Individual EV charging
networks within the city

Centralized PV and wind
parks within the city

o

PV systems and EV chargers

Purely electricity
consuming workplace

Workplace buildings with o > ’
buildings within the city

local PV systems and EV
chargers within the city

Purely electricity
consuming residential

buildings within the my

within the city

Individual energy system components within the city

Fig. 1. The city electricity system outline simulated in this study. This figure highlights that the scope of the optimization in this study is on the aggregated level, not on the

individual level.

Each travel session contains information: the user ID (UID), arrival
time, arrival place, and consumed energy. The arrival time is a times-
tamp with a minute resolution. The arrival place is distinguishable
by the place ID, which represents home, work, and other places.
The consumed energy is computed from the driving distance with an
assumption that 1 kWh equals 5 km driving distance, which conforms to
the rates of many available EV models [67].

This work assumes that EVs charge either at home or at work, and
the home-work charging ratio is 4 : 1 [68]. Correspondingly, 80%
of users will charge at home while the rest are charging at work.
Upon deciding whether the UID utilizes home or workplace charging,
the travel sessions can be converted to charging sessions. A charging

session is defined as a 4-tuple (UID, tantds e), where 1, is the arrival time
index, t4 is the departure time index, and e is the energy demand. Note
that in this study, an EV arrives at a time index means it arrives just
before the time index while departing at a time index means the EV
departs just after the time index.

The arrival times are the valid arrivals: after categorizing the UID in
either home or workplace charging, the valid arrivals are those arriving
at that location. Associated with each valid arrival, the next arrival in
the travel sessions indicates the departure time (subtracting the driving
time from that arrival, and this work assumes an average driving speed
of 50km/h, which is approximately the most economical driving speed
that can reach the maximum remaining driving range [69]). The energy
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Define a number of scenarios*

v

Pick a unique scenario out of _
Block 1: Data preparation, aggregation and modeling all defined scenarios

Measured PV
output from real
plants in the city

Measured wind
output from real
plants in the city

PV system
size multiplier

Wind system
size multiplier

Generate a PV generation profile Generate a wind generation profile

Individual EV mobility profiles
for all EVs in the city g
from a Markov-chain model

Generate urban-scale aggregated mobility profile

Urban-scale aggregated
mobility profile

v -

Sum PV and wind generation profiles

Aggregated RES
generation profile

Generate an Generate an Generate an aggregated
aggregated aggregated smart opportunistic charging
V2G profile charging profile profile

Aggregated
smart charging
profile

Aggregated
opportunistic
charging profile

Block 3: Optimal sizing
using load matching measures

Calculate SC,

simul

charging

Conduct load matching assessment
for each of EV charging scenarios:

!

All defined system No
size scenarios

Generate SCSB plots for each of EV

Define optimal size for each of EV
charging scenarios based on the
SCSB plots

e ==

Block 2: EV charging modeling and optimal operation

A

SS and SCSB

lated?

scenarios

v

. Start Process ‘ Decision . Input/output . End

—— Flowline -~ >

Specific flow line for optimal
operation utilizing EV mobility
flexibility

Fig. 2. Flowchart of the urban-scale energy system optimization conducted in this paper. * The conducted studies identified two optimal sizings: 1. Sizing of the wind-PV share
of electricity, 2. Sizing of the aggregated RES-load ratio. In the wind-PV share sizing, the aggregated RES-load ratio was set to 1, representing a net-zero energy city scenario, and
several wind-PV shares were simulated. In the aggregated RES-load ratio sizing, the wind-PV share ratio was set to the optimal wind-PV share obtained from the wind-PV optimal

sizing, and several RES-load ratios were simulated.

demand is the accumulated energy use of the travel sessions from (but
excluding) the previous valid arrival until the current valid arrival.

2.2. Validated charging sessions and aggregation
This section and the following section heavily depend on mathe-

matical expressions, which include different constants and variables.
For clarity, lowercase letters denote scale variables (e.g., 7, denotes

the arriving time of one EV); uppercase letters denote constant values
(e.8., Pgymax denotes the maximum EV charging power); lowercase
boldfaced letters denote vectors (e.g., pggs denotes the RES generations
at each time slot over the scheduling horizon), of which, the ith element
can be indexed by [-];; and uppercase boldfaced letters denote matrices
(e.g., A denotes an auxiliary matrix, which will be described in detail
later), of which, the element at ith row and jth column can be indexed

by [1;;-
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Fig. 3. Example T, and E4 to illustrate the indication of the elements. For example,
looking at k = 2 for Ty, the example shows that for all those EVs arriving at k = 2,
there are 1, 10, and 4 EVs departing after staying for one, two, and M time slots,
respectively. Correspondingly, looking at k = 2 for E4, the total required energies are
3kWh (for 1 EV), 25kWh (for 10 EVs), and 20kWh (for 4 EVs) by the end of one,
two, and M time slots, respectively. Note that different EVs can have different energy
demands.

Due to the decision time slot duration, the arrival and departure
times are rounded up and down to the next valid time index, respec-
tively. This can result in invalid charging sessions where the arrival
time is later than the departure time. The departure times are set to the
arrival times to avoid problems in the later simulations. This leads to
another issue where the minimum required charging time (this work
assumes maximum charging/discharging power at 11kW) is longer
than the stay duration. The unfulfilled energy demand must then be
shifted until the next charging session. However, there is a maximum
valid energy demand since this work assumes the same battery with the
capacity 60 kWh, which has a minimum and maximum state-of-charge
at 20% and 100% (as in [70]), respectively. Thus, the minimum and
maximum energy in an EV battery are 12kWh and 60kWh, and the
resulting maximum energy demand is 48 kWh. Those data processing
steps are necessary to provide valid charging sessions.

Similar to [47,62], an aggregated model is applied. Compared to
the individual model, the aggregated model can significantly reduce
the model complexity and computation time. A few auxiliary vectors
and matrices are provided to quantify the aggregated charging behavior
based on the valid charging sessions.

There are two cases in the verified charging sessions: The minimum
required charging time is equal to or smaller than the stay duration.
For the sessions where the minimum required charging time equals the
stay duration, the EV must charge during the whole stay, which leaves
no flexibility. Otherwise, the extra stay time provides the potential for
smart charging/discharging control.

This work considers a scheduling horizon over the year (365 days)
with the decision time slot duration as r = 15 min, resulting in
K = 35040 slots. To quantify the aggregated charging sessions, let
Psix € RfOXl denote the aggregated charging power from the inflexible
charging sessions, and let Popp € Rg(l denote the aggregated charging
power from the flexible charging sessions where the EVs also charge
upon arrival.

Additionally, for EVs arriving at time index k, let Ty € REXM
and E4 € R;OXM denote the aggregated departing time index and the
corresponding energy demand with kth row, where M is the maximum
number of slots for the stay time (According to the mobility behavior
in this study, the maximum number of hours a car staying is 480 h, and
thus, M is 1920). Fig. 3 provides example Ty and E; to better illustrate
the construction of these two matrices.

Since the kth row of Ty captures the departing index of all the EVs
arriving at time index k, applying summation over the row will result
in the total number of EVs arriving at time index k. Thus, applying

summation over all rows results in a vector, denoted by n, € ng‘],

which tells how many EVs arrive at each time index. To get how
many EVs depart at each time index, denoted by ng € RXX!, the
summation will be applied to the column. However, before summation,

it is necessary to convert Ty to T]’) S ng(M‘LK*l) by shifting the
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Fig. 4. Illustrating how to get n, and ny from the departing matrix Ty. The kth element
of n, is the summation over the kth row of T4. The kth element of ny, is the summation
over the kth column of T/, which is a result from shifting the kth row to the right by
k — 1 elements and patching K — 1 zeros at each row (as shown in blue color). (For
interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)
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Fig. 5. Average hourly arrival and departure counts. Two peaks correspond to charging
sessions at home and work. Based on the data generated from the model in [64].

kth row to the right by k — 1 elements and patching K — 1 zeros at
each row. Fig. 4 illustrates the process. The same operation on Ey4
results in e, and ey, which denote the newly added energy demand
and the additional required energy to fulfill the energy demand for the
departing EVs at each time index, respectively.

Based on n, and ny, which denote the number of arrivals and
departures over the year, Fig. 5 shows the average hourly arrival and
departure frequencies. As seen, two peaks in the arrival and departure
correspond to charging sessions at home and work: 80% of the charging
sessions will arrive in the evening and depart the following day in
the morning, i.e., charge at home, and the other 20% will arrive in
the morning and depart in the evening, i.e., charge at work. Similarly,
based on e,, which denotes the energy demand for the arriving EVs over
the year, Fig. 6 shows the average hourly aggregated energy demand for
the arriving EVs and their aggregated stored energy, and the summation
gives the average aggregated battery capacity. The energy demand is
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Fig. 6. Average hourly aggregated energy demand for the arriving EVs and their
aggregated stored energy. Based on the data generated from the model in [64].

relatively small compared to the battery capacity, meaning the required
charging time is short. Combined with the long stay duration at home
and work, the charging behavior has considerable flexibility to be
explored by different smart charging strategies.

2.3. Optimization formulation for smart charging and V2G aggregated
dispatch

This section presents the mathematical formulation for smart charg-
ing and smart charging with V2G for aggregated EVs. This work aims
to assess the energy system performance potential with historical data,
which is the foundation for future real-time energy system optimiza-
tion. Thus, the approach shall be valid for both cases. Given uncertain-
ties in real-time implementations, feedback controls such as receding
horizon control or model predictive control are often chosen [71].
This work will apply receding horizon control (RHC) with a moving
scheduling horizon of 24 h, which reduces the computational complex-
ity compared to scheduling for the whole horizon [72]. Besides, aiming
to find the global optimum over the entire year may fail due to the
increased number of decision variables and constraints (thus increased
computational complexity). However, to provide a comparison and bet-
ter understanding, this work starts with offline formulation where all
the information is available and later points out the required adaption
to achieve RHC. The RHC only assumes awareness of the information
for the arrived EVs.

The objective is to minimize the mismatch between produced and
consumed power. Minimizing the mismatch between produced and
consumed power is a common optimization objective in renewable-
based energy systems which leads to both improved load matching and
reduced peak loads [35,46]. The produced power consists of the RES
production pgpg and the potential vehicle-to-grid discharging (0 in the
smart charging case), while the consumed power consists of the base
load p;, the fixed grid-to-vehicle charging pg,, and the smart charging:

Pprod = PRES — min (05 pagg) > 1
Pcons = PL t Prix + max (07 Pagg) s (@3]

where p,g, € RKX! denotes the aggregated charging/discharging
power, with the positive values meaning charging and the negative
values meaning discharging. The mismatch minimization can be for-
mulated as a least-square problem:

2

3

min ” Pprod ~ Pcons
Pagg
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Let ¢, € RE<! and ¢, € REX! denote the number of connected

EVs during and at the end of each time slot, respectively. They can
be acquired by:

¢, =A (n, —ng) +ng, @
ce=A(n, —ny), )

where A is an auxiliary matrix where the lower triangular part is 1
while the rest elements are zeros. The purpose of matrix multiplication
with A is to get the cumulative sum.

The aggregated charging power p,g, depends on the number of
connected EVs during each time slot, i.e., cp. As mentioned, e, is
the newly added energy demand at each time index. Consequently,
(Egy,maxDta — €,) denotes the newly added stored energy from the ar-
riving EVs. The aggregated energy balance at the end of each time slot,
denoted by e,g,, is constrained by ¢, and it consists of:

The energy balance by the end of the previous step, denoted as
“initial”’;

The added energy from the newly arrived EVs, denoted as “ar-
rival”;

The removed energy from the newly departed EVs (must be fully
charged), denoted as “departure”;

The added/removed energy from the charging/discharging activ-
ity, denoted as “variable”.

Thus, the aggregated energy balance at the end of time slot k is:

[eagg]k = [eagg]k—l + EEV,max["a]k - [ea]k - EEV,max["d]k + T[pagg]k’ (6)
—— ——

—

“initial” “arrival” “departure” “variable”
where Egy .y is both the maximum energy for an EV battery and the
required energy in the battery for a departing EV. The above equation

can be reformulated in vector form (similar to Eq. (11) in [55]):
€agg = Cinitlgx +A (EEV,maxna - ea) - EEV,maxAnd + TApagg’ @)

where ejy;; denotes [ee0ly, and it is 0 if the considered number of
arrived EVs before the scheduling horizon is 0. The purpose of using
the vector 1, is to extend the scale variable e;;; to the shape K x 1
so that the shape from each part of the right-hand side matches.

Fig. 7, as an example, illustrates how the individual EV affects the
aggregated energy balance. During time step 1, there are arrival and
charging activities; in time step 2, there are departure and discharging
activity; in time step 3, there are arrival, departure, and discharging
activity; in time step 4, there are only charging activities; and during
time step 5, there are only departures. Accordingly, the aggregated
energy balance must consider the corresponding activities by the end
of each time step.

2.3.1. Smart charging

In smart charging, ¢, limits the aggregated charging power, and c,
limits the stored energy in the aggregated EVs. Additionally, to avoid
undesirable vehicle-to-vehicle charging, the grid must at least have
delivered energy to cover the energy demand of those departing EVs,
which is e;. Consequently, smart charging is formulated as:

2

’

Psc = argmin ”pprod ~ Pcons
Pagg

0= pagg = PEV,maxcp’ 8
s.t. EEV,mince = €agg = EEV,maxce!

Aeg = TApagg:
where the aggregated charging power at each time index should follow
the first constraint, the second constraint is to limit the aggregated

stored energy, and the last constraint is to ensure that the minimum
energy the grid must have delivered should cover the required energy
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Fig. 7. Illustration of EV mobility, individual and aggregated stored energy to visualize the intermittent energy storage concept. By the end of each time slot, the stored energy

incipiently consists of 4 items, as in Eq. (6). Practically, it varies, as shown in the row “Aggregated energy balance”. Note that, E, (k) denotes the arrived energy at the beginning
of k, E(k) and Eg.,(k) denotes the stored energy and the departing energy by the end of k, Eq,(k) and Egq,(k) denote the charged and discharged energy during k.

to fulfill the energy demand for the departing EVs. This extra constraint
aims to prevent undesirable vehicle-to-vehicle charging, which avoids
overestimating the performance of smart charging without V2G [55].

2.3.2. Smart charging with V2G

The EVs can discharge with the V2G scheme, but the stored energy
should stay above the minimum. Thus, smart charging with V2G is
formulated as [55]:
2

>

Py2g = arg min “pprod ~ Pcons
Pagg

st {

where Egy p, is the minimum stored energy for an EV. Compared to
the smart charging formulation in Eq. (8), the negative lower bound on
the charging power denotes the discharging capability.

9

_PEV,maxcp = Pagg = PEV,maxcp’

EEV,mince = Cagg = EEV,maxce’

2.3.3. Receding horizon control

The offline formulation aids in comprehending the modeling of the
scheduling problem. However, solving a problem that spans the whole
year can take a long time due to the number of decision variables and
the constraints. RHC, at each time index k € {1,...,K}, aims to find
the best solution for the next D (96 in this study, i.e., 24 h) time slots.
Correspondingly, the dimensions of the vectors and matrices should be
changed accordingly. Table 2 shows the parameter comparison between
the offline control and the RHC. Note that, it requires new parameters
to implement RHC compared to the offline control.

In Table 2, n,, denotes how many EVs arrive at the time index &
(the future arrivals are unknown), and it is exactly the kth element of
n,. np, is a temporary vector that can capture the departing time index
that is out of the scheduling horizon D, i.e., when the EV’s maximum
stay duration is more than 24 h (unnecessary if D > M). Then, ny, is
the first D elements from np ;. np, , stores the departure information for
the arrived (including time index k) yet not departed EVs:

(ITale.)"  +

newly arrived EVs at k

np = shf(nD,k_,) s

EVs arrived before k and still are connected at k

Table 2
Parameter comparison between the offline control and the RHC.
Offline RHC
Parameter Dimension Parameter Dimension
n, K Ny 1
ny K ng D
- - OV 1
- - Dp k M
c, K [y D
[ K Ce D
e, K [ 1
[N K eqx D
- - ep M
Cinit 1 Cinit k 1
- - echarged.k 1
- - Iy 1
A K xK Ay DxD
10$)

where “k, :” indicates the kth row vector, and shf(-) is the shift opera-
tion to shift the vector to the lower side by one element, i.e., shf(np ;_;)
results in a new vector [[np 1, ... [nps_1 ] O]T. Let ny ;, denote how
many EVs have arrived before (including) the time index k. Similar to
np, it also has two parts (newly arrival at k and those arrived before
k and are still connected):

M

Np g = Mg + Z[”D,k—l]i'
=

an

Similar to the offline control, ¢, and ¢, denote the number of
connected EVs during and at the end of each time slot within the new
scheduling horizon, respectively. They can be acquired by:

12
(13)

Cpk = Naxdpxr — Aghg + Ny,
Cer = Narlpxt — AxDg i

where the purpose of 1, is to extend the scale variable to a vector to
match the shape at the right-hand side. ¢, , will be a useful coefficient
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to constrain the aggregated charging power while c, is to constrain
the aggregated stored energy.

Similarly, e, , ep,, and ey, are acquired in the same way as n,,
np ., and ng ., where e, , denotes the aggregated stored energy from the
newly arriving EVs at k and ep, ;, denotes aggregated energy demand at
different departure time index.

Compared to ej,;, ejnirx denotes the stored energy by the end of
the time index k — 1, which consists of the initial stored energy, added
stored energy (battery capacity minus energy demand) from the newly
arriving EVs, removed stored energy due to the departing EVs, and
charged/discharged energy from the connected EVs at time index k — 1
(similar to Eq. (6)):

Cinitk = Cinitk—1 T EEV,maxna,k—l —€ak-1" EEV,max[nd,k—l]l + T[p:gg,k_l]l’
a4

"

where [pagg’k_1
time slot of the best (optimal) solution from the time slot k& — 1, which

is p;gg - Then, the aggregated energy for the scheduling horizon at

]; indicates that e;,;, is updated by applying the first

time index k is:

eagg,k = einit,lexl + (EEV,max”a,k - ea,k) 1D><1 - EEV,maxAnd,k + TApagg,k'
(15)

The two new parameters in Table 2, echargeq « and ey, k., are necessary
to address the constraint for the smart charging,

€charged.k = €charged k-1 T T[ngg,k_l]l > (16)

ek = -1 + leqr-1]1s a7

where ecpargeq records how much energy has been provided to EVs
before time index k, and ey, , denotes the total energy demand from
the EVs that have departed before time index k.

Consequently, the smart charging optimization formulation at each
time index k is (similar to Eq. (8)):
2

>

Psc,x = arg min “pprod ~ Pcons
Pagg i
0= Pagg,k = PEV,maxcp,k’ (18)
s.t. eagg,k = EEV,maxce,k’
ek lpxi + Ared = €charged k 1px1 + TAPagg ks

while the formulation for smart charging with V2G is (similar to Eq.
(9)):

2

>

Pyog i = arg min ”ppmd ~ Pcons
Pagg k
(19)
s.t {_PEV,maxcp,k = Pagg = PEV,maxcp,k’

EEV,rnince,k = eagg,k =< EEV,maxce,k-

2.4. Energy matching measures

Four energy matching measures were used to assess the perfor-
mance of the city-scale energy system:

« Production-to-load ratio (P/L),

» Self-consumption ratio (SC),

+ Self-sufficiency ratio (SS),

+ Self-consumption-sufficiency balance ratio (SCSB).

The annual production-to-load ratio (P/L) is the fraction of total
annual electricity production to the total annual electricity consump-
tion. In a net-zero energy city scenario, P/L should be equal to 1. SC
is the fraction of the total self-consumed locally renewable electricity
production to the total production. On the other hand, SS is the fraction
of the total self-consumed locally renewable electricity production to

10
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Fig. 8. Schematic outline of daily electricity load including EV charging load and
renewable generation (wind+PV) profiles. Area A represents electricity load including
EV charging load not covered by local renewable generation, area B represents
excess renewable generation not consumed by the city load, and area C represents
self-consumed renewable electricity within the city. A+C represents total daily city
electricity load and B+C represents total city renewable electricity generation.

the total electricity consumption. SCSB conveys the balance between
SC and SS.

Fig. 8 shows the schematic outline of daily electricity load (in-
cluding EV charging load), renewable generation, and self-consumed
renewable electricity within the city. Even though the assessment is
conducted on an annual basis, the daily illustration in Fig. 8 can help
to understand these measures, which from the areas in the figure can
be defined as

A+C
P/L=——, 20
/ B+C (20)
C
SC=——, 21
B+C @
C
= —, 22
S = c (22)
Mathematically, the self-consumed power at time ¢, can be defined as
m; = min(Pprod,t’Pcons,t)’ (23)
And P/L, SC, and SS can be defined mathematically as [33]
/ Pprodrdt
¢P L= R m—— (24)
/ f pcons,rdt
[ mdt
bsc=+"", (25)
f Pprod,tdt
f m,dt
g = —. (26)
./ pcons,tdt

Interested readers are referred to [25] for more detailed relation be-
tween P/L, SC, and SS.

Since SC tends to be lower when generation is high, while the
opposite happens for SS, there should be a measure that conveys the
balance between the two. SCSB is the measure that conveys the balance
between SC and SS. With this measure, the optimal trade-off between
SC and SS can be defined. Using the harmonic mean of SC and SS, SCSB
can be defined mathematically as [21]:

2¢5cPss .
dsc +dss

Since both SC and SS range between 0 and 1, the SCSB score also
ranges from O to 1. Based on Eq. (27), a high SCSB score can only be

dscsp = 27)
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achieved if both SC and SS are high. If the generation unit is undersized
compared to the load, SC tends to be high since most of the local
generation is self-consumed, but SS tends to be low since a significant
amount of the demand is not covered by the local load. This results in
a low SCSB score since only SC is high but not SS. The SCSB will still
be low if the generation unit is oversized compared to the load since,
in that case, SS tends to be high due to most load being covered by
local generation, but SC tends to be low since the excess generation is
high. To sum up, the SCSB can be used to define the optimal trade-off
between SC and SS. Interested readers are referred to [21] for more
detailed explanations and applications of the SCSB score. The SCSB
score in this paper is used to define the optimal P/L and justify whether
a net-zero energy city scenario is an optimal scenario or not.

2.5. Simulation scenarios

In order to fulfill the aims of the papers, several scenarios are sim-
ulated. Based on the simulation parameters, the simulation scenarios
grouping can be divided into four:

» EV charging dispatch scenarios,

» Wind-PV electricity production share scenarios,
» RES-load ratio (P/L) scenarios,

« Stationary energy storage capacity scenarios.

The following subsections present the details on each scenario group.

2.5.1. EV charging dispatch scenarios

There are three aggregated EV charging scenarios: opportunistic
charging, smart charging, and V2G. In opportunistic charging, it is
assumed that all the EVs start charging upon arrival at the destined
charging location. In smart charging scenarios, it is assumed that
aggregatedly, the EV charging network can delay its power-consuming
activity to match the local generation and avoid the existing peak load.
In the V2G scenarios, not only can the aggregated EV charging network
optimize its power consumption to achieve a flatter net load, but it can
also dispatch power from the aggregated EV battery to the city grid
to make the net load even flatter. All mathematical modeling for these
three charging scenarios were previously presented in Sections 2.2 and
2.3. The three charging scenarios were simulated in all simulations in
this study.

2.5.2. Wind-PV electricity production share scenarios

Different scenarios on wind-PV electricity production share were
simulated to find the optimal wind-PV share that maximizes the load
matching measures. In the varying wind-PV share simulations, the set-
up was a net-zero energy city, which means the P/L was equal to one.
It should be noted that, in a net-zero energy city, SC will be equal
to SS, which consequently makes the SCSB equal to both as well. Ten
shares of wind-PV electricity production on the percentage scale were
simulated, starting from 0:100 (wind-PV) with a step of 10:-10 and
ending at 100:0.

It should be noted that the wind-PV ratio for electricity production
(MWh/MWh) differs from the ratio for nameplate power capacity
(MWp /MWP). However, these ratios are interrelated through the power
plant capacity factor (CF) [73]. The relationship between annual elec-
tricity production, rated power, and the CF of a power plant can be
defined as [73]:

Eplant,annual = CFplant X Pplant,rated X365 x 24 h, (28)

where Epjan annual 1S the annual electricity production of a power plant
(MWHh), C Fyjan is the CF of a power plant (p.w.), and Pyjant rateq iS the
nameplate rated power capacities of a power plant (MW). Following
Eq. (28), the relationship between the wind-PV electricity production
ratio and its rated power capacity ratio can be defined as

P, wind,rated _ Ewind,annual % CF PV (2 9)
P PV,rated EPV,annual CF, wind
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where Pyind rated a0d Ppy rateq are the nameplate rated power capacity
(MW,), E\ind,annual @04 Epy annual are the annual electricity production,
and CF,,q and CFpy are the CFs of wind and PV power plants,
respectively. It is important to note that the validity of Eq. (29) depends
on the assumption that all the variables are greater than zero.

Empirical data from wind and solar plants show that their CFs are
0.35 and 0.14, respectively [57]. As an example, suppose the wind-PV
electricity production ratio is 70:30 and the rated power of the wind
turbine is 70 MW. In this scenario, the rated power of the solar plant
would be 75 MW. Notably, even though the wind plant produces more
than twice the amount of electricity as the solar plant, the two plants
have nearly equal rated power capacities.

2.5.3. RES-load ratio scenarios

After finding the optimal wind-PV electricity production ratio, dif-
ferent scenarios on RES-load ratios, which were previously referred to
as P/L ratios, were simulated to find out if the net-zero energy scenario
is the optimal set-up in terms of load matching. P/L from 0.80 with a
step of 0.05 to 1.20 were simulated. The optimal wind-PV electricity
production ratio was set as the generation share in the varying P/L
simulation.

2.5.4. Stationary energy storage capacity scenarios

Several scenarios with different capacities of stationary energy stor-
age were simulated. The simulations involving stationary energy stor-
age were conducted to investigate two aspects. The first one is to find
out how much stationary energy storage is needed to match the per-
formance of V2G in a net-zero energy city initially without stationary
storage. The second one is to find out how big stationary energy storage
capacity is needed to make the net-zero energy city self-sufficient (not
importing energy from the grid outside of the city). The optimal wind-
PV electricity production ratio was set as the generation share in the
varying stationary storage simulation.

A simple storage model was used in this paper. The storage is
assumed to be charged whenever there is an excess renewable yield that
is not consumed by the load. On the other hand, the storage supplies
the load when renewable power production is not sufficient to supply
the load. Renewable production excess is sent to the transmission
grid outside the city if the storage has already reached its maximum
energy content. If the storage is low-charged, the transmission grid
outside of the city will as usual cover the power deficit. The minimum
and maximum energy contents of the storage were set to 0 and the
simulated storage capacities, respectively. The C-rate of the storage
was set to 1 C, as assumed in several studies on grid storage [74,75].
The charging and discharging efficiency was assumed to be 1. In the
real-world setup, important parameters such as efficiency and state-of-
charge operating range would not be as ideal as in this simple storage
model. However, since the assessment in this paper is to find out
the theoretical rather than the practical storage capacity, the simple
model is sufficient. Simplistic storage models were previously used in
several studies that focused on renewable-based energy systems, such
as in [42,76,77].

3. Results

This section presents the results on the impacts of opportunistic
charging, smart charging, and V2G in urban-scale energy matching.
Specifically, Section 3.1 provides results on optimal wind-PV electricity
production ratio in achieving optimal load matching in the net-zero
energy city. Section 3.2 presents the optimal RES-load ratio assessment.
The performance in the optimal net-zero energy city is presented in
Section 3.3. Assessments on the value of V2G compared to station-
ary storage, as well as the stationary storage required to achieve a
self-sufficient city, are provided in Section 3.4.
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Fig. 9. City load matching performance with three different EV charging scenarios and
different shares of wind-PV. Starred points indicate the optimal wind-PV shares in the
respective charging scenarios.

3.1. Optimal wind-PV electricity production shares in a net-zero energy city

Fig. 9 shows the SC, which is equal to SS and SCSB in the case of
net-zero energy systems where electricity production equals electricity
consumption, against different wind and PV shares scenarios. It can be
seen that in all wind-PV scenarios, SCSB scores in the V2G scenarios
are higher than the ones in the smart charging scenarios, which are
higher than the ones in the opportunistic charging scenarios. From the
figure, it is shown that the optimal wind-PV electricity production ratio
scenarios are 80:20 for the opportunistic and smart charging scenarios,
and 70:30 for the V2G scenarios.

Fig. 9 shows that the 100% PV scenario has the lowest SCSB values
among the simulated wind-PV electricity production share scenarios.
In the 100% PV scenario, it can also be seen that the differences in
the SCSB scores between V2G and the other two charging scenarios
are the highest. That implies the higher importance of V2G in a
100% PV-powered net-zero energy city, compared to the other wind-
PV scenarios. This can be explained by seasonal patterns of electricity
production and load.

Fig. 10(a)-(d) show the 30-day moving mean power production
and load in 50:50, 100:0, 0:100, and 70:30 (optimal) wind-PV elec-
tricity share scenarios. Fig. 10 illustrates the correlation between the
production and load on a seasonal basis, which is crucial for assessing
the load matching performance. In Fig. 10, the uncontrolled charging
profiles were used to generate the 30-day moving mean EV charging
profiles. It should be noted that the 30-day moving mean EV charging
profiles for uncontrolled charging, smart charging, and V2G scenarios
are approximately the same, considering that the flexibilities of EVs are
limited to hours, or at most, a few days. In this case, the EV charging
demand can only be shifted with smart charging and V2G to different
hours, or to the next day, and not to different months.

It can be seen, especially in Fig. 10(c), that the seasonal pattern
of PV electricity production is highly anti-correlated with the seasonal
pattern of the load. This is due to the fact that during winter, the load
is at its highest while the solar production is at its lowest, and vice
versa. On the other hand, it can be seen, especially in Fig. 10(b), that
the seasonal pattern of wind electricity production is highly correlated
with the seasonal pattern of the load.

Despite the high seasonal correlation between wind power pro-
duction and load, the optimal wind-PV electricity production share
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is not 100% wind and 0% PV. This is because, besides the seasonal
correlation, the diurnal correlation between electricity production and
load is also crucial in defining the optimal RES share. The averaged
diurnal patterns of electricity production and load are shown in Fig. 11.

From Fig. 11, it can be seen that, the wind power production is
slightly higher during the night than during the noon, while the solar
power production peaks during the mid-noon and non-existence during
the night. The city load is at its lowest at night and peaks during the
afternoon-evening. From a diurnal perspective as shown in the figure,
an excessive reliance on wind power would lead to uncovered load
during the day and surplus generation at night, while an excessive
reliance on solar power would result in overgeneration during the day
and insufficient coverage of the load at night. Therefore, an optimal
solution can be achieved by combining both wind and solar power,
which would enhance the performance of load matching.

To sum up, by visual inspection from Figs. 10 and 11, it can be
concluded that the seasonal pattern of the load is highly correlated with
that of wind power and anti-correlated with that of solar power. On the
other hand, the diurnal pattern of the load is slightly anti-correlated
with that of wind power and correlated with that of solar power. Thus,
the right combination of wind and PV will have a higher ability to
match the consumption patterns, since they complement each other
both diurnally and seasonally.

Out of all simulated scenarios, the maximum SCSB performance is
reached when the wind-PV electricity production share is 70:30 and
V2G is deployed. It should be noted that the wind-PV share in this
case is in terms of annual electricity production. Based on Eq. (29)
presented in Section 2.5, with an empirical CF of 0.35 for wind and
0.14 for PV in the city, the wind-PV ratio of 70:30 in terms of electricity
production (MWh), will be equivalent to 14:15 in terms of nameplate
power capacity (MW,), which is close to 1:1.

From Fig. 11, vehicle-to-grid row, it can also be seen that the charg-
ing and discharging power in the V2G scenarios is highest in the 100%
PV scenario. This strengthens the previously mentioned argument that,
in order to reach the optimal matching, the V2G is needed to a larger
extent in a 100% PV-powered net-zero energy city.

3.2. Optimal RES-load ratio in the city

Fig. 12(a)-(c) shows the SC, SS, and SCSB of the renewable-powered
city with three different EV charging scenarios in different production-
to-load (P/L) ratios. Fig. 12(a) shows that the higher the P/L ratio,
the lower the SC, and Fig. 12(b) shows that the higher the P/L ratio,
the higher the SS. From Fig. 12(c), it can be seen that the SCSB plots
are concave-shaped, which means that there is one optimal P/L value.
From the figure, it is shown that the optimal city-scale P/L is 0.85 in
the opportunistic and smart charging scenarios, and 1.00 in the V2G
scenario.

These results show that without V2G acting as the intermittent
storage, the net-zero energy city scenario, where P/L is 1, is not the
optimal scenario in terms of trade-offs between self-consumption and
self-sufficiency. That means that by increasing the generation scale
from 0.85 to 1, the increase in self-sufficiency is lower than the decrease
in self-consumption if V2G is not deployed. This is different from the
condition where V2G is deployed. With V2G, the net-zero energy city is
the optimal scenario where trade-offs between SC and SS peak. These
results highlight the important role of V2G schemes or energy storage in
general if a high self-sufficiency is to be achieved for a net-zero energy
city.

3.3. Detailed performance in the optimal net-zero energy city
This section presents more detailed results on the performance of

the optimal net-zero energy city, which has a P/L of 1.00 and wind-PV
electricity production share of 70:30.
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3.3.1. Generation-load profiles

In this section, the load profiles in different EV charging scenarios
are analyzed. The goal is to understand the impact of opportunistic
charging, smart charging, and V2G on both peak net load and peak
net generation. Peak net load represents the maximum value of load
minus generation, while peak net generation or peak excess genera-
tion corresponds to the maximum value of generation minus load. As
previously mentioned in Section 2.1, the base peak load without local
generation is 94 MW. In the net-zero energy city scenario with optimal
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wind-PV generation share (i.e., 70% wind - 30% PV), the peak load
can be reduced to 75 MW. Table 3 shows the annual peak net load
and peak net generation in different EV charging scenarios.

As it can be seen in Table 3, the addition of opportunistic charging
demand will increase the urban peak net load, from 75 MW to 104 MW.
The addition of EV charging demand with smart charging deployment
does not increase the peak net load. Furthermore, the integration of
urban EV fleets equipped with V2G capability can decrease the peak
load from 75 MW to 58 MW.
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charging scenarios.

Table 3
Peak net-load and peak net-generation in net-zero energy city scenario,.

Scenario Peak net load (MW) Peak net generation (MW)
No EVs 75 168

Opportunistic charging 104 165

Smart charging 75 129

Vehicle-to-grid 58 69

In terms of peak excess or net generation, the opportunistic charging
demand decreases the peak net generation slightly from 168 MW to 165
MW. The peak net generation can be decreased further to 129 MW with
smart charging deployment. The deployment of V2G can decrease the
peak net generation much more significantly to 69 MW.

These results show that, EVs with smart charging capability act as
flexible demand, helping to avoid peak load increases and facilitate val-
ley filling. Additionally, EVs with V2G extend their capability further
to peak clipping as well. The phenomena can be further explained by
analyzing the load profile in an example week as shown in Fig. 12.

Fig. 13 shows (a) net load (load minus generation), (b) net charging
power, and (c) aggregated SOC with different charging scenarios in five
September days. In net charging profiles, positive values represent net
charging, and negative values represent net discharging. In terms of
peak load, Fig. 13(a) shows that the peak electricity load is increased
with opportunistic charging demand; see Friday and Monday evenings.
With smart charging, the base peak load is not increased. With V2G, the
base peak load can even be clipped. In terms of excess generation (neg-
ative load), Fig. 13(a) shows that the opportunistic charging scheme
barely reduces the generation excess, while the smart charging scheme
can reduce it to some extent, and the V2G scheme can reduce it to a
greater extent.

This can be explained by Fig. 13(b), where the net charging power
is shown. It can be seen that the opportunistic charging load peaks at
the same time as the peak base load. In the smart charging scenarios,
the charging demand can be delayed to an off-peak period so that it
does not increase the peak base load. The smart charging load can also
be altered to fit the generation pattern to some extent. In the V2G
scenarios, the flexibility of EVs is extended from just being flexible
demand to include being flexible generation as well. This can be seen
in the negative charging power where the base net load is positive. The
ability to reduce the excess generation is also increased since there is
more room to charge the EV battery after it has been used for V2G, as
shown in Fig. 13(c). On a daily average basis, the aggregated SOC of
connected EVs in different charging scenarios can be seen in Fig. 14.

14

Table 4

Energy matching performance of net-zero energy city in opportunistic charging, smart
charging, and V2G scenarios. In the net-zero energy scenario, the SC is equal to the
SS, hence the SCSB is equal to both the SC and SS.

Scenario SCSB

Opportunistic charging 0.68 p.u.
Smart charging 0.73 p.u.
Vehicle-to-grid 0.84 p.u.

It should be noted that the SOC shown in Fig. 14 is on the aggregated
level with an assumption that each connected EV reaches full-charge
conditions just before the departure time. This represents the technical
limits of EV flexibility in terms of SOC in different charging scenarios
if EV users’ charging demand is not compromised.

3.3.2. Load matching performance

Table 4 presents the numerical results on annual energy match-
ing measures in the three different charging scenarios. It should be
noted that in a net-zero energy city, energy matching measures for
each EV charging scenario, i.e., SC, SS, and SCSB, will be equal.
Numerical results show that, there is a 5 percentage point increase
from opportunistic charging to smart charging, and an 11 percentage
point increase from smart charging to V2G in annual load matching
performance. That means that there is a 16 percentage point increase
from opportunistic charging to V2G.

Fig. 15 shows the daily average of power production and load in
different EV charging scenarios (columns) and different months (rows).
In the figure, the solid areas represent the load, and the transparent
areas represent the generation. The intersection areas approximate the
self-consumed generation. Regardless of the EV charging strategies,
there is a load matching variability between different periods.

As can be seen in Fig. 15, during January (winter), the load is at its
peak. Even though wind electricity production is also at its peak, solar
electricity production is at its lowest. Thus, the largest share of the load
not covered by the city power generation occurs during January, which
results in low SS, but high SC.

During April (spring), there is a lot of excess generation power.
This is due to the PV power being at one of its highest production
periods, while both the wind power generation and load are at their
medium period. This results in high SS, but low SC, especially in
the opportunistic and smart charging scenarios. The load matching
performance in October (autumn) is similar to the one in April, but
the roles of wind and PV are switched, with the wind being in one of
its highest production periods, and PV in a medium production period.
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Table 5
Energy storage capacity requirement to reach selected level of self-sufficiency in
different EV charging scenarios for the net-zero energy city.

Aggregated SOC (GWh)
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Fig. 14. Daily average of aggregated connected EV SOC. The difference between the
SOC in the opportunistic charging and V2G scenarios represents the technical limits of
the EV flexibility, if the EV users’ charging demand is not compromised.

During July (summer), the relatively low energy demand matches
the lowest wind, and the high PV power production. This results in
high SC, high SS, and consequently high SCSB, especially in the V2G
scenarios, where its flexibility is utilized to match the PV production
pattern. Fig. 16 shows the 30-day moving mean of daily SC, SS, and
SCSB in different EV charging scenarios. It can be seen that the highest
SCSB performance is obtained with the V2G scenario between the end
of June and the beginning of July.

15

SS (p.u) Energy storage capacity required (GWh)
Opportunistic charging Smart charging Vehicle-to-grid
0.85 1.4 1.1 0.0
0.90 8.1 7.1 1.9
0.95 29.8 28.6 24.1
1.00 51.5 50.4 49.0

3.4. The value of V2G and achieving self-sufficient city with stationary
energy storage

This section quantifies the value of the V2G scheme as intermittent
energy storage compared to stationary energy storage. This section
also provides results on theoretical storage capacities to make the city
fully self-sufficient, meaning no imported energy from the transmis-
sion/regional grid. It should be noted that with an annual P/L ratio
of 1 (net-zero energy city), in order to reach an annual SS of 1 (self-
sufficient city) with energy storage, the 1-year simulation should start
from a month in which there is high excess energy so that the excess
can be stored and used later. If the simulation starts from a month in
which the electricity production is less than the consumption, an SS of
1 cannot be reached since the battery is still empty in the beginning
and cannot compensate for the uncovered load. For that reason, the
simulation started from day 86 to day 365, then continued from day 1
to day 85. With this simulation set-up, the SS without stationary energy
storage is insignificantly higher, around 1%, than the ones presented in
Section 3.3.2.

Fig. 17 shows the city self-sufficiency with different stationary
energy storage capacities for different EV charging scenarios in a net-
zero energy city. Table 5 shows the numerical results on how much
storage is required to reach SS of 0.85, 0.90, 0.95, and 1.00.
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It should be noted that an SS of 0.85 is reached in the V2G scenario
without stationary storage. That implies the energy storage capacities
required to reach a SS of 0.85 in the opportunistic and smart charging
scenarios correspond to the value of the V2G scheme in the respective
scenarios. The results show that the V2G scheme with a 2.4 GWh EV
battery involved as intermittent storage, is worth 1.4 and 1.1 GWh
stationary energy storage in opportunistic and smart charging scenarios
respectively.

In order to reach an SS of 0.90, the opportunistic EV charging,
smart EV charging, and V2G scenarios require 8.1, 7.1, and 1.9 GWh
respectively. In order to reach an SS of 0.95, all EV charging scenarios
require around 21-22 GWh additional storage to the ones required
to reach an SS of 0.90. A self-sufficient city, where SS is 1.00, will
theoretically be achieved when the storage capacities are 51.5 GWh in
the opportunistic EV charging scenario, 50.4 in the smart EV charging
scenario, and 49.0 GWh in the V2G scenario, which are around double
the sizes required to reach an SS of 0.95. From these results, it can
be concluded that it is easier to increase the SS from a low value to a
medium value than from a medium value to a high value.

4. Discussion
This section discusses and analyzes the main takeaways presented

in Section 3 in more detail and further proposes future research related
to the findings.
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4.1. On the EV flexibility utilization in a net-zero energy city

The results in Section 3 show that EV smart charging deployment
enhances the city-scale load matching. However, the enhancements are
much less significant than the ones achieved with the V2G schemes.
EVs are mainly used for transportation. However, a survey found that
personal cars, on average, spent 22 h a day being parked, with 16 h of
them being uninterrupted parking [78]. With this long parking duration
and resulting flexibility, there is vast potential for EV batteries to be
exploited as intermittent storage. As long as it does not interfere with
its transportation objective, EV flexibility could be utilized by V2G
schemes as intermittent storage for power grid balancing purposes.

As mentioned previously in Section 1, the term intermittent energy
storage for EV batteries participating in V2G schemes is motivated
by the nature of EV batteries not being constantly available and pre-
dictable for grid balancing. It is of interest to compare the impact of
V2G as intermittent storage to the traditional stationary energy storage
on the energy system performance. In Section 3.4, it was estimated that
when the EV flexibility with a 2.4 GWh EV battery is fully utilized,
the city will achieve a load matching performance similar to the city
installing a 1.4 GWh stationary energy storage. It should be noted that
this number is the best-case approximation when aggregators know
in advance when arriving cars are departing. In reality, the mobility
pattern is a stochastic process. The stochastic availability of connected



R. Fachrizal et al.

- — = - Opportunistic charging

eTransportation 20 (2024) 100314

Smart charging - Vehicle-to-grid

Jan

Nov

Fig. 16. 30-day moving mean of daily SC, SS, and SCSB in different EV charging scenarios. This figure shows the load matching variability throughout the year.

- = = = Opportunistic charging
Smart charging
""""""""" Vehicle-to-grid
0.95
S o9t e - >
s s
> L e g
O [ e ’
S Je
‘5 0851 pad
£ .1
> v
t{J ’
— d
o) L7
w 08 ’
7/
4
Ve
’
/
7
075 ,*
e
7’
’ 1 Il I
107 10° 10" 102

Usable stationary energy storage capacity (GWh)

Fig. 17. City self-sufficiency with different stationary energy storage capacity in
different EV charging scenarios in net-zero energy city.

EV battery capacity needs to be addressed for grid-operation purposes.
Studies on probabilistic models of EV availability as energy storage for
the power grid are suggested for future research.
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The smart charging and V2G approaches in this study have a pure
technical objective, i.e., minimizing the mismatch between generation
and load. The assessments were conducted to determine the best-
case or the highest possible performance that can be achieved with
smart charging and V2G schemes on the city-scale. The advantages of
technical optimal mainly benefit power grid operators. The technical
optimal for the power grid operators and economic optimal for EV
aggregators and EV users might be different on many occasions. It is
important to note that with V2G schemes, the lifetime of the EV battery
could be shortened significantly [79]. EV users might need to replace
the battery much earlier than if the EVs were not participating in a V2G
scheme. Thus, in a real-world scenario, the V2G scheme participation
needs to be compensated by proper economic benefits for EV users.

In future research, it will be interesting to design optimal electricity
market models or, in other words, optimal price signal models, so that
both technical and economic optimal are reached by users, aggregators,
and power grid operators. In this case, the optimal price signal models
should also consider the EV battery degradation so that after a number
of years, the EV users will have net economic benefits even after
replacing their EV battery. This approach will most likely engage the
participation of EV users in the V2G schemes.

The technical comparison between deploying V2G schemes and
installing stationary storage to enhance city-scale load matching perfor-
mance was presented in Section 3.4. Future studies should also compare
the economic aspects of the two solutions. As previously mentioned,
the V2G scheme deployment cost should consider the early EV battery
replacement compensation for EV users.
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4.2. On the optimal performance of renewable-powered city

It was shown in Section 3.1 that the load is positively correlated
with the solar generation and anti-correlated with the wind generation
on a diurnal basis. On the contrary, the load is positively correlated
with wind generation and anti-correlated with solar generation on a
seasonal basis. The right combination of wind and PV will maximize the
load matching within the city. The results show that the optimal wind-
PV electricity production share is 70% wind and 30% PV. It should be
noted that the case study is for Sweden, where the load peaks during
winter due to heating and lighting needs. In other regions, the seasonal
peak load could occur during summer due to cooling needs. Thus,
different geographical locations will most likely have different optimal
wind-PV electricity production shares. However, the methods to define
the optimal wind-PV electricity production share and RES-load ratio
using SCSB in this study are universal, and they have also been applied
in [40,53,55]. Optimal sizing using SCSB is recommended for studies
on renewable-powered regional energy systems in various geographical
locations.

The results in Section 3.2 showed that, based on SCSB performance,
the net-zero energy city would only be the optimal scenario if V2G
schemes were deployed. This highlights the importance of V2G schemes
or energy storage in general to achieve the optimal performance of a
renewable net-zero energy city. From the results in Section 3.4, it is
shown that the net-zero energy city theoretically requires a massive
stationary energy storage to achieve complete self-sufficiency. While it
is theoretically possible to make the net-zero energy city self-sufficient,
it will most likely be very costly to realize the scenario.

This study has focused on the technical aspects of a renewable-
powered net-zero energy city considering EV flexibility. Studies on
the economic and environmental aspects of the deployment of smart
charging and V2G in renewable-powered net-zero energy cities are
suggested for future research.

4.3. On the aggregated EV models for estimating energy system performance

The models in this paper are not intended for individual EV charging
scheduling. Instead, they are intended to estimate the aggregated power
dispatch in scenarios where smart charging and V2G schemes are
deployed, as conducted in previous research [47,62]. From these ag-
gregated power dispatch schemes, the performance of deploying smart
charging and V2G in city-scale energy systems can be estimated without
optimizing individual EV charging schedules, which takes significantly
more time to compute.

Some simplifications with justifications were made in the paper.
Setting the charging and discharging efficiency to 100% is one of them,
as previously done in [80,81]. The assumption was used to keep the
RES-load ratio fixed when comparing the three charging scenarios.
When efficiency is less than 100%, the share of RES-load ratio for
opportunistic charging, smart charging, and V2G will differ. In this
case, the V2G scenario will have more load due to losses from round
charging and discharging activities. That implies that to reach the
net-zero energy city level, V2G schemes will require more electricity
generation. The amount of extra generation required will depend on
the frequency of V2G activation. If V2G is activated frequently, the city
may require significant extra generation capacity to meet the demand.
On the other hand, if V2G is only activated occasionally, the amount
of extra generation required may be relatively small.

Additionally, the aggregated model has a slight drawback in han-
dling the batteries as an aggregate as it assumes that the energy from
the battery in one EV can be seamlessly transferred to another. The ag-
gregated model only looks at the aggregated charging and discharging
power, meaning that the overlapping part from the individual charging
and V2G, i.e., the vehicle-to-vehicle (V2V) charging, is not modeled.
It is justifiable when assuming no charging and discharging loss. In a
more practical setting, the charging and discharging efficiency is less
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than 1 p.u. [82], and the aggregated model will fail to consider the
loss due to the unmodeled V2V. Future studies may explore ways to
understand and model the V2V and compensate for the loss in the
aggregated model to improve accuracy.

5. Conclusions

This paper presents urban-scale energy matching optimization in a
net-zero energy city powered by wind and solar energy, considering
three EV charging scenarios: opportunistic charging, smart charging,
and V2G. A city on the west coast of Sweden was used as a case
study. Answering the research questions raised in this study, several
conclusions based on the case study can be drawn:

1. Among all scenarios of EV charging schemes, wind-PV electricity
production shares, and generation-load ratios, the optimal load
matching performance is achieved in a net-zero energy city with
V2G deployment and wind-PV electricity production share of
70:30.

2. In the optimal net-zero energy city, the load matching per-
formance is increased from 68% in the opportunistic charging
scenario to 73% in the smart charging scenario and to 84% in
the V2G scenario.

3. When EV flexibility is fully utilized, a 2.4 GWh EV battery with
V2G schemes as intermittent energy storage is equal to a 1.4
GWh stationary storage in terms of improving the urban-scale
load matching performance.

4. Theoretically, it is possible to make the net-zero energy city
100% self-sufficient with 51.5, 50.4, and 49.0 GWh of stationary
energy storage for the opportunistic charging, smart charging,
and V2G scenarios, respectively. These numbers are considered
massive compared to 8.1, 7.1, and 1.9 GWh required to reach
90% self-sufficiency in the respective charging scenarios.

The results from this paper show that there is a high potential
from EV flexibility to improve energy system performance. Based on
the findings of this study, several research topics are suggested for
future studies. Future research suggestions include improving aggre-
gated V2G models by taking into account V2V efficiency factors and
developing probabilistic models of EV availability for grid purposes.
This paper also suggests studies on optimal price signal modeling for
V2G schemes in order to reach common technical and economic optima
for EV owners, aggregators, and power system operators. Comprehen-
sive economic and environmental assessments of V2G deployments in
renewable-powered net-zero energy cities are also suggested for future
studies.
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