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Abstract

The increasing market penetration of electric vehicles (EV) induces changes in many industries. Developers of real estate, large
residential buildings and car parks must include future e-mobility shares into their current project planning to ensure that the
rising numbers of EVs can be handled by the building’s infrastructure. This paper discusses a tool for simulating various charging
scenarios of large centralized electric vehicle parking solutions and compares the outcome with respect to the simultaneity factor
to current planning rules and real-world experiences. Additionally, the involvement of charging algorithms is simulated and
the impact on needed power capacity for local transformers is analysed. Besides verifying that the observable simultaneity of
charging is mostly in line with other studies, this work provides a more detailed investigation of different use cases such as home,
work and shop charging. Furthermore, it is proven that simple peak shaving can drastically reduce the maximum power of EV
parks without interfering with the usage patterns of the vast majority of EV owners.

1 Introduction

With 20% of the total EU greenhouse gas (GHG) emissions in
2018 [1], road transport represents one of the main contribu-
tors to climate change and global warming. In the nationally
determined contributions of the historic Paris agreement on
climate action, countries worldwide have formalized measures
to reduce their transport-related GHG emissions by, inter alia,
increasing the share of electric mobility [2].

Annually, the International Energy Agency comprehensively
assesses recent e-mobility developments and policy changes
around the world. In their Global EV Outlook 2020 report, the
authors describe two prospective scenarios for 2030 [3]: In the
conservative stated policies scenario, they estimate the 2030
global light-duty electric vehicle (EV) stock to 135 million
which accounts for 8% of the total car stock. An analysis of
the more optimistic sustainable development scenario results
in a projected share of 13%. These estimations include plug-in
EVs as well as hybrid EVs.

Since EVs usually charge their batteries via the electric grid,
their projected increase on the market poses a challenge for
many actors. Grid operators in conjunction with policy makers
and charge point operators have to take measures to keep the
future electricity supply reliable [3]. Companies such as real
estate developers must include far future EV shares in their
projects today, e.g. by ordering appropriate transformer and
feeder capacities from local grid operators.

In order to facilitate electric capacity planning for these
actors, the Austrian consortium Osterreichs Energie provides a

planning rule for the expectable total electric power of collec-
tively charging EVs, namely the charging simultaneity factor
(CSF; see definition in section 2.4 and in [4]) which depends
on the number of EVs [5]. The authors state that for uncoordi-
nated charging without tariff incentives, the CSF is a declining
curve and is to be expected at around 0.4 for 10 EVs, at 0.27 for
50 EVs and at 0.24 for 100 EVs. It should be mentioned that
their CSF curve is based on the utilisation of 11 kW electric
vehicle supply equipment (EVSE) for each EV.

In a pilot project described in [6], the total charging power of
an EV car park with 12 EVSEs has been measured for a period
of 6 weeks. The resulting CSF is 0.22 (referred to the total
rated power of the EVSEs) or 0.34 (referred to the supported
AC charging powers of the EVs), respectively. Statistical mod-
elling approaches have been used in [7] to calculate a CSF
curve similar like it is shown in [5]. The determined maximum
CSF values are 0.6 for 10 EVs, 0.36 for 50 EVs and 0.23 for
100 EVs.

For worst case estimations it is sometimes practice to use
0.5 as the CSF. This has been done in [8], where the impact
of different charging strategies on the distribution grid is
assessed. However, using a constant factor without considering
the number of EVs neglects the assertions from [5] and [7].

EV smart charging algorithms are a highly investigated
research topic, see the relevant review papers [9] and [10]. One
of the most frequent methods being used for EV car parks is
peak shaving, where the maximum charging power is limited
to a certain threshold often determined by external capacity
constraints. Such a control approach is taken in [11] with an
additional influencing factor, namely the state of charge (SoC)
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Fig. 1. Home arrival time distribution for rural areas
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Fig. 2. Work arrival time distribution for rural areas

of the individual EV batteries. Their results show that one of the
implemented peak shaving algorithms reduces the maximum
power of a 10 EV car park from 168.7 kW in the uncoordi-
nated case to 100 kW without significantly prolonging the total
charging duration of the fleet.

Auvailable literature which describes charging parameters of
EV car parks is either kept very general or highly project-
specific. Hence, this work aims to function as a broadly appli-
cable data source for electric capacity planning of future EV
car parks. By implementing an EV fleet simulation model and
combining it with the results from a comprehensive Austrian
mobility study, analyses of multiple charging scenarios are per-
formed: The impacts of parameters such as the day, area or
chosen EVSE on the resulting charging power, the CSF and the
states of charge of EV batteries are investigated for residen-
tial, work and shopping use cases. Furthermore, a simple but
market-ready peak shaving algorithm is implemented and its
influences are evaluated and compared with the other scenarios.

2  Methodology

In order to precisely analyse the collective charging behaviour
of electric vehicles, a simulation model is developed. It con-
sists of three main pillars which are presented in this section:
The modelling of the mobility behaviour, the EV fleet and the
charging strategy. Furthermore, the approach for a statistical
analysis is described.

2.1 Mobility Behaviour

The trip data record of a large Austrian mobility study is used
to model the mobility behaviour in this work [12]. The 93175
recorded passenger car trips which are assumed to be repre-
sentative for EVs are filtered by home region (rural, urban,
suburban), day type (workday, Saturday, Sunday) and target
destination (home, work, shop). For each of these permutations
and for each EV of the fleet, an arrival time probability density
function (PDF) and a daily driven kilometres PDF is calculated.
The calculated arrival time PDFs for rural areas are depicted in

Fig. 3. Shop arrival time distribution for rural areas
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Fig. 4 CDF for the workday driving distance in different areas

Fig. 1, 2 and 3. The cumulative distribution function (CDF) for
the driving distance of an EV on workdays is shown in Fig.
4. As can be seen, the share of short trips is higher for urban
areas. On Sundays, however, people from urban areas have a
higher share of long trips (not depicted). Fig. 4 also shows that
on some workdays, people don’t drive at all. On weekends, this
behaviour is even more significant.

As further described in section 2.2, the fleet simulation uses
these distributions as a random number generator to determine
the connection time at the EVSE and the required amount of
charging energy. In this work, the parking duration is set to 14
hours for home charging, to 9 hours for work charging, and to
0.5, 1 or 2 hours for shop charging.

2.2 Electric Vehicle Fleet

For the EV car park charging behaviour modeling, a fleet sim-
ulation is set up which uses an EV charging simulation model
developed at the Austrian Institute of Technology [13]. The
model is based on measurements of the charging process of
commercial EVs and precisely replicates their constant cur-
rent (CC) and constant voltage (CV) phase of Li-ion battery
charging.

In order to instantiate different sizes of EV fleets and types of
EVs, a list of the ten most sold EVs on the 2020 Austrian mar-
ket is used as a probability distribution in this work [14]. Table
1 shows the market share and the publicly available charging
and energy consumption parameters of the base models of these
cars [15]. P is the maximum charging power of the respective
EV type, and phases is the number of supported AC phases
of its on-board charger. *Type 11’ is a generic car which repre-
sents “other’ EVs which are not in the top ten of the registration
statistic.

It is assumed that each EV driver participates in charging
and connects the car upon arrival at the car park. The required
amount of energy is determined by the EV consumption, the
driven kilometres, the charging efficiency and the season. For
charging in winter and summer, the energy consumption of the
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Table 1 List of chosen EV types and characteristics [14][15]

Type Share P Phases Battery Consumption
(%) (kW) (kWh)  (kWh/100km)
typel  18.1 11 3 52 14.8
type2 13.0 22 3 41 16.1
type3 104 7.2 2 45 16.1
type4 7.0 72 1 39.2 16.7
type5 54 7.2 1 39.2 15.4
type6 4.9 11 3 71 23.1
type7 4.3 11 3 38 16.1
type8 34 7.2 2 36.8 16.6
type9 2.5 7.2 2 35.8 16.8
type 10 2.4 72 2 323 15.8
type 11~ 28.6 11 3 50 16

EVs is set 20% and 15% higher than the values from Table 1,
respectively. This is due to heating and air conditioning. The
charging efficiency which takes into account the losses of the
power electronics and the battery is set to 95%.

2.3 Charging Algorithms

The EVSE is modeled in such a way that the AC charging
restrictions from IEC 61851-1 Annex A apply [16]. Accord-
ingly, the allowed charging power is communicated to the EV
by sending an integer target current which must be larger than 6
A and lower than 80 A. For 3-phase systems, this target current
indicates the current limit per phase.

The number of available EVSEs is set equal to the EV fleet
size, which means that in uncontrolled charging, queues are not
considered.

However, a peak shaving algorithm is also implemented
which dynamically adjusts the maximum charging power of
each EVSE in order to meet a predefined power limit for the
EV car park. If in use, the algorithm constantly checks how
many cars have already arrived and are demanding a charging
process. This number is used to equally distribute the avail-
able car park power among the EVs while taking into account
the minimum phase current of 6 A. If too many EVs try to
charge simultaneously, this minimum limit causes a condition
where some EVs have to wait in a queue until other cars finish
charging or leave their parking spot.

2.4 Statistical Analysis and Scenario Description

As described in section 1, the CSF is frequently used for elec-
tric power capacity planning in EV car park projects. Equation
1 defines the CSF according to [4]:

_ PS,maz
- n 9
Zi:l Prated,i

where Ps .., is the maximum measured power of all EVSEs
within the considered time period, P,,;.q; is the rated power
of each EVSE, and n is the number of EVSEs. In this work,
P, qicai 18 set to 11 or 22 kW, respectively. Due to the lower
charging power of some EV types in use (see Table 1) it can be

CSF(n) (1)

expected that the CSF is smaller than 1.0 even if all EVs charge
at the same time.

In the simulations of this work, the CSF, the maximum
power Ps ., and other parameters such as battery states are
investigated for different sizes of EV fleets. This is done by
simulating the charging behaviour of multiple home, work and
shopping EV car park scenarios for a time span of a winter sea-
son. Winter is chosen due to the higher energy consumption
of the EVs. Workdays, Saturdays and Sundays are simulated
as well as rural, urban and suburban areas. No scenario mixes
between home, work and shop charging are considered, and
each EV initiates only one charging session per day, based on
its calculated mobility pattern.

Five different charging strategies are simulated:

e 11 kW Uncontrolled Charging: EVSE power limit of 11 kW
o 22 kW Uncontrolled Charging: EVSE power limit of 22 kW
e Strict Peak Shaving: Car park power limit of 50 kW

e Moderate Peak Shaving: Car park power limit of 80 kW

e Weak Peak Shaving: Car park power limit of 110 kW
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Fig. 5 Home charging: Worst case time series for the 100 EV
scenario on workdays in rural areas. PS = peak shaving. a) Total
car park power, b) Share of fully charged vehicles
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Fig. 6 Work charging: Worst case time series for the 100 EV
scenario on workdays in rural areas. PS = peak shaving. a) Total
car park power, b) Share of fully charged vehicles
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3 Results

Due to the many possible parameter permutations of the scenar-
ios, only the rural area type is described in full detail. However,
the observed simulation results are very similar to suburban and
urban areas.

Fig. 5 and 6 show the worst case time series results of the
workday home and work charging scenarios with a fleet size of
100 EVs. The uncontrolled scenarios clearly show high peaks
around the most frequent arrival times at home or work, respec-
tively. There is no significant difference between the 11 and 22
kW scenario because only 13% of the chosen EVs are able to
charge with 22 kW (see Table 1). The three peak shaving sce-
narios successfully limit the car park power but also prolong
the battery refilling processes, which is depicted in Fig. 5b and
6b. Due to the narrower arrival time window in work scenar-
ios (compare Fig. 1 and 2), the car park peak power is higher in
Fig. 6. When comparing the peak shaving scenarios, the shorter
parking duration in the work scenarios (9h for work vs. 14h for
home) leads to a higher share of EVs which do not succeed to
refill their batteries.

A broader comparison between home, work and shop charg-
ing and between different fleet sizes is depicted in Fig. 7, 8

and 9. These figures represent the worst case results through-
out a winter season in rural areas, which means: The highest
observed CSF (a), the highest peak power (b) and the lowest
share of fully refilled batteries (c). The share of full batter-
ies is calculated at 6 am next morning for home charging. For
work and shop charging this is done after all charging processes
have been stopped due to departure or full battery. The drastic
reduction of the maximum charging power when using the peak
shaving algorithm is clearly visible in Fig 7b and 8b. However,
the strict peak shaving scenario with a limit of 50 kW is too
low to recharge large EV fleets, see Fig 7c and 8c.

The resulting CSFs for uncontrolled home charging are
largely in line with other studies (see section 1), especially
when comparing larger EV fleets which represent a higher sam-
ple size. However, the work charging scenarios (Fig. 8) indicate
a higher expectable simultaneity of charging than in literature,
which should be taken into consideration when planning EV
car parks at work places. Referring to this circumstance, it is
again mentioned that no mixed charging scenarios are consid-
ered in this paper, which means that all drivers recharge the
full daily required energy at work. This might not always be
the case in reality and strongly depends on potential incentives
such as free charging at work.
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Fig. 7 Home charging scenarios in a rural area over a winter season with different EV fleet sizes. a) CSF, b) Maximum car park

charging power, c) Share of full batteries next morning at 6 am

a) b)

10 S 400 kd

8 = 300 1 £

>0.6 1 3 2

£ a 200 4 32

2041 £ 2

= 3 o

2 0.2 E100 om0 0.251

] © : 2

00— V¥ Gt
1 10 20 30 40 50 60 70 80 90 100 1 10 20 30 40 50 60 70 80 90 100 1 10 20 30 40 50 60 70 80 90 100

Number of EVs

—e— peak shaving: 50.0 kW —e~ peak shaving: 80.0 kW

Number of EVs
—e-- peak shaving: 110.0 kW

Number of EVs

11 kW uncontrolled —e— 22 kW uncontrolled

Fig. 8 Work charging scenarios in a rural area over a winter season with different EV fleet sizes. a) CSF, b) Maximum car park
charging power, c) Share of full batteries after all charging processes have been stopped

a) b) c)
. 1.0 S 400 3 1.00
- X =
5 0.8 - < 2
bl 3 3007 £ 0.75
2 0.6 H 3
© A 200 1 T4 5 0501 e T TS
& 041 £ *."____:;‘;-:,_.— 5 ,,/
3 £ 100 4 —i—= © 0.25 1+
E 02 = a2 5 / R B B S e A
0 © e 8 _-*
0o+ 1= 0F—rT+TT "1 "7V 0.00 F—+——1+—t+—t—t+—FT—T7—F—
1 10 20 30 40 50 60 70 80 90 100 1 10 20 30 40 50 60 70 80 90 100 1 10 20 30 40 50 60 70 80 90 100

Number of EVs
—e— parking duration h: 0.5

Number of EVs
—e - parking duration h: 1

Number of EVs
—e - parking duration h: 2

Fig. 9 Shop charging scenarios (uncontrolled charging with 11 kW) in a rural area over a winter season with different EV fleet
sizes. a) CSF, b) Maximum car park charging power, c) Share of full batteries after all charging processes have been stopped

4



)

CIRED 2021 Conference

20— 23 September 2021

Paper 0887

In the 11 kW shop charging scenarios (Fig. 9), no peak
shaving is considered but a varying parking duration which
also leads to differing results. As can be seen in Fig. 9c the
shorter the parking duration, the lower is the share of batter-
ies which can be fully recharged. A higher parking duration
obviously leads to a higher CSF and larger maximum power
values. It should be noted that no charging queue is assumed,
so every EV can start charging when it arrives. At real EV car
parks, some drivers would not be able to plug upon arrival
if all EVSEs are occupied, which, in turn, would lead to a
lower charging power. Hence, the shopping scenarios can be
considered as an absolute worst case.

4 Conclusion

The ambition of this work is to facilitate the power capac-
ity planning of EV car parks and to give insights to multiple
impacts of different charging strategies. The simulation results
show that for large EV fleets with more than 50 EVs, only 18
- 36% of the installed EVSE power is simultaneously used in
the worst case situations throughout a winter season. The maxi-
mum expectable charging power for different sizes of EV fleets
is presented for home, work and shopping scenarios. Such
statistics are invaluable for real estate developers and other EV
car park planners.

The implementation of a peak shaving algorithm which takes
into account the charging restrictions from IEC 61851-1 [16]
proves that the simultaneity of charging and the maximum
charging power of EV car parks can be dramatically reduced.
At the same time — if configured appropriately — the algorithm
managed to refill the vast majority of EV batteries in a timely
manner.

Future work will present the impacts of additional charging
strategies as well as a different sets of EV types.
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