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Abstract: The electrification of the transport sector is of crucial importance for a successful transition
to a fossil-free society. However, the electricity grid constitutes a bottleneck. This article provides
a case study based on a real-world parking garage with a smart grid infrastructure, called Dans-
mastaren. The analysis shows how renewable energy sources, energy storage technologies, and smart
charging of electric vehicles can smooth out the load curve of the parking garage and relieve the
electric grid during peak hours. Dansmaéstaren is located in Uppsala, Sweden, and equipped with
60 charging points for electric vehicles, a PV system, and a battery storage system. The study utilizes
an energy flow model to show the potential of a realistically dimensioned smart energy system, that
can benefit the parking facility in itself and the local distribution grid in a city, Uppsala, with grid
capacity challenges. The results suggest that the parking garage demand on the local grid can be
significantly lowered by smarter control of its relatively small battery energy storage. Moreover,
further smart control strategies can decrease demand up to 60% during high load hours while still
guaranteeing fully charged vehicles at departure in near future scenarios. The study also shows that
peak shaving strategies can lower the maximum peaks by up to 79%. A better understanding of the
potential of public infrastructures for electric vehicle charging helps to increase knowledge on how
they can contribute to more sustainable cities and a fossil-free society.

Keywords: electric vehicles; renewable energy; smart charge; peak shaving; load shift; mobility
house; Dansmaéstaren; smart cities

1. Introduction

The transport sector is one of several sectors driving electrification as an important part
of the transition to a fossil-free society. A lack of capacity in the electric distribution grid and
an increasing penetration of non-dispatchable electricity generation are two challenges that
threaten to slow down the transition to a more sustainable energy system. Moreover, the
increasing use of electric vehicles (EVs) impacts demand peaks, reduces reserve margins,
and increases electricity prices [1]. The transition to a fossil-free transport sector is also
dependent on the charging infrastructure being expanded at a similar rate as the increase
of EVs on the market. The electricity production and distribution capacity will thus come
to be of crucial importance for the successful electrification of the vehicle fleet. However,
unlike national grid-scale solutions which can be challenging to rapidly implement, there
are potential local solutions that may help flatten the electricity demand and that can free
up grid capacity in high load hours. Among these are the integration of renewable energy
sources, together with energy storage technologies, as well as user-focused strategies for
demand side flexibility and load shifting.

Higher flexibility on the demand side implies moving consumption to hours of lower
demand, thus making better use of the existing grid capacity or better matching the con-
sumption of electricity with the production from renewable sources. In terms of charging
infrastructure, this can be achieved through smart charging strategies in combination with
local energy storage and electricity production.

World Electr. Veh. ]. 2022, 13, 166. https:/ /doi.org/10.3390/wevj13090166

https:/ /www.mdpi.com/journal /wevj


https://doi.org/10.3390/wevj13090166
https://doi.org/10.3390/wevj13090166
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/wevj
https://www.mdpi.com
https://orcid.org/0000-0002-1787-5669
https://doi.org/10.3390/wevj13090166
https://www.mdpi.com/journal/wevj
https://www.mdpi.com/article/10.3390/wevj13090166?type=check_update&version=2

World Electr. Veh. ]. 2022,13, 166

2 0f23

Previous studies have examined how different technologies and policies interact with
each other and affect transport emissions [2,3], and how to implement a larger electric
vehicle fleet in the energy system [4,5]. The potential for load shifting, i.e., moving the
demand from peak hours to off-peak hours of the day, through controlled charging is
demonstrated to be high [6]. The load shifting potential of electric vehicles in energy
systems has been extensively studied: models, as in [7], and smart charging schemes,
e.g., [8,9], have been proposed. The coordination of renewables and energy storage systems
to optimize EV charging scheduling and management have been widely studied. For
example, a smart charging management system for EV fleets integrating photovoltaic
(PV) electricity production and energy storage (ES) systems have been designed in [10].
A charging model for a public infrastructure with PV and ES systems, which takes into
consideration the charging prices, was developed in [11].

At present, there is a need for research based on models and data that are realistic
from a power system perspective, as well as a facility-, technology-, and a vehicle-owner
perspective. Moreover, there is a need for studies with experimental verifications. Efficient
data collection, investigation of technical possibilities and challenges with smart charging
(among others V2G [12]), as well as tests and analyses of smart charging strategies in real
environments [13] are examples of issues that need to be explored. Smart algorithms that
can control the system power flows need to be investigated as in [14] while always keeping
in mind the needs of the electric vehicle users, the car’s battery pack requirements and,
at the same time, the support to the local grid. Moreover, the co-creation of research and
collaboration between partners from academia, the private and public sectors is vital to
understand the challenges of real implementation and identify potential solutions, as well
as to produce research that can more effectively support and speed up the transition to
a more sustainable energy system.

In Uppsala and other big cities in Sweden, it is the capacity of the electricity grid that
constitutes the biggest bottleneck. In Uppsala, the Swedish TSO Svenska Kraftnit (SvK) is
planning to increase the grid capacity starting in 2024 [15]. However, extending the grid is
expensive. Thus, traditional grid reinforcements should be accompanied by smarter use of
the resources available, making the grid as a whole more cost-effective. EV batteries and
chargers can be part of the solution to this challenge because they can be used as flexible
resources thanks to the implementation of smart charging strategies. In the best case, they
might even reduce the need for grid expansion.

The idea of this paper is to provide research on a real-world example of smart charging
infrastructure. Its main contribution is to provide a case study—based on an existing and
newly built parking garage with an advanced electricity infrastructure—that shows how
PV, battery ES, and smart charging of EVs can smooth out and reduce load peaks, hence,
lower a parking garage impact and dependence on the grid. This is achieved by developing
an energy flow model and simulating different scenarios, each one with a different goal.
First of all, the aim is to describe the energy flow during operation without control strategies,
i.e., the current situation at the car park. Secondly, the goal is to investigate the potential
benefit of implementing smart charging strategies. In these new scenarios, the aim is to
show when and how the smart charging strategy and the energy storage system reduce the
high consumption loads at the parking garage, lowering the costs of the parking garage
owner. Moreover, the goal is to show how to minimize the consumption of the garage
during hours of peak demand for the Uppsala distribution grid, by being self-sufficient
during hours of high demand.

Although there is much good research available on the potential for smart charging,
there is a lot that happens between theory and practical implementation. There is a risk
that research does not provide answers that are realistic for stakeholders and that research,
therefore, is not efficiently disseminated into practice. Hence, there is a need for co-created
research and research questions with non-academic stakeholders, and for the scientific
community to get examples of realistic scenarios. Even for a city like Uppsala with high
ambitions towards sustainability and for its municipality-owned parking garages, many
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other factors that are economical, practical, and regulatory in nature affect what is built in
the end. A better understanding of the potential of this parking garage will help to increase
knowledge on how a public infrastructure can contribute to a more sustainable city, as it
enables an increased share of renewable energy sources in the production mix and wisely
uses the electricity from the distribution grid.

1.1. Background

The Division of Electricity at Uppsala University (UU) and The foundation for collabo-
ration between the universities in Uppsala, business and society (STUNS) have developed
a collaboration with Uppsala Parkerings AB (UPAB). UPAB, owned by the municipality of
Uppsala, operates a parking garage at Dansmaéstaren, also known as mobility house [16],
a building that includes a parking garage, 133 student apartments, and one grocery store.
UPAB, together with STUNS and UU, has developed Dansmastaren to be simultaneously
a commercial parking garage and test bed for research. The collaboration began at an early
stage and led the researchers to influence the building’s electrical infrastructure and mea-
surement system. This enables Dansmaéstaren to be a flexible test bed where different
energy storage technologies, electricity generation units, and different strategies for smart
charging have an opportunity to be tested in a real environment for many years to come.

Today, the parking garage is equipped with a solar park (50 kW /62 kWp), 30 charging
stations from Charge Amps, each of them having two 22 kW charging points, a Li-ion
battery storage (60 kW /137 kWh), a comprehensive measurement system, and hardware
and software for the development of a smart energy management system (EMS). More
detailed information will be given in Section 2.

Dansmaistaren was inaugurated in the fall of 2020 and preliminary data were collected
for about one year of service, enabling the validation of the energy flow model which is
presented in Section 2. The results are discussed in Section 3 and the limitations of the
model are included in the article. The major findings and conclusions are summarized in
Section 4.

2. Materials and Methods

The aim of the model here presented is to simulate the energy flow in the mobility
house for one year and with hourly resolution. Given the fact that a hourly time step is
chosen for the simulations, the data are referred to as energy rather than power or average
power per hour.

The available energy at the mobility house is given by the production of the PV farm,
the available energy in the battery energy storage system, and the energy delivered by the
grid. The PV delivers energy directly to the car park and charges the ES, while the solar
overproduction is sold to the utility grid. The use of PV and ES as energy supply to the
mobility house is prioritized over the use of the energy coming from the grid. The available
energy that can supply the car park is limited by the rating of the transformer.

The model has been developed using the MATLAB calculation tool and it is organized
in different blocks which are described below and schematically shown in Figure 1. The
blue blocks are described in more detail in Sections 2.1-2.5 and they generate the inputs to
the energy flow model. The model operates with smart charging of the EVs (Smart Charge)
or without it (No Control). Each block is built on one or a series of MATLAB functions
nested into each other.

2.1. PV Production
2.1.1. Set Up at the Mobility House

This block of code outputs the energy produced by the solar power plant installed on
the roof of the parking garage. The PV plant is built by alternating rows of mono-facial
solar panels [17] and bifacial panels [18]. The advantage of using bifacial panels is that they
can absorb irradiation on the back side of the panel as well. The rated power of the plant is
50 kW (62 kWp), and consists of a total of 160 panels, 80 mono- and 80 bifacial panels. Each
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set of panels is connected to a 25-kW inverter and an energy meter. The latter, together with
an ambient temperature and two irradiation sensors installed on Dansméstaren’s rooftop,
will provide data to validate the PV model. For what concerns the irradiation sensors,
one is installed measuring irradiation upwards and one downwards. The upward sensor
measures the irradiation on the monocrystalline panels and the top side of the bifacial
panels, while the sensor installed looking downwards measures the reflected irradiation
hitting the bottom side of the bifacial panels. The PV data from SMA Solar Technology
were collected from the web service called Sunny Portal [19].
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Figure 1. Diagram showing the model blocks. The inputs to the model on the left side are fed to the
model blocks.

2.1.2. Modeling

The model receives as input historical irradiation and temperature data downloaded
from the Swedish Meteorological and Hydrological Institute (SMHI) website [20]. The
coordinates are set to 59.838960 latitude and 17.639778 longitude. The missing data points
have been replaced by linear interpolation of the existing data. The data, generated with
SMHI'’s models, have an error that is up to 42% for the direct normal irradiance from April
to September 2021, the relevant time window for the validation. This value was provided
by direct communication with SMHI meteorologists. In order to calculate the solar energy
absorbed by the two sets of panels, the solar irradiation theory has been applied [21]. To
calculate the efficiency of the panels, Equation (1) was used:

n=n,1-B(Tc—T,)], 1)

where 1 is the efficiency of the solar panels, 7, is the efficiency of the panels at standard
operating conditions, f is the cell temperature coefficient, T is the cell temperature, and
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T, is the cell temperature at standard operating conditions [22]. 0, B, and T, are values
reported on the panels’ data sheets [17,18], while T is calculated as:

T, —T
T.—T,+ GT( c,Nog; NOTuC,NOTC> (1-n), 2

where T, is the ambient temperature, Gr is the solar irradiation striking the solar panels,
T NoTc is the nominal operating cell temperature, T, yorc (20°) is the nominal operating
ambient temperature, and Gt norc is the nominal operating irradiance (800 W/m?).

n differs between the mono- and bifacial panels, hence, the PV efficiency of the entire
PV plant is calculated as in Equation (3):

PVP = GT(nmAm +MpAp ) ’ 3)

where A is the surface area covered by the cells of the solar panels, and the subscription m
and b refer to the mono- and bifacial panels respectively.

Using a constant inverter efficiency from the datasheets, the solar energy production
was then calculated for the entire plant. This energy is available to balance the consumption
of the parking garage, e.g., by charging EVs and the ES, and the excess is sold to the grid.

2.2. Energy Storage (ES)
2.2.1. Set Up at the Mobility House

The parking garage has a dedicated technical room where several power and energy
storage systems can be installed. So far, a lithium-ion battery energy storage system has
been connected and it is generically referred to as ES throughout the article. It consists of
two battery racks of 9 modules each for a total capacity of 137 kWh (see Figure 2). The
modularity makes this system suitable for scaling it up in the future. Each rack is connected
to a battery management system and the inverters allow a charge/discharge limit of 60 kW
in total. Safety features are currently being integrated into the system and the ES is not yet
in operation.

Figure 2. Battery ES system at Dansmaéstaren.
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2.2.2. Modeling

Within the model, the ES can be used to store solar energy and to lower the energy
consumption from the grid during peak hours, contributing to peak shaving. During the
simulations, a function updates the state of charge (SOC) of the energy storage depending
on the charge or discharge during the previous time step. Moreover, the degradation
of the batteries is taken into consideration, and it is based on the number of cycles of
charge-discharge. The capacity fade is calculated using Equation (4) [23].

(1 - dmte) Nc, t—1
N ife ’

Bc,t = Bc,tfl <1 - (4)

where B, is the battery capacity at a given time step of the simulation; B.;_1 is the energy
storage capacity at the previous time step, d,q4 is the degradation rate, assumed to be 70%;
N_ is the number of cycles (or charging fraction) at the previous time step; and N j;r, is the
lifetime of the batteries, set to 2000 cycles.

2.3. Electric Vehicles
2.3.1. Set Up at the Mobility House

The parking garage was inaugurated in the fall of 2020, during the COVID-19 pan-
demic. This influenced the number of vehicles parking at the garage and the EVs’ charging
patterns. In 2021, the garage had 32 charging points intended for EV owners living in
the residential area of Rosendal, some stations for short-time parking typically used by
EV owners working in the area or visitors, and some charging stations for food delivery
service cars. At the moment, the cars start to charge as soon as they are connected to
the charging point, while smart charging will be implemented in the future. The data
available on EV charging sessions at the mobility house were collected during 2021 and
were supplied by the charging station manufacturer, ChargeAmps. The first months of
data have been discarded because the number of EVs parking at the garage was negligible:
the data collected consist of a few charging sessions. From May onwards, the data become
more interesting to analyze, even though the number of cars parked daily is very limited,
up to a maximum of 8 cars parking at the same time during evening charging sessions.

2.3.2. Modeling of EV Patterns

The block which models the EV charging patterns is built on different MATLAB
functions. To represent reality in the best possible way, some hypotheses based on statistical
data were made (Table 1). Note that the rating of the charging point has been given in
Section 1.1 as 22 kW, but the power delivered by the charging point to the car was assumed
to be 11 kW. The reason why this value was chosen is explained in Section 3.1.2.

Table 1. Assumptions based on statistical data and datasheets.

Parameter Value
Battery capacity PHEV 12 kWh
Battery capacity BEV 45 kWh
Mean distance traveled (variance) 45 (11) km
EV chargers’ efficiency 97%

EV chargers’ delivered power 11 kW
C-rate of the battery ES 044 h~!
Battery ES charging efficiency 93.5%

The EVs’ consumption changes during the year, e.g., due to temperature differences
and traffic intensity. Those fluctuations are taken into account and the EV profiles experi-
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ence a variation during the simulated year. Moreover, the time of arrival and departure
of each car is estimated depending on the user type: EVs owned by people living in the
residential area of Rosendal and working during the day (charging during the night), EVs
owned by residents working during the night (charging during the day), and EVs owned
by people visiting or working in the area, hence, charging during the day. Statistical data on
new registrations of EVs [24] and energy consumption of EVs [25] has been collected and
analyzed to make those assumptions as close as possible to reality and to make predictions
for the years to come. A reasonable future scenario identified for this study is when 60 cars
a day will access the car park. In this case, we assume that 20 EV owners visiting or working
in the area will park at Dansmaéstaren, that 34 residents will charge at night and 6 residents
during the day (Table 2).

Table 2. Future charging profiles.

Profile Average Arrival Average Number of
Time Departure Time Vehicles per Day
Visitors (workers) 8 am. 5p.m. 20
Residential day chargers 6 am. 3p.m. 6
Residential night chargers 5p.m. 7 am. 34

The vehicle parking simultaneously at the garage changes at every simulation because
of the degree of randomness given by the variance applied to the arrival and departure
times. An example is illustrated in Figure 3, which shows the occurrence of EVs parking
simultaneously during one year.

800 T T T

700

600

QOccurrence
= th
[=3 (=]
(=] (=]

[
=]
=]

200

100

0 5 10 15 20 25 30 35
Vehicles parked [#]

Figure 3. Occurrence of number [#] of vehicles parking simultaneously during one year.

2.3.3. Modeling of EVs Smart Charge

The simulations run in two different modes. The first mode allows the EVs to charge
at maximum power as they arrive and plug in their cars to the charging point (so-called,
No Control strategy). The second mode, called Smart Charge, is based on a priority
charging strategy.

The No Control strategy reflects what happens at the mobility house nowadays: the
cars plug in and start charging directly. On the other hand, the Smart Charge strategy
consists in defining an urgency factor (UF) that is used to rank which EV charging needs
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to be prioritized at each hourly time step. In particular, the EV pattern block outputs
a three-dimensional tensor, that for every time step and every new EV parking at the
mobility house gives information on the maximum battery capacity of the EV, its updated
SOC, the time steps left until departure, how many time steps are needed to reach the
EV full charge (SOC = 100%), how much energy from the grid is available, and what the
EV UF is. The UF is based on the time left until departure and the SOC of the vehicle at
each time step. UF is calculated as the ratio between the minimum hours needed to get
a fully charged EV (T'soc100%) and the time left until the vehicle departs (T},z), as shown in
Equation (5).

UF — Isocioo 5)

Tt

The higher the vehicle’s UF, the higher the priority given to that EV to charge. The
Smart Charge algorithm is triggered every time the available energy from the grid, the PV,
and the ES is not enough to charge simultaneously all EVs at the maximum possible rate. As
will be discussed later, the available energy from the grid can be limited to a chosen value
when running the Smart Charge algorithm: the grid maximum available energy (Eg max)
is a parameter that can be initialized in the Smart Charging algorithm and represents the
chosen energy threshold that should not be exceeded at any time step.

2.4. Base Load
2.4.1. Set Up at the Mobility House

The sum of the peripheral loads consumed at the mobility house, independent from
the EV charging, is here called base load (BL). The BL at the parking garage mainly consists
of lighting the facility. A water pump, a ventilation system, a heated staircase, and elevators
also contribute to the base load profile.

2.4.2. Modeling

To model this consumption curve, Equation (6) was developed. It shows the depen-
dence of the BL on the average base load in 2021 (BL;;eqr) and the angle of the sun above
the horizon, &, where o« = 90° — 0, with 6 being the zenith angle.
1 0 — emin )

BL = BLyean * < +

6
2 emax - emin ( )

Currently, at Dansmaéstaren, the BLq is 17.25 kWh approximately.

2.5. Electrical Grid
2.5.1. Set Up at the Mobility House and Challenges in Uppsala

From Dansméstaren’s perspective, the garage has a grid-connected three-phase trans-
former with a power rating of 345 kW. 276 kW are allocated for the EVs and the rest for
peripheral loads.

From the city perspective, the two transmission system operator (TSO) substations
connected to Uppsala’s distribution grid have a combined subscription limit of 293 MW.
During 2015-2019 their limit was exceeded approximately 2% of the time during 112 days
for a total of 802 h, 160 h per year approximately. Those peaks occurred during wintertime
with 16 consecutive hours being the longest session, according to the results presented
by the European project CoordiNet [26]. Data collected by SvK from the network area of
Uppsala (UPP) for the time window 2018-2021 were used to find the 150 highest load hours
per year in a more conservative scenario. Figure 4 shows where and when those load hours
occurred, cumulating them over the four-year period. As illustrated in Figure 4, the majority
of the high load hours take place in the afternoon between 4 p.m. and 6 p.m. Furthermore,
the highest load hours occur mostly in December to February and during weekdays.
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Figure 4. Highest load hours during 2018-2021.

2.5.2. Modeling

As mentioned in Section 1, the energy flow model has multiple goals. The aim is to
show (a) when and how the smart charge strategy and the ES contribute to shifting the
load at Dansmaéstaren, and (b) how the mobility house can stress the grid the least during
peak hours. From a modeling viewpoint, the consumption of the mobility house will be
forced to decrease a few minutes before the critical time window when the peak occurs
and start to slowly increase after it, to take into account a smoother transition during grid
coupling and decoupling.

The former goal (a), focusing mainly on the parking garage owner’s perspective, is
achieved by smoothing out the load curve and avoiding consumption peaks. Moreover, the
contribution of the energy from the grid is limited to a certain threshold, Eg max. The latter
goal (b), focusing mainly on the city perspective, is achieved by reducing the contribution of
the energy from the grid up to zero during peak hours. From Figure 4, it can be concluded
that a smart control system, if statically modeled, should avoid charging the cars at least
between 4 p.m. and 6 p.m. from December to February. This can reduce the contribution
of Dansmdstaren to grid peak load hours that violate the subscription limit. For ease, this
interval will be set from January to December, i.e. the entire year, in the simulations.

2.6. Simulation Scenarios

Based on the goals set in Section 2.5.2, several scenarios have been simulated. Table 3
summarizes them, and Section 3 will present and discuss the results from each scenario.

Table 3. Summary of the simulation scenarios.

Name

Description Details

Scenario 1.a

Current scenario at the parking garage PV on, ES off, No Control of EV charging

Scenario 1.b

Current scenario with ES

PV on, ES on and charged only by excess PV, No Control

of EV charging
Scenario 2.a Peak shaving for the car park PV on, ES on, Smart Charge strategy on, SOC = 100% at departure
Scenario 2.b Peak shaving for the car park in the future As for 2.a but with more EVs

Scenario 3.a

Peak shaving for the UPP grid

PV on, ES on, Smart Charge strategy on, island-mode during
peak hours, SOC = 100% at departure

Scenario 3.b Peak shaving for the UPP grid in the future As for 3.a but with more EVs

Scenario 1.a reflects the current situation at Dansméstaren. Scenario 1.b shows what
might happen once the ES will be operational. Scenarios 2.a and 2.b take into consideration
the needs of UPAB to avoid energy peaks during the day. Scenarios 3.a and 3.b take into
consideration the peak hours for the grid in Uppsala, aiming at running the garage in island
mode between 4 and 6 p.m.
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The current situation at the parking garage sees a limited number of EVs charging per
day. In the future, the number of EVs on the market will increase, as well as the number of
electric cars parked at Dansmaéstaren. Based on the new registrations of EVs in Uppsala
County [27], 53% of EVs are hybrid and about 47% are electric. To simplify the analyses,
we assume that in the future the hybrid vehicles will charge at a higher rate than today, but
still keep a battery capacity smaller than that of battery electric vehicles.

3. Results and Discussion

This section presents results on the validation of the energy flow model (Section 3.1)
and the scenarios summarized in Table 3 (Section 3.2).

3.1. Model Validation

Before simulating the scenarios, the validation of the model with the data gathered
during the first months of operation of the parking garage has been conducted. The data
available depends on when the systems have been connected and/or the data management
system started to operate.

3.1.1. PV Production

The data used for the validation of the PV production at the mobility house span from
1 May (when the PV plant was fully operational) to 15 September 2021 (when the data were
retrieved for the validation). The choice of this time interval for the validation is justified
by the fact that the solar irradiation at Swedish latitudes is significant during the summer
months. When modeling the PV production at Dansméstaren, we need to consider that the
weather inputs come with an intrinsic error, as mentioned in Section 2.1.2.

Thanks to the irradiation sensor mounted looking downwards (more info at Section 2.1.1),
the efficiency of the bottom part of the bifacial panels could be calculated. The results show
increased efficiency of less than 2% for the bifacial panels compared with the mono-facial
ones. This small increase in efficiency is caused by the small degree of reflectance of the
surface where the panels are mounted, on the parking rooftop.

The measured PV production for the period from 1 May 2021 to 15 September 2021
is 33.5 MW while the simulated one is 35.7 MW. The normalized root mean square error
(nRMSE) is calculated to be 11.3%, which is considered a satisfactory result for the months
taken into consideration. Figure 5 shows a zoom in on the time series analyzed in order to
illustrate the measured and the simulated profiles.

PV production [kWh/h]
—_ ) [} o o) . I~
h = h o wn = N
T T T T T T T

(=]
I

Experimental
— Simulated

| | (\

(ATATAVANAV. L VATAY

o (N
A A . S O
X9 59 S0 i 59 S 59 59 59 39 59 &5
ha X Ao X ha X X ha X hal X

Figure 5. PV production during 14 days. On the horizontal axis, the ticks are placed at midday from
19 August to 1 September.
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The energy flow model shows the potential impact of the mobility house during one
generic year. For this reason, the weather input data used to calculate the PV produc-
tion can be taken from historical data. The assumption is that, on a yearly basis, the PV
production should be representative independently of what year the input data comes
from. In order to make predictions for the years ahead, the forecast would not be avail-
able anyway. Furthermore, the PV production model will be useful when studying the
potential of future parking garages which have not been built yet. Hence, specific PV data
referring to a particular year are not required for this study. In conclusion, the develop-
ment of a validated PV model would be useful when running simulations on upscaled PV
installation for future infrastructures.

The solar energy that can be used at Dansmaéstaren, taking into consideration losses
and inverter efficiencies, has been calculated and compared (Figure 6). Note that the model
runs at hourly time steps and the variations shown in the measured data with 15-min
resolution cannot be captured, as shown in Figure 6.

20

—— Simulated il
——— Simulated 12| |
Measured il
Measured i2

_
=
.

—_
3
T

PV production [kWh/h]
x o

0 5 10 15 20 25
Hours of the day [h]

Figure 6. PV production available on 30 August 2021. Comparison between the simulated data and
measured data after the inverters, for both the bifacial panels (i1) and the mono-facial panels (i2).

3.1.2. Electric Vehicles

The data collected from each charging station have been analyzed to draw conclusions
on the charging pattern of the vehicles parking at the mobility house. As previously
mentioned, the restrictions due to the COVID-19 pandemic influenced people’s behavior
and this made the data more difficult to interpret. As an example, the recommendation of
distance working discouraged car owners to go to work, and hence, to park and charge
during the day. Additionally, many outdoor parking areas in the vicinity of the studied
garage became free of charge during the pandemic, discouraging car owners to park at
the mobility house. In other words, the goal of understanding from a few months of data
representative EV charging patterns became more challenging than expected. A clear
pattern was not even recognized during the weekends compared with the weekdays. For
the reasons here presented, the validation of the EV charging pattern is very limited and
more assumptions will be made when simulating future scenarios. The authors believe
that the situation will change in the upcoming years and the data will be more relevant.

Another problem with the available data is the lack of information about the departure
time of the cars, i.e., the smart charge strategies for load shifting cannot be implemented
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because it is not possible to calculate UF. What is known from the data collected at the
parking garage is when EVs are plugged in for charging, i.e., when they arrive, but there are
no sensors installed at the parking to provide information on their departures. A charging
session terminates when (a) the car is fully charged or (b) when the car leaves the garage.
In case (a), there is no information regarding the departure because the car could still be
parked after reaching a full charge. However, we could estimate the energy consumption
of the vehicle until a full charge. In case (b), we could estimate the departure time, but
information regarding the car SOC at departure is not available. Anyhow, the EVs which
behave as in (a) and (b) cannot be distinguished at the moment, and for this reason, no
conclusion can be drawn.

Regarding the charging profiles presented in Table 2, an attempt was made to estimate
the average arrival time of night chargers and day chargers together with the number of
cars for each category accessing the car park daily. In general, the consumption curve
due to the EV charging shows a large evening peak around 8 p.m., and two smaller peaks
throughout the day: one early in the morning and another around midday. The results are
summarized in Table 4 and used as input for the model. Unfortunately, it was not possible
to draw any conclusion regarding the type of users (Residents, visitors), nor to find any
clear EV pattern, but higher penetration of EVs and more measurements will allow this in
the future.

Table 4. Current charging profiles at Dansmaéstaren.

Profile Average Arrival Time Number of Vehicles per day
Morning chargers 8a.m. 2
Afternoon chargers 12 p.m. 2
Night Chargers 8 p.m. 8

The preliminary results that were obtained (Table 4) reflect what is found in the
literature. Siddique et al. [28], for example, analyzed the charging patterns of EVs based on
about 190,000 charging sessions from 821 charging stations in Illinois and they obtained
hourly variations over a day for different categories of users (Figure 3 in [28]). Looking at
the curves for paid parking, multifamily commercial, paid workplace, and retail, which
represent the activities in Dansmdstaren, hourly peaks are observed at 8 a.m. and 12 p.m.
for paid parking; at 8 a.m., 6 p.m., and 8 p.m. for multifamily commercial; 8 a.m. for
paid workplace; 4 p.m. for retail. The profiles in Table 4 resemble, to a certain extent, the
charging peaks in [28]. Hence, the partial validation of the model seems reasonable.

By running the model with the input parameters of Table 4, Figure 7 was obtained. It
shows the consumption at the parking garage based on simulations and measured data.
The nRMSE between the curves is found to be 23.6% for December. The simulated data
try to catch the evening peaks and show a pattern during the day, but hardly reflect the
real charging behavior of the EV owners. The higher peaks registered in the evening are
probably dependent on the food delivery cars. The assumptions on the charging rate,
cars” SOC, and battery capacity made in the simulations (Table 1) contribute to adding
an intrinsic error to the simulated EV consumption curve.
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Figure 7. Comparison between the experimental data, measured at the car park, and simulated EV
charging curve during 14 days (1 to 14 December 2021).

An interesting result that could be extrapolated from the data is the vehicles’ charg-
ing rate. The diagram illustrated in Figure 8 shows the rate of charge divided into
four categories.

3.7kW: 22%

SkW:3 %
T74kW:3 %

11 kW: 72 %

Figure 8. Rate of charge of the vehicles charging at Dansméstaren during 2021.

About 72% of the vehicles charging at Dansmaéstaren during 2021 charged at 11 kW,
3% at 7.4 kW, and 22% at about 3.7 kW. To keep the simulation as easy as possible, we will
assume a conservative scenario where all the cars are electric and charge at 11 kW.

3.1.3. Base Load

The data collected for this validation span from 1 January to 31 December 2021 and
include all the load at the parking garage excluding the EV charging. The average base
load measured at the mobility house during this period is about 17.25 kWh/h and the total
energy is 151 MWh/h. The simulated average base load is kept to 17.25 kWh /h and the
total base load calculated for 2021 is again 151 MWh/h, both results corresponding well to
the measured values. However, the measured and simulated curves illustrated in Figure 9
have an R? of 0.25.
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Figure 9. Base load for 2021. Comparison between the experimental data, measured at the car park,
and the simulated data. A zoom in on the green squares is plotted for 13 winter days and 13 summer

days. To ease the visualization of the results a moving average with 3 data points has been applied to
the experimental data.

Monthly variations of the base load are observed in the experimental data: the mean
base load is higher during winter months and lower during summer months. As can be
seen from Figure 9 (Summar days), the load has a plateau during the evenings of summer
days, reflecting the weather conditions in Sweden: during long summer days, the lighting
is off, and the load is lower.

Now that the base load and the charging patterns have been simulated, a comparison
with measured data from 2021 can be made. The total consumption of Dansmaéstaren
during one year was about 208 MWh, and the simulated one was 189 MWh.

Figure 10 shows a zoom in on the load curves for the same time interval as Figure 7.

3.2. Charging Scenarios

Once the model was set up, different energy flow scenarios were investigated. With
reference to Table 3, six scenarios have been simulated and the results are presented
and discussed below. Note that the current scenarios run using the charging profiles in
Table 4 and the future scenarios use the charging pattern in Table 2. In the latter case, we
assume that more EV owners visiting or working in the area will park at Dansméstaren
(20 cars/day), that there will be 34 residents charging at night, and six residents charging
during the day. As mentioned in Section 2.3.2, these values are based on statistical data
applied to the district of Rosendal, in Uppsala, where Dansmastaren is located. Hence, the
number of cars belonging to each category does not reflect what is currently happening at
Dansmaéstaren. The EVs for food delivery are not considered in these simulations given
that it was not possible to characterize their charging pattern and that the contract they
have with UPAB might expire.
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Figure 10. Comparison between the experimental and simulated load curves during 14 days (1 to
14 December 2021).

3.2.1. Scenario 1.a

The results presented here refer to the current scenario at Dansmaéstaren: The parking
garage runs using electricity coming from the grid and the PV for in-house use. The excess
solar energy is sold to the utility grid and the energy storage is not connected to the energy
system yet.

The results for scenario 1.a are summarized in Figure 11, which shows the average
energy profile by hour, day, and month for this scenario. The PV sold represents the PV
overproduction that could be sold to the utility grid; the PV used is the share of solar energy
utilized in-house; the Grid is what the parking garage needs to buy from the utility grid;
the Energy storage represents the contribution of the battery ES, that for scenario 1.a is
of course zero, given that the ES is turned off. Figure 11 illustrates that on average the
consumption is higher around 8 p.m. and during the winter months. In both cases, the
contribution of the PV is not beneficial without a proper energy storage system.

The charging patterns of Table 4 were used for this simulation to be able to show the
8 p.m. peak, currently being registered at the mobility house, and to illustrate the benefit
of using the ES, as described in Section 3.2.2 for Scenario 1.b.

As commented in Section 3.1, the EV changing input data to the model limits the
accuracy of the results. To understand the magnitude of the error, new simulations were
performed by changing the inputs of Table 4. The analysis of the EV charging data could
lead, for example, to a reasonable assumption that one morning charger, four afternoon
chargers, and seven night chargers would park at Dansmaéstaren daily, arriving at 9 a.m.,
3 p.m., and 9 p.m. respectively. The results of the new simulation differ from the original
one by 4% when comparing the highest grid peaks during the year, and by 1% when
comparing the annual energy from the grid.

3.2.2. Scenario 1.b

This scenario differs from the previous one because it shows how the energy system
would behave if the battery ES system were to be turned on at Dansmaéstaren. In this
simulation, the ES is charged exclusively by solar energy. The contribution of the PV is used
first in-house and what is left is used to charge the batteries. Given that the No Control
strategy is active, it is more beneficial to charge the batteries with PV production, rather
than charging via the grid at any time, which would mean charging during peak hours as
well. However, charging the ES exclusively from PV might not be sustainable in the winter
and on cloudy days.
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As shown in Figure 12, the 8 p.m. peak is reduced by approximately 27%. A similar
reduction is seen also at 7 p.m. and 9 p.m., which are, on average, critical hours from an
energy demand point of view at the mobility house. The total grid use during the year is
reduced by 11% between scenarios 1.a and 1.b.
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Figure 11. Average energy profiles by hour, and aggregated per day, and month in scenario 1.a.
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Figure 12. Average energy profiles by hour, day, and month in scenario 1.b.
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Average energy profile by hour

3.2.3. Scenario 2.a

This scenario shows how the peak shaving at Dansmaéstaren could appear when the
Smart Charge mode is activated in the simulation. The PV and the ES are operational
and the cars are charged using a priority charging algorithm. For more details about the
method, refer to Section 2.3.3. The ES is charged by the PV and—if that is not sufficient—by
the grid. Moreover, Eg max is set at 35 kWh, meaning that the model will try to keep the
grid consumption below 35 kWh at every time step. This value was chosen so that the
annual contribution of energy from the grid in scenarios 1.a and 2.a has the same value,
even if the grid is additionally charging the ES in 2.a. Moreover, this value allows all the
EVs to leave the parking garage with a fully charged battery pack.

Figure 13 shows that the peaks between 7 and 9 p.m. are shaved (compare with
Figure 11) and that the energy storage contributes on average to the hourly energy supply.
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Figure 13. Average energy profiles by hour, day, and month in scenario 2.a.

By comparing the energy profiles by day and by month in Figures 11 and 13, the
difference is not remarkable from a grid consumption viewpoint: the ES is being charged
by PV and grid. Hence, this result is expected on both daily and monthly averages. The
total grid usage in scenario 2.a is similar to scenario 1.a, approximately 154 MWh, but is
more evenly distributed on a daily basis.

3.2.4. Scenario 2.b

In this new scenario, we simulate what could potentially happen in the future, when
more EVs will park at Dansmaéstaren. In Section 2.3.2, the modeling of the EV profiles has
been explained and the values of Table 2 are used for scenario 2.b, when about 60 cars a day
will access the car park.

In this scenario, Egmax is set to 54 kW. This value was chosen because it limits the
energy consumption from the grid and, at the same time, allows all the cars to have a fully
charged battery pack at departure.
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Comparing scenarios 1.a and 2.b (Figures 11 and 14 respectively), the number of cars
changing daily has increased by 52 units, but the annual grid used during the year doubled,
reaching about 300 MWh.
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Figure 14. Average energy profiles by hour, day, and month in scenario 2.b.

3.2.5. Scenario 3.a

In this scenario, the goal is to keep the consumption curve of Dansméstaren uncorre-
lated with the load curve of the grid in Uppsala. In other words, the parking garage does
not contribute to additional stress on the grid during peak hours by becoming self-sufficient.
As previously discussed, the peak hours for the simulations are set to 4-6 p.m., and the
consumption of the mobility house starts to decrease a few minutes before 4 p.m. and starts
to increase after 6 p.m. The number of EVs charging at the parking garage is the same as in
the current scenario to allow a comparison among 1.a, 1.b, 2.a, and 3.a.

In Figure 15, the average energy profile by hour shows that during peak hours
(4-6 p.m.) the parking garage does not use any electricity from the grid. This results
in slightly lower power consumption on a yearly basis compared to scenario 1.a and has no
impact on the SOC of the vehicles, which leave the changing sessions with fully charged
batteries. The average energy profile by hour in Figure 15 shows that the grid consumption
does not exceed the set threshold of 35 kWh.

3.2.6. Scenario 3.b

As for 2.b, a future scenario is simulated and, as for 3.a, the peak hours in the simula-
tions are set to 4-6 p.m. Figure 16 illustrates that, during peak hours, the energy from the
grid used for in-house use is zero as expected. The difference with the future scenario 2.b is
that the grid consumption is higher in the evening, i.e., the time window that follows the
peak hours.
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Figure 16. Average energy profiles by hour, day, and month in scenario 3.b.

Compared to previous scenarios, less than 2% of the cars leave the house without
being fully charged. However, the mean SOC of not-full charged vehicles at departure is
about 96%, with a minimum SOC of about 85% for one customer during one year. That can
be considered fairly negligible or could be eliminated by increasing the minimum grid use
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to a slightly higher threshold. The annual grid usage is calculated to be 292 MWh, which is
double what was consumed in scenario 3.a with only 8 cars charging per day.

If we would simulate another future scenario with 83 cars charging daily, of which
about 50 were night chargers, then 20% of the cars would depart with a SOC of 90% using
a priority charging algorithm as in scenario 3.b. This might be reasonable if compensation
mechanisms are applied or if a bigger PV system and/or bigger energy storage system
were to be installed, or if the maximum grid usage were set to a higher value.

Scenarios with more vehicles are not of interest because Dansmaéstaren would not be
able to accommodate many more cars and some EVs would be denied access to charge.

3.2.7. Summary of the Results

Table 5 summarizes some of the results discussed in Section 3, adding scenario 1.c for
comparison. Scenario 1.c is the result of a simulation where 60 cars are charging daily, no
smart control is activated, and the energy storage is disconnected, i.e., scenario 1.b but in
the future, when more vehicles will be charging at Dansmaéstaren.

Table 5. Summary of some results from the different scenarios: current/short-term scenarios (1.a to
3.a) and future scenarios (1.c to 3.b).

. Highest Grid Annual Energy from the PV Energy Used Mean SOC at »
Scenario Peak [kWh] Grid [MWh] In-House [%] Departure [%] Peaks Shaved?
la 96 154 58 100 no
1b 94 136 88 100 some
2.a 35 154 70 100 yes
3.a 35 146 71 100 yes
1l.c 254 302 65 100 no
2b 54 302 79 100 yes
3b 54 292 78 99.9 yes

With reference to Table 5 and the results discussed in Section 3, the following qual-
itative conclusions can be drawn. The current scenario (1.a) is suboptimal and just by
connecting the ES to the energy system (1.b) about 11% of the grid usage would be avoided.
This would not be enough to shave high peaks during the year, but it would contribute to
better in-house use of solar energy, which increases by 34%. By activating a smart charging
strategy and setting a threshold on the maximum allowed grid usage (Egmax = 35 kWh), as
in scenarios 2.a and 3.a, the annual energy bought from the utility grid does not change
significantly, but the peaks are drastically reduced by more than 60% and the state of charge
of the cars at departure is not compromised. Looking at future scenarios, when the pene-
tration of vehicles at Dansméstaren will be more substantial, with up to 60 EVs charging
daily, then the need for some sort of smart strategy becomes even more important. The
simulations show that energy peaks can be 79% higher if the mobility house will continue
to be solely powered by the PV system and the grid (scenario 1.c), compared with the cases
where smart priority charging, for example, is activated, together with the use of the ES
(2.b and 3.b).

3.2.8. Limitations of the Smart Charge Model

To better understand the behavior of the model on an hourly basis and its limitations,
Figure 17 is presented. The plots show the energy profiles at Dansmaéstaren during the
same days but for different scenarios, 1.a and 2.a. The acronym DM in Figure 17 stands for
Dansmastaren and the Grid to run DM is the total energy contribution from the utility grid
minus the share used to charge the ES.
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Figure 17. (a) Scenario 1.a and (b) Scenario 2.a with hourly resolution showing the energy profiles
relative to 4 days at the end of March.

Figure 17b illustrates how the grid charges the ES allowing it to contribute as often as
possible to the energy supply of the parking garage. Even if the Eg max does not exceed the
set limit of 35 kWh, the grid usage is not as smooth as it could be and the batteries are cycled
more often than needed, decreasing the lifetime of the ES. The capacity of the battery ES at
the end of the simulation is calculated with Equation (4) and results to be approximately
7% lower than the initial battery capacity. In conclusion, the algorithm controlling the
energy coming from the utility grid to the battery storage could be improved, e.g., by
adopting different thresholds for the battery ES charge and discharge.

Note that the analysis is based on the available hourly data. Once higher resolution
data become available together with longer time series of measured data, more advanced
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algorithms for peak shaving and smart control, e.g., using neural network architectures [29]
and load forecasting [30], will be tested and implemented.

4. Conclusions

This study aims to model the energy flow in a real parking garage in Uppsala (scenario
1.a) and shows how renewable energy sources, energy storage, and smart charging of
EVs can help a parking garage to smooth out its load curve (scenarios 1.b, 2.a, and 2.b).
Additionally, it illustrates how the grid energy demand of the mobility house can be
uncorrelated to the Uppsala utility grid load curve (scenarios 3.a and 3.b).

The study is conducted after partial validation of the model with measured data
from the parking garage. The validation was presented in Section 3.1 and the limitations
connected to the EV pattern validation were described.

For the reasons discussed within the article, the energy flow model presented does
not claim to provide quantitative results, but rather qualitative ones. It shows the benefits
that Dansmaéstaren could potentially have if smart strategies for load shifting could be
implemented and, as such, it provides a tool that will be used to investigate future scenarios
and the potential of other parking garages planned to be built in Uppsala.

The energy flow model is used to describe the different scenarios presented in Table 3.
The current scenario is shown to be suboptimal. By connecting the battery ES to the energy
system, the grid usage decreases by approximately 11%, also contributing to better in-
house use of solar energy, which increases by 34%. By activating a smart starting strategy
based on priority charging, the power peaks (kWh/h) are shown to be reduced by more
than 60% without compromising the SOC of the cars at departure. In the future, when
more vehicles will park at the mobility house, the need for a smart charging strategy will
become even more important. The simulations show that peaks (kWh/h) can be reduced
by 79% when a smart charging strategy together with renewable energy production and
energy storage is implemented. Moreover, the study shows that the mobility house could
be self-sufficient during some hours per day while still delivering a high SOC for departing
EVs. Finally, as mentioned in the article, the limitations of the study allow the results to
be valid on a qualitative level. The analysis is based on hourly data, which were available
at the time of the study. In order to give a clear picture of the peak power demand of the
mobility house, higher resolution data would be necessary.

In conclusion, Dansméstaren shows great potential to contribute to a more sustainable
energy system and strengthen the electrification of the local transport in Uppsala.
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