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Preface

Smart power grid technologies pertain to the system wherein the energy resources,
storage, information flow, feedback loop involve a complex decision-making in
dynamic interconnected power system. Among the technologies, electric vehicles
(EVs) have spurred new paradigms for smart grid operation. Recently, researchers
and manufacturers in EV sector have much talked about the application of EVs in
grid operation for its effective management.

EVs offer high energy efficiency and a cleaner mode of personal transporta-
tion. The EV is a new type of load being accommodated into power network. Its
impact on power system will depend on its penetration level. A large-scale adop-
tion of EVs will pose new challenges to system operators since their charging can
cause technical problems, such as voltage limits violating or line congestion,
mainly at the distribution level.

The fact that EV is a highly distributed electric energy storage device, its
integration into the grid system gives an opportunity to support the system opera-
tion. It is possible to mitigate either partly or fully the negative impacts on inte-
grating EVs in the grid, with maximization of positive impacts. Although EVs
introduce new challenges on grid capacity, it may support the grid stability. There
is a huge prospect of exploitation of EVs for smart grid applications.

Therefore, it is interesting to develop tools and strategies that allow tackling
these or anticipating their consequences. In general, the so-called EV aggregators
will try to maximise their benefits by allocating charging to the most favourable
time periods. EVs in smart grid operation require a wide coverage with flexible and
cost-effective  communication networks. The communication, networking and
information technologies will play a vital role in the development of smart grid by
supporting two-way energy (charging & discharging of EVs) and information flow.
This will enable efficient monitoring, control and optimization of power imbalance
in the grid.

In general, the chapters in book contribute to address the EVs as a driving
source for realizing the smart grid operation. The book includes chapters from
multi-disciplinary research/industry communities, related to EVs charging
schemes/technologies, and its associated communication, networking and infor-
mation architectures, and ancillary services of EVs for power grid management.

Chapters 1-4 present the use of communication network/infrastructure includ-
ing communication properties, cloud-based energy management service for V2F
integration. Chapters 5-7 discuss power/energy management strategy applying
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optimization models. Chapter 8 presents peer-to-peer energy market model.

Chapters 9-11 contribute in the lines of EVs as storage application for grid man-

agement. Chapters 12—15 discuss on charging/discharging strategy of EVs with AQl
integration of renewable energy resources in the distribution grid.

Nand Kishor and Jesus Fraile-Ardanuy
Editors
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Author Query

AQ1: Please check and confirm if “Chapters 12—16 can be changed to “Chapters
12—15” as there are only 15 chapters present in this book.



Chapter 9

Electric vehicles as distributed energy storage
for local energy management

Ricardo Morales’, Jesiis Fraile-Ardanuyz,
Alvaro Gutiérrez’, David Jiménez’, Benito Artaloytia®,
Roberto Alvaro—Hermana3’4, Julia Merino® and
Sandra Castaiio-Solis®

9.1 Introduction

Electric vehicles (EVs) are relatively new at a commercial scale and are currently
dealing with issues like cost, anxiety range and charging capacity [1]; but, they
offer enormous possibilities for reducing C0, and NO, emissions and carbon
footprint if they are integrated by means of renewable sources [2,3].

As the production cost of photovoltaic (PV) energy is closing to the retail
prices [4], it is possible to make self-consumption installations profitable, reducing
the amount of energy required from the utility grid and decreasing the total elec-
tricity cost. In order to achieve this objective, it is necessary to combine the PV
generation with electricity storage and demand-response schemes [5-7].

In an office building with PV generation, some of these restrictions can be
easily resolved. There is an alignment of working hours with the PV energy pro-
duction, and there are two different situations that must be analysed. First, if PV
generation exceeds the building energy demand during the day, this surplus energy
must be stored in a battery and fed back into the building grid when the PV gen-
eration is lower than the building energy demand. Thus, PV coverage of energy
demand (self-consumption) increases. Second, if PV generation is lower than the
building energy demand during all time periods, it is still possible to save money,
storing the energy in the batteries when the retail prices are low and powering it
back into the building when the utility prices are at the highest value, optimizing

"Fronius México SA, Puebla, Mexico

2ETSI Telecomunicacion, Universidad Politécnica de Madrid, Madrid, Spain
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the total electricity cost paid by the building manager. This second situation, where
PV energy is the only one used to charge the vehicles, is used in this work.

Even though the Li-ion battery price has dropped significantly in recent
years [8], this storage technology is still quite expensive and, in order to avoid
overspending, this study proposes using EV’s batteries as Battery Energy Storage
System. One of the main disadvantages of this scheme is that the total available
battery’s capacity is variable, but it is dependent on the EV’s mobility. In this
chapter, an optimization model is developed to minimize the electricity cost pur-
chased from the utility grid by the building manager. This optimization model takes
into account several parameters: the availability of the EVs parked at the parking
lot (that affects the available storage capacity, which varies at each time period, as
EVs come and go along the day), the total energy consumption demanded by the
building, the self-PV generation and, finally, the retail energy prices. With this
information, the optimization algorithm determines how the EV batteries’ charge/
discharge of all parked vehicles should be managed to minimize the cost of elec-
tricity purchased from the grid.

The optimization system also considers several constraints: the amount of
energy that should be stored in each battery at the end of the day, and the maximum
energy that can be charged/discharged from these vehicles. We will apply this
model to a real building consumption profile.

9.2 System description

9.2.1 Building PV generation and electricity consumption

The Instituto de Energia Solar-IES (Solar Energy Institute) is a research centre
from Universidad Politécnica de Madrid founded in 1978 and specifically focuses
on the fundamentals and practical application of PVs systems. Its headquarters
are located at EscuelaTécnica Superior de Ingenieros de Telecomunicacion
Universidad Politécnica de Madrid (ETSIT-UPM), in Madrid (Spain), and it shares
a common parking area with a total capacity of 29 parking decks, as is shown in
Figure 9.1.

The total built area of IES is 875 m?, distributed on three floors, containing
several research laboratories, meeting rooms and offices for researchers. There are
13.1 kWp PV cells installed at IES headquarters, integrated into the roofs and the
facades, which are shown in Figure 9.2. The PV panel tilt is 6,;;, = 26° and it is
oriented directly to the South (6, cnrasion = 0°). This PV generation is monitored
with an hour resolution, along with the total consumption of the building. These
measurements are available online at http://monitoring.robolabo.etsit.upm.es/etsit/
monitoring.php?tab=ies

Figure 9.3 shows the PV hourly energy generation (in kWh) and the total
hourly electricity consumption of this building (in kWh) for three typical working
weeks in March, April and May 2016. A blue dotted line represents PV generation,
while electric demand is shown with a brown dotted line.


http://monitoring.robolabo.etsit.upm.es/etsit/monitoring.php?tab=ies
http://monitoring.robolabo.etsit.upm.es/etsit/monitoring.php?tab=ies
http://monitoring.robolabo.etsit.upm.es/etsit/monitoring.php?tab=ies
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o) P

Figure 9.1 Instituto de Energia Solar (Solar Energy Institute) headquarters
location with the parking decks highlighted

Figure 9.2 Instituto de Energia Solar (Solar Energy Institute) building

It is observed that, during this 3-month period, the average load demand is
around 32 kWh and the peak electric consumption reaches almost 60 kWh, while
the maximum PV generation was 8.8 kWh during this period (14%—67% of the
peak demand). For that reason, there is not enough PV-generated energy to satisfy
all energy load demand of this research centre.

An average week of IES PV hourly energy generation for each season of
the year is shown in Figure 9.4. The highest solar production is obtained during
spring and autumn seasons, when the outdoor temperature is cooler and the PV
panel efficiency is increased. During the winter season, even though the outdoor
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temperature is lower and the panel efficiency is higher, the days are shorter, with
less sunlight, and thus the PV generation is significantly reduced.

9.2.2 Grid electricity price

Currently, there are three different electric tariffs in Spain [9]: normal rate 2.0A
(which is the default hourly tariff), night rate 2.0 DHA (which is a two periods
hourly tariff, with cheaper prices during the night but more expensive prices during
the day) and EV rate 2.0 DHS (which is a small variation of the previous 2.0 DHA,
with even cheaper prices from 00:00 to 06:00 hours well suited for EVs).

The hourly prices of each of these tariffs are changing every day. Four dif-
ferent representative days, one for each season has been selected for this study.
Figure 9.5 shows the three electric tariffs (2.0A, 2.0DHA and 2.0DHS) for these
four representative days in spring, summer, autumn and winter.

9.2.3  Mobility information

In order to estimate the aggregated battery capacity available at each hour of the
day, the first step was to analyse the parking occupation. With this information, it
was possible to know how many vehicles were parked at IES along the day.

Once the parking occupation was calculated, the second step was to estimate
the consumption of these vehicles and the energy required to reach the final des-
tination at the end of the day. From this information, the total aggregated battery
capacity available for the proposed building energy management was estimated.
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Figure 9.5 Hourly electric tariffs during different seasons
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9.2.3.1 Parking occupation

Figure 9.6 shows IES’s EV parking deck with 29 places at different time periods.
The first (top-left) image in this figure was taken at 10:00 a.m. on Saturday
morning and it is observed that there were no vehicles parked at this moment. The
second (bottom-left) image from this figure was taken at 8:00 a.m. on Wednesday
morning and there were 12 different vehicles parked at this particular hour.

A camera was installed in the parking and the available free parking lots were
detected using an artificial intelligence—based algorithm developed in Python and
previously trained. The total number of vehicles and free spots are available in
real time.

The parking was monitored during five consecutive working days (from
Monday to Friday) for 3 months. With this information, an hourly occupancy
matrix, such as the one shown in Figure 9.6 (right), was generated for each working
day of the week.

In this work, an additional sixth-day scenario was defined to consider a con-
stant static battery capacity. This effect will be simulated in our work, considering
that 29 EV were parked all day long.

Figure 9.7 shows the six different hourly occupancy matrix, from Monday to
Friday plus the previously defined sixth day. There are 24 different columns in each
matrix representing different hours and there are 29 rows, representing each park-
ing deck. Dark blue squares represent free decks, while light blue squares indicate
that there is a vehicle parked in this position (defined by the specific row), at this
particular time slot (defined by the specific column).

R,

1 /2 /3 [a {i5iff6 | 79\ 8'\'9 10\11
/ f/'f )
1213 /14 /15 16 |17 |18 |19\ 20\21\22
Tissg! N

Time (Hours)

Figure 9.6 EV parking occupation
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9.2.3.2 Initial available capacity

For this research, it is assumed that all vehicles are electric and of the same model
(a Nissan Leaf 2016, with a nominal capacity of 30 kWh [10]) and all these cars
belong to the IES fleet.

Nissan Leaf has two different charging options, both located at a common
charge port at the front of the car: a CHAdeMO inlet, which allows charging to
80% of the nominal battery capacity in 30—40 min (at 50 kW ac) and a conventional
Type 2 socket, with a default 3.7 kW onboard charger, which allows charging to
100% of the capacity in 12—14 h (there are some Nissan Leaf models, SV and SL
grades, with a 6.7 kW onboard charger available).

In this work, it is assumed that all vehicles can be charged and discharged with
maximum power up to 3.7 kW. Additionally, it is also assumed that only 12% of
the total capacity available (3.6 kWh) can be used to support the building power
grid, in order to reduce battery degradation due to the over-cycling process.

A quantitative online mobility survey was carried out for IES workers to pro-
vide insightful information regarding their daily mobility behaviours and
30 employees answered this daily mobility survey. In Figure 9.8, the histogram of
the daily average distance travelled by them and the location of the origin of their
daily trips are presented. Analysing this figure, it is observed that most of the
employees travel less than 30 km per day. The average daily distance is 26.95 km
and the maximum distance is 90 km.
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Figure 9.8 Daily distance histogram (left) and the location of the origin of the
daily trips (right)
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Figure 9.9 Histogram of energy consumption of Nissan Leaf vehicle under real-
life conditions

The information about vehicle consumption is obtained from [11], which is a
website where users update their fuel consumptions under real driving conditions.
The histogram of the electric consumption of 50 different Nissan Leaf owners is
presented in Figure 9.9. The average consumption is 16.02 kWh/100 km, with a
minimum value of 3.26 kWh/100 km and a maximum value of 22.91 kWh/100 km.

In order to generate different consumptions for each EV, an initial average
distance is randomly selected from Figure 9.8. This value is then multiplied by a
randomly selected consumption sample extracted from the histogram presented in
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Figure 9.9, providing a particular electric consumption value for each EV. All this
procedure is highlighted in Figure 9.10. With this data, each particular EV has a
slightly different consumption, providing some variability to the model.

Taking into account the mobility constraints of these vehicles during the day,
and the available battery capacity of each vehicle in each time period, the aggre-
gated total battery capacity available for the proposed building energy-management
system is evaluated, as shown in Figure 9.11.

Number of employees
w

~.| Estimated consumption during the dailytrip:
3 I\ 15.4 km x 16.3 kWh/100 km = 2.51 kWh

0 10L20 30 40 50 60 70 80 90

Average distance (km) pd \
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16.3 kWh/100 km

"
) Maximum available capacity: 3.7 kWh

| Nominal capacity: 30 kWh
- ¥

Number of electric vehicles (Nissan Leaf)
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Energy consumption [kWh/100km]

Figure 9.10 Initial battery capacity available per vehicle

Aggregated total
battery capacity,
c(t)

Available capacity vehicle #1: 2.51 kWh
Temporal availability (vehicle parked): 8:00 — 19:00

Available capacity vehicle #2: 3.12
kWh

Availabl i hicle #1: 2.51 k
lval able capacity vehicle #1: 2.5 Wli T
+ T
Available capacity vehicle #2: 3.12 kWh 8:00  10:00 19:0020:00
Temporal availability (vehicle parked): 10:00 — 20:00

Figure 9.11 Aggregated battery capacity
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9.3 Optimization modelling

The optimization problem formulation is defined in this section. Figure 9.12 and
Table 9.1 present the main variables and parameters used in this model. The system
equations are defined in (9.1)—(9.4).

Equation (9.1) describes the dynamic evolution of the aggregated battery
capacity, which depends on the current number of vehicles parked at this period of

time, their initial batteries’ state of charge and the energy injected/extracted from

€, Electric hourly
price, PRICE(t)

grid(t)

Energy extracted
from the battery
and injected to
the building,
out(t)

Energy from PV
generation or
grid and injected
to the battery,
in(t)

Electric grid,

Charging
efficiency

Building electric
demand, CON(t)

Energy extracted from the
battery, batout(t)

Discharging
efficiency

battery capacity,
c(t)

Energy injected to the battery,
batin(t)

Figure 9.12  Optimization model description

Table 9.1 Variables and parameters from the optimization model

PV Generation,

GEN(t)

Symbol Description Length
CON(t) IES Building electric consumption per hour 1 x 24
GEN(t) IES Building PV generation per hour 1 x 24
PRICE (1) Hourly electricity price 1 x 24
grid(t) Energy extracted from the electric grid per hour 1 x 24
Crmax(t) Maximum aggregated battery capacity per hour 1 x24
in(t) Energy stored in the aggregated battery per hour 1 x 24
out(t) Energy extracted from the aggregated battery per hour 1 x 24
c(t) State of Charge (SOC) of the aggregated battery per hour 1 x24
Occupation(t) Number of vehicles parked per hour 1 x 24
Cini Initial capacity 1 x1

Prax Charging/Discharging nominal power I x1
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this aggregated battery. The parameter c,,; is the initial capacity of the aggregated
battery. This parameter is zero on the first 5 days (from day 1 to day 5) because
there are not EVs parked initially, but this value can change on day 6, when a static
battery is assumed to be installed in the proposed system.

Equations (9.2) and (9.3) take into account the charging/discharging effi-
ciency. Finally, (9.4) determines the energy directly extracted from the electric grid
to cover the total demand of this system.

_ J e(t—1) — batout(t) + batin(t) Vt>1
olr) = { Cini — batout(t) + batin(t) t=1 ©-1)
batin(t) = Nepargingi (1) vt 9.2)
batout(r) =~ _y, 9.3)
ndi‘vcharging
grid(t) = CON(t) — GEN(t) — out(t) + in(t)Vt 9.4)

The objective function to minimize is given by (9.5). This equation evaluates the
daily energy cost bought to the electric grid, and the solution of this optimization
problem will provide the lowest price to pay at the end of the day.

2
lc = min PRICE(t) - grid(t) 9.5)

t=1

Equations (9.1)—~(9.5) must be subjected to the following constraints:

c(t) < cmax(t) VIt 9.6)
out(t) < Py - occupation(t) Vit 9.7
in(t) < Pmax - occupation(t) Vit 9.8)

where (9.6) indicates that the current capacity of the aggregated battery, c(?), must
be lower than c¢,,,.(2), which is the maximum hourly available capacity. This upper
limit is not constant and it will depend on the parking stop dynamics.

The variables, c(t), out(t) and in(t) are always defined positive.

If all vehicles are parked during all day, this maximum capacity will be
3.7 kWh x 29 = 107 kWh as it is shown in Figure 9.13 (day 6 blue line). In this
figure, the maximum hourly available capacity per day is presented, according to
the parking occupation shown in Figure 9.7. It is observed that c¢,,..(?) is different
during each hour and each day of the week.

The following two equations, (9.7) and (9.8), indicate that the energy that can
be injected/extracted from this distributed storage system must be lower than the
product of the number of available EVs parked at hour 7, given by the variable
Occupation(t), and the maximum charging power, which is limited to 3.7 kW.
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Figure 9.13 Aggregated battery capacity per day

9.4 Scenarios and results

Different scenarios were simulated over 3 months varying EVs parked occupancy,
retail electricity price, PV generation and building consumption. These scenarios
are defined in Table 9.2.

In Figure 9.14, the first scenario (Day 1) is analysed in detail. Vehicles start
arriving at IES headquarters early in the morning (at 7:00 a.m.). Since the energy
price is still very low during these hours of the day (denoted by a blue line in the
figure), EVs begin to store energy in their batteries (as indicated by the green bars
in this figure).

As IES workers continue arriving at their offices, the number of EV available
in the parking lot increases (shown by the red line in Figure 9.14) and the optimi-
zation building-energy-management system (OBEMS) keeps charging their bat-
teries until 11:00 a.m. At this time, all batteries are completely full and it is not
possible to store more energy.

At 13:00 p.m., the EV tariff profile presents a sudden increment and the
OBEMS extracts energy from the batteries and injects it into the building grid,
which is represented by red bars in the figure, reducing almost to zero the energy
purchased to the utility company (depicted by the black line in the figure) during
2 hours (from 14:00 to 16:00 p.m.).

There is a maximum value for the electricity price at 20:00 p.m. For that
reason, the OBEMS starts to charge the remaining EVs at 18:00 p.m. and this
stored energy is discharged later in the last three available hours (from 19:00 to
22:00 p.m.). Note that IES remains closed from 22:00 p.m. to 7:00 a.m.
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Table 9.2 Scenarios under analysis

Season EV Tariff DH Tariff Default Tariff Occupation
Spring Day 1 Figure 9.17(a) Day 25 Figure 9.19(a) Day 49 Figure 9.21(a)  Occupation 1
Day 2 Day 26 Day 50 Occupation 2
Day 3 Day 27 Day 51 Occupation 3
Day 4 Day 28 Day 52 Occupation 4
Day 5 Day 29 Day 53 Occupation 5
Day 6 Day 30 Day 54 Constant
Occup.
Summer Day 7 Figure 9.17(b) Day 31 Figure 9.19(b) Day 55 Figure 9. 21(b) Occupation 1
Day 8 Day 32 Day 56 Occupation 2
Day 9 Day 33 Day 57 Occupation 3
Day 10 Day 34 Day 58 Occupation 4
Day 11 Day 35 Day 59 Occupation 5
Day 12 Day 36 Day 60 Constant
Occup.
Autumn  Day 13 Figure 9.18(a) Day 37 Figure 9. 20(a) Day 61  Figure 9. 22(a) Occupation 1
Day 14 Day 38 Day 62 Occupation 2
Day 15 Day 39 Day 63 Occupation 3
Day 16 Day 40 Day 64 Occupation 4
Day 17 Day 41 Day 65 Occupation 5
Day 18 Day 42 Day 66 Constant
Occup.
Winter Day 19 Figure 9.18(b) Day 43  Figure 9.20(b) Day 67 Figure 9.22(b)  Occupation 1
Day 20 Day 44 Day 68 Occupation 2
Day 21 Day 45 Day 69 Occupation 3
Day 22 Day 46 Day 70 Occupation 4
Day 23 Day 47 Day 71 Occupation 5
Day 24 Day 48 Day 72 Constant
Occup.

Figure 9.15 shows the charging/discharging profile from day 34, which
represents an average summer day with DH tariff. It is observed that the EVs from
early workers were recharged from 7:00 to 8:00 a.m. when the electricity price was
the lowest. Then, entry of workers was not as staggered as during the previous
scenario and for that reason, the batteries were fully charged at 11:00 a.m., taking
advantage of the low electricity price at this particular hour. This energy was pro-
gressively discharged until 16:00 p.m. and, at the end of the day, the OBEMS
determined to charge (at 20:00 p.m.) and discharge (at 21:00 p.m.) the stored
energy, taking advantage of the maximum electricity price at 21:00 p.m. and sig-
nificantly reducing the amount of energy purchased to the grid.

Figure 9.16 shows the charging/discharging profile from day 62, which
represents an average autumn day with normal tariff. The charging/discharging
profiles are similar to the previous figures, but in this particular scenario, the
electricity price does not have two clearly differentiated periods.

Finally, Figure 9.17 presents the charging/discharging profile from day 72,
which represents an average winter day with normal tariff and constant occupation
(all vehicles are available during the whole day). These EVs are charged at the
lowest electricity price (6:00) and the profile and discharging when the electricity
price is the highest.
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The next six figures show the charging/discharging profiles and the SOC
evolution of the aggregated battery for the 72 different proposed scenarios.

First, Figure 9.18(a) shows the result of this optimization problem for EV tariff
in the spring season (days 1 to 6). This figure presents the time evolution of the
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Figure 9.18 (a) SOC evolution and energy extracted/injected in the battery for
days 1-6 and (b) SOC evolution and energy extracted/injected in the
battery for days 7—-12 (EV tariff)
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aggregated battery state of charge (yellow bar), the energy extracted from the
battery (red bar) and the energy injected (green bar). Figure 9.18(b) shows the same
results for the summer season (days 7 to 12).

Figure 9.19(a) shows the result of this optimization problem for EV tariff in the
autumn season (days 13 to 18). This figure presents the time evolution of the
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Figure 9.19 (a) SOC evolution and energy extracted/injected in the battery for
days 13—18 and (b) SOC evolution and energy extracted/injected in
the battery for days 19-24 (EV tariff)
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aggregated battery state of charge (yellow bar), the energy extracted from the
battery (red bar) and the energy injected (green bar). Figure 9.19(b) shows the same
results for the winter season (days 19 to 24).

Figure 9.20(a) shows the result of this optimization problem for DH tariff in
the spring season (days 25 to 30). This figure presents the time evolution of the

Spring DH day 25 Spring DH day 26
100 100
_ 80 _ 80
= 60 = 60
E 40 E 40
z 20 % 20
£ 0 g 0
= 20 = -20
40 40
-60 —60
5 10 15 20 5 10 15 20
Time [Hour] Time [Hour]
Spring DH day 28 Spring DH day 29
100 100
_ 80 _ 80
= 60 = 60
E 40 -E 40
% 20 Z 20
g 0 g 0
= 20 = 20
—40 —40
~60 —60
5 10 15 20 5 10 15 20
Time [Hour] Time [Hour]
(a) O C mmmin mmm out
Summer DH day 31 Summer DH day 32
100 100
80 80
= 60 = 60
2 40 z 40
Sz 20 = 20
oo I
S 20 Z-20
—40 —40
60 —60
5 10 15 20 5 10 15 20
Time [Hour] Time [Hour]
Summer DH day 34 Summer DH day 35
100 100
_ 8 _ 80
£ 60 £ 60
E 40 E 40
g% 20 g 20
£ 0 £ o0
=20 =20
40 40
—-60 60
5 10 15 20 5 10 15 20
Time [Hour] Time [Hour]
(b) 0 C mmmin mmmout

100

Energy [kWh]

5

100

Energy [kWh]

-

100

Energy [kWh]

>

100

Energy [kWh]

=

Spring DH day 27

5 10 15
Time [Hour]

20

Spring DH day 30

5 10 15
Time [Hour]

20

Summer DH day 33

5 10 15
Time [Hour]

20

Summer DH day 36

5 10 15
Time [Hour]

20

Figure 9.20 (a) SOC evolution and energy extracted/injected in the battery for
days 25-30 and (b) SOC evolution and energy extracted/injected in
the battery for days 31-36 (DH tariff)
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aggregated battery state of charge (yellow bar), the energy extracted from the
battery (red bar) and the energy injected (green bar). Figure 9.20(b) shows the same
results for summer season (days 31 to 36).

Figure 9.21(a) shows the result of this optimization problem for DH tariff in

the
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(b)
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autumn season (days 37 to 42). This figure presents the time evolution of the
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Figure 9.21 (a) SOC evolution and energy extracted/injected in the battery for
days 37-42 and (b) SOC evolution and energy extracted/injected in
the battery for days 43—48 (DH tariff)
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aggregated battery state of charge (yellow bar), the energy extracted from the
battery (red bar) and the energy injected (green bar). Figure 9.21(b) shows the same
results for the winter season (days 43 to 48).

Figure 9.22(a) shows the result of this optimization problem for default normal
tariff in the spring season (days 49 to 54). This figure presents the time evolution of
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Figure 9.22 (a) SOC evolution and energy extracted/injected in the battery for
days 49-54 and (b) SOC evolution and energy extracted/injected in
the battery for days 55—-60 (normal tariff)
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the aggregated battery state of charge (yellow bar), the energy extracted from the
battery (red bar) and the energy injected (green bar). Figure 9.22(b) shows the same
results for the summer season (days 55 to 60).

Figure 9.23(a) shows the result of this optimization problem for default normal
tariff in the autumn season (days 61 to 66). This figure presents the time evolution
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Figure 9.23 (a) SOC evolution and energy extracted/injected in the battery for
days 61-66 and (b) SOC evolution and energy extracted/injected in

the battery for days 6672 (normal tariff)
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of the aggregated battery state of charge (yellow bar), the energy extracted from the
battery (red bar) and the energy injected (green bar). Figure 9.23(b) shows the same
results for the winter season (days 67 to 72).

The total aggregated battery capacity, c¢,...(t), available for this energy-
management systems varies at each hour. Figure 9.24 represents these variations.
Each box plot shows the minimum, 25%, median (red line), 75% and the maximum
battery capacity during the day. It is important to notice that day 6 represents a
constant aggregated battery capacity.

Figure 9.25 shows the aggregated battery SOC, denoted by c¢(?), in the same
scenarios. It is observed that the SOC is always lower (or equal) to the battery
capacity, presented in Figure 9.24.

Table 9.3 presents the daily electricity cost for each scenario. It is observed
that, if the possibility of storing energy in the aggregated battery of these EVs is not
considered, the daily electricity cost paid by the building manager is constant for
each season and each tariff.

Battery capacity
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Figure 9.24 Aggregated battery capacity available under each day scenarios
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Figure 9.25 Aggregated battery SOC available under each day scenarios
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Table 9.3  Electricity cost per day without (and with) the proposed optimization

Season Payment per day [€] Payment per day optimization [€]
EV tariff DH tariff Default EV tariff DH tariff Default
tariff tariff
Spring 85.77 € 85.71 € 105.17 € 75.71 € 75.22 € 102.53 €
85.77 € 85.71 € 105.17 € 75.24 € 74.73 € 102.04 €
85.77 € 85.71 € 105.17 € 75.70 € 75.19 € 102.50 €
85.77 € 85.71 € 105.17 € 75.56 € 74.79 € 102.10 €
85.77 € 85.71 € 105.17 € 75.99 € 75.51 € 102.80 €
85.77 € 85.71 € 105.17 € 72.72 € 72.81 € 100.08 €

Summer 11593 € 11545 € 13520 € 107.59 € 106.95 € 13423 €
115.93 € 115.45 € 13520 € 107.62 € 106.96 € 134.24 €
115.93 € 11545 € 13520 € 107.64 € 106.98 € 134.26 €
11593 € 11545 € 13520 € 10798 € 107.30 € 13433 €
11593 € 115.45 € 13520 € 107.60 € 106.96 € 134.24 €
115.93 € 11545 € 13520 €  104.96 € 104.92 € 132.25 €
Autumn 11294 € 112.52 € 13785 € 10533 € 104.55 € 136.88 €
112.94 € 112.52 € 13785 € 105.18 € 104.38 € 136.89 €
112.94 € 112.52 € 137.85 € 10546 € 104.65 € 136.91 €
112.94 € 112.52 € 13785 € 105.53 € 104.70 € 136.97 €
112.94 € 112.52 € 13785 € 10543 € 104.65 € 136.89 €
112.94 € 112.52 € 137.85€ 102.98 € 102.74 € 134.90 €

Winter 108.42 € 107.77 € 138.86 € 99.83 € 99.25 € 137.88 €
108.42 € 107.77 € 138.86 € 99.49 € 98.90 € 137.89 €
108.42 € 107.77 € 138.86 € 99.80 € 99.21 € 137.91 €
108.42 € 107.77 € 138.86 € 99.98 € 99.13 € 137.98 €
108.42 € 107.77 € 138.86 € 99.81 € 99.23 € 137.89 €
108.42 € 107.77 € 138.86 € 98.04 € 98.02 € 135.90 €

If the proposed OBEMS is applied, the daily electricity cost is reduced under
all considered scenarios. The lowest cost is always reached under day 6 scenario,
where all EVs remain parked during the day, as it were a static battery.

If the workers’ mobility profiles are also considered in the optimization sche-
dule, the occupation 2 scenario provides the lowest cost for EV tariff (during
spring, autumn and winter seasons) and DH tariff (during autumn and winter sea-
sons), while occupation 1 provides the lowest cost for the default tariff (during
summer, autumn and winter seasons).

The average daily electricity cost reduction is 8.64€/day in EV tariff, 8.9€/day
in DH tariff and 1.4€/day in the default tariff. The estimated annual electricity cost
reduction under the proposed OBEMS varies from 2314.13€ for DH tariff (with an
annual average reduction of 8.45%) to 364.52€ in the default tariff, which only
represents a 1.04% of the annual electricity cost with this particular tariff.

In Figure 9.26, the average cost reduction for each tariff in each season is
presented. It is observed that the highest reduction is obtained with DH tariff in
spring season (with a reduction of 12.8%) and the lowest reduction is obtained with
default (normal) tariff during winters.
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Figure 9.26 Annual saving cost for the different analysed scenarios (different
seasons and different tariff)

9.5 Conclusions

The aim of this work was to analyse the integration of a parking deck with EVs
with a PV system installed at a research building headquarters in Spain.

The main objective of this study was to take advantage of the distributed sto-
rage capacity available in the EVs’ batteries to store surplus energy from PV sys-
tems (or during off-peak periods, when the grid electricity price is lower) and inject
it back to the building electric grid after sunset or during the peak periods, when the
electricity price is higher.

Seventy-two different scenarios were analysed, considering three different
electricity rates, four different seasons and five different daily mobility profiles. In
all studied scenarios, a cost reduction was obtained. Benefits varied mainly
depending on the tariff employed. Very low benefits were obtained (less than 1.5%
of cost reduction in average) when the default (normal) rate was analysed, since the
difference between the maximum and minimum prices along the day is highly
reduced. In this case, the investment in new infrastructure to allow this proposed
optimized energy-building-management system is not justifiable. Once a larger
price variation along the day is introduced with the other dual analysed tariffs (DH
and EV), higher annual average cost reductions are obtained, with an average cost
reduction of 8.45% in DH tariff and 8.17% in EV tariff. Additionally, DH tariff
provides the lowest costs, although its difference with the EV tariff is not
remarkable on a day-by-day basis (an average X%) and there are scenarios in which
employing an EV tariff has a less cost than a DH tariff.
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