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Assessing the Demand Response Potential of Heat
Pumps m All-Electric Buildings Equipped with PV, EV
(V2G) and BES to Minimize Energy Costs

David Gaona, Wiljan Vermeer*, Gautham Ram Chandra Mouli*, Pavol Bauer*

* Delft University of Technology, 2628 CD Delft, Netherlands (e-mail:
W.W.M.Vermeer@tudelft.nl)

Abstract: An integrated energy system consisted of PV
panels, EV (electric vehicle), BES (battery energy storage), and
a HP (heat pump) coupled with thermal storage tanks (TES) has
been studied. The research aimed to minimize the total energy
costs by scheduling the optimal power consumption of each
device as response to two external signals as part of a demand
response program. One of the signals corresponded to a selling
electricity price tariff or feed-in tariff (FIT) to account for the
ability of the system to sell energy towards the grid. On the other
hand, the second signal corresponded to the buying electricity
price tariff to account for the system’s energy consumption from
the grid. This control scheme allowed to determine the optimal
energy consumption of the HP and its flexibility potential to shift
its load towards times of low electricity prices. It was concluded
that the proposed integrated system will produce a 50 % total
energy cost reduction while the operation of the HP for one week
in winter will reduce the gas consumption in 53 m® in a
traditional Dutch house.

Keywords— Demand response program, heat pump (HP),
thermal energy storage (TES), energy systems optimization,
integrated energy systems.

I. INTRODUCTION

Following the international climate change agreement, the
Netherlands has delimited its road to reduce drastically its
greenhouse gases emissions to reach the climate neutrality
goal by the second half of the 21% century. To accomplish
this, a restructuring of the energy systems into more
sustainable forms will be required by distinguishing how the
energy is used in four main functions: space heating,
industrial process heat, power and light, and transport [1].
Traditionally, the Dutch energy system has relied mainly on
natural gas and fossil fuels while a small proportion of
renewable energies has been included. It was demonstrated
by [2] that only 7% of the total energy produced in the
country comes from wind and solar technologies while the
remaining corresponded to fossil-fuelled power plants. Fossil
systems are characterized by a stable electricity production
where the power output can be controlled to match the daily
demand. However, this does not occur with renewable energy
sources because their intermittent nature results in a
fluctuating electricity production causing major problems in
the supply-demand balance within the energy market [3]. As
more electricity will be produced by using renewable sources,
it is important to integrate systems and programs to address
such mismatch problem. In this context, different approaches,
technologies, and strategies have been investigated to
manage the variable renewable electricity from wind and
solar. All these tactics have as main characteristic the study
of the “flexibility potential” that new energy systems can
offer to attenuate these intermittency effects to keep the grid
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stable. On the demand side, the main approach is to address
the problem towards demand response programs (DRP) such
that the customer’s energy consumption can be modified by
using smart technologies that respond to some external
signals. Here, the consumer performs his daily activities
under an optimized energy scheduling framework that
assures the satisfaction of his needs while consuming the least
amount of energy at the lowest cost.

A. Energy systems optimization review

Steen, Stadler [4] proposes a MILP model for the design of
thermal storage systems (TES) to determine the feasibility of
investing in TES in combination with DER. The model
describes a linearization of the TES with calculation of
thermal losses based on the energy contained in the storage
tank and allows the use of heat pumps only for low
temperature storage charging. Terlouw, AlSkaif [5] have
proposed an optimal demand response model for all-electric
residential systems with heat and electricity storage through
a battery and an electric vehicle. This model includes surface
heating (SH) and domestic hot water (DHW) provision
through an ASHP capable of providing both SH and DHW
simultaneously. In Wolf [6] a model-based assessment of
heat pump flexibility was performed by simulating a pool of
heat pumps and creating different thermal load profiles for
space heating and domestic hot water. The author states that
two different heat pumps, a back-up electric heater, and a
DWH storage tank have been used to model the entire system.
Hedegaard and Balyk [7] established a model to determine
the effects on investment of energy systems incorporating
heat pumps with thermal storage in buildings and buffer tanks
in a Danish case. This model analyzes individual heat pumps
and storage systems to optimize investments and operation,
and it incorporates the thermal building dynamics and covers
the use of passive heat storage by using the thermal inertia of
the building, active heat storage by heating floor systems, and
storage tanks for space heating and domestic hot water.

The aim of this research is to assess the flexibility potential
of a heat pump for space heating and domestic hot water
through an energy cost minimization model of an integrated
household considering PV panels, a battery energy storage
system (BES), a heat pump (HP), and an electric vehicle in a
simulated demand response program driven by variable
electricity price signals

B. Contribution of the paper.

This research will intend to provide a model to perform an
energy cost minimization to encourage the use of renewable
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energy systems to satisfy residential energy demands. By
simulating a demand response program, this paper aims to
achieve a reduction in the energy consumption for residential
heating by determining the optimal operation of a heat pump.
In this way, determining how flexible the system becomes
when heat pumps and thermal storage systems are included is
vital to know the limits of the proposed solution.

The goal of this paper is to to determine the extent of the
flexibility achieved in integrated power systems in
households, and it can contribute to encourage the inclusion
of heat pumps as a flexibility service for future energy
systems. From the results of this project, different parties
within the energy sector can get insights about the
possibilities and benefits of using all-electric systems as a
reliable option to minimize the consumer’s energy bill.

II. METHODS AND MODELLING

A. Description of the system

The integrated energy system shown in Figure 5 is composed
by solar panels (PV), a battery energy storage system (BES),
and electric vehicle (EV-V2G) connected to the DC side of a
multi-port power converter (MPPC). On the AC side, a heat
pump (HP) is connected for building heating/cooling, and at
the same time, the heat pump is coupled to a thermal energy
storage tank (TES) to provide extra flexibility to the system,
satisfy the thermal demand of the building, and reduce the
electricity consumption of the heat pump. Additionally, a
smart grid operator (SGO) is considered to provide the
purchasing and selling electricity price signals under which
the system will act as part of the demand respond program.
The model incorporates degradation costs of EV and BES due
to their charging/discharging cycles to provide a more
realistic approach. The BES and EV have a bidirectional
operation, meaning that they can absorb and inject energy to
the grid if it is needed, providing in this way ancillary
services to maintain the stability of the grid.

Royal Dutch User
Weather Institute Input

' |
1+ Ppvfe 1 tdepart ; SOCdepart
v v

heat loss the building will face. For this specific problem, a
typical Dutch house in the city of Delft has been selected. The
demands for surface heating (SH) and domestic hot water
(DHW) have been obtained from the Applied Natural Science
Research (TNO) organization and [8] respectively as seen in
figure 2 and 3. The data set provided by TNO corresponds to
a study case for year 1987 where the most extreme winter was
registered.
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Figure 2: Surface heating demand and ambient temperature, Delft
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Figure 3: Domestic hot water demand [8]

A correlation between the SH demand expressed in [kW] and
the ambient temperature in [K] was obtained such that the
model can predict the heat demand by knowing the ambient
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Figure 1: Schematic diagram of the general system

Furthermore, based on the solar irradiation received, it is
expected that the PV panels will generate as much power as
possible to feed the entire system and reduce the power intake
from the grid, and if any excess is present, it will be injected
to the grid.

Thermal demand pattern

Residential demand profiles and ambient temperature
profiles are required to determine how the system must
operate to satisfy these energy requirements, and how much
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Figure 4: Surface heating demand and ambient temperature
relation.

A percentile analysis was conducted to determine the best
fitting correlation. It was found that the percentiles 25 (P25)
and 35 (P35) have the best fitting correlations. For this
project, the percentile 25 correlation has been used to
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interpolate the heat demand data considering Delft’s average
ambient temperature data as expressed in (1).

Qdemand,SH = 4.588 * 10'2 ¢ =009 Tamp

S)

B. HP-TES modelling considerations

The heating system is constituted by an air source heat pump
(ASHP), two storage tanks (TES) for SH and DHW, and a
household. The HP will supply heat for SH and DHW
individually to the water tanks to meet the total heating
demand of the household. The main state variables will be the
water temperature of the SH and DHW tanks (Tsu, Tpuw),
and the temperature of the air inside the building (Tsuip) that
must be maintained within desired limits. The COP was
estimated by using technical data provided by LG as
expressed in (2), and it was considered that the HP provided
a minimum water temperature of 35 °C, and the building
temperature was set to 20°C as recommended by [9].

DHW STORAGE
TANK

,r& D DD
m
supEAND

Figure 5: Schematic diagram of the heating system

CoPp, heating =
Ao — aq (Tw - Tamb) +as (Tw - Tamb)2 (2)

Table 1: COP model regression coefficients
Coefficient Value Unit
L2 78276 | @ -

a 0.1396 K-!

a 0.0008 K?2

Aoc 5.5146 -—--

QAle 0.0604 K-!

Qe -0.0006 K?2

Continuous-time energy balances were performed in each one
of the system’s components obtaining the corresponding
differential equations. However, the approximation of the
differential equations was accomplished by applying the
forward finite difference method (FFD) to obtain a numerical
solution as this is a problem with boundary values. As result,
the following equations were obtained:

e Energy balance in the DHW storage tank

) TW,DHW (t+1) = )
Qup,anw (t) — Qbuita,ahw (t) — Quoss,pEW (¢) At 3)
Pw " Coy - Vw,dhw

Twprw ) +

e Energy balance in the SH storage tank

) TW,S.H (t+1) = )
Qup,sh (&) — Qvuita,sh &) — Quoss,sH () « At “4)
Pw " Cpy * VW,SH

Twsu @ +

e Energy balance in the household

. Troom (t+1) :
Qbuita,st (t) — Quoss,build (t) . At )
Cm build + (Vair ) Cpair ) pair)

Troom )

e HP power consumption

Qup,sH(b)
Pupsucry = TSHO) 6)
QHP,DHW(t)
Pup paw(t) = m )
Pup ) = PHP,SH(t) + PHP,DHW ) ®)

Equation (8) does not mean that the heat pump will operate
in SH and DHW mode simultaneously, thus in the
optimization algorithm the power consumption has been
integrated as a unique variable. Therefore, if the HP is
working in SH mode, the Puppuw, Will be equal to zero and
vice versa. It must be noted that all the variables will be
restricted to upper and lower boundaries by considering
technical criteria and recommendations from [9], [5],
and[10].

C. Heat storage sizing

The sizes of the WST need to be specified, but as DHW and
SH demands are dependent on the number of people and their
occupancy behavior, it is difficult to predict the exact demand
and related it accurately to the size of a thermal storage
device. According to [11], heuristic techniques must be
applied to calculate their size and validated models are
presented to estimate with appropriate accuracy the storage
level needed considering the number of household’s
inhabitants. The following equations have been applied to
size the storage tank’s volumes for both demand

0.7
Vorw = 125+ 65 - (Npeopie) ©)
) -2h
VsH — QPEAK (10)
pw " Cpy - AT

Equations (12) and (13) represent the heat losses in both SH
and DHW storage tanks. The surface area of the tanks was
calculated by (11). Assn and Aspuw represent the surface
areas of the SH and DHW tanks respectively, TwsHw and
Tw,pHw() are the time-dependent water temperatures in the SH
and DHW tanks, and Trom@ is the temperature inside the
building.

176

Authorized licensed use limited to: TU Delft Library. Downloaded on December 08,2022 at 08:18:04 UTC from IEEE Xplore. Restrictions apply.



Ag = 2mR - H + 2nR? an
Qloss,SH(t) = Utank - AS,SH ' (TW,SH(t) - Troom(t)) (12)
Qloss,DHW(t) = Utank 'As,DHW ’ (TW,DHW(t) - Troom(t)) (13)

The type of building in this study was a terraced house with
a medium insulation level, and it was identified as B-level
energy performance building according to [12]. For this
research, three types of heat losses have been considered:
convection and conduction heat losses through the walls, and
heat losses due to natural ventilation. Using information
available in [13] and [14] heat losses due to ventilation have
been estimated for a typical Dutch terraced house. These
losses have been estimated as follows:

Qcond ) = Ubuilding ' Abuilding ) [Troam(t) - Tamb(t)] (14)

Qvent ® = A Vbuilding *ACH - [Troom(t) - Tamb(t)] (15)
Where the factor A corresponds to the product of the air’s
density and its heat capacity at an average temperature

between the room and ambient temperatures, and it has units
of kWhm3 K.

D. Optimization model

The cost minimization can be achieved by reducing the
energy intake from the grid, selling the excess of electricity
to the grid, or using as much as possible of the generated PV
power. The SGO will provide the electricity price signals for
both buying and selling electricity. The model will try to find
the optimal points where the operational costs are minimized
according to the following objective function:

min Ctotal =
Cpv,Cev, CBES, Cgrid

(16)
min(Cpy + Cpes + Cey + Cyria)

where Cpv corresponds to the installation and investment
costs of the PV panels, Cses, and Cgv correspond to the
degradation costs of the BES and the EV due to their
operation, and Cgrid corresponds to the operational costs of the
grid due to the power exchanges of the studied system with
the grid. In this way, a non-linear programming (NLP)
optimization problem was obtained. The degradation costs of
the stationary battery have been determined by considering a
loss of value per kWh (€/kWh) and a loss of capacity during
their lifetime operation as proposed in [15]. The operational
costs Cpes would be equal to the difference between a new
and a degraded battery, and they have been calculated using
the following equations:

v 2nd _ v 1st . EBES max AEBES,tot
BES — VBES

an

EBES max

Cpes =
1st , _y?2nd ., _
VBES EBES max VBES (EBES max AEBES,toL‘)

13

where VZ3¢ corresponds to the second-life value of the

battery, AEggsor Tepresents the degraded capacity of the
battery, Eggg max 1S the initial capacity, and V355 equals to
the initial value of the battery. The degradations costs related
to the EV has followed the same reasoning as for the BES and

are given in Equation (19)

Cev =
(V ist _ y2ndy ., AEEV.tot
BES BES

0.2 EEV max

19
' (EEV max — AEEV,tot) (19)

According to [16], when the battery’s power for charging or
discharging is mathematically captured in a unique variable
(PsEs), simultaneous charging/discharging of the battery is
avoided. Besides, the optimization model recognizes that a
simultaneous operation is not optimal for cost minimization,
and it will intend to find points where charging and
discharging occurs separately. Hence, the following
equations have been used to model the charging/discharging
operation of the battery, and the energy stored by it:

Pppsty = Nen " P, BZ)E‘(;S(t) - n_,P ggﬁ @®) (20)
dis

Pgs ) < Phis” 1)

PB"Eesg(t) < PR (22)

Eggs t) = Eprs t-1) + PrEes o) - At (23)

The energy stored by the battery at t=1 and t=tsna have been
fixed to have a fair comparison in terms of energy/cost. The
values of the parameters in equations (18) to (23) are
displayed in Table 2.

Table 2: Parameter values for BES degradation costs.

Parameter Value Units
Vsis 500 €
ViEs 250 €

Nen 096 | -
Naisen 096 | -
EgEs ini 5 kWh

The state of charge (SOC) of the battery can be calculated as
the ratio of the energy stored at time step ¢ to the actual limit
capacity at the same time step.

Eggs 1)

S0CpEs ) = (24)

Eggs iimit ()

EgEs timit (¢t) = EgEs timit (t-1) — AEBEs(o) (25)
The capacity lost AEses(y has been calculated using a Li-ion
degradation model developed by [17] where the behavior of
a single cell has been studied. This model investigates the
effects of temperature, current rate, and the ampere-hours
processed in the degradation of the cell, however, as the
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model considers only one cell, the power and voltage of the
battery must be scaled down to the voltage and current of one
single cell. To do this, the model in [18] is used to establish
the relationship between the open circuit voltage (OCV) and
the SOC of a battery, as shown in equation (26). For this
study, it has been assumed that the battery is composed of
Nggsm”ez x NSEes cells to have an OCV of 425 V at full
capacity. This way both the OCV(t) as a function of the
SOC(t) and the current of a single cell can be calculated as
follows:

OCVggs (v = ngggies X (26)
(ar- ebrSoC(®) 4 g, . @b2S0C(®) g, -SoC(Zt))

-cell 1000 - Pggs (®)

lpEs = parallel (27)
Nggs 0CVe

The parameters for the BES and EV models to determine the
OCYV and the capacity lost are summarized in the Table 3.

Table 3: : OCV and aging parameters for BES and EV

Parameter Description Value
ay 3.679
a, -
0.2528
a; OCYV parameters 0.9836
b, -
0.1101
b, -6.829
cy . 0.0008
c Aging parameters 039
Ng‘;’;‘”e’ Number of cells in parallel in 18
BES
NifTies Number of cells in series in 100
BES
NParallel | Number of cells in parallel in 145
EV
EV
Nseries | Number of cells in series in EV 100

Next, the capacity’s degradation of the battery at any time
step, and the total capacity lost has been calculated using the
following equations:

s EgEs iimit (t=1) = EpEesmax (28)
Epgs vy < Epes timit(e) (29)
AEggs ®) = 2%
e E,
(co - eSO - gt , ) - Eossmas (20)
T
AEggstor = Z AEBES(t) 27
0

The degradation of the EV battery has been determined in the
same way as for the stationary BES, but it has been assumed
that the EV is not available between the times the EV departs
from and arrives to the building.

The power consumed during driving is captured in the
variable Puarive 1 for all the time the EV is not in the building.

Furthermore, it can be established that the EV needs a
minimum amount of charge at the departure time to ensure
the EV has enough energy when leaving the building. As in
the stationary BES, the EV cannot be charged and discharged
at the same time, for the same principle of capturing the EV
battery’s (dis)charging in a unique variable has been applied.
All these considerations have been modelled in the following
equations:
15 kWh draund trip

Parivecsy =
drive(t) 100 km At = Nsrzgzsav (28)
pos 1 neg
Peyey = EVau(ey " \Nen * Py ) — rPEV ® (29
dis
Pgy o < P& (30)
Pyl < P @1

Eev () = Egv t-1) T [(PEV ® ~ Pdrive(t)) : At]

(32

vt,t < tdepart &t> tarrive
Epy ¢=1) = Egv,ini (33)
EEV (t=tdepart) 2 EEV,depart (34)

The SoC of the EV battery can be determined in the same way
as for the stationary BES considering the degradation of its
capacity during the charging/discharging cycles. Equations
(36) to (38) were used to calculate the SoC of the EV.

As PV is a renewable energy source, normally its operational
costs are assumed to be zero, but in this research the model
has contemplated the investment and installation costs of the
photovoltaic system.

T
Cpy = ZlPV *Ppy(ry - At (35)

t=1

where Ppv(y represents the power production from the panels,
Apv is the LCOE (levelized cost of energy) of the panels, and
At is the step time of the optimization. For the system
represented in figure 1, two power balances in the multi-port
power converter have been developed for simplicity of the
modelling. The first one comprehends all the elements
connected to the DC side of it (PV, BES, and EV), while the
second corresponds to all the elements on the AC side (grid,
load, heat pump). Depending on the sign, the variables can
represent a power output or input, influencing the direction of
the balance. The following equations have been used to
calculate these power flows:

Pimi(t) = PPV(t) —Pry ) — PBES(t) (36)
Pyria ¢y = Pinvty = Pioad (¢) — Pupe) (37
_ . ppos _ neg
Pg'rid(t) = Ncable Pgrid @®) n Pgrid (t) (38)
cable

178

Authorized licensed use limited to: TU Delft Library. Downloaded on December 08,2022 at 08:18:04 UTC from IEEE Xplore. Restrictions apply.



lsell(t) - At (39)

— neg
Cgrid - Z Pgrld (t) Abuy(t) At — grui ®)

Pneg < pmax

. pos max
grid (t) = tgrid F =P

grid (t) = “grid (40)

where Pinv(y) is the total power balance on the DC side,

Pevy and Pgese represents the power consumption or
injection of the EV and BES respectively, Pgrid) corresponds
to the power consumption or injection to the grid, Pioadw) is the
load of the electric appliances of the building, and Pup( is the
power consumption of the HP for SH or DHW. As the system
can use or inject energy into the grid, a distinction between
the two events have been considered. A positive grid power
represents injection of power on the grid at the corresponding
selling price Asen(, while a negative grid power holds for the
power intake from the grid at the buying price Abuyw. The
cable’s transmission efficiency has been included to account
for transmission losses. Besides, to guarantee the grid’s
stability, the power intake and injection cannot exceed the
maximum allowed limit the grid can offer, so capacity
constrains have been added. Therefore, the cost imposed on
the grid due to these interactions with the system has been
calculated using the following equations:

III. RESULTS

These results were obtained by optimizing the operation of
the system during 5 days in winter under a demand response
program based on two electricity price signals taken
from[19]. Additionally, the selling electricity price was
halved to ascertain its effect on the behavior and operational
costs of the system, for two scenarios were studied.

A. HP operation behavior

Based on the electricity price signals, the cost minimization
occurs when the devices operate at the lowest prices. Figure
6 displays the behavior of the heat pump during winter
season, and it does not operate at times where electricity
prices are the highest while it shifts its power consumption to
the lowest prices to fully charge the SH tank.

Ll

sl

Time[15 min)

HP Power Profile SH Tank and Water Temperature.
T

il

Figure 6: Heat pump operation behavior on price signal

There are times where the heat pump operates at high prices,
but it does it at a minimum capacity to keep the SH tank at
the lower boundary temperature. This has to do with the fact
the model determines that during these times it is not

necessary nor cost effective to fully charge the tank because
the prices are relatively high, but a minimum amount of
energy is still required to keep the thermal comfort of the
building.

B. PV-EV-BES-HP system operation

1) High selling price case

Figure 7 shows the optimized power profiles of the different
components of the system for the high selling price case. The
simulation was carried out for five days, but for the purpose
of appreciation only two days are displayed. The behavior of
the system has been split into two parts. The top graph
represents the power profiles of the components connected to
the DC side of the inverter. The bottom graph corresponds to
the AC side of the power converter where the grid, the
building’s load, and the heat pump are connected. It can be
seen there is limited interaction between the BES-EV with the
HP and the load of the building (see orange circles). Part of
the discharged energy is consumed by the loads, and the
excess is sold to the grid. This is result of having high FIT
because the minimization strategy is more cost effective
when the discharged energy is sold instead of being used for
self-consumption of the system. On the PV production side,
PV electricity was used mainly to charge the battery at times
of not too high prices. Nevertheless, most of the time the
system prefers to sell PV energy at the highest FIT to
minimize the costs even further (see light blue
circle).Therefore, PV self-consumption is not performed.

Power Profiles DC Side Inverter

250
Time,[15 mif]

A Power Profiles AC Sige Inverter

Lo i sl Lt b
bl ' jﬂ.'?w%aﬁﬁﬁ@mﬂ' =
! h IR e,

150 200 250 350 400 450 500
Time,[15 min]

Figure 7: System power profiles for high selling prices

’M{U\» /|\\¢_
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2) Halved selling price case
When the FIT is halved, no selling of energy towards the grid
occurs, so the only way for the system to minimize the
operational costs is to enhance self-consumption and reduce

 the energy intake from the grid. The battery and the EV

regulate its energy consumption by decreasing the time
needed for charging (see orange circles). Besides, the cycles
for charging and discharging are decreased, thus the energy
is stored for longer periods. On the other hand, the
discharging process is done gradually to feed the load and the

.* HP. In the halved FIT, self-consumption is enhanced to

minimize the energy costs because there is no injection of
energy towards the grid, thus no revenues are obtained.
Consequently, the operational strategy of the system has
changed towards reducing the energy intake from the grid by
using the BES and EV stored energy. This confirms the
hypothesis stated at the beginning that decreasing the FIT will
enhance self-consumption and reduce the power exchanges
with the grid.

179

Authorized licensed use limited to: TU Delft Library. Downloaded on December 08,2022 at 08:18:04 UTC from IEEE Xplore. Restrictions apply.



Power Profiles DC Side Inverter
T T

Power,[kW]

I I I I
80 100 120 140 160 180

Time,[15 min]

Power Profiles AC Side Inverter 04
T T g

iyl

PGNd Pload - FIT

\* buy
-10 Il Il Il I I Il I

P Price,
60 80 100 120 140 160 180
Time,[15 min]

0.2

Power,[kW]

~ 404
Reduced

0
200
Figure 8: System power profiles for halved selling prices (2 days)

3) Uncontrolled system operation case

Under an uncontrolled scheme where no optimization is
performed, the energy consumption takes place at low and
high prices. Furthermore, the battery charges using the PV
energy available, while the excess is fed mainly to the load
and the HP. The discharge of the BES in the evening is used
by the load and the HP. Besides, the charge and discharge
cycles of the battery are considerably lower than in the
optimized cases. Additionally, the HP power profile is
continuous because it is used to directly satisfy the heat
demand of the building, so its operation scheme changes
radically when compared to the optimized cases. This is
depicted in the following figure.

IV. CONCLUSIONS

The results of the optimization for winter evidenced that high
costs reduction could be achieved with the proposed system.
It was demonstrated that the FIT signal had a significant
influence on the system’s cost minimization strategy. A high
FIT resulted in a cost minimization through selling high
amounts of energy to the grid while with the reduced FIT the
minimization was performed by enhancing self-consumption
of the PV produced energy and by using the energy stored in
the BES/EV. During winter, the minimized costs between the
high and reduced FIT cases differed approximately by 10%.
In average, the optimization resulted in a minimized cost of
8.58 €/day. By assuming that this cost would be the same per
each day of the whole season, this would represent a total
energy cost of 755 €. When compared to a system where
demand response is not performed, the system costs rose to

Price,[Euros/kWh]

17.04 €/day, meaning a seasonal energy cost of 1500 €.
Therefore, it can be concluded that during winter the
proposed system could generate around 50% energy cost
reduction when acting under a demand response program.
The minimized costs were also compared to a non-optimized
case where no minimization was performed. The results are
showed in the following tables.

Table 4: Optimized (high FIT) and Non-Optimized System’s cost

comparison
Non-Optimized ATOC
Ve | HP Grid | Grid Grid ?11(1 Grid | PV | BES | EV ToC
L | kwh Drawn | Fed | Expenses | Revenues | Cost | cost | Cost | Cost €
kwh | kWh € € & € € €
11840 | 280.79 0 82.72 0 82.72 | 0418 | 140 | 067 | 8521
Optimized Normal FIT -49.63 %
v HP Grid | Grid Grid Grid Grid | PV | BES | EV | Min.
EH KWh Drawn | Fed | Expenses | Revenues | Cost | cost | Cost [ Cost | TOC
kwh | kWh € € € € € € €
800 | 118.13 | 297.84 | 97.60 68.48 29.90 3858|0418 | 173 | 2.19 | 4292

* The results correspond to an operation for 5 days.

Table 5: Optimized (halved FIT) and Non-Optimized System’s
cost comparison

Non-Optimized ATOC
. Grid | Grid Grid Grid Grid | PV | BES | EV
VEH kI.\]X:/Ph Drawn | Fed | Expenses | Revenues | Cost | cost | Cost | Cost T(€)C
kwh | kWh € € € € € €
118.40 | 280.79 0 82.72 0 82.72 | 0.418 | 1.40 | 0.67 | 85.21
Optimized Reduced FIT -44.54 %
Vi | HP Grid | Grid Grid Grid Grid | PV | BES | EV | Min.
L | kwh Drawn | Fed | Expenses | Revenues | Cost | cost | Cost | Cost | TOC
kwh | kWh € € € € € € €
800 | 117.65 | 201.99 | 2.23 44.61 0.24 4437 | 0418 | 096 | 1.51 | 47.26
*The results correspond to an operation for 5 days. V.
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