Applied Energy 307 (2022) 118187

Contents lists available at ScienceDirect

Applied

Applied Energy

journal homepage: www.elsevier.com/locate/apenergy

FI. SEVIER

Check for

Revenue opportunities by integrating combined vehicle-to-home and e
vehicle-to-grid applications in smart homes

a,b,*

Timo Kern , Patrick Dossow ?, Elena Morlock ?

2 Forschungsgesellschaft fiir Energiewirtschaft mbH (FfE), 80995 Munich, Germany
Y Department of Electrical and Computer Engineering, Technical University of Munich (TUM), Arcisstrafe 21, 80333 Miinchen, Germany

HIGHLIGHTS

o Modeling vehicle-to-home (V2H) with linear programming leads to 30% overestimated revenues.

o Indicated V2H revenues for an average German household are around 310 €/a.

o The difference between household electricity price and solar feed-in tariff is most important for V2H revenues.
e Over 90% of V2H revenues are generated in summer months.

e V2G complements V2H very well due to different seasonal profitability.
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A smart integration of electric vehicles (EVs) in the future energy system will be crucial in decarbonizing the
energy sector. Bidirectional EVs can provide flexibility for the system and generate revenues for the user through
multiple use cases. We model both exclusive photovoltaic (PV) self-consumption optimization and the combined
usage of PV self-consumption optimization and arbitrage trading for a household with an unmanaged, smart, and
bidirectional charging EV in a linear (LP) and mixed-integer linear programming (MILP). Since power flows in a
typical household are low, varying non-linear charging and discharging efficiencies of the bidirectional EV in the
MILP result in more realistic revenues that are 30% lower than in the LP with fixed efficiencies. For a typical
German household using a bidirectional EV for optimizing PV self-consumption, these revenues are about 310
€/a, mostly generated during the summer. Arbitrage trading well complements this vehicle-to-home use case in
the winter months, resulting in revenues up to 530 €/a. These significant revenue potentials can lead to more
profitable and interactive EVs incentivizing users to change from internal combustion vehicles to electric
mobility.

one million registered electric vehicles in Germany by 2020 was missed.

1. Introduction

The electrification of mobility is often considered an essential
component in combatting climate change. While CO, emissions in the
German energy sector have decreased sharply, because of the strong
expansion of renewable energies, emissions in the transport sector have
remained roughly the same as they were in 1990 [1]. Coupling of the
energy and mobility sectors is seen as a major opportunity for reducing
emissions in the transport sector, with electric mobility playing a key
role [2]. The German government has introduced some subsidies, e.g.
for private individuals purchasing electric cars, to increase the share of
electric vehicles (EVs) on German roads [3]. Nevertheless, the target of

A survey by the German Association of Energy and Water Industries
found that the high investment costs for an EV are the main argument
against switching to electromobility [4]. If the economic viability of EVs
could be increased, it would provide an additional incentive for citizens
to purchase an electric vehicle.

Here, one possibility is use of bidirectional charging technology. In
contrast to unidirectional charging systems, bidirectional charging sys-
tems not only allow energy to be drawn from the grid or a generation plant
to charge the electric vehicle, but they also allow the energy from the
vehicle to be fed back in a smart form. Therefore, during periods of
inactivity, the vehicles can also be used in a manner analogous to a sta-
tionary battery storage (SBS) [5]. In vehicle-to-grid (V2G) applications,
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Nomenclature

Abbreviations

BCM Bidirectional Charging Management (project)
BCM bidirectional charge management

COM commuter

EV electric vehicle

EFC equivalent full cycle

EVSE electric vehicle supply equipment

GCP grid connection point

HP heat pump

LP linear programming

MILP mixed-integer linear programming

OH operating hour

PV photovoltaic

SBS stationary battery storage

SoC state of charge

V2G vehicle-to-grid

V2H vehicle-to-home

V2B vehicle-to-business

Parameters

bEv dep timeseries if EV is departing

Clonnectea  timeseries if EV is connected to the EVSE
Egy arive EV consumption while driving

m, gradient of charging losses

my gradient of discharging losses

n. minimum charging losses

ny minimum discharging losses

NEY roundtripmex  TM@XIMum roundtrip efficiency of EV
NsBS roundmip  TOUNAtrip efficiency of SBS

Pelbuy electricity purchase prices for household
Peipuyy2g €lectricity purchase prices for V2G

feed-in tariff

Pasenyzg e€lectricity selling prices for V2G
PEviconste/a constant charging/discharging losses
Pgyconstss constant standby losses of EV and EVSE
electrical household demand

Py thermal household demand

Ppy PV generation

Petsent

Pyp o1

S0Cep minimum SOC at departure
SoCyye  minimum SOC when connected

t timestep

T total timesteps

X start timestep of V2G interval

y end timestep of V2G interval
Variables

bgy. boolean variable if EV is charging
beva boolean variable if EV is discharging
Egy charge level of EV battery
Egypuw. public charging energy

Py, charging power of EV

Pgy q discharging power of EV

Pey g, charging losses of EV

Ppyiq discharging losses of EV

Pry s standby losses of EV and EVSE
Peepin power from grid

PGcpiny2g POWer from grid as V2G process
PGcpowr  pOWer to grid
PGepouty2e POWer to grid as V2G process

Pyp et power consumption of heat pump
Ppy cue  curtailment of PV generation

Psps ¢ charging power of SBS

Pspsa discharging power of SBS

bidirectionally chargeable EVs can contribute to grid stability in a system-
serving manner [6] while offering economic benefits for EV owners [7].
Similarly, vehicle-to-home (V2H) use cases offer the benefit of
optimized use of locally generated renewable energy while also
providing revenue opportunities; here some studies have already
addressed the profitability of bidirectional charging. Salpakari et al.
show that smart and bidirectional charging can save 8-33% of annual
electricity costs compared to an unmanaged charging strategy in a
household fitted with a photovoltaic (PV) system in Sweden. The addi-
tional cost savings from vehicle-to-microgrid are small if battery
degradation costs are taken in consideration [8]. Chen et al. study en-
ergy use optimization strategies without and with V2H for a household
with a PV system in Shanghai, taking into consideration time-varying
electricity tariffs with high and low tariff time windows. They show
that economic benefits can be achieved for the household in all use
cases. PV tariff, weather, and EV driving behavior are the key influ-
encing factors here [9]. Erdinc et al. compare bidirectional charging and
unmanaged charging for both V2H and V2G use cases for a household
with a small PV system in Portugal, again using time-varying tariffs. In
their calculations, they obtain a cost reduction potential of up to 48% by
limiting power at peak times and up to 63% for time-variable tariffs by
bidirectional charging compared to unmanaged charging [10]. Kataoka
et al. evaluate the effect of V2H applications on the economic and
environmental performance of a typical household in Japan. They find
that V2H can be economically and environmentally more beneficial than
SBSs, but results differ between commuters and non-commuters. For
future work, they suggest further sensitivity analysis, e.g. regarding the
size of EV battery or EV charge and discharge power [11]. The cost-
effectiveness of a V2H system in Germany is investigated by Cacilo

et al. Yet, no economic evaluation of the vehicle’s bidirectional capa-
bility, only smart charging, is performed [12]. Keiner et al. analyze
smart homes for an average German single-family household including
heat pumps (HPs), thermal energy storage systems, SBSs and EVs and
find that V2H can assume the role of an SBS [13]. However, they largely
focus on different thermal energy storages scenarios and not different EV
charging strategies. The above-mentioned studies model fixed charging
and discharging efficiencies and thus neglect energy losses resulting
from low-powered, ineffective charging and discharging processes in
V2H use cases [14]. Further, there is a lack of in-depth research in the
literature investigating the influence of different household component
set-ups on cost reduction potentials through the use of smart or bidi-
rectional charging EVs.

Regarding V2G use cases, there are numerous papers that deal with
the revenue potentials of EVs participating in the spot market [15].
Smart charging optimized by electricity prices can reduce charging costs
[16,17] and bidirectional charging can further reduce these costs or
even generate revenues [18]. None of the studies mentioned deal with
V2H use cases complementing arbitrage trading in spot markets. Since
arbitrage trading often results in lots of operating hours (OHs) and
equivalent full cycles (EFCs) of the battery [19], the temporary
replacement by V2H use cases could reduce the battery ageing effect.

In this paper, we address the aforementioned research gaps by
modeling V2H use cases exclusively with and without varying charging
and discharging efficiencies. This novel evaluation of more realistic
modeling of V2H as mixed-integer linear programming (MILP) with
varying efficiencies versus modeling of V2H as linear programming (LP)
with fixed efficiencies is necessary to assess whether MILP with varying
efficiencies is beneficial or even necessary for V2H analyses. For this



T. Kern et al.

Applied Energy 307 (2022) 118187

= - System - System parameters
parameters (power, alignment, ..)
(power, capacity, - Profile depending on
efﬁciency,‘..) ‘ weather

P v

EE B - Maximum power
ippv Poycurt - Electricity prices
Pecrout (day-ahead,
All GCP* _;“/—'/ intraday,
- Household - P e “  household,
) P ‘www’a industry, ...)
arameters (size, HH.th == el
gquipment () T . Pochinueg =" - CO,-emissions
. 7 = 1t Pry, - ancillary service
- Inhabitant Priee en iTP\ vd prices y
parameters Q Eevpub_c
E 5 R
(number, age, ..) o “ubrive ioep -
ans —0 Decision variables #  grid connection point

ResOpt )
ﬁ Optimization

eFlame
. Variable input
%, scenario definition

A Fixed inputs
\

- Parameters (Capacity, power, efficiency, ..)

- User behavior (safety SoC, target SoC, ..)

- Charging strategy (unmanaged, smart,
bidirectional)

Fig. 1. Schematic representation of the developed optimization model for use cases of bidirectional charging.

purpose, an optimization model is developed that optimizes the electric
power flows of a household with the objective of minimizing electricity
costs while taking technical restrictions into account. Three different
charging strategies are compared regarding household energy flows: an
unmanaged charging strategy, a smart charging strategy and a bidirec-
tional charging strategy. The V2H revenue potentials are shown based
on the influencing factors of PV size and PV feed-in tariff, household
size, household components, EV size, maximum charging power and
maximum operating hours. Finally, we model a combined application of
V2H and V2G arbitrage trading to show differences and benefits on the
electricity costs of a household. This combined, novel modeling of V2H
and V2G can realistically combine the seasonally different revenue op-
portunities of the use cases and shows that a separate modeling of a V2H
or V2G use case can underestimate the revenue opportunities. The in-
vestigations are embedded in the project ‘Bidirectional charging man-
agement’ (BCM) that analyzes the technical, economic, and regulatory
issues of bidirectional charging [5].

2. Methodology

The methodological approach for investigating V2H use cases of
bidirectional EVs is divided into two parts: first, we present the opti-
mization model for considering V2H cases exclusively. Then, the com-
bined modeling of V2H and V2G is outlined.

We developed an optimization model in order to assess revenue
potential efficiently and accurately in the area of V2H applications. The
model determines the best possible charging strategy for one or multiple
EVs connected via a grid connection point (GCP) with multiple optional
other components. This approach allows a wide range of different ana-
lyses, including V2H, V2G and V2B use cases. Fig. 1 shows a schematic of
the model structure. As displayed, the model structure eFlame (electric
Flexibility assessment modeling environment) itself consists of two sub-
models. Firstly, the household profile generator, where the electrical

and thermal consumption of a specific household are modeled based on
parameterization of the household and user behavior, modeling as well
appropriate EV driving profiles [20]. Secondly, the optimization model
ResOpt (Residential Optimizer) formulates the objective function and
constraints of variable defined components.

The model ResOpt comprises several decision variables, the values of
which are set for each time step in the course of the optimization: SBS
charging Psgs. and discharging Pgps g4, PV curtailment Ppy cu:, HP de-
mand Pyp ., EV charging Py, discharging Pgy 4 and standby losses Pgy s
as well as power from grid Pgcpin and power to grid Pgcp oy For the
combined modeling of V2H and V2G use cases (Section 2.2), we inte-
grate the decision variables Pgcpinyog and Pecpouryze that represent
power from and to the grid that is additionally constrained. A fixed
thermal Py 4 and electrical Pyy o household demand is provided as well
as the fixed PV generation Ppy.

2.1. Modelling of V2H applications with fixed and varying efficiencies

The objective of V2H optimization is to minimize the household’s
electricity costs, which is expressed in the objective function in Eq. (1).
The German household’s electricity costs to be minimized consist of the
purchase costs p,ip,, multiplied by the purchased power Pgcpin minus
the feed-in tariff p,; i) multiplied by the power Pgcp our, Which is fed into
the grid if an electricity generator is present, over all time steps t.

T
min ( Z [Petouy (1)-Picpin(t) = Petsen(t)-Pocp.ou(t) | ) (@)
=1

Relevant constrains are implemented for the household’s grid
connection point, the EV and other optional components. We refrain
from a detailed description of the constraints for optional components
such as SBS or HP at this point. Most importantly, the power fed into the
grid or supplied from the grid must equal the sum of power generated
and consumed within the boundaries of the system at any time:
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Pocrin(t) = Pacpou(t) = Punei(t) + Prp.e(t) — Pey(t) + Ppy curt(f) + Psps e (t) — Pspsa(t) + Py, (t) — Pev.a(t) + Peyiw(t) (2)
squares to each interval individually, the residual sum of squares can be

reduced to improve accuracy. Hence, we conducted preliminary simu-

Table 1 lations to determine a suitable number of intervals for sufficiently high
Deviation between real and linearized losses and efficiencies for a 11 kW EVSE. accuracy with acceptable computation time. The resulting deviations
- Diecharel obtained when linearizing power losses for zero, one, or two intervals

Charging process p:zcce:srgmg are presented in Table 1 (sum of constant EV losses and varying inverter

Number of intervals o(p) 1 2 o(pP) 1 2

Maximum deviation of power losses 250 W 42W 10W 250W 55W 14 W

Standby losses Pgy(t) represent constant losses of the inverter and
EV Pgy i constst, Which occur when the EV is connected Ceonnecrea(t) at the
household’s charging point (electric vehicle supply equipment, EVSE)
and is neither charging bgy (t) nor discharging bgy 4(t).

Pry 1,5(t) = Pev.iconsts® [Ceonnected (t) — bev,e(t) — bev.a(t)] 3

To account for such losses, the connection status Connecteq (t) (a time
series which is 1 if the EV is connected and O if it is not connected) and
the discrete boolean variables bgy . (1 if charging, otherwise 0) and bgy 4
(equals 1 if discharging, else 0) are used. Thus, standby losses can only
be included for MILP.

Another relevant constraint concerns the electric energy stored in an
EV at time t, which is determined by Equation 4.

Epy(t) = Epy(t — 1) + [Ppv o (1) — Prv ()]« At + Egy puv e (t)

— Egv.arive(t) — [Pev.a(t) + Py (1)) At — Py, conste/a® [DEv e (1) 4+ bEv,a(t)] s At
4

Here, energy losses affecting the EV’s state of charge (SoC) occur
during charging and discharging. Again, to maintain linear program-
ming (LP) optimization, constant losses Pgy;constc;a Would have to be
neglected and charging Pry ;. and discharging Pgy,;4 losses modeled in
proportion to charging and discharging power. As the EVSE in the case
of bidirectional charging contains an additional inverter converting
alternating current (AC) into direct current (DC) if charging and DC to
AC if discharging, EVSE losses for bidirectional charging are modeled as
variable over time in our work.

For this purpose, we draw on mathematical descriptions of the
inverter efficiency deduced in [21], where inverter power losses are
expressed as a quadratic function of the corresponding output power. By
rearranging the respective equations as described in Appendix A, the
inverter losses can be stated as functions of the AC-side power for both
charging and discharging processes. As implementation of these non-
linear loss functions directly resulted in unacceptably long computa-
tion times, we adopted a linear approximation approach. We linearized
the power losses equations for charging and discharging by linear
regression (method of least squares) as suggested by [22] in a similar
context, which results in a linear system of equations:

Ppy (1) = me*Ppyo(t) + neebpy (t) )

Prya(t) = mqePgya(t) +ngebpya(t) (6)

Here, m.) is the gradient of the function and n.4 represents the
minimum losses at zero power.

By dividing the possible range of charging and discharging power
into a number of equally large intervals and applying the method of least

losses), where zero losses correspond to constant losses. Since respective
variations of efficiency are small in any case apart from the simulations
with zero intervals, we implemented linearized functions of inverter
power losses for both charging and discharging for a single interval [0;
PEV‘C/d,max} based on real inverter data to limit the complexity of the
optimization problem.

Additional constraints are related to the EV’s SOC. If an EV is con-
nected at the household’s EVSE, the minimum amount of energy, rep-
resented by SoCj,p, must be reached at all times, which is ensured by
Equation 7. Here, Egy max is the maximum amount of energy to be stored
in the EV (i.e. the battery’s capacity). Equation 8 guarantees that at the
time of departure, which must be set when arriving at the household, a
fixed minimum amount of energy, represented by SoCq, is stored in the
EV’s battery. To do so, bgy g is introduced, which is 1 if t is the time of
departure. Otherwise, bgy 4, e€quals 0.

Epy (1) > S0Ciafe *EEv max *Ceonnected (1) )

Epy(t) > S0Cep* Eev,max *DEv.dep (t) 8

Optional features of the model are the limitation of the EV battery’s
number of EFCs or the EV’s OHs per day, which can be used to reduce
battery aging or respectively the wear of the EV’s power electronics.
Equation 9 limits the maximum EFCs (EFC,,) and Equation 10 the
average maximum OHs per day (OHjqex,dqy)- Since OHs are related to the
boolean variables by and bgy 4, Equation 10 can only be used for MILP.

Z;r:l ([PEV.C(I) - PEV.I.C(’)}'At —+ EEV»pub,t‘(t))

EFCyax >
EEV,m(Lx

9

OH, 1oy > ZL [bEV,(:(t) + bEV‘d(t)]

> T 103

2.2. Modelling of combined V2H and V2G applications

Adding V2G arbitrage trading to the model leads to several adaptions
in the objective functions and constraints of the optimization problem.
The regulatory framework for arbitrage trading is not yet defined for
bidirectionally chargeable EVs at the European Union level [23]. Since
power purchased and sold through arbitrage trading by SBS is exempted
from multiple duties and taxes [24], we assumed this exemption for V2G
such that modeled V2G prices differ from the normal household prices
for purchased and feed-in energy. Therefore, the objective function is
expanded in Equation 10 by the costs and revenues of the V2G compo-
nent, considering V2G prices pejpuyvac(t) and peeivec(t), and V2G
power Pgcp invag(t) and Pgep outyag(t)-

min < ET: { Petbuy (1) Picp.in(t) = Petsen (1)~ Pacp.ou (£)+ } > (10)

— ps'[‘buy‘ng(t)'P GCP,inJ'Zg(I) - pe[,sell‘\ng(l)'P GCP,(114t.\r2g(I)

The energy purchased Py i (t) and feed-in Pyag o (t) is added to the
power balance of the household grid connection point in Equation 11.
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Table 2
Relevant parameterization of elements connected to the household.
Element Parameter Value Additional Input
> Puna 3800 kWh (yearly)* Load profile*
Household > Puun 9000 kWh (yearly)* Load profile*
Grid DPel buy 29.9 ct/kWh [26]
Ppv max 5.5 kWp*** Generation profile****
PV system > Ppy 6200 kWh (yearly) based on [28]
Del senn 11.6 ct/kWh [27]
Pry e max 11 kw=* Driving profile*
Pyv.dmax 11 kw**
Egvmax 60 kWh##x*
EV MNEV roundtrip max 85%**
Annual mileage 10,000 km*
EV consumption 22 kWh/100 km**
(including charge losses)
User type Non-Commuter
EV user S0Ciafe 30%**
50Caep 70%%*
Psps.cmax 2.8 kW
Psps.dmax 2.8 kW
SBS Esps max 5.5 KWh*"
MBS roundtrip 88%
HP Prp el max 5 kW [29]
Coefficient of Performance 3.45 [30]
*Average load value, annual driving, load profile and driving profile are output from household profile
generator [20] and provided in supplementary material.
**Based on specifications of BCM project [5].
***Calculated by usable roof space multiplied by specific energy 0.15 kWp/m? [31].
Provided in supplementary material.
E.g. Volkswagen ID.3 Pro [32] / Opel Ampera-e [33].
Capacity and power of SBS based on PV power [34].
Pcrin(t) = Pacp our(t) + Pacpinyag(t) — Pocounag (1) = Pt ei(t) + Prp i (t) — Pey () + Ppy cur(f) + Psvs.c (t) — Psps.a(t) + Pey.e(t) — Pev.a(t) + Peyiu(t) 1)

In contrast to a SBS, bidirectionally chargeable EVs consume elec-
tricity by driving and thus charging and discharging energy do not
balance. Since V2G electricity prices will only be exempted from mul-
tiple duties and taxes if the same amount of purchased energy is fed back
into the grid at a different time, we add constraints to the V2G powers in

Equation 12. The purchased energy sum (Zle [chpm,vzg(t) } ) equals the

fed-in energy sum (Zle [Pocp.outvzg (t) ] ) divided by the maximum V2G

roundtrip efficiency 7y roundirip max> DECAUSE losses of a V2G roundtrip are
included in the exemption from additional electricity charges [24]. The
roundtrip efficiency refers to the charging and discharging efficiency of
the bidirectionally chargeable electric vehicle (from AC to AC). The
timeframe of the power equation t = x to y can be set variable depending
on the regulatory framework of the considered household.

(Z [Pocrinye (1) ] ) = <Z [Pocr ousas (1) ] ) / NEV soundsrip.max (12)

1=x 1=x

To ensure that the purchased and fed-in energy is associated with the
EV and not a different component of the household, we add Equations 13
and 14. Purchased energy Pgcpinyo,(t) has to be lower than charged
electricity Pgy(t). In addition, fed-in energy Pgcp ou,v2g(t) must be lower
than discharging of the EV Pgy 4(t).

PGepiny2g(t) <= Prv(t) (13)

PGepoupg () <= Prva(t) a4

Finally, considering a household with PV generation leads to possi-
bilities of misuse when V2G energy is exempted from duties and taxes. In
such a case, PV energy could first be charged into the EV and later be
discharged into the grid as a V2G process (duties and taxes exemptions).
As the EV is allowed to purchase the corresponding amount of energy
described in Equation 12 as a V2G process, such an EV could purchase
energy at a different time which would replace purchases of energy at
household electricity prices. In this way, as much PV energy as desired
can be fed through the EV into the grid in order to purchase the corre-
sponding amount of energy at much lower prices at a different time. To
prevent this effect, only V2H or V2G may be performed within a set
period. Equations 15 and 16 constrain the optimization problem for a
V2G time frame. If boolean variable by is set to O for a time interval t =
X toy, V2G is not allowed. If by, is set to 1, discharged energy of the EV
must be fed to the grid and is not allowed to be fed to the household.
Thus, V2H self-consumption optimization is not allowed for the
respective time interval.

PGepoutyg (1) <= bEv 12e*PEV,dmax (15)
Prv.a(t) < Pgepouag(t) + (1 = Pevang) *Pev.d max (16)
with bgy,2, = [0,1] for time interval t = x to y
3. Results

Every scenario study includes three EV operation strategies: un-

managed charging, smart charging, and bidirectional charging. Reve-
nues of a bidirectional or smart charging strategy are always compared
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to the reference of unmanaged charging.
3.1. Input data and set-up of average household scenario

To evaluate the economic viability of the use case ‘self-consumption
optimization’ by bidirectional electric vehicles, a medium-sized single-
family house (150 m2 living space) is defined, which is subsequently
referred to as the base scenario. Table 1 shows the main characteristics
of the household and potential additional components. These optional
components include a PV system, an EV, a SBS and a HP. Table 2 shows
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the parameterization of these components, additional input for their
modeling, and the associated references. Prices and profiles are based on
data from the year 2018.

Concerning the household profiles, Appendix B shows that 20
discrete profiles are sufficient to represent average revenues of a
household class. Therefore, 20 profiles are used below, having on
average the characteristics shown in Table 2. We focus on EVs that are
used by non-commuters, since approximately 75% of EVs in Germany
are non-commuting EVs [25], but show the revenues for a commuting
EV as a sensitivity in chapter 3.2.

Bidirectional charging
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Fig. 3. Parameters influencing revenues of V2H use cases for smart and bidirectional charging EVs.
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Table 3
Revenues, operation hours and EFCs for bidirectional operating strategy of the
EV.

Scenario V2H V2H V2H base + V2H base +
base base 4+ V2G max. 10 V2G max. 5
V2G OHs/day OHs/day
Average Total 310 530 510 410
revenues in V2H 310 300 300 270
€/a V2G - 230 210 140
EFCs/a 50 320 250 130
OHs/d 6.9 12.5 10 5

3.2. Revenues for V2H operation

Various sensitivity calculations are evaluated to assess the benefits of
bidirectionally chargeable EVs for household owners. Fig. 2 compares
the revenues and PV self-consumption of smart and bidirectional
charging strategies for the base scenario to the linear base scenario (LP
optimization with constant efficiencies), the commuter EV scenario
‘COM’ and scenarios with the additional components HP and SBS.

Additional revenues for the base scenario are around 210 €/a for a
smart charging EV and around 310 €/a for a bidirectionally chargeable EV.
These revenues represent cost reductions of 25% to 36% compared to a
household with an unmanaged charging EV. Self-consumption of elec-
tricity from the PV system increases on average from 23% for unmanaged
charging to 45% for smart charging and 65% for a bidirectionally
chargeable EV. This improved use of cheaper PV energy rather than en-
ergy from the grid leads to higher revenues and a higher degree of autarky.

The ‘Base linear’ scenario shows a similar PV self-consumption in-
crease, but significantly higher revenues for both smart and bidirectional
charging compared to the base scenario. Since the household power de-
mand and the PV power are both below 1 kW in 90% respectively 73% of
all timesteps, where a varying inverter efficiency would drop significantly,
the fixed efficiency of the EV’s charging and discharging leads to a higher
utilization with much lower losses. A more detailed description of the
resulting differences in charging and discharging behaviour between fixed
and varying efficiency is provided in Appendix C. PV self-consumption in
the linear base scenario is slightly lower than in the non-linear base sce-
nario due to lower charging and discharging losses. The diverging reve-
nues of around 100 €/a for a bidirectionally chargeable EV compared to
the base scenario (divergence of 32%) show that for our considered use
case, it is not valid to model a LP with fixed efficiencies. Therefore, all of
the following results are based on a MILP optimization with a varying
efficiency for charging and discharging of the EV.

In the commuter EV scenario ‘COM’, we model a commuter EV
instead of a non-commuter EV in the household. The average annual
mileage increases from 10,000 km/a to 20,000 km/a and the average
availability of the EVs at the charging point decreases from 91% to 67%.
For smart charging EVs, the average commuter EV generates only
slightly lower revenues compared to the revenues of the smart charging
EV in the base scenario. The lower availability of the commuter EV is
compensated by the higher EV consumption that leads to more possi-
bilities of smart charging. In contrast, the bidirectionally chargeable,
commuting EV generates revenues that are about 100 €/a lower than the
non-commuting EV’s revenues. The lower availability of the commuting
EV during the day leads to fewer opportunities of charging PV elec-
tricity. Therefore, the PV electricity is used for consumption of the EV,
but not for discharging to the household.

Adding additional smart components to the household leads to lower
revenues for managed EV operation strategies, since these components
also use the cheaper PV energy to optimize the household’s electricity
costs. In these scenarios, the reference case of unmanaged EV charging is
already much more efficient than in the base scenario leading to a lower
revenue potential of bidirectionally chargeable EVs. In scenario HP, the
heat pump can be operated flexibly such that part of the low-cost PV
electricity is used for heat generation. In particular, the battery storage
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in the SBS scenario acts similarly to the bidirectional electric vehicle,
such that the revenue potential there is even more limited. The combi-
nation of these additional smart components in the household then
provides the lowest revenue potentials. The impact on revenue potential
is in turn linked to the level of self-consumption of the solar energy for
the different EV operating strategies. With additional smart components
in the household, a higher self-consumption is already apparent with
unmanaged charging of the EV, such that the possible increase is limited.

Other relevant factors potentially influencing revenue potential
include:

e EV battery capacity

e Maximum power of EVSE

e PV peak power

e PV feed-in tariff

e Household size

e Maximum OHs of EV and EVSE

Fig. 3 shows the effect of parameter variation on the revenue po-
tential for smartly and bidirectionally chargeable EVs. The use case of
self-consumption optimization is highly sensitive. In particular, the
design of the PV system has a strong impact on the revenues. A large PV
system with a low feed-in tariff generates significantly higher revenues
through both smart and bidirectional charging of an electric vehicle. The
parameterization of the EV and the EVSE has much less effect. In this
case, larger designs cause no or only small increases in revenue. As for
the EV, the selected capacity in the base scenario is sufficient to exploit
the major part of revenue potentials for the fixed household and PV
configuration. The small effects of the EVSE are related to the configu-
ration of the household in the base configuration (maximum PV feed-in
4.5 kW, maximum demand household 7.7 kW). An EVSE of 22 kW
instead of 11 kW has no effect on revenues. In contrast, the household
size has a large impact on the revenue potential for bidirectionally
chargeable EVs, since a larger household with higher demand power
enables more efficient discharging of the EV.

Additionally, we evaluate a limitation of the resulting OHs of the
bidirectionally chargeable EV reducing the impact on battery ageing and
the additional load on power electronics. OHs of the bidirectionally
chargeable EV in the base scenario without limitation are around 6.9 h/
d compared to 0.7 h/d for the unmanaged charging EV. EFCs are less
affected and increase only by 18 EFC/a from 34 to 52 EFC/a for the
bidirectionally chargeable EV. Since OHs are much more affected than
EFC, we present constrained OHs per day to show the effect of limited
usage on revenues. A reduction of OHs by 64% to 2.5 h/d results in a
moderate revenue reduction of 19%. EFCs of the battery then reduce
from 52 EFC/a to 41 EFC/a.

Lastly, for a maximum revenue estimate, we examine a household
that has the best suited configuration of each of the analyzed parame-
ters. An average annual household demand of 5900 kWh is combined
with a 9.5 kWp PV system, which receives a feed-in tariff of 3.6 ct/kWh,
and an EV with a battery capacity of 100 kWh. This household set-up
receives revenues of 835 €/a for a bidirectionally chargeable EV and
revenues of 390 €/a for a smart charging EV, showing the maximum
potential revenues for the use case self-consumption optimization.

3.3. Revenues for combined V2H and V2G operation

Since self-consumption optimization achieves more profits when
more PV energy is generated, V2H is more useful in summer times than
in winter times. To benefit from the bidirectionally chargeable EV in the
best possible way, we model a combined use of V2H and V2G arbitrage
trading. For explained regulatory reasons, the EV is not allowed to
optimize self-consumption and arbitrage trading at the same time.
Instead, the optimizer can switch the use case of the bidirectionally
chargeable EV daily.

For arbitrage trading, we use German day-ahead market prices from
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Fig. 4. Daily share of households using V2H and V2G correlated to weekly standard deviation of electricity prices and weekly PV generation.

2018 [35] matching the parameterization of the other components. Duties
and taxes for purchased energy are not added to the electricity prices,
because the regulatory framework for bidirectionally chargeable EVs is
not yet fully defined. The revenues shown are thus an upper estimation.

Table 3 compares potential revenue of a combined optimization of
V2H and V2G with and without restricted OHs to the revenues of the
base V2H scenario. Revenue potentials of unrestricted, combined V2H
and V2G increase by 220 €/a (plus 71%) compared to the base scenario,
while EFCs increase by 270 EFCs/a and OHs by 5.5 OHs/d, meaning a
significant additional load for the EV’s battery. Limiting the maximum
OHs to 10 h/d barely reduces revenues. In this case, EFCs are reduced by
70 EFCs/a relative to the unconstrained scenario, which is still an in-
crease of 200 EFCs/a compared to the base V2H scenario. Limiting the
maximum OHs to 5 h/d leads to revenues, which are 100 €/a higher than
for the base scenario, yet 120 € lower than for the unrestricted combined
scenario. Here, the EV usage is reduced significantly (only 70 EFCs/a
more than the base scenario).

The generally increased revenues show that V2G arbitrage trading
represents a very good complement to V2H use cases. To further analyze
the combination of these use cases, Fig. 4 shows the share of daily usage
of V2H and V2G for the evaluated 20 households in the restricted
optimization by 5 OHs/day as well as the weekly standard deviation of
electricity prices and the weekly PV generation. The usage of V2H cor-
relates to the PV generation that is the highest from April to September.
In contrast, the daily standard deviation of day-ahead prices does not
vary on a seasonal basis, meaning that daily arbitrage trading is on
average equally profitable in summer and winter times. Therefore, V2G
complements V2H in winter times. Since Fig. 4 shows the OHs restricted
optimization, there are days on which no V2G and V2H is used, which
are days of low revenue potential.

4. Discussion on results and limitations

Our results show that smartly and bidirectionally chargeable EVs can
reduce a household’s electricity costs significantly by optimizing the
self-consumption of PV energy. Profits of the V2H use case are highly
sensitive to components of the household and their parameter varia-
tions. While the design of the EV and EVSE has a small impact on the
revenues of the use case, the higher the maximum PV power and the
lower the PV feed-in tariff, the more profitable V2H is. Our simulations
show revenues of about 300 €/a for a typical German household with
varying efficiencies (MILP). Potential cost reductions for households
with bidirectionally chargeable EVs in a scenario best fitted for
maximum revenues go up to 830 €/a, while households with smart
charging EVs reach a maximum cost reduction of 390 €/a. Furthermore,

we show that commuting EVs are not well suited for bidirectional self-
consumption optimization but should rather only use smart charging.
The average revenues indicated in this paper are slightly higher than
revenues in the literature relating to V2H [8,11,13]. However, we show
that revenues related to smart and bidirectional charging EVs are
strongly sensitive to parameterization of household components.

By comparing results modeled as MILP with varying efficiencies to
modeling with fixed efficiencies (LP), we found that it is highly important
to model V2H use cases for bidirectional charging as MILP with varying
charging and discharging efficiencies. Since for V2H applications only low
charging and discharging powers are needed due to low household power
demand and low PV system generation power, in reality low charging and
discharging efficiencies occur at many times. Thus, modeling with a fixed
efficiency (LP) led to revenues that are over 30% higher than the more
realistic results of MILP, which is why we recommend to model V2H use
cases exclusively with varying efficiencies.

All revenues presented are based on the German regulatory frame-
work. However, through the sensitivity analyses, detailed conclusions
can be drawn about V2H revenue potentials in other countries. The
sensitivity analyses show that the difference between household elec-
tricity price and feed-in tariff is the most important influencing factor.
According to Fig. 3, a higher feed-in tariff of almost 20 ct/kWh results in
60% lower revenues, i.e. approx. 120 €/a for an average household. In a
country with a price spread between household electricity price and
feed-in tariff of 10 ct/kWh, these strongly reduced revenues can be ex-
pected. Similar conclusions can be drawn with regard to the country-
specific revenues for V2G applications, which we discuss in detail in
[19]. In this way, the detailed findings of the sensitivity analyses can be
transferred very well to the conditions in other countries.

With the novel combined modeling of the use cases self-consumption
optimization (V2H) and arbitrage trading (V2G), we show that the two
use cases are highly complementary in terms of potential revenues.
Since the V2H use case is strongly dependent on the PV generation, cost
reduction options are high during the summer months. V2G arbitrage
trading, where revenues do not alter significantly over the course of a
year, can thus make greater use of the bidirectionally chargeable EV in
the wintertime, resulting in an increased utilization of the vehicle.
Dependent on the permitted usage of the EV, revenues of the base sce-
nario increase from a maximum of 220 €/a to 530 €/a. As this increase
shows, our more complex yet more realistic modeling highlights the
great economic potential of combined V2H and V2G. As implementing
multiple use cases at a time is likely to become common for EV users in
the near future, our results show the future perspective of such multi-
use-implementation for greater flexibility and higher revenues.

OHs and EFCs of the EV’s battery increase for V2H use cases, but far
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less than for arbitrage trading [19]. We show that limited use of the EV
of 2.5 h/d still generates high V2H revenues, which are only 19% below
the unconstrained revenues. Comparing these limited OHs of around
900 h/a and EFCs of 41 EFC/a to currently warrantied lifetime values for
battery and power electronics in automotive applications, which are
around 10,000 OHs [36] and up to 5,000 EFCs [37,38], additional OHs
are more critical than additional EFCs, but V2H is still suitable as a use
case for EVs. In this context, we want to emphasize the trade-off that
although V2G arbitrage trading can generate significant additional
revenues, it also leads to significant additional OHs and EFCs.

For the arbitrage trading, modeled electricity prices for selling and
purchasing energy are equal. Depending on the regulatory framework
there might be some additional duties and taxes for purchased energy,
making the use case less profitable. Therefore, the presented revenues for
arbitrage trading in the day-ahead market are to be interpreted as an upper
bound of revenues. For a more detailed revenue estimation of arbitrage
trading in European electricity markets, we refer to Kern et al. [19].

Finally, an economic evaluation of V2H and V2G use cases must
include the additional investment costs of a bidirectional EVSE. To bring
the presented revenue potentials into perspective for both present and
future circumstances, we roughly estimate the economic viability of
V2H by including additional annual costs via the annuity method [39].
Currently, there are only few offers for bidirectional EVSEs suitable for
on low-volume production, resulting in high investment costs of around
€6,000 [40]. The medium-term cost projections of experts in the BCM
project for such an EVSE are around €2,000 [5]. Assuming an EVSE
lifetime of 15 years [41], an interest rate of 3.5% [42] and unmanaged
charging EVSE costs of €599 [43] leads to additional annual costs of the
bidirectional EVSE of currently 469 €/a and medium term 122 €/a. A
comparison with the V2H revenues of the typical German household of
310 €/a shows that V2H will most probably not be economical for this
household at current costs but is likely to become profitable in the
medium term. However, this is only a rough estimate and other addi-
tional costs should also be quantified for a more solid prediction, such as
the installation costs of the bidirectional EVSE and potential additional
costs for the bidirectional vehicle.

5. Conclusions

Vehicle-to-home (V2H) use cases and a combination of V2H and
vehicle-to-grid (V2G) use cases can be highly beneficial for electric
vehicle (EV) users. We provide a detailed description of the modeling
and input data, that allows readers to reconstruct the revenues for these
use cases. The major findings of our study are:

e Indicated revenues for an average German household are around 310
€/a for bidirectional charging and 210 €/a for smart charging

Appendix A
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compared to an unmanaged charging EV, increased to 830 €/a and
390 €/a respectively for a maximum revenue estimation.

Revenues of V2H use cases should consider varying charging and
discharging efficiencies in a mixed-integer linear programming,
since modeled fixed efficiencies in a linear programming led to 30 %
higher revenues and an unrealistic charging/discharging behavior.
Revenues of bidirectionally chargeable EVs are highly case-sensitive
depending on the composition of a household. The dimensioning of
the photovoltaic system and the household size are more decisive
than the size of the EV.

Smart additional components in a household, such as heat pumps
and stationary battery storages, significantly limit the revenues of a
smartly chargeable or bidirectionally chargeable EV.

e V2G arbitrage trading works well with V2H self-consumption opti-
mization because arbitrage trading revenues do not depend on the
time of the year, while V2H primarily generates revenues during the
summer.

Combined use of V2H and V2G leads to maximum additional reve-
nues of 220 €/a, but increases operating hours of the EV by more
than 5 h/d and equivalent full cycles (EFCs) by as much as 270 EFCs/
a.
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A key element of the presented model development is the varying efficiency of the charging and discharging process depending on the respective
power. In the case of bidirectional charging, losses are neither constant nor directly proportional to the charging or discharging power due to the
additional inverter at the charging point. Thus, we describe the derivation of the relevant equations for the MILP in detail. According to [21], power
losses of an inverter P; consist of a constant self-consumption vconst, voltage losses at diodes and transistors v; that are proportional to the output power,
and quadratic power-dependent losses caused by ohmic loss resistances v,. As the efficiency of the inverter 7 is the ratio of output power P, to input

power P;,, we formulate the following equation:
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We express the efficiency for charging 5, and discharging 7, as a function of the AC-side power. For charging, AC-power before the inverter is
converted into DC-power. Thus, P;, equals Psc . and P, equals Ppc.. We express Ppc as a function of P4¢. (Equation A.2) to derive Equation A.4. For
discharging, directions are reversed, such that P;, equals Ppc4 and P,,, equals P4c4 resulting in Equation A.3 and A.5.

2
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Based on these equations, we express the inverter power losses of charging and discharging as a function of the respective AC-power (Egs. (A.6) and
(A.7)). These equations constitute the basis for the linearization described for implementation in this work.
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2Vge

(A.6)
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Appendix B

To determine the number of profiles for a representative mapping of a household group, a number of profiles is randomly drawn from a maximum
of 150 profiles. This is done 10,000 times per number of profiles. The calculated mean values of these 10,000 draws are compared to the mean value of
the 150 profiles and the maximum deviation of these mean values is displayed in Fig. B1. The deviations of the mean revenues are a maximum of 5%

for 20 profiles, which is tolerated as a maximum deviation. Therefore, in the following, all studies are based on 20 randomly drawn, discrete household
profiles.

2%
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Fig. B1. Relative maximum deviation of mean revenues in dependance on number of modeled profiles.
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Appendix C

Fig. C1 shows the power flows at the GCP for a typical summer day. Power in the direction of the GCP is shown as positive. This includes EV
discharging, PV generation and grid supply. Power flowing away from the GCP is shown as negative. This includes EV charging, household demand
and grid feed-in (electricity supplied to the grid). For LP with fixed efficiency, household demand is balanced by EV discharging at night. For MILP
with varying efficiencies, household demand is mainly balanced by grid supply, because the discharging efficiency of the EV is too low for these small
power demands.
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Fig. C1. Power flows at the GCP for a typical summer day.

Appendix D. Supplementary data

Household_data: electrical and thermal consumption, PV generation, and driving profile in 10-minute time resolution for 20 households. Sup-
plementary data to this article can be found online at https://doi.org/10.1016/j.apenergy.2021.118187.
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