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ABSTRACT This paper proposes a method for optimally dimensioning the components of a prosumer
energy management system that integrates photovoltaic (PV) panels, multiple bidirectional electric vehicle
chargers, an inverter, and a battery energy storage charger. Besides optimally dimensioning the components,
it also optimizes power management while integrating the frequency containment reserve market and Li-ion
battery degradation. The results show that the integration of the frequency containment reserve (FCR) market
can increase lifetime cost savings by 36%, compared to optimal power management alone and up to 460%
compared to non-optimal power management. Furthermore, the effects of PV and battery energy storage
(BES) degradation on reservable capacity are analyzed including the importance of battery second-life value
on lifetime net present cost is investigated.

INDEX TERMS Battery degradation, electric vehicles, frequency control, optimal sizing, optimal power
control, photovoltaic, second-life batteries.

NOMENCLATURE

PARAMETERS
�Ecal

BES linearized calendar aging degradation per time
step

�PV (t ) PV degradation factor per time step t [kW/t]
εaggr Aggregator profit margin [0-1]
ηBES Varying BES (dis)charging efficiency
ηcable Power cable efficiency (EMS to meter) (0.96)
ηch Fixed (dis)charging efficiency for both BES

and EV (0.98)
ηinv Inverter efficiency (0.96)
ηmppt Efficiency of PV maximum power point

tracker (0.98)
λbuy(t ) Electricity buying price at time t [€ ]
λdown(t ) down regulation price at time t [€ ]
λsell (t ) Electricity selling price at time t [€ ]
λup(t ) up regulation price at time t [€ ]
c1,2,3,4(t ) battery degradation parameter

Cinvest Total investment costs [€ ]
Dch higher limit of constant current region [−]
Ddis lower limit of constant current region [−]

E2nd
BES Remaining battery energy storage system ca-

pacity at the start of second life [€ /kWh]
Edepart

EV departure energy capacity

Einit/end
X (i) Initial/final energy capacity of X = EV/BES

Nseries
cell Number of BES cell connected in series (100)

Nseries amount of BES cells in series
p% Annual interest rate of a bank savings account

[%]
Pappl (t ) appliance building load at time t [kW]

P+/−,max
grid Maximum positive/negative grid power [kW]

Pheat (t ) heating building load at time t [kW]
Pmax

inv Maximum inverter power [kW]
Ptot

load (t ) total building load at time t [kW]
Ppv, f orecast (t ) Forecasted PV power [kW]
Pirradiance

pv PV power forecast/data of a 1 kW system
[kW]
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Pmax
X Maximum (dis)charge power of X = EV/BES

[kW]
Qcell,nom nominal BES cell capacity
Tli f e Converter and PV system lifetime: 15 years

[years]
Tsim number of simulation periods in a year
V 2nd

BES Cost per kWh for the BES (start of 2nd life)
[€ /kW]

V ch
BES Cost per kW for the BES charger [€ /kW]

V new
BES Cost per kWh for the BES (new) [€ /kW]

Vcell,nom nominal BES cell voltage
V ch

EV Cost per kW for the EV charger [€ /kW]
Vinv Cost per kW for the inverter [€ /kW]
VPV Cost per kW for the PV system

(panel+converter)[€ /kW]

INDEXES
i Amount of Electric vehicles, 1 to N
t time, ∈ {0, T }, where �t is a one hour time step

VARIABLES
�EBES Battery capacity degradation per step t

[kWh]
�Etot

BES Total lost BES capacity [kWh]
γ (i, t ) Binary parameter to set EV charging to zero

outside available hours
CBES Battery Costs [€ ]
CCh

BES Battery charger Costs [€ ]
CFCR Frequency Containment Reserve revenue

[€ ]
Cgrid Grid Energy Costs [€ ]
Cgrid Total cost of energy
Cint Interest Costs [€ ]
CPV +conv Total cost for the PV system and multi-port

converter[€ ]
Ctotal Total cost of energy
DBES (t ) BES depth-of-discharge [%]
EBES (t ) Energy content of the battery at time t

[kWh]
E%

BES (t ) Percentage degradation per timestep [kWh]

Ecyclic
BES (t ) cyclic degradation per timestep [kWh]

Elim
BES (t ) Maximum battery capacity at time t , based

on degradation [kWh]
Erated

BES Optimized battery size at t = 0 [kWh]
EEV (i, t ) Energy content of EV i at time t [kWh]
Icell
X (t ) cell current of x ( = BES/EV) at time t [A]

N parallel
cell Amount of battery cells in parallel [−]

PBES (t ) Output power of battery charger at time t
[kW]

P+
BES (t ) Output power of battery charger at time t

[kW]
P−

BES (t ) Output power of battery charger at time t
[kW]

Prated
BES (t ) Rated power of BES charger at time t , [kW]

Pdwn(t ) Total down-regulation reserve at time t
[kW]

PX
dwn(i,t ) down-regulation reserve of X =

EV/BES/PV at time t [kW]
PEV (i, t ) Combined power of the ith EV at time t

[kW]
P+

EV (i, t ) Charging power of the ith EV at time t [kW]
P−

EV (i, t ) Discharging power of the ith EV at time t
[kW]

Prated
EV (i,t ) Rated power of EV charger at time t , [kW]

Prated
PV (t ) Maximum PV output power [kW]

Pdwn
FCR(t ) Combined down regulation power t [kW]

Pup
FCR(t ) Combined up regulation power t [kW]

Pgrid (t ) Grid power at time t kW]
P+

grid (t ) Positive grid power (feeding in) at time t
kW]

P−
grid (t ) Negative grid power at time t kW]

Pinv (t ) Inverter power at time t [kW]
P+

inv (t ) Positive inverter power at time t [kW]
P−

inv (t ) Negative inverter power at time t [kW]
Prated

inv (t ) Rated power of EV charger at time t , [kW]
PPV (t ) PV output power [kW]
Psched

up/dwn(t1 : t2) Scheduled up/down-regulation reserve be-
tween times t1:t2[kW]

Pup(t ) Total up-regulation reserve at time t [kW]
PX

up(i,t ) up-regulation reserve of X = EV/BES at
time t [kW]

P+
X (i,t ) Positive power of X = EV/BES at time t ,

[kW]
P−

X (i,t ) Negative power of X = EV/BES at time t
[kW]

Pmax
X (i,t ) maximum charging power of X = EV/BES

at time t t [kW]
Pmin

X (i,t ) maximum discharging power of X =
EV/BES at time t t [kW]

Prated
X Rated power of X = EV/BES at time t [kW]

SoCEV (i, t ) State of Charge of EV i at time t [p.u.]
SoCX (t ) State of Charge of X = EV/BES at time t

[p.u.]
VBES Remaining value per kWh based on remain-

ing capacity of the battery energy storage [€
/kWh]

Voc(t ) BES open circuit voltage at time t [V]
V linear

oc (t ) BES open circuit voltage at time t [V]

I. INTRODUCTION
The electrification of transportation and the built environment
is an integral part of the energy transition and should be done
sustainably using distributed energy resources (DERs), such
as rooftop photo-voltaïc (PV) panels and energy storage sys-
tems. Smart integrated energy management systems (EMS),
also known as demand response systems, are seen as smart
solutions to counteract the intermittent supply and reduce the
increased stress on the grid due to electrification. Recently,
the emergence of aggregator services, such as [1], has given
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FIG. 1. Schematic of the proposed integrated energy management system
(EMS).

relatively small-scale prosumers access to congestion and
balancing marketplaces, such as frequency containment re-
serve (FCR). Besides improving grid stability, this could also
reduce the relatively high return-on-investment periods for
electric vehicle (EV) charging and battery energy storage
(BES) systems.

This paper presents an optimization model that determines
the optimal component ratings in an integrated energy man-
agement system while simultaneously optimizing its power
management, including PV self-consumption, energy arbi-
trage, and FCR reserve capacity. The proposed EMS inte-
grates a PV system, multiple bidirectional EV chargers, a
stationary BES, and inverter, all on the same DC link. This
reduces the amount of DC/AC conversion steps and total
cost while increasing efficiency and power density. Here the
EMS controls the EVs, BES, and PV, whereas the inverter
maintains the balance on the DC link and therefore does
not require an external control signal. Finally, this study as-
sumes that a nonflexible load, consisting of a heat pump and
building appliances, is connected on the AC side behind the
meter. A schematic representation of this system is shown in
Fig. 1.

A. RELATED WORK
The related literature is divided into two different categories
1. Studies regarding the optimal power management of inte-
grated EMSs and 2. Studies regarding the optimal sizing of
integrated EMSs. An overview of all related studies and their
features is shown in Table 1. The studies are compared based
on whether or not they include the following features: optimal
control, optimal component sizing, optimal energy arbitrage
(λE ), optimal integration of FCR markets (λFCR), optimal
EV smart charging (EV s.c.), PV self-consumption, BES or
EV aging, second-life battery (SLB) value, and PV system
aging.

1) OPTIMAL EMS POWER MANAGEMENT
EMSs or demand response systems are widely investigated in
the literature [2], [3], [6]–[12], [44]. Among some of the com-
mon objectives is to optimize costs [3], [8], [9], [44], achieve
net-zero energy [7], [10]–[12], or peak shaving [10]. Often
using smart control of storages such as BES systems or EVs in
combination with renewable energy resources to achieve these
objectives [3]–[5], [7]–[10]. However, as seen from Table 1,
many of these studies do not take into account the effects due
to battery degradation, which can lead to nonoptimal results
and false impressions on usable capacity, and total costs. Sev-
eral studies have overcome this by a including battery degra-
dation model. For example, to minimize operational cost of a
battery swapping EV charging station [13], optimize vehicle-
to-grid (V2G) charging aggregation [14], or minimizing the
operational cost of an EV charging station integrated with PV
and BES [15]. A different approach is used in [17] where a
deep reinforced learning model is used to optimize battery
energy arbitrage. Similar studies have been conducted in [16],
[18].

Another effective way to reduce the total cost of energy
are SLB [19], [20], which are repurposed batteries deemed
unfit for their first application (generally EVs), but still have
enough capacity left for other applications. In [20] a degrada-
tion model is used to assess the remaining lifetime of second-
life batteries in EV charging stations. Their results show that
using SLBs can reduce the total investments costs, and that
degradation models are useful in prolonging battery life and
maximizing their utilization.

Aside from optimized smart charging based on RES, pro-
sumer participation in regulatory markets has recently been
investigated as a way to increase revenue and overcome sta-
bility issues associated with a decentralized energy system.
This is currently mainly done by utility scale BES systems or
large factories. However, with the increasing amount of EVs
also EV charging systems have shown to be very valuable
assets for the FCR market [21], [30], [31]. Furthermore, a
few studies have investigated combining the FCR market with
other revenue streams. In [21] it is shown that the integration
of EV smart charging, including V2G and the FCR market can
save up to 317 percent on annual costs, compared to uncon-
trolled EV charging. Additionally, the authors of [27] show
that FCR market integration can improve revenue streams by
up to three times, compared to PV self-consumption alone.
Similar results, on the integration and co-optimization of the
FCR market and other business cases such as energy markets
are obtained in [22]–[24], [26], [28].

2) OPTIMAL EMS SIZING
Because PV and BES systems are typically the most expensive
components of integrated EMSs, optimizing their dimensions
is critical for having a cost-effective system. [45]. In [36]
the authors investigated the techno-economic feasibility of
DC nano-grid by sizing the PV, EV and BES systems us-
ing a multi-objective particle swarm optimization. A similar
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TABLE 1 Summary of Related Studies

approach was used in [34], [35]. Some studies used battery
aging models to determine BES lifetime and further optimize
the BES system [36]–[38], and others have investigated the
optimal size of SLBs to mitigate the intermittency of PV
power in a PV-BES system [42], or for SLB assisted EV
charging stations [43]. All of the above-mentioned studies use
rule-based power-control schemes to determine the optimal
DER dimensions. However, many studies have shown that
their revenue is significantly lower then optimal power control
schemes, and as a result, will lead to suboptimal results when
used for sizing of optimal EMSs. Unfortunately, due to daily
and seasonal variations, sizing studies require large data sets,
making them unsuitable for some deterministic optimization
models. This could be a potential reason why only [39]–[41]
have investigated the combined optimization of power man-
agement and component sizes using, as shown in Table 1.
Furthermore, Table 1 also shows that although multiple stud-
ies have been conducted to investigate the optimal control
based on energy markets, FCR markets, and DER-powered
EV smart charging, no study has yet addressed the optimal
sizing for any of these business cases based on optimal power
management.

B. CONTRIBUTION
From the literature review above, it is concluded that several
studies have shown the effectiveness of EV-PV smart charg-
ing, optimal FCR market participation, or DER integration
using EVs and BESs. Some studies have even looked into
combining some business cases, as summarized in Table 1,
and found that this can result in significantly higher gains.

Next, battery degradation models have been found to be effec-
tive in prolonging lifetime and reducing the cost of ownership
in both optimal control and sizing, while other studies have
shown that even after batteries have degraded significantly,
they still have value in second-life (SL) applications and can
thus be used to reduce costs in both first- and second-life
applications. Even though all these aspects have proven to
reduce the total costs and help with DER integration, no study
yet has integrated all of these into one optimal power man-
agement method. Furthermore, no study has yet addressed
the sizing for a PV-EV-BES integrated EMS, for business
cases based on optimal power management such as, smart
charging, FCR market participation, PV self-consumption, or
any combination of these.

Therefore, the main contributions of this paper can be sum-
marized as follows:

1) We propose a comprehensive model for the simulta-
neous optimization of components ratings and their
power management. Improving upon current literature,
the proposed method integrates multiple business cases
for smart charging such as local PV self-consumption,
PV powered smart charging (including vehicle-to-grid),
optimal sizing based on optimal power management, the
FCR market, and second-life battery value.

2) By incorporating accurate energy storage models for
both EVs and BES, and including the effects of degra-
dation and the effect of SoC on power availability, we
extend current research regarding optimal sizing and
control. Due to the comprehensive model the degra-
dation model serves multiple purposes: 1. Firstly, the
degradation is minimized, and the effect of BES size
on degradation is taken into account, 2. Secondly,
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the actual remaining capacity is known throughout the
simulation time, resulting in a more accurate trade-off
between energy arbitrage and balancing reserves, 3. The
BES lifetime is estimated based on its operating condi-
tions, 4. The second-life value of the BES is assessed
based on its remaining capacity, resulting in a more
accurate estimation of operational and investment costs.

3) For the first time, a lifetime cost and performance anal-
ysis is performed, including the effect of component
degradation on FCR market participation and total life-
time revenue. Our results indicate that EV, BES, and
PV degradation and BES second-life value are signif-
icant parts of the total costs in their lifetime. To this
extent, this is the first optimal sizing/control study of
a new PV-EV-BES system to address the importance of
second-life BES value and optimize its value during the
design of the energy management system.

C. PAPER ORGANISATION
The paper is organized as follows: Section II describes
the proposed Nonlinear Programming (NLP) problem.
Next, the use cases will be specified in Section III. After
which the obtained results are discussed in Section IV. This
is followed by the Conclusion in Section V.

II. NONLINEAR PROGRAMMING MODEL
This section discusses the proposed Nonlinear Programming
(NLP) model. Here CX stands for the cost of X, VX is the value
per kW or kWh of X, PX is the power of X, EX is the energy of
X, and λX is the price of X. Furthermore, superscripts rated
declare the optimally determined rated value of X, superscript
min/max declares the time (e.g. SoC) dependent minimum or
maximum of X. +/− Declares a positive or negative direc-
tion, �t stands for the timestep and i indicates a particular EV
instance.

A. OBJECTIVE FUNCTION
The model’s objective is to minimize the overall cost of energy
to increase the attractiveness of integrated energy systems.
The overall costs include the total PV and power converter
costs CPV +conv , BES degradation costs CBES , grid electricity
costs Cgrid , interest costs Cint , and income from the primary
frequency containment reserve (FCR) CFCR market. A distinc-
tion for CBES is made, as its performance cannot be presumed
to be constant over their lifetime. The total objective function
then results in:

min(Ctotal )

= (CPV +conv + CBES + CEV + Cgrid + Cint − CFCR) (1)

1) PV - POWER CONVERTER COSTS
The optimization determines each multi-port converter com-
ponent’s rated power, denoted as Prated

X , where X indicates the
converter. In this study the converter performance is assumed
to be constant over a 15 a lifetime Tli f e [46]. Therefore, the
total PV and converter investment costs are denoted using (2).

FIG. 2. Decay of value per kWh according to the model presented in [47].

Here 1
TsimTli f e

is used to annualize the cost, based on a half-

year simulation period. Here Tsim is the number of simulation
periods in a year (equal to two). The PV costs per kWp VPV

comprise the panel cost and converter costs. Additionally, it
is assumed that all values also include all possible related
costs such installation costs, maintenance, development, etc,
as energy outlook reports [47], [48] often combine these. The
total converter investment costs are then equal to:

CPV +conv = 1

TsimTli f e

( n∑
i=1

V Ch
EV (i)Prated

EV

+ V Ch
BESPrated

BES + VinvPrated
inv + VPV Prated

PV

)
(2)

2) ENERGY STORAGE DEGRADATION COSTS
The costs of battery degradation are calculated to account for
the loss of capacity and loss of value, for both the BES and
every ith EV. The same method is applied to all, hence the
subscript X = EV, BES is used for conciseness. The degrada-
tion cost CX consider:
� The cost due to the reduction of energy capacity in kWh,

calculated based on a cycle- and calendar life degrada-
tion model described in Section II.B.3.

� The cost due to the reduction of value per kWh, cal-
culated according to the model presented in [47]. Here
the remaining value per kWh is calculated based on the
remaining capacity of the battery.

Based on the model presented in [47] it is assumed that
the remaining value per kWh value decreases linearly with
remaining capacity, the battery is in its first life, ending at 70%
remaining capacity: E2nd

X = 0.7, at 50% remaining value per
kWh: V 2nd

X = 50%V new
X [47], [49] as shown in Fig. 2 . The

total degradation costs are then calculated according to (3)-
(4). �Etot

BES and Emax
BES indicate the total degraded capacity and

maximum initial capacity, respectively, and will be calculated
in section II.B.3.

VX (i, t ) = (V 2nd
X − V new

X )

1 − E2nd
X (i, t )

�Etot
X (i, t ) + V new

X (3)

CX =
n∑

i=1

(
(V new

X − VX (i, t ))(Erated
X (i, t ) − �Etot

X (i, t ))

)
(4)

240 VOLUME 3, 2022



3) GRID ENERGY COSTS
Besides cost due to degradation, another part of the opera-
tional expenditure are the grid electricity costs. A distinction
between P+

grid (t ) and P−
grid (t ) is made in order to account for

the difference in price. The resulting cost are given in (5).

Cgrid =
T∑
t

P+
grid (t )�tλbuy −

T∑
t

P−
grid (t )�tλsell ∀t (5)

4) INTEREST COST
The cost of interest is equal to the potential income received
if no expenditure had been made. Here the EVs are not taken
into account, as they are assumed to be bought independently
from the proposed EMS. An annual interest p% of 1% is
taken into account, the resulting interest cost is then calculated
according to (6)-(7). If the simulation period covers multiple
years, (7) can be multiplied with an amortization rate A as
shown in (8)

Cinvest = V new
BES Erated

BES + CPV +conv (6)

Cint (t ) = Cinvest p%
1

Tsim
∀t (7)

A = p%(p% + 1)n

(p% + 1)n − 1
(8)

5) FREQUENCY CONTAINMENT RESERVE
The last part of the objective function is the revenue obtained
from the primary frequency containment reserve (FCR)
market. Based on a pilot study regarding prosumer FCR
market participation in the Netherlands [50], it is assumed
that a third party acts as an aggregator, combining several
systems to reach the minimum bidding power requirement
for FCR market participation. Revenue is then generated by
reserving a part of the available power capacity for up/down-
regulation [51], here denoted as Pup

reg and Pdwn
reg , respectively.

The up/down-regulation prices are: λup, λdn (obtained
from [52]), respectively, and εagg is a margin between 0 and
1, used to denote the cost of aggregation. Based on regulation
prices, the operational costs, and the current demand, the
optimization will determine how much of the available
power capacity to reserve for regulation. Calculated in the
constraints below. The total obtained revenue is then equal to:

CFCR = (1 − εagg)

× ηinvηch

T∑
t=1

(
Pup(t )λup(t ) + Pdwn(t )λdwn(t )

)
∀t

(9)

Note that only the revenue obtained from acting as reserve
is taken into account as the net energy delivered is assumed
zero. This concludes the objective part of the model. The next
section discusses the model constraints.

B. CONSTRAINTS
1) POWER BALANCE & LIMITATIONS
Fig. 1 shows a schematic representation of the proposed sys-
tem. In this study, positive BES/EV power denotes charging
operation, and positive grid power is equal to feeding power
to the grid. For the given system, two power balances exist:
1. The first power balance is on the DC link of the multi-port
converter:

Pinv (t ) = PPV (t ) − PBES (t ) − PEV (t ) ∀t (10)

(11)-(12) model the maximum power point tracking of the
PV converter. The model becomes more flexible by allow-
ing PV power curtailment during negative electricity prices
or oversized PV systems. Here the symbol ηmppt is used to
model converter efficiency, which equals 98%[53]. �PV (t )
represents the degradation of the PV panels, which is included
as a linear decay of 1% a year [54].

PPV (t ) ≤ ηmppt (1 − �PV (t ))Pirradiance
PV (t )Prated

PV ∀t (11)

PPV (t ) ≥ 0 ∀t (12)

Next, for all bidirectional converters, a distinction is made
between positive and negative powers to account for the con-
verter’s efficiency. This is described using (13)-(15). Here
ηBES, ηEV , and ηinv are equal to 97.5% (initially), 97.5%,
and 97% for the BES charger, EV charger, and inverter, re-
spectively. For the EV and BES it also includes the battery
losses of a single charging or discharging instance [55]. Fur-
thermore, the BES and EV’s internal resistance increases due
to degradation. This is accounted for by making it dependent
on Elim

X (t ), according to 15). It is assumed that the internal
resistance is doubled, when the battery reaches 70% of its
nominal capacity [56], [57].

PX (i, t ) = ηX P+
X (i, t ) − 1

ηX
P−

X (i, t ) ∀t (13)

Pinv (i, t ) = ηinvP+
inv (i, t ) − 1

ηinv

P−
inv (i, t ) ∀t (14)

where,

ηX (i, t ) = ηch − 0.025
Erated

X (i) − Elim
X (i, t )

0.3 ∗ Erated
X (i)

∀t (15)

with X equal to EV or BES. Besides being limited by the
converter’s rated power, the EV and BES are also limited
by the maximum amount of power that can be drawn from
their batteries. This is dependent on the size of the battery
combined with its maximum C-rate. For stationary applica-
tions, this is often limited to 1 C (or lower) [55]. Apart from
ultra-fast charging applications, EV charging is usually below
1 C as well. Therefore, a maximum C-rate of 2 is considered
and modeled using (16). Additionally, the maximum charg-
ing powers Pmax

X and maximum discharging power Pmin
X are

dependent on the State-of-charge (SoC) of the battery. This
dependency divides the (dis)charging regions into the regions
known as precharge region (very low SoC), constant-current
(CC) region, and constant-voltage (CV) region. Because the
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FIG. 3. Graphical representation of P+
X (t ) and P−

X (t ), where Ddis = 0.1,
Dch = 0.8, and Prated

X = 15.75.

maximum C-rate is 2 C, the maximum power in the CC-region
is restricted by the converter’s operational power limit POP

X a
constant power. A graphical representation of the three charg-
ing regions, and the corresponding power limit is shown in
Figure 3. These power limitations are often neglected charging
studies, but impacts the available power. The charging regions
are modelled using (17)-(22). Here Dch/dis denote the upper
and lower SoC limit of the CC-region.

Prated
X ≤ 2Erated

X (16)

P+
X (i,t ) ≤ Pmax

X (i,t ) ∀t (17)

Pmax
X (i,t ) ≤ Pop

X (i) ∀t (18)

Pmax
X (i,t ) ≤ Pop

X

(1 − Dch)

(
EX (i,t )

Erated
X

− 1

)
∀t (19)

P−
X (i,t ) ≤ Pmin

X (i,t ) ∀t (20)

Pmin
X (i,t ) ≤ Pop

X (i) ∀t (21)

Pmin
X (i,t ) ≤ Pop

X (i,)

Ddis

EX (t )

Erated
X

∀t (22)

Here Pop
X is used to divide the rated power of Prated

X into an
operational part Pop

X , and a reserve capacity (FCR) part PFCR
X .

Pop
X is then the power available for the operational schedul-

ing of X, where is PFCR
X is reserved for FCR capacity. This

ensures that there is always enough power available for FCR
provision and SoC-management. During FCR provision, both
regions are available depending on the frequency deviation.
The distinction is made according to (23).

Prated
X (i) = Pop

X (i) + PFCR
X (i) (23)

The second power balance in the system is on the AC side
between the inverter and the meter. Here the appliance load
Pload (t ) and heating load Pheat are connected, as modelled
using (24).

Pgrid (t ) = Pinv (t ) − Pappl.(t ) − Pheat (t ) ∀t (24)

In this case, both the appliance load and heating load are con-
sidered inflexible and therefore do not require any additional
constraints. Using (25)-(27) the grid power is constrained by
P+/−,max

grid , which can be allocated dynamically allowing for
power curtailment.

P−
grid (t ) ≤ P−,max

grid (t ) ∀t (25)

P+
grid (t ) ≤ P+,max

grid (t ) ∀t (26)

Pgrid (t ) = ηcableP+
grid (t ) − 1

ηcable
P−

grid (t ) ∀t (27)

Due to the difference between retail electricity price and feed-
in tariff (FIT), it is important to distinguish between positive
and negative grid power. Often this is done using binary vari-
ables [21], [58]. However, the use of binary variables, espe-
cially in combination with nonlinear constraints, drastically
increases the solving time of any deterministic optimization
problem. In order to solve this problem the efficiency ηcable

is introduced as a soft constraint to let the optimization rec-
ognizes the efficiency loss and prevents simultaneous nonzero
values for P+

grid (t ) and P−
grid (t ). This is valid on the condition

that the FIT is always below the retail price. However, in any
practical scenario, this will be true.

2) ENERGY BALANCE & LIMITATIONS
The degradation model used in this study is developed for a
single Li-ion cell. Therefore it is assumed that N parallel

cell by
Nseries

cell of these cells make up the total battery pack of the BES.
The energy capacity of the battery pack is then determined
by the variable N parallel

cell , and Nseries
cell = 100 cells are used to

produce the required battery voltage, as modeled by (28). The
equation is divided by a thousand in order to obtain a kWh
unit. Here V nom

cell and Qnom
cell are the nominal open-circuit voltage

and charge of a single 18650 NMC cell, in this case 3.7 V and
1.5Ah, respectively.

Erated
BES = Nseries

cell N parallel
cell

1000
V nom

cell Qcell,nom (28)

(28) describes the initial maximum energy capacity. However,
over time this maximum capacity will decrease by �EBES (t ),
which is determined by the battery degradation model dis-
cussed in Section II.B.3. Updating the maximum available
capacity is modelled using (29)-(30).

Elim
BES (t ) =

{
Erated

BES , for t = 1

Elim
BES (t − 1) − �EBES (t ), for t > 1

(29)

EBES (t ) ≤ Elim
BES (t ) ∀t (30)

Next, to calculate the degradation and power limitations, the
SoC needs to be calculated based on the newly found maxi-
mum capacity, for the EVs Elim

X = Emax
EV . This is done using

(31). It is assumed that the all SoCX are allowed to range
from 10-100%, see (32). Furthermore, (33) is used to equate
the beginning and endpoint SoC to have a fair comparison of
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FIG. 4. Open circuit voltage for a NMC battery cell [60] and its linearized
variant.

energy costs. Again the subscript X is used to denote the BES,
or any ith EV.

SoCX (i,t ) = EX (i,t )

Elim
X (i,t )

∀t (31)

0.1 ≤ SoCX (i,t ) ≤ 1 ∀t (32)

EX (i, t ) =
{

Einit
X (i), for t = 1

Eend
X (i), for t = T

(33)

Finally, the amount of energy inside the BES and EV at each
timestep is calculated according to (34) and (35), respectively.

EBES (t ) = EBES (t − 1) + PBES (t )�t for t > 1 (34)

EEV (i, t ) = EEV (i, t − 1)

+ (γ (i, t )PEV (i, t ) − Pdrive(i, t ))�t for t > 1 (35)

in (35) parameter γ (i, t ) is used to set PEV (t ) to zero when
the EV is not available and Pdrive(i, t ) is used to model the re-
duction of energy due to driving when the EV is not available.
Additionally, Pdrive(i, t ) helps by ensuring that (35) is valid
over the entire simulation period, therefore preventing the
use for conditional statements in case the EV is unavailable.
Finally, a minimum departure charge can be set by the user
using (36).

EEV (i, t ) = Edepart
EV f ort > tdepart (36)

3) ENERGY STORAGE DEGRADATION MODEL
The remaining capacity of the BES and every ith EV is re-
quired to determine the cost of degradation and to accurately
optimize power management. The used model is based on the
one presented in [59]. However, a depth of discharge depen-
dency is added based on data presented in the same study.
Fig. 5 shows the improved accuracy. The model is based on
a single NMC cell; therefore, the power PX (i, t ) is translated
into the voltages and currents of a single cell using (37)-(38),
assuming perfect cell balancing. In order to reduce the solving
time, (37) is the linearized form of the open-circuit voltage
of an NMC cell [60], as shown in Fig. 4. Next, the cyclic

FIG. 5. The dots indicate the results of the cell aging tests presented
in [59]. The cells are tested at a C-rate of 3.5 C, T = 34 ◦C and with a DoD
equal to 30, 50 and 70%.

and calendar aging are calculated according to (40)-(42).
Here a calendar degradation rate of 2% per year at 20 ◦C is
assumed [61]. This is linearized to a fixed percentage per time
step c6. For every EV, the degradation due to driving is calcu-
lated based on the WLTC profile, assuming 2 trips of 23 km
on every weekday. The resulting degradation is averaged per
time step and added to c6. Since the power rating of the EV
and BES chargers is limited to 1 C, which is far below the
maximum C-rate of the cells, the power handling capability
of the BES/EV will not be affected in its lifetime. However, to
account for the increase in internal resistance, the efficiency
is modelled as a function of remaining capacity, using (15).
Here it is assumed that the internal resistance is doubled when
it reaches 70% remaining capacity [56][57].

V linear
oc (i, t ) = Nseries

cell (i)(3.42 + 0.7SoCX (i, t )) ∀ i, t (37)

icell
X (i, t ) = PX (i, t )

N parallel
cell (i)V linear

oc (i, t )
∀ i, t (38)

�E%
X (i,t ) = c1ec2|Icell

X (i,t )| c3DX (i, t )

c4
|Icell

X (i, t )|�t ∀ i, t

(39)

�Ecycle
X (i, t ) = (�E%

X (i, t ))
Erated

X (i)

100
,∀ i, t (40)

�Ecal
X (i, t ) =

(
c5

√
te−24 kJ/RT

) Erated
X (i)

100

= (c6�t )
Erated

X (i)

100
∀ i, t (41)

�Etot
X (i) =

T∑
t=0

(
�Ecycle

X (i, t ) + �Ecal
X (i, t )

)
∀ i, t (42)

4) FREQUENCY CONTAINMENT RESERVE CONSTRAINTS
Finally, the primary frequency containment reserve (FCR)
constraints. The available reserve capacity is determined as
the difference between the components’ maximum positive,
negative or rated power (Pmax

X , Pmin
X , and Prated

X ) and the
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FIG. 6. Concept of available reserve capacity shown per component (EV,
PV, BES). The black arrows indicate the instantaneous powers, whereas the
blue and red arrows represent the down- and up-regulation, respectively.

current/scheduled power PX (t ). Taking into account power
ratings, SoC limitations, both AC and DC power balances
in the system, and the total appliance and heating load. This
concept per component is shown in Fig. 6 and is calculated
analogously for up- and down regulation using (43)-(50) and
(51)-(59), respectively.

PEV
up (t ) ≤ γ (i, t )

n∑
i=1

(
PFCR

EV (i)

)
∀ t (43)

PEV
up (t ) ≤ γ (i, t )

n∑
i=1

(
Erated

EV (i) − EEV (i, t )

�t

)
(44)

PBES
up (t ) ≤ PFCR

BES ∀ t (45)

PBES
up (i, t ) ≤ EBES (i, t ) − Erated

BES

�t
(46)

PBES
up (t ) ≥ 0, PEV

up (t ) ≥ 0, Pup(t ) ≥ 0 ∀t (47)

Pup(t ) ≤ ηinv

(
PEV

up (t ) + PBES
up (t )

)
∀ t (48)

Pup(t ) ≤ Prated
inv (t ) − Pinv (t ) ∀ t (49)

Pup(t ) ≤ Pmax
grid (t ) − Pinv (t ) + Pappl (t ) + Pheat (t )∀ t (50)

PEV
dwn(t ) ≤ γ (i, t )

n∑
i=1

(
PFCR

EV (i)

)
∀ t (51)

PEV
dwn(t ) ≤ γ (i, t )

n∑
i=1

(
EEV (i, t ) − Emin

EV (i, t )

�t

)
(52)

PBES
dwn (t ) ≤ PFCR

BES ∀ t (53)

PBES
dwn (t ) ≤ EBES (t ) − Emin

BES (t )

�t
(54)

PPV
dwn(t ) ≤ PPV (t ) ∀ t (55)

PPV
dwn(t ) ≥ 0, PBES

dwn (t ) ≥ 0, PEV
dwn(t ) ≥ 0, Pdwn(t ) ≥ 0 ∀t

(56)

TABLE 2 EV demand [63][64]

Pdwn(t ) ≤ ηinv

(
PEV

dwn(t ) + PBES
dwn (t ) + PPV

dwn(t )

)
∀ t (57)

Pdwn(t ) ≤ Prated
inv (t ) + Pinv (t ) ∀ t (58)

Pdwn(t ) ≤ Pmax
grid (t ) + Pinv (t ) − Pappl (t ) − Pheat (t )∀ t (59)

In some countries FCR should be contracted symmetrically,
in those cases (60) should be included. Finally, in order for
the model to work in a moving horizon context, (61) and (62)
are added to ensure that the power reserved in the day-ahead is
actually available. Here t + t1 : t + t2 indicates the time frame
in which the powers are reserved.

Pup(t ) = Pdwn(t ) (60)

Pup
FCR(t + t1 : t + t2) = Pup

FCR,sched (t1 : t2) (61)

Pdwn
FCR(t + t1 : t + t2) = Pdwn

FCR,sched (t1 : t2) (62)

.

III. CASE STUDIES
The effectiveness of the proposed methodology is demon-
strated using an office building with three EV chargers. Due
to its fixed working hours and multiple EV charging spots,
an office building is well suited for integrating regulatory
services. The results will be compared using three use cases.
� case 1: The proposed model, assuming asymmetrical

reserves.
� case 2: The proposed model, assuming symmetrical re-

serves.
� case 3: The proposed model, without FCR constraints

(43)–(59).
� case 4: A particle swarm optimization (PSO) based com-

ponent size optimization, combined with a rule-based
power control algorithm based on the algorithm de-
scribed in [36].

The simulations are run for a half year, based on data from
January to June 2018, to capture all diurnal and seasonal
variations. Here, we assume that the seasonal fluctuations in
the first half of the year are similar to those in the second
half of the year to reduce the solving time. Further exami-
nation shows that this does not affect the component sizes
and therefore is a reasonable assumption. The electrical and
heating demand profiles (Pload (t ) and Pheat (t ), respectively)
are considered non-flexible and are obtained from [62], see
Fig. 7 for two exemplary days. The EV charging patterns are
obtained from [63], [64] and are summarized in Table 2 . The
PV irradiance data is obtained from the Dutch Meteorology
Institute [65].
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FIG. 7. Two exemplary days of the appliance and heating load
(Pappl (t ), Pheat (t )) obtained from [62].

FIG. 8. Energy prices λbuy, λsel l , based on the 2018 APX market but
averaged around 20 cents/kWh for agreement with consumer electricity
prices.

The electricity prices (λbuy, λsell ) are based on the Amster-
dam Power Exchange (APX) day-ahead market, though yearly
averaged around 20 cents/kWh to be comparable with current
retail electricity prices. For the same reason, FIT is chosen at
50% of the average retail price tariffs [36], see Fig. 8. Finally,
the regulation prices are obtained from the Dutch frequency
regulation market [52].

IV. RESULTS
In this section, the results will be discussed based on the
three use cases described above. Besides the optimal power
management, the optimization will determine the:
� Battery energy capacity Emax

bat [kWh]
� Battery charger power rating Pmax

bat [kW]
� PV system power rating Pmax

PV [kW]
� EV charger power rating Pmax

EV [kW]
� Inverter power rating Pmax

inv [kW]
The variable bounds are given in Table 2. The model has

been solved with the CONOPT4 solver on the Generic Alge-
braic Modeling System (GAMS) on a desktop computer with
a 3.6 GHz Intel Xeon 4 core and 16 GB RAM.

A. OPTIMAL POWER MANAGEMENT & COMPONENT SIZE
The power flows for the four cases are shown in Figs. 9(a)–
(d), the optimal component sizes are given Table 3, and the
optimal cost components are given in Table 4. The ratio’s of
operational capacity (Pop

X ) to rated capacity (Prated
X ) for the

TABLE 3 Sizing Variable Prices and Bounds

TABLE 4 Cost Component for Each Use Case

BES and EV1-3 equal are also given in Table 3. The PV
size is equal to the maximum 50 kWp for all cases. This can
be explained by PV’s Levelized Cost of Energy (LCOE) as
calculated according to (63). Since the LCOE is lower than
the FIT for 82% of the time, the PV system is a profitable
investment and the optimization maximizes it size.

LCOE = VPV Pmax
PV∑T

t=0(PPV �t )Tli f eTsim
= 0.0931€/kW h (63)

Notice that the PV-inverter power ratio is greater than one for
cases 3 and 4. This is a result of the often low irradiance
of the Dutch environment. By having a smaller inverter it
better utilizes its entire power range. Another reason is that
the EV, BES, and PV are all connected on the inverter’s DC
side and can therefore absorb part of its power. Contrary to
the PV system, the BES is not a profitable investment for
case 4. This is a result of the fact that there is already a good
simultaneity between supply (PV) and demand (load, heating
& EV). In combination with the fact that the BES is operated
based on the net power in the system. Consequently, the BES
is seldom used in winter; when heating demand is higher and
solar irradiance is lower. This is different for cases 1-3, as the
control anticipates on future supply and demand, it optimizes
the BES’s (dis)charging to take advantage of differences in
electricity price. Similarly, the charging of the EVs is also
optimized, and vehicle-to-grid (V2G) is used to minimize
operational costs. As a result, the cost of grid energy for cases
1-3 is 44.8%, 21.7% and 32% lower compared to in case
4, respectively. The benefit of optimal power management is
even higher for use cases with lower supply-demand simul-
taneity and/or lower PV output, such as residential buildings.
Table 3 also shows the effect of the FCR market constraints;
the power- and energy ratings of cases 1 and 2 are significantly
higher than case 3, especially for case 1. Obviously, higher
component ratings result in more reserve power available to
be exchanged on the FCR market and more energy available
to be arbitrated. Due to this increased revenue, the total costs
were reduced by 27.8% and 23.6%, compared to case 3. The
difference in power ratings demonstrates the importance of

VOLUME 3, 2022 245



VERMEER ET AL.: OPTIMAL SIZING AND CONTROL OF A PV-EV-BES CHARGING SYSTEM

FIG. 9. Power and energy (dotted lines) flows for all four cases. The grid energy price is also plotted in striped lines for reference.

FIG. 10. Occurence of BES SoC [%] for cases 1 and 3. The case 1 BES
operates mostly in the 30-80% region, to ensure that it always has reserve
capacity available for FCR market participation.

including the FCR constraints when optimizing component
sizes. Note that optimal power management at the same time
further lowers costs, as it calculates the optimum trade-off
between operating capacity, reserve capacity, and degradation.
The BES SoC profiles in Fig. 9(a)–(b) and the SoC histograms
in Fig. 10 are an example of this. These show that the case 1
BES is seldom completely charged or discharged, but remains

TABLE 5 Optimal Component Sizes for Each Use Case

mostly in the 30-80% SoC area. As a consequence, the BES
always has up/down-regulation power available. Whereas the
BES in case 3 generally uses its entire allowable SoC range.
Based on the results presented so far it is concluded that
FCR market participation can significantly increase the sched-
uled revenue. However, so far the effects of FCR provi-
sion, in terms of grid electricity costs and degradation, have
not been taken into account. These additional costs are an-
alyzed using a moving horizon control scheme in the next
section.
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FIG. 11. Moving horizon control window, with a prediction horizon equal
to 48 h. The FCR is procured every day at 17:00 h the day ahead.

TABLE 6 Summary of Results for Cases 1-4. The Percentage Cost Savings
are Calculated by Comparing Them With Case 4

B. LIFETIME NET PRESENT COSTS
To consider the additional costs due to FCR provision and PV
forecast uncertainty, the total lifetime Net Present Costs CNPC

and Return On Investment (ROI) periods are calculated using
the proposed model in a moving horizon context as shown
in Fig. 13. Here, the rules from a pilot study on prosumer
FCR market participation in the Netherlands [50] are adopted.
Here asymmetrical aggregation and assuming day-ahead pro-
curement (as shown in Fig. 11) are used.The FCR power is
bid hourly but provided in a one-minute resolution. A lin-
ear SoC-management technique ensures that the energy stor-
ages at t = t + 1 equal the scheduled capacities. Furthermore,
1-minute resolution PV data accounts for the PV forecasting
errors. Consequently, the resulting power flows are all in a
1-minute resolution. In this analysis, the EV degradation is
minimized, but the related costs are not factored in as the EVs
are privately owned.

This moving horizon is simulated for a 15 a period. After
which, CNPC is calculated using (64).

CNPC = Cinvest − (Cbase − Ctotal ) (64)

Here Cbase is the demand only expense (appliance, heating
and EV), and thus (Cbase − Ctotal ) are the energy management
system’s savings. Fig. 12(a) shows that the ROI period equals
11.7 years, 12.3 years, 10.2 years, and 12.5 years for cases 1-4,
respectively. Therefore all cases are profitable investments,
achieving total lifetime profits of € 22.7 k, € -7.5 k € 42.7 k,
€ 17.4 k, respectively. However, after including the remaining
second-life values of the BESs, as calculated according to
(3)(4), the profits of cases 1-3 increase further to € 80 k, €
68.8 k, € 58.7 k, respectively. The total savings, ROI, and
lifetimes of cases 1-3 are summarized in Table 6. Different
to the results obtained in Table 4 these results include the

additional costs (or reduction in revenue) due to component
degradation, PV forecasting errors, and FCR power provision.
An example of the difference between optimal scheduled grid
power and actual grid power is shown in Fig. 12(b), which
shows that power provided for FCR significantly deviates the
grid power from its optimal schedule. As a result, the total grid
energy cost increases by 29.4% and 22.2% for cases 1 and 2,
respectively. As shown in Fig. 12(c). This difference in grid
power is provided by the BES and EVs, and this additional
cycling can also increase the degradation of their batteries. As
summarized in Fig. 12(c), the BES degradation has increased
by 2-4.5%, compared to the same case without FCR provi-
sion. Since the mean frequency deviation is close to zero,
the additional degradation of the battery is less significant
than the increase in grid energy costs. Nonetheless, despite
these increased costs, it can be concluded that the FCR mar-
ket can be effectively integrated with other revenue streams
such as energy arbitrage and PV self-consumption and is an
effective method for lowering overall costs. Furthermore, our
results show that BES and EV 2nd-life value is a significant
part of the overall lifetime profit. The effect of component
degradation and 2nd-life value is discussed in more detail in
the next section.

C. EFFECT OF COMPONENT DEGRADATION
The degradation of the EV, BES, and PV systems are calcu-
lated over the entire moving horizon period (15 years), and
once these reach their end-of-life criteria of 70% remain-
ing capacity, they are replaced and sold for their second-life
value. This is observed in Fig. 12(a) as the stepwise in-
crease in cost. The resulting lifetimes of the EVs and BES
are summarized in Table 6. The reduced degradation of case
2 with respect to case 1 can be explained by the fact that
the case 2 BES operates at a lower C-rate, as shown in
Fig. 14. Additionally, the normalized throughput per cell of
the case 2 BES is almost 52% lower compared to case 1.
This is because the model tries to maximize the FCR rev-
enue, and due to the symmetrical bidding constraint, has less
capacity available for other revenue streams such as energy
arbitrage. Finally, please note that for both cases, the C-rates
are much lower than the maximum allowable 2 C, due to the
BES degradation model.

To analyze the effectiveness of the degradation model, the
case 1 model has been run without BES degradation model
assuming a fixed 15 a lifetime over which the costs are annual-
ized. The optimal BES size now became 97 kWh with a rated
power of 113, and since the 2nd-life value was not considered
CBES increased by 32%. When the degradation of the resulting
BES profile was calculated, it was 17% higher than the case
1 BES, which would result in a 2 a and 4 mo reduction of
lifetime. Another important feature of the degradation model
is calculating the available energy capacity. To examine the
effect of component degradation on revenue, we examine the
differences in revenue for case 1 in the first half year versus
the first half of year 13, just before BES replacement. The
resulting difference in grid energy costs and FCR revenue are
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FIG. 12. (a):Net Present Cost of the four analyzed cases (excluding second-life BES values). (b): Actual vs. Scheduled grid power, as a result of FCR power
provision. (c): Increased cost (energy and degradation) due to FCR power provision.

FIG. 13. Flowchart representing the moving horizon control scheme
incorporating optimal scheduling and FCR provision based on droop
control.

shown in Fig. 15, the regulation revenue decreased by 27.7%
an almost one-to-one ratio with the degradation of the battery.
Whereas Cgrid increased by 14.9%. This shows the importance
of calculating the degradation of components and the actual
costs over their lifetime. Finally, the effect of PV and BES
degradation on reserved capacity is shown in Fig. 16. Here the
dashed lines indicate the daily average, reserved capacities in
the last half-year before BES replacement. The degradation
results in an almost one-to-one equivalent decrease of 29%
and 14.5% of the reserved power for the BES and PV systems,
respectively. Reducing total FCR revenue by 27.7%.

FIG. 14. Scheduled charging rate occurrence for the case 1-2 BES. The
reduced charging rate of the case 2 BES is a reason for the reduced
degradation.

FIG. 15. Grid energy costs Cgrid and FCR revenue CFCR of the case 1 model
in the first half year, versus the Cgrid and CFCR in the first half of year 13,
just before BES replacement.

D. SENSITIVITY ANALYSIS
The last part of the results include a sensitivity analysis on the
effect of the following input parameters and assumptions.

1) BES price per kWh: V new
BES

2) PV system price per kWp: VPV

3) BES Calendar life assumption: c4

4) Aggregator profit margin: εagg

Fig. 17 shows the result of varying these input parame-
ters on the optimal component sizes. It is concluded that the
PV system price does not affect the result, apart from costs.
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FIG. 16. Average Reserved powers per hour in a day. The striped lines
indicate the reserved powers of an aged system.

FIG. 17. Sensitivity on input parameters and assumptions.

Furthermore, if the battery prices fall in the future, the BES
becomes even more profitable and also higher lifetime rev-
enues can be obtained. Finally, the aggregator profit margin
is concluded to be a very important parameter. Up to 30%
it does not affect the component sizes much, apart from the
revenue. However, for higher profit margins the component
ratings decrease, up to the point that they are equal to the
values obtained for case 3.

V. CONCLUSION
This paper presents an optimization model which finds the op-
timal component sizes and power management for an energy
management system that integrates a PV system, EV charg-
ing, and a BES system. Furthermore, it includes constraints
that allow it to reserve power for the FCR market. In its
power management, the proposed method combines a unique
combination of different business cases, such as energy ar-
bitrage, PV self-consumption, FCR market participation, and
second-life BESS value. Based on our results, it is concluded
that the highest revenue can be obtained when all aspects are
optimally integrated. Additionally, our results indicate that the
return on investment for BES systems is still too high for
the simulated case without proper control. However, optimal
power management adds additional business cases for the
BES, such as energy arbitrage and FCR market participation,

making the BES very profitable. Finally, by using a moving
horizon window control, the significance of PV and BES
degradation on total lifetime revenue has been investigated. To
summarize, including the FCR market increases lifetime cost-
saving by 36% and 460% compared to optimal power man-
agement without FCR market participation and nonoptimal
power management, respectively, if the second-life value of
the BES system is taken into account. Furthermore, our results
showed the importance of including component degradation
and FCR power provision on lifetime revenue. Investigating
the effect of degradation on the reserved powers showed a
one-to-one correlation, resulting in a total decrease in FCR
market participation of 27.7% at the end of the BES lifetime.
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