Applied Energy 239 (2019) 356–372

Contents lists available at ScienceDirect

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

Multi-objective optimization of energy arbitrage in community energy
storage systems using diﬀerent battery technologies
Tom Terlouwa,b,1, Tarek AlSkaifa,
a
b

⁎,1

T

, Christian Bauerb, Wilfried van Sarka

Copernicus Institute of Sustainable Development, Utrecht University, Princetonlaan 8a, 3584 CB Utrecht, the Netherlands
Paul Scherrer Institute, Laboratory for Energy Systems Analysis, 5232 Villigen PSI, Switzerland

H I GH L IG H T S

optimization of energy arbitrage in community energy storage systems.
• Multi-objective
feasibility from the perspective of an aggregator and a distribution system operator.
• Economic
frontiers of the two objectives for each scenario and six diﬀerent battery technologies.
• Pareto
battery technologies show the best economic and environmental performance.
• Lithium-ion
• The combination of energy arbitrage with peak shaving shows promising potential.
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The power system requires an additional amount of ﬂexibility to process the large-scale integration of renewable
energy sources. Community Energy Storage (CES) is one of the solutions to oﬀer ﬂexibility. In this paper two
scenarios of CES ownership are proposed. Firstly, an Energy Arbitrage (EA) scenario is studied where an aggregator aims to minimize costs and CO2 -emissions of an energy portfolio. Secondly, an Energy Arbitrage - Peak
Shaving (EA-PS) scenario is assessed, which is based on a shared ownership between a Distribution System
Operator (DSO) and an aggregator. A multi-objective Mixed Integer Linear Programming (MILP) optimization
model is developed to minimize the operation costs and CO2 -emissions of a community situated in Cernier
(Switzerland), using diﬀerent battery technologies in the CES system. The results demonstrate a proﬁtable
system design for all Lithium-ion-Batteries (LiBs) and the Vanadium Redox Flow Battery (VRFB), for both the EA
and EA-PS scenarios. The economic and environmental performance of the EA-PS scenario is slightly worse
compared to the EA scenario, due to power boundaries on grid absorption and injection to achieve peak shaving.
Overall, the diﬀerences between the EA and EA-PS scenarios, in economic and environmental performance, are
small. Therefore, the EA-PS is recommended to prevent problematic loads on the distribution transformer. In
addition, the Pareto frontiers demonstrate that LiBs perform best on both economic and environmental performance, with the best economic and environmental performance for the Lithium-Nickel-Manganese-Cobalt
(NMC-C) battery.

1. Introduction
The power system is facing a tremendous change due to the largescale integration of renewable Distributed Energy Resources (DERs) and
the widespread of digitalization [1]. The International Energy Agency
(IEA) expects that the share of renewables in the global electricity mix
will increase to 30% in 2022, with a dominant share of wind and

Photovoltaic (PV) power (82%) [2]. However, electricity generation
from wind and solar is intermittent, and the current power system is not
designed for such power variations [3]. Moreover, it is expected that
the electriﬁcation of energy systems will increase even further, which
inevitably results in larger power ﬂows and ramps [4]. Therefore, the
power system requires an additional amount of ﬂexibility to ensure a
resilient and reliable power system [5].
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Nomenclature

Etp
Indices
a
t
i

N
Ncycles
P bat,max
Pgrid,max

index for shiftable loads, a ∈ {1, 2, …, A}
index for time-slots, t ∈ {1, 2, …, T}
index for households

t
Plong
a
Pmax
a
Pmin
t
Pnsl
t
Pnsl
t
PPV
t
PPV
Ptrans
S
SoC0
SoCmax
SoCmin
TP a, t , i

Sets

A
T
N

set of shiftable loads
set of time-slots
set of households in the community

Abbreviations
AIC
ASHP
BEV
BoS
CES
DER
DSM
DSO
EA
EA-PS
EMS
ESS
FiT
HES
IEA
LCA
LCOE
LFP-C
LiB
MILP
NCA-C
NCA-LTO

Akaike Information Criterion
Air-to-water Source Heat Pump
Battery Electric Vehicle
Balance of System
Community Energy Storage
Distributed Energy Resource
Demand Side Management
Distribution System Operator
Energy Arbitrage
Energy Arbitrage - Peak Shaving
Energy Management System
Energy Storage System
Feed-in-Tariﬀ
Home Energy Storage
International Energy Agency
Life Cycle Assessment
Levelized Costs Of Electricity
Lithium–Iron-Phosphate/graphite
Lithium-ion Battery
Mixed Integer Linear Programming
Lithium-Nickel–Cobalt-Aluminium/graphite
Lithium-Nickel–Cobalt-Aluminium/
Lithium-TitanateOxide
NMC-C Lithium-Nickel-Manganese-Cobalt-Oxide/graphite
O&M
Operation & Maintenance
PBP
Pay-Back-Period
PV
Photovoltaic
PVSC
PV-Self-Consumption
RE
Roundtrip Eﬃciency
SARIMA Seasonal Auto Regressive Integrated Moving Average
SoC
State-of-Charge
STEM
Swiss Times Energy system Model
ToU
Time-of-Use
TSO
Transmission System Operator
VRFB
Vanadium Redox Flow Battery
VRLA
Valve Regulated Lead Acid

Variables

pa, t , i
pt
t
pbat,ch
t
pbat,dis
t
pgrid,absI
t
pgrid,absII
t
pgrid,inj

t
pshort
t,i
psl
pslt
y a, t , i

SoCt

power demand of a in i at t [kW]
power action at t [kW]
battery charging power at t [kW]
battery discharging power at t [kW]
aggregated residual power absorbed from the grid in
phase I at t [kW]
aggregated residual power absorbed from the grid in
phase II at t [kW]
aggregated surplus power injected into the grid at t [kW]
imbalance power when aggregator is short at t [kW]
aggregated shiftable loads of i at t [kW]
aggregated shiftable loads in the community at t [kW]
binary decision variable when a can be operated in i at t
[–]
battery state of charge at t [%]

Indicators
discount rate [%]
total annual beneﬁts [euro/year]
actual intra-day electricity price at t [euro/kWh]
predicted intra-day electricity price at t [euro/kWh]
total annual costs [euro/year]
annual costs for imbalance and electricity absorption
[euro/year]
t
chh
household electricity price at t [euro/kWh]
cmaintenance annual maintenance costs [euro/year]
t
c paid,PV
remuneration paid to households for PV generation at t
[euro/kWh]
Cimbalance annual imbalance costs [euro/year]
t
clong
imbalance price received when aggregator is long at t
[euro/kWh]
t
cshort
imbalance price paid when aggregator is short at t [euro/
kWh]
gt
carbon intensity of grid power absorbed at t [kg CO2 -eq./
kWh]
ICES
investment costs in CES [euro]
share of potential annual incidents of total grid interacIshare
tions [-]
L
lifetime of the system [years]
LCOE
levelized costs of electricity [euro/kWh]

γ
Bannual
ct
c t̂
Cannual
cannual

Parameters

ηch
ηdis
Cbat,average
Cbat,CES
Cbat,req
DoD
w1
w2
Esla
EoL

lifetime [–]
energy throughput in the battery during battery lifetime
[kWh]
number of households [–]
number of battery cycles during cycle lifetime [–]
maximum power the battery can (dis)-charge [kW]
maximum allowed aggregated power from/to the grid
[kW]
long imbalance power at t [kW]
upper limit of power assignment to a [kW]
lower limit of power assignment to a [kW]
actual aggregated non-shiftable load at t [kW]
predicted aggregated non-shiftable load at t [kW]
actual power harvested by all PV systems at t [kW]
predicted power harvested by all PV systems at t [kW]
capacity of the transformer [kW]
safety factor [kW]
initial battery SoC [%]
maximum battery SoC [%]
minimum battery SoC [%]
time preference of i for the activation of a at t [–]

battery charging eﬃciency [–]
battery discharging eﬃciency [–]
average battery capacity during battery lifetime [kWh]
installed battery capacity of CES [kWh]
required storage capacity for battery application [kWh]
depth of discharge [%]
weighting of costs [–]
weighting of CO2 -emissions [–]
daily electricity consumption of a [kW]
share of battery capacity needed at the end of battery
357

Applied Energy 239 (2019) 356–372

T. Terlouw et al.

LTbat
LTcal
LTcyc
PBP

lifetime of the battery pack [years]
calendric lifetime of the battery pack [years]
cycle lifetime of the battery pack [years]
number of years before the investment is recovered

PVSC
R annual

One solution to achieve a more ﬂexible power system is to implement smart technologies, such as Energy Management Systems (EMSs)
[6]. EMSs can be useful to enhance the implementation of other key
solutions, such as Demand Side Management (DSM) and Energy Storage
Systems (ESSs). DSM and ESSs can improve the ﬂexibility of the power
system by oﬀering additional applications to Transmission System
Operators (TSOs) and Distribution System Operators (DSOs), such as
the provision of ancillary services and peak shaving [7]. In addition,
applications can be combined in order to increase the proﬁtability of an
ESS [8].
Current developments demonstrate that an aggregator can provide
trading in electricity markets due to the aggregation of Home Energy
Storage (HES) systems [9]. An aggregator can be deﬁned as “a company
who acts as an intermediary between electricity end-users, DER owners
and power system participants who wish to serve these end-users or
exploit the services provided by these DERs” [10]. In this way, the
aggregator can provide ﬂexibility and energy trading more easily
[9,11].
On the other hand, there is an increasing interest in Community
Energy Storage (CES) systems, due to beneﬁcial economies of scale and
optimal storage sizes in CES compared to HES [8,12–14]. CES can be
deﬁned as an “ESS located at the consumption level which can perform
several applications with a positive impact for both end users and the
network” [15]. It is expected that CES will oﬀer distributed applications
and energy trading in electricity markets more eﬃciently, since the
controlling of CES is expected to be more convenient than the controlling of HES [8]. For example, a CES system requires only one
communication system and EMS, while these are required for each
household in a HES system. Consequently, diﬀerent studies aim to
capture additional beneﬁts of CES, when providing a combination of
applications.
For example, the potential beneﬁts from multiple CES deployment
in a distribution system were assessed in [16]. The work in [17] concluded that the economic beneﬁts from stationary battery systems can
be improved by combining battery applications. In [18], a model was
proposed to determine the beneﬁts of stationary battery storage for a
DSO and an aggregator, and the competition of ownership between
these stakeholders was compared. The work in [19] suggested an optimal bidding strategy for a battery owned by an aggregator in the
Spanish day-ahead and intra-day electricity market. An approach to
facilitate a DSO to optimally design the CES system, while considering
transformer aging and the voltage proﬁle of the system, was proposed
in [20]. In [21], a multi-objective optimization framework of an ESS
was developed to optimize the daily operation of a smart grid with a
high penetration of sensitive loads. In [22], a strategy was proposed to
maximize the revenue obtained from CES systems in a competitive
electricity market. The work in [23] proposed a strategy for the optimal
operation of distribution networks in the presence of DERs and battery
ESSs.
However, a techno-economic assessment of CES systems for Energy
Arbitrage (EA) in the intra-day market, which includes both environmental and economic impacts in the perspective of diﬀerent CES
owners and using diﬀerent battery technologies, is largely missing.
Furthermore, there is a lack of case studies which determine the impact
on the transformer in the distribution network when residential energy
systems shift towards all-electric energy systems. To increase comparability, we introduce an initial scenario where heat is supplied by
natural gas and electricity is only used for electrical appliances.
We focus on EA since this is one of the most proﬁtable applications

[years]
Photovoltaic self-consumption ratio [–]
total annual revenue [euro/year]

CES systems could oﬀer in the near future when CES applications are
combined [17]. However, the implementation of EA could result in
large power ﬂows and problems related to the transformer distribution
capacity [18]. Therefore, we include peak shaving as an additional
application from the DSO perspective. Our work aims to determine the
annual costs, CO2 -emissions and proﬁtability of EA and peak shaving in
a case study in the perspective of diﬀerent CES owners, based on different battery technologies.
The battery technology portfolio considered in this research includes four Lithium-ion-Batteries (LiBs): Lithium-Iron-Phosphate/graphite
(LFP-C),
Lithium-Nickel-Cobalt-Aluminium-Oxide/graphite
(NCA-C), NCA/Lithium-Titanate-Oxide (NCA-LTO) and Lithium-NickelManganese-Cobalt-Oxide/graphite (NMC-C). LiBs batteries represent
the most promising current and near-future alternatives for decentralized electricity storage [24–26]. Besides LiBs, the Valve Regulated
Lead Acid (VRLA) battery and the Vanadium Redox Flow Battery
(VRFB) are included since these batteries are widely used in stationary
battery applications [27,28]. In addition, a detailed performance and
cost data as well as life cycle inventories are available for the selected
battery portfolio [29].
The contribution of this paper can be summarized as follows:

• A multi-objective optimization framework for energy arbitrage
using a CES system considering two ownership scenarios.
• A comprehensive feasibility analysis and techno-economic and en•
•

vironmental assessment of the CES system from the perspective of
an aggregator and a DSO.
A detailed performance analysis of six diﬀerent battery technologies
in the CES system considering their technical, economic and environmental parameters.
Applying the proposed optimization and assessment framework on a
realistic case study of all-electric residential energy systems in
Switzerland.

The rest of the paper is organized in the following way: Section 2
explains the system description of the CES system. Next, the optimization problem is formulated in Section 3. Data collection is presented
in Section 4. Performance indicators are discussed in Section 5. After
that, the results are presented in Section 6. Finally, the discussion and
conclusion are given in Sections 7 and 8, respectively.

2. System design
In this work, a residential energy system is considered which consists of a number of households (N), which have an electricity and heat
demand proﬁle. We focus on all-electric energy systems since we expect
that residential energy systems will shift towards all-electric energy
systems due to more aggressive climate policy [30].
We aggregate the individual heat and electricity demand loads as
well as PV generation of a set of households in a community N , indexed by i ∈ {1, 2, …, N} , which results in an aggregated heat and
electricity demand and PV generation proﬁles. The aggregated demand
and PV supply can be delivered during a number of timeslots,
t ∈ T = {t0, t0 + Δt , t0 + 2Δt , …, T} . The considered number of timeslots for a time horizon is represented by T . In addition, each household
contains a set of shiftable loads A , indexed by a ∈ {1, 2, …, A} , and
non-shiftable load. Shiftable loads ( pslt , e.g. Battery Electric Vehicles
(BEVs)) can be scheduled at preferred timeslots and can oﬀer ﬂexibility
t
in DSM strategies. While non-shiftable loads (Pnsl
, e.g. TV) are bound to
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a ﬁxed operational period and cannot be used for DSM strategies. We
include a high penetration of shiftable load in the form of BEVs, since
the share of passenger BEVs is expected to increase signiﬁcantly in the
coming decades [31]. For simplicity, it is assumed that the heat supply
in the all-electric scenario is non-shiftable since this reduces the system
design and computation time signiﬁcantly. An Air-to-water Source Heat
Pump (ASHP) model is adopted from [32] to determine the power
demand for space heating and domestic hot water.
Fig. 1 presents the system description of the CES system. We assume
that the CES battery is owned by a DSO and/or an aggregator (see
Sections 3.1 and 3.2). Furthermore, we include a high penetration level
of renewable electricity by assuming that each household owns a PV
system. The aggregated electricity and electric heat demand of the
community can be satisﬁed by absorption of electricity from the grid,
by direct consumption of rooftop PV or by discharging the CES battery
t
t
( pbat,dis
). The localized generation of PV-electricity (PPV
) can be directly
consumed, can be stored in the CES battery by charging the battery
t
t
), or can be injected into the electricity grid ( pgrid,inj
).
( pbat,ch
In addition, each household owns a localized EMS to schedule and
control the shiftable and non-shiftable loads. The localized EMSs
communicate with the community EMS to optimize the scheduling and
the load of the community. The capacity of the transformer (Ptrans ) is
included to examine the impact of the community on the transformer in
the distribution network. Next, the battery size is determined.
Firstly, the battery is oversized to ensure the required storage capacity (Cbat,req ) at the end of the battery lifetime. The installed energy
size (Cbat,CES ) of the CES battery technology is determined with Eq. (1),
considering the depth-of-discharge (DoD), the discharge eﬃciency (ηdis )
and the rated energy capacity the battery should operate on the end of
its life (EoL) [29].

Cbat,CES =

Cbat,average =

(2)

In addition, we assume that the state of health of the battery degrades linearly per lifetime year. Therefore, we use the average battery
capacity (Cbat,average ) of each battery technology in the optimization
problem to increase the comparability between battery technologies. In
reality, battery degradation is more complicated and depends heavily
on diﬀerent stress factors, such as the C-rate, DoD and temperature
which usually results in a non-linear relationship (e.g. see [35]).
However, detailed battery degradation modelling is out of the scope of
this research.
The energy throughput of the battery is calculated to determine the
amount of energy the battery can process (Etp ) during the battery lifetime.

Etp = ηdis ·Ncycles ·Cbat,average·

DoD
.
100

(3)

Next, the multi-objective optimization problem is formulated to
determine the optimal system operation of the residential energy
system with diﬀerent scenarios of CES ownership, considering both
costs and CO2 -emissions.
3. Multi-objective optimization problem
In this work, the main objective is to minimize annual operation
costs from grid electricity absorption and grid CO2 -emissions.
Electricity consumption of households can be shifted to periods when
grid electricity prices (c t ) are low (i.e. DSM). Besides costs, the reduction of CO2 -emissions is getting more importance in the built environment [36,37]. Therefore, a second objective is added to minimize
CO2 -emissions during system operation.
A Mixed Integer Linear Programming (MILP) approach is used since
MILP is a well-established and accurate optimization tool [38]. Gurobi
(v 8.0) is implemented in Python (v 3.6) to develop the optimization
under a set of constraints [39]. Next, two diﬀerent scenarios of CES
ownership are proposed and six battery technologies will be used in
assessing the economic and environmental potential of the proposed
system (i.e., see Table 1). The objectives and constraints of each scenario are explained in Sections 3.1 and 3.2. A monolithic ﬂowchart of
the proposed approach is presented in Fig. 2.

Cbat,req
ηdis ·DoD·EoL

(EoL + 1)
·Cbat,CES.
2

(1)

Next, we consider battery degradation in the optimization problem
since the battery degrades per charging/discharging cycle (i.e. cycle
losses) and by time (i.e. calendar losses) [29]. This can have a large
eﬀect on the economic proﬁtability, as a reduced performance of the
battery can reduce the economic feasibility of a system lay-out hence
can increase costs [33]. Consequently, we include battery degradation
in a simpliﬁed way by oversizing the batteries and by implementing a
constraint to ensure the lifetime of the battery.
The battery lifetime can be limited by the cycle lifetime (i.e. cycle
losses) or the calendrical lifetime (i.e. calender losses). The cycle lifetime is the equivalent number of years the battery can operate according to operating conditions of a battery application. In this work,
the primary battery application is EA, where we include a large amount
of shiftable loads (i.e. in the form of BEVs) and a high penetration of
community generated PV electricity. Therefore, we assume that the
battery is extensively used and that there is one daily battery discharge.
Hence, this leads to a minimum of 365 cycles per year for each battery
technology. Furthermore, the battery is subjected to calendrical aging,
which refers to the number of years when the battery pack does not
fulﬁll its requirements in terms of energy required per discharging cycle
[34]. The battery lifetime (LTbat ) is obtained from taking the minimum
of the calendrical lifetime (LTcal ) and cycle lifetime (LTcycle ) of the
battery technology.
We aim to avoid battery stresses hence battery pack replacements
before the battery lifetime is reached. In addition, we aim to make the
comparison as fair as possible to ensure that the battery lifetimes of the
battery technologies are respected. The following steps are required for
the inclusion of battery degradation in the optimization problem (see
Eq. (19)). Firstly, the average battery capacity (Cbat,average ) during the
battery lifetime is determined, considering the required CES battery
capacity at the end of the battery lifetime.

Fig. 1. System description in CES.
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Table 1
Technology speciﬁc input parameters for a required CES battery size of 165 kWh (Cbat,req ).
NMC-C

LFP-C

NCA-C

NCA-LTO

VRLA

VRFB

Unit

C bat,CES
C bat,average

235
212

238
214

235
212

216
195

433
390

254
228

kWh
kWh

P bat,max
RE
DoD
Ncycles

82.5
89
93
4996

82.5
87
93
6529

82.5
89
93
2498

82.5
91
100
15,000

82.5
75
55
1500

82.5
66
100
13,000

kW
%
%
Cycles

LTcycle

13.7

17.9

6.84

41.1

4.11

35.6

Years

LTcal
LTbat
Battery packs needed
BoS lifetime
EoL

12
12
1.00
20
80

12
12
1.00
20
80

12
6.84
1.75
20
80

23
23
0.52
20
80

9
4.11
2.92
20
80

19
20a
0.60
20
80

Years
Years
–
Years
%

Costs
Pack cost
BoS cost
O&M cost

335
316
9

461
316
9

281
316
9

900
316
9

263
316
9

428
1064
43

euro/kWh
euro/kW
euro/kW/year

CO2-emissions production
Pack
BMS & EMS
Power unit

108.3
26.6
28.2

117.9
26.6
28.2

125.6
26.6
28.2

373.4
26.6
28.2

74.1
26.6
28.2

142.9
N.A.
259.5

kg CO2 -eq./kWh
kg CO2 -eq./kWh
kg CO2 -eq./kW

a

VRFB is assumed to have the same lifetime as the BoS lifetime [34].

phase I and imbalance costs during phase II (see Figs. 2 and 3). In phase
I, the ﬁrst multi-objective optimization is formulated. The purpose of
phase I is to optimize the scheduling of the community load based on
the predicted aggregated demand, PV generation and electricity prices
in order to reduce penalties from deviation of the submitted bid. We
assume that the aggregator acts as a buyer in the electricity market
since the PV generation from households is considerably small to act as
a seller. Therefore, at each timeslot t − 1, an aggregator can decide to
buy or to take no action. Note that the aggregator predicts future
electricity prices to schedule loads in a most cost-eﬃcient way by
making use of DSM strategies. The model used to predict loads, PV
generation and electricity prices is explained in Section 4.4. In the
optimization model, the predicted values are made available for each
timeslot and each day of the assessment period. This means that the
vectors of predicted values serve as inputs to the optimization problem
in phase I. This enables to calculate the imbalance costs in phase II (see
Section 3.1.2) in order to assess their impact on the economic and environmental performance of the CES system for an aggregator.
Next, the multi-objective function is determined for phase I (see Eq.
(4)) in order to develop the bid at t − 1, based on predicted aggregated
t
PV generation (PPV ), predicted aggregated non-shiftable community
t
load (Pnsl ) and predicted intra-day electricity prices (c t̂ ). Since the aggregator aims to maximize proﬁts, it follows that costs of electricity
absorbed from the grid must be minimized to obtain the electricity
portfolio of the community in the most cost-eﬀective way. In addition,
the second objective is the minimization of CO2 -emissions from the grid
( g t ) during system operation. It is expected that CO2 -emission prices
will increase [41] and environmental regulations will become more
strict in the coming decades to achieve climate goals [4]. Therefore, the
minimization of CO2 -emissions is considered as important from the
perspective of the aggregator.

3.1. Energy arbitrage scenario
The EA scenario is based on an aggregator which trades in the
electricity market. In Europe, trading in the day-ahead and intra-day
market has grown signiﬁcantly in the past decennia [40]. In the dayahead market, electricity is traded on a daily basis and energy traders
must submit their electricity bid a day before delivery time. While in
the intra-day market, electricity is traded on the same day and the bid
can be submitted an hour before delivery time.
In both cases, it is essential to predict the consumption or generation
adequately to decrease prediction errors hence penalties from deviation
of the electricity bid. The following assumptions are made in the problem design. Firstly, it is assumed that the battery is owned by an aggregator and/or DSO. Secondly, no additional grid tariﬀs (e.g. ﬁxed
tariﬀs) are implemented by the TSO and it is assumed that all bids of the
aggregator are accepted. Furthermore, the sell and buy prices in the
intra-day market are assumed to be the same. Also, it is expected that
prices on the electricity market are not inﬂuenced by the bids of the
aggregator, since we assume that the aggregator is considerably small
compared to the intra-day electricity market.
In the EA scenario, an aggregator is introduced as a CES owner. This
aggregator acts as a buyer of electricity in the intra-day-market. The
main goal of the aggregator in this study is to manage the energy
portfolio of the community in a most cost-eﬃcient and environmental
friendly way by minimizing electricity costs and CO2 -emissions [19].
However, with the increased penetration of intermittent renewable
energy the prediction becomes more complicated [40]. Consequently,
we assess the intra-day market, since the prediction error and complexity of the bidding scheme reduce signiﬁcantly compared to the dayahead market [19].
The EA scenario consists of two phases: phase I and phase II. The
purpose of phase I is to optimize the bid by minimizing grid absorption
in the intra-day market one-hour before delivery time. While in phase
II, the actual loads, PV generation and electricity prices are determined
in order to minimize possible imbalance costs derived from the submitted bid from phase I. These phases are illustrated in Fig. 3 and described in more detail in Sections 3.1.1 and 3.1.2.

t
⎞
⎛ t
⎞
minimize {w1 f1 ⎛⎜pgrid,absI
⎟ , w 2 f2 ⎜pgrid,absI ⎟},
⎝
⎠
⎝
⎠
T

where:

f1 =

∑

t
c t̂ pgrid,absI
Δt ,

t=1
T

f2 =

∑
t=1

3.1.1. Phase I: Bidding
We consider two costs in the system: grid absorption costs during

t
g t pgrid,absI
Δt ,

(4)

where w1 is the weighting of costs [–], w2 is the weighting of
360
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Fig. 3. The strategy of the aggregator in phase I and phase II.

t
t
t
⎞ ⎛ t
⎞
pt = ⎜⎛pgrid,absI
− pgrid,inj
⎟ + ⎜p bat,dis − p bat,ch ⎟ ,
⎝
⎠ ⎝
⎠

∀ t.
(5)

In addition, the following constraint is implemented to ensure the
balance between the aggregated supply and demand of the community.
t
t
pt = pslt + Pnsl − PPV ,

∀ t.

(6)

3.1.1.2. Power boundaries of main grid and CES battery. The maximum
absorbed or injected power from or to the electricity grid is set equal to
the maximum allowed aggregated power from or to the grid (Pgrid,max ).
In this way, the capacity of the transformer is not considered. This
choice is made since the aggregator in this scenario (i.e., EA) aims to
minimize costs and CO2 -emissions while neglecting power boundaries
of the transformer in the distribution network. This seems reasonable as
system operators are still obliged to connect decentralized energy
systems.
t
0 ⩽ pgrid,absI
⩽ Pgrid,max ,
t
0 ⩽ pgrid,inj
⩽ Pgrid,max ,

∀ t,
∀ t.

(7)
(8)

Furthermore, power boundaries are active to avoid imbalances in
the CES battery. The charging and discharging power should not exceed
the maximum CES battery charging and discharging power.
t
0 ⩽ pbat,ch
⩽ P bat,max ,

∀ t,

(9)

t
0 ⩽ pbat,dis
⩽ P bat,max ,

∀ t.

(10)

3.1.1.3. Battery energy storage system. The dynamics of the CES battery
can be described by its State of Charge (SoC) at each timeslot t.

ηch
1
t
t
SoCt = SoCt − 1 − ⎜⎛
(pbat,dis
)Δt −
(pbat,ch
)Δt ⎟⎞,
C
η
C
bat,average
⎝ dis bat,average
⎠

∀ t.
(11)

Fig. 2. Flowchart of the proposed approach.

The SoC of the CES battery at each t must respect the minimum
(SoCmin ) and maximum SoC (SoCmax ).

t
CO2 -emissions [–], pgrid,absI
is the aggregated residual power absorbed
from the grid in phase I at t [kW] and Δ t represents the timestep.
Diﬀerent constraints are active to let the community system operate
in a smooth way. The following model is adopted from [14].

SoCmin ⩽ SoCt ⩽ SoCmax ,

∀ t.

(12)

Furthermore, we assume that the CES battery should have at least
the same charging potential as the day before to ensure an equal daily
charging potential.

3.1.1.1. Total balance of system. A system balance is implemented to
meet the supply and demand of the community. At each timeslot, a
power action ( pt ) can be expected. This power action can be an
interaction with the electricity grid (absorbing/injecting power), and/
or an interaction with the CES battery (charging/discharging power).

T

∑
t=1

SoCt − SoCt − 1 ⩾ 0,

∀ t.
(13)

3.1.1.4. Shiftable load. The shiftable loads of households in the
community provide ﬂexibility and are optimally scheduled respecting
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diﬀerences are taken into account (see Eq. (20)). An imbalance cost has
t
to be paid when the real absorption of electricity ( pgrid,absII
) in phase II is
t
) in
higher than the expected absorption of the submitted bid ( pgrid,absI
phase I.

their individual operation constraints and time preference. For
simplicity, the only shiftable loads considered in this work are BEVs.
However, other shiftable loads can be easily incorporated into the
model considering the constraints which are described below.
Households might have diﬀerent set of shiftable loads. The total
energy scheduled to each shiftable load a in household i per day should
meet its daily required amount of energy (Esla ).

t
pshort
=

T

∑

pa, t , i Δt

=

Esla,

(14)

Furthermore, the shiftable power of a device should be in between
a
) and minimum charging power
the boundaries of its maximum (Pmax
a
(Pmin
).
a
a
y a, t , i Pmin
⩽ pa, t , i ⩽ y a, t , i Pmax
,

∀ a, t ,

(15)

where y a, t , i is a binary decision variable that is activated when the
shiftable load in i can be scheduled according to the time preference of
i. The time preference (TP a, t , i ) for scheduling the shiftable loads in i is
respected with Eq. (16).

y a, t , i ⩽ TP a, t , i ,

∀ a, t .

(16)

The total power assigned to all shiftable loads in household i at t is
equal to its total shiftable load demand at t.
A

∑

pa, t , i = pslt , i ,

∀ t.
(17)

a=1

Consequently, the aggregated shiftable load of the whole community at t (i.e., used in Eq. (6)) is given by summing up the total shiftable
load demand over all households T .

t
⎞⎟ , w f ⎜⎛pt
⎞
minimize {w1 f1 ⎛⎜pgrid,absII
2 2
grid,absII ⎟},
⎝
⎠
⎝
⎠

N

∑

pt , i = pslt ,

T

∀ t.

where:

(18)

i=1

f1 =

∑
t=1
T

f2 =

3.1.1.5. Battery degradation. Battery degradation is included in a
simpliﬁed way by setting a constraint on battery utilization (see
Section 2). The following constraint is active to ensure that the
battery lifetime (LTbat ) is respected, which is the minimum of the
calendric lifetime (LTcal ) and cycle lifetime (LTcycle ). This way, the
maximum number of cycles (cycle lifetime) and the calendric lifetime of
the battery are considered in the system operation. Note that our
optimization covers one year (t = 8760 h). Therefore, the energy
throughput (Etp ) was calculated based on the average CES capacity
(see Eqs. (2) and (3)).

∑
t=1

t
pbat,dis
⩽ Etp ,

∑

⎞
⎛ t t
t
t
⎜c pgrid,absII Δt + cshort pshort Δt ⎟,
⎠
⎝
t
g t pgrid,absII
Δt .

t=1

(21)

3.2. Energy Arbitrage - Peak Shaving scenario
The Energy Arbitrage - Peak Shaving (EA-PS) scenario is based on a
shared ownership of the CES unit between an aggregator and a DSO.
The objectives of the aggregator and the DSO might contradict. The
aggregator aims to minimize annual costs and CO2 -emissions by minimizing imbalance costs and electricity absorption. While the DSO aims
to achieve peak shaving in order to reduce system contingencies by
reducing the load on the distribution transformer [18].
Consequently, all constraints of the EA scenario hold for this scenario except Eqs. (7) and (8) which are modiﬁed to achieve peak
shaving. This modiﬁcation ensures that the transformer capacity (Ptrans ),
predeﬁned by the DSO, is respected. A safety factor (S) can be added to
prevent that the transformer power is (too) close to the maximum
transformer capacity.

8760

LTbat

(20)

This means that the aggregator has a deﬁcit of power and is “short”
t
( pshort
) hence the second term in Eq. (21) is activated. In this case, the
t
). In contrast, when the
“short” imbalance price has to be paid (cshort
consumption is lower than submitted in the bid, the long price is received and the aggregator is “long’. Also, when more electricity is
generated than expected, the aggregator can inject the surplus electricity into the grid (i.e. aggregator is “long”) hence we assume that the
t
aggregator receives the “long” price (clong
). Note that the long price may
be negative. In this way, the aggregator does not receive remuneration
but has to pay for grid injection.
We decide to not include remuneration for the injection of grid
electricity in the multi-objective function. The end-user customer prices
are usually higher than remuneration prices for grid injection, hence
more proﬁt can be made from delivering electricity to the end-user
customer. Consequently, grid injection should be avoided. Ultimately,
this leads to the following multi-objective function for the EA scenario.
The optimization constraints of the real-time phase problem are the
same constraints used in the bidding phase (i.e., Eqs. (5)–(19)). For the
sake of avoiding repetition, those constraints are not rewritten in this
section.

∀ a.

t=1

t
t
t
t
⎧ pgrid,absII − pgrid,absI > 0 : pgrid,absII − pgrid,absI ,
t
t
⎨ pgrid,absII
− pgrid,absI
⩽ 0 : 0.
⎩

∀ t.
(19)

Now that the optimization problem is formulated at t-1, the aggregator can optimize grid interaction based on the predicted loads, PV
generation and electricity prices to submit the electricity bid at t-1. In
the next section, the actual loads and electricity prices will be used for
the optimization in phase II at timeslot t.

t
0 ⩽ pgrid,absI
⩽ Ptrans − S,

3.1.2. Phase II: Real time
t
After the bidding scheme is submitted, actual demand loads (Pnsl
),
t
) and electricity prices (c t ) are identiﬁed at timeslot t
PV generation (PPV
t
t
to replace the predicted demand (Pnsl ), predicted PV generation (PPV )
and predicted electricity price (c t̂ ), respectively. Therefore, phase II of
the optimization starts. At certain moments, it can be expected that
imbalance costs should be paid due to prediction errors derived from
the bid in phase I. Hence, a second term is added which covers imbalance costs for the aggregator (see Eq. (21)).
The imbalance power is obtained from taking the diﬀerence of grid
absorption between the submitted bid (in phase I) and the actual consumption of the aggregator (in phase II). Note that only positive

0⩽

t
pgrid,inj

⩽ Ptrans − S,

∀ t,
∀ t.

(22)
(23)

The same strategy is implemented as explained in Section 3.1. All
earlier described constraints are also applicable to this scenario, unless
described otherwise in this section.
4. Data and model inputs
4.1. Households
Demand data is derived from the aggregated demand loads of a
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developed hourly CO2 -emissions which could be unrealistic.
The CO2 -emission factors for the production of the battery technologies are presented in Table 1. The operation and production phase
of batteries are considered in LCA foreground processes. End-of-life
burdens are only considered in background LCA processes hence are not
included in LCA foreground processes, due to the complexity of the endof-life phase of batteries [53].

community of 22 households situated in Cernier (Switzerland) for the
year 2014–2015. Cernier is located in the North-West of Switzerland in
the Swiss canton Neuchâtel at an altitude of 820 meters. For a more
detailed analysis and data of this community, please refer to [13].
Furthermore, we implement diﬀerent measures to encourage residential households to deliver their PV electricity to the CES battery.
Firstly, households are paid by the CES owner. Residential households
obtain this beneﬁt in the form of a Feed-in-Tariﬀ (FiT). In our case
study, the CES owner remunerates residential households with the same
FiT as paid by the Swiss government for larger PV systems (i.e. larger
than 30 kWp ) in Switzerland, which is approximately 0.10 euro/kWh
(i.e. 0.11 CHF/kWh [42,43]).
This oﬀer is beneﬁcial since FiTs are not applicable in Switzerland
for end-user customers (for small PV systems between 2 and 10 kWp
[43,44]). Households only obtain a subsidy from the Swiss government
on their PV investment, with a maximum of 30% of the initial PV investment. In our case study, households can both beneﬁt from the
subsidy and the FiT paid by the CES owner. Therefore, we assume that
each household participate in the CES system. We select the FiT remuneration for the sensitivity analysis since we expect that the economic proﬁtability of the CES owner is highly inﬂuenced by the FiT.
Furthermore, a beneﬁcial Time-of-Use (ToU) pricing scheme is offered to charge the end-user customer for their electricity consumption.
A ToU price scheme is implemented by most electricity suppliers in
Switzerland [45]. In our case study, a price scheme is adopted from a
local electricity supplier in Cernier. A high electricity price tariﬀ is
applied from 7.00 to 21.00, also during weekends. At these moments,
the electricity price is deﬁned at 0.183 euro/kWh. The low electricity
price is speciﬁed on 0.101 euro/kWh and is active during night times
(21.00–7.00) [46].
Moreover, we assume that each household owns a BEV and drives
37 km each day, which is the average daily distance travelled in
Switzerland [47]. Smart charging is used to obtain the most beneﬁcial
electricity price and CO2 -emission timeslot for BEV charging. In addition, we assume that the BEV can be charged only during night times
(21.00–7.00).

4.3. Electricity market
Market prices of the SwissIX market are obtained from EPEX [54].
The SwissIX day-ahead market prices are cleared the day before at
11.00, to represent market wholesale prices for the next day. In this
work, the focus is on the intra-day market. Annual intra-day market
prices are not freely available. Abrell [55] analyzed the Swiss intra-day
market prices for diﬀerent years and demonstrated that intra-day
market prices in 2014 are on average 20.9% higher than day-ahead
market prices. Therefore, the day-ahead market prices are multiplied
with this factor to estimate the intra-day market prices.
Energy traders (e.g. aggregators) must trade a minimum amount of
0.1 MW power on the Swiss wholesale market [55]. Most CES systems
could supply this minimum amount of power. However, it is not realistic that the proposed CES system can oﬀer this amount of power individually for diﬀerent reasons, such as constraints on the demand side
of the community. Therefore, it is assumed that the aggregator owns
multiple CES systems. In this way, the aggregator can pool the CES units
and oﬀers at least the minimum amount of power required to trade in
the SwissIX spot markets. Swiss imbalance prices are identiﬁed which
serves as an input in the multi-objective function in phase II (see Eqs.
(21)). Imbalance prices are obtained from Swissgrid [56] for the year
2014–2015. Electricity is usually traded each 15 min in the Swiss intraday market. However, our datasets are at hourly frequency hence we
assume hourly electricity trading and imbalance pricing.
4.4. Load, generation and price prediction
Prediction of loads, PV generation and prices is required to estimate
their values at timeslot t − 1 at gate closure. In this work, a simple
Seasonal Auto Regressive Integrated Moving Average (SARIMA) model
is used to predict the bid of the aggregator to the TSO. SARIMA models
include time correlations, randomness and seasonality of a dataset. In
addition, SARIMA models are widely used to determine future electricity prices [57], PV generation [58] and demand loads [59–61].
Next, grid search is used to determine the best SARIMA ﬁt, based on
the Akaike Information Criterion (AIC), to our datasets. Grid search
means that the SARIMA parameters are varied between 0 and 1. The
SARIMA model contains non-seasonal and seasonal parameters in our
datasets. We refer to Weron [57] for more elaboration on the diﬀerent
parameters of the SARIMA model. AIC is used to obtain the best ﬁt of
the SARIMA parameters to our datasets since AIC is able to measures
the statistical ﬁt of a model [62]. Ultimately, the best combination of
parameters in SARIMA is selected per dataset. This is done when the
combination of SARIMA parameters show the lowest AIC values.
In this work, the cyclic period of data (i.e. seasonality) is set to 24 h
since the datasets demonstrate daily ﬂuctuations. For example, PV
generation, demand loads and electricity prices all show a daily pattern
in our datasets. The SARIMA model parameters ﬁtting starts one week
before (i.e., seven cyclic periods) and continues until the end of the
assessment period. This is suﬃcient to have good tuning of the model
parameters as the minimum historical data needed in SARIMA is typically two full cyclic periods of data (i.e., two days) [63]. After choosing
the best ﬁt of the parameters (i.e., by making use of grid search and
AIC) the model can be used to predict future values.
We are aware of better prediction models (e.g. see [64]). However,
the SARIMA model is easy to implement. In addition, our main purpose
of using SARIMA is to make a realistic economic and environmental

4.2. Hourly emission factors
Hourly CO2 -emissions from the grid are obtained from the Swiss
Times Energy system Model (STEM)2. The STEM contains information
about the hourly dispatch of electricity generation units in Switzerland
[48]. The electricity generation includes both (renewable) electricity
generation and import of electricity from neighbouring countries. The
hourly market shares of diﬀerent generation technologies (e.g. hydropower, coal-based, nuclear, natural-gas based, PV, geothermal and
wind) are multiplied by CO2 -emission factor of each generation technology using a Life Cycle Assessment (LCA) approach speciﬁed for
Switzerland [49]. These emission factors are based on the ecoinvent 3.4
database with the system model “Allocation, cut-oﬀ by classiﬁcation”,
and the IPCC (2013) life cycle impact assessment methodology based
on Global Warming Potential [50]. The IPCC method includes all
greenhouse-gas emissions, which is in kg CO2 -equivalent [51]. Other
environmental burdens are out of the scope of this research.
The Global Warming Potential is in CO2 -equivalent hence all
greenhouse-gas emissions are included when we refer to CO2 -emissions.
We include net imports from neighbouring countries to determine the
average import emission factor. The imports shares are based on the
total annual imports for the year 2014–2015 from Austria (20.8%),
Germany (40.8%), France (35.5%) and Italy (2.9%) [52]. For simplicity, we assume perfect prediction of CO2 -emissions in the multi-objective functions. Otherwise, the prediction is based on earlier
2
The year 2010 is used as assessment year for CO2 -emissions since the year
2014 is not available in the STEM.
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the share of potential incidents of the total grid interactions. In this
work, a potential incident is indicated as exceeding the capacity of the
distribution transformer by grid absorption or grid injection. Exceeding
the transformer capacity could result in system contingencies on the
distribution level with outages as a consequence. Therefore, this indicator is of high importance for the DSO, since the DSO is responsible
for a reliable operation at the distribution level. The share of potential
annual incidents (Ishare ) is obtained with Eq. (27).

assessment while considering imbalance costs, instead of assuming a
perfect knowledge of the input data and neglecting imbalance costs.
4.5. Grid
We assume a maximum allowed of grid absorption or injection of
8 kW per household [13], which corresponds to a community power of
176 kW (Pgrid,max ). The transformer capacity is indicated at 2.2 kW per
household. This is the minimum installed capacity for Swiss households, situated in urban areas scenario [65]. This results in a total
transformer capacity of 48.4 kW for our case study. Powers above this
capacity (i.e. 48.4 kW or more, due to excess demand of electricity) or
below (i.e. −48.4 kW or less, due to excess supply of electricity) could
result in grid contingencies. The general models input parameters are
described in Table 2.

8760

Ishare

8760

Cimbalance =

t=1

∑

t
g t pgrid,absII
Δt .

t=1

t
Plong
=

(24)

(25)

5.1. System performance

General

8760
⎞⎟
t
t
− pgrid,inj
∑t = 1 ⎛⎜PPV
⎝
⎠.
PVSC =
8760
t=1

⎧ pt
t
t
t
⎪ grid,absII − pgrid,absI < 0 : pgrid,absII − pgrid,absI ,
⎨ t
t
⩾ 0 : 0.
⎪ pgrid,absII − pgrid,absI
⎩

(29)

Table 2
General input parameters.

5.1.1. Photovoltaic self-consumption ratio (PVSC)
The main goal of the optimization problem is to minimize the costs
and CO2 -emissions from grid absorption. This can be achieved by
maximizing the consumption of self-produced PV electricity in the
community since it is assumed that the CO2 -emissions and costs of PV
electricity are zero. Consequently, the following indicator is essential to
compare the diﬀerent alternatives on the ability to consume self-produced PV generation. The PVSC ratio is always between 0 and 1, and
closer to 1 means a higher self-consumption ratio of the system.

∑

(28)

Secondly, the largest revenue obtained from the CES system is by
selling electricity to the community for the residential electricity price
t
(chh
), corresponding to the community aggregated demand proﬁle.
Furthermore, the second term in Eq. (30) refers to the additional revenue that can be made from grid injection, when electricity cannot be
directly consumed or stored in the CES battery. In this way, grid injection is remunerated with the “long” price at t.

The following performance indicators are proposed.

t
PPV

t
t
cshort
pshort
Δt .

5.2.2. Annual revenue, costs and proﬁts
Three types of revenue streams are included to determine the total
annual revenue (R annual ). First of all, some revenue can be obtained
when less electricity is consumed at t than earlier scheduled in the bid
at t − 1. In this way, the aggregator receives the “long” price at t.
t
Therefore, the amount of “long” imbalance power is determined (Plong
).

8760

gannual =

∑
t=1

Performance indicators are essential to compare the EA and EA-PS
scenarios, and the diﬀerent battery technologies. The performance indicators are developed and applied from the perspective of the CES
owner. After the optimization, the annual costs (cannual ) and annual
CO2 -emissions ( gannual ) from the multi-objective optimization can be
determined with Eqs. (24) and (25).

⎞
⎛ t t
t
t
⎜c pgrid,absI Δt + cshort pshort Δt ⎟.
⎠
⎝

(27)

5.2.1. Imbalance costs
The annual imbalance costs (Cimbalance ) determine the costs the CES
owner should pay to the TSO when the actual grid absorption (in phase
II) is higher than the grid absorption in the energy bid (in phase I).

5. Performance indicators

∑

⎡ t
⎤
⎢pgrid,inj > 0⎥
⎣
⎦

5.2. Economic indicators: Proﬁtability

Diﬀerent battery technologies are considered (see Section 1) and are
described in more detail in [29]. A power to storage ratio of 1:2 is used
for the CES battery. We examine a medium required battery share size
of 7.5 kWh per household. This leads to a required CES capacity of
165 kWh. However, we expect that the battery size has a signiﬁcant
inﬂuence on the economic performance of battery technologies.
Therefore, the required battery capacity size is varied in the sensitivity
analysis. General and technology speciﬁc input parameters are presented in Table 1 for the medium sized CES battery. The installed
battery sizes (Cbat,CES ) are determined with Eq. (1).

8760

⎤
⎡ t
⎢pgrid,inj ⩾ Ptrans⎥
⎦,
⎣

where […] are the Iverson brackets which give “1” every time-step the
condition between the bracket is true and “0” otherwise.

4.6. CES battery

cannual =

8760 ⎡ t
⎤
⩾ Ptrans⎥ + ∑
∑t = 1 ⎢pgrid,absII
t=1
⎦
⎣
=
8760
8760
⎡ t
⎤
∑ ⎢pgrid,absII > 0⎥ + ∑
t=1 ⎣
t=1
⎦

(26)

5.1.2. Incidents
The following system performance indicator is used to determine

a

Unit

Community power demand
Community PV generation

201
67.7a

MWh/year
MWh/year

Battery
SoC0
P bat,max : Cbat,req

50
1:2

%
–

Cbat,req

165

kWh

Grid
Pgrid,max

176

kW

S
Ptrans

1
48.4

kW
kW

BEV
a
Pmin

0

kW

a
Pmax

1.4

kW

a
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R annual =

∑
t=1

⎞
⎛ t ⎛ t
t ⎞
t
t
t
t
⎜chh ⎜psl + Pnsl⎟ Δt + clong pgrid,inj Δt + clong Plong Δt ⎟.
⎠
⎠
⎝ ⎝

and NMC-C batteries since these batteries have a comparatively long
cycle lifetime and Roundtrip Eﬃciency (RE). In contrast, the energy
throughput of the NCA-C battery is the lowest between LiBs since we
assume that the battery lifetime of each battery must be respected to
reduce investment costs by additional battery pack replacements.
Therefore, the NCA-C battery is constrained in the battery operation.
This can be explained by the comparably low number of cycles (i.e.
2498 cycles) of the NCA-C battery. In addition, the VRLA battery and
the VRFB consume a higher amount of grid electricity, which is needed
to compensate for the low RE of these batteries.
Furthermore, the PVSC is the highest for the VRFB (i.e. PVSC of
approximately 1). In the VRFB, more PV electricity is lost by the
charging and discharging process (i.e., lowest RE = 66%, see Table 1).
As a consequence, this results in a higher PVSC and a lower grid injection. This is also demonstrated in the PVSC of the other batteries. For
example, the NCA-LTO battery has the lowest PVSC since this battery
has the highest RE. These examples demonstrate that a high PVSC does
not always represent the best performance on the PVSC indicator.
Moreover, there is no grid constraint implemented for grid absorption in the EA scenario. In this way, the maximum battery power is
the same as the rated battery power (P bat,max ), which inevitably results
in large grid absorption/injection peaks (see Section 6.4). Consequently, the shares of potential incidents is large for all battery technologies. The largest share of incidents are obtained from the NCA-LTO,
LFP-C and NMC-C batteries. These batteries oﬀer a high number of
cycles during the system lifetime. Therefore, the battery degradation
constraint is more relaxed on these battery technologies hence this results in more cycles and potential incidents.

(30)

Next, the total annual costs can be calculated by summing the annual operation costs and maintenance costs (cmaintenance ). Furthermore,
the third term includes remuneration of PV electricity generation to
t
residential customers in the form of a FiT (c paid,PV
). This leads to the
following equation to indicate the total annual costs (Cannual ).
8760

Cannual = cannual + cmaintenance +

∑

t
t
c paid,PV
PPV
Δt .

t=1

(31)

Next, the total annual beneﬁts/proﬁts (Bannual ) can be calculated by
the following (simple) equation.
(32)

Bannual = R annual − Cannual.

5.2.3. LCOE & PBP
In addition, the Levelized Costs Of Electricity (LCOE) and the simple
Pay Back Period (PBP) are deﬁned to compare the performances of the
EA and EA-PS scenarios, and the diﬀerent battery technologies. We
assume a system lifetime of 12 years and use a discount rate of 5% [29].
With the LCOE, the costs per unit electricity delivered to the enduser customer is determined. The LCOE includes the system operation,
investment and Operation and Maintenance (O&M) costs of the CES
battery.
L

ICES +
LCOE =

L

∑
l=1

⎛
⎜
⎝

⎛
l⎞
⎜Cannual /(1 + γ ) ⎟
⎠ ,
⎝
⎛ t
t ⎞
l⎞
⎜psl + Pnsl⎟/(1 + γ ) ⎟
⎠
⎠
⎝

∑

l=1
8760

∑
t=1

6.1.2. Energy Arbitrage - Peak Shaving scenario
In this section, the results from the EA-PS scenario are discussed.
Only the diﬀerences with the EA scenario are explained to avoid repeated statements. Table 4 demonstrates that the operation parameters
are slightly changed. The share of potential incidents are reduced to
zero for all batteries, since we implemented a constraint on grid electricity absorption and grid injection (see Eqs. (22) and (23)). Also, the
implemented constraints result in less battery utilization which is demonstrated in lower charging and discharging values for all battery
technologies. In this way, less power can be absorbed during timeslots
with low electricity prices and/or low CO2 -emissions from the grid.

(33)

where ICES are the investment costs in the CES battery [euro], γ is the
interest rate [%] and L is the lifetime of the system [years].
Furthermore, the simple PBP is used to determine the number of
years before the initial investment is recovered.

PBP =

ICES
.
Bannual

(34)

6. Results
We generate the results for the two scenarios (i.e., EA and EA-PS)
and the six battery technologies, assuming equal weighting of costs and
CO2 -emissions, in Sections 6.1–6.4. Next, the sensitivity analysis, based
on diﬀerent FiT remuneration rates and required battery storage sizes,
is presented in Section 6.5. After that, results based on diﬀerent costs
and CO2 -emission weighting are presented using the Pareto frontier
method in Section 6.6.

6.2. Economic indicators
6.2.1. Energy Arbitrage scenario
The economic performance of the EA scenario is presented in
Table 5. It turns out that all LiBs and the VRFB show a proﬁtable system
design since the PBPs of these batteries are lower than the system
lifetime (assumed to be 12 years). The lowest PBP (6.83 years) and
LCOE (0.126 euro/kWh) is obtained from the NMC-C battery, followed
by the NCA-LTO battery and LFP-C battery, respectively. The best
economic performance of the NMC-C battery can be (mainly) explained
by the low operation and investment costs. The NMC-C battery can oﬀer
a comparably high amount of cycles with low investments costs.
The best operational performance is obtained from the NCA-LTO
battery due to the high RE (91%) of this battery technology. However,

6.1. Operation
6.1.1. Energy Arbitrage scenario
The results obtained from the optimization model for the EA scenario are presented in Table 3. The highest energy throughputs (i.e.
battery charge and discharge) are obtained from the NCA-LTO, LFP-C
Table 3
Annual results on diﬀerent performance indicators for the EA scenario.

Power injected
Power absorbed
Battery charge
Battery discharge
Incidents
PVSC

NMC-C

LFP-C

NCA-C

NCA-LTO

VRLA

VRFB

Unit

901
144,114
86,729
77,282
0.254
0.987

802
146,711
94,124
81,981
0.297
0.988

901
142,936
76,023
67,753
0.201
0.987

1006
143,408
96,991
88,354
0.321
0.985

262
155,322
85,551
64,256
0.220
0.996

33
162,473
84,610
55,935
0.200
1.000

kWh
kWh
kWh
kWh
–
–
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Table 4
Annual results on diﬀerent performance indicators for the EA-PS scenario.

Power injected
Power absorbed
Battery charge
Battery discharge
Incidents
PVSC

NMC-C

LFP-C

NCA-C

NCA-LTO

VRLA

VRFB

Unit

901
143,076
77,295
68,885
0
0.987

802
144,506
77,168
67,229
0
0.988

901
142,936
76,023
67,753
0
0.987

1006
141,665
77,624
70,730
0
0.985

262
153,358
77,696
58,365
0
0.996

33
160,874
79,906
52,831
0
1.000

kWh
kWh
kWh
kWh
–
–

annual proﬁts) is slightly better in comparison with the EA scenario.
This can be (mainly) explained by smaller prediction errors (i.e. imbalance costs) due to power boundaries on grid absorption and inject
tion. This results in lower imbalance power ( pshort
) hence lower imbalance costs. Furthermore, there are suﬃcient other timeslots where
the intra-electricity price is low hence the battery can still be charged
with low electricity prices.

the investment costs of the NCA-LTO are comparably high which results
in the second best economic performance. The LFP-C and NCA-C batteries perform moderate due to their relatively high investment costs.
For example, the NCA-C battery needs more than one battery pack replacement (see Table 1) during the system lifetime, which increases the
investment costs of this battery technology. The VRFB performs comparatively worse due to the high O&M costs and the low RE (66%) of
this battery technology.
The VRLA battery demonstrates a non-proﬁtable system design with
a high PBP of 26.4 years due to its high investment and operation costs.
This can be explained by the large oversizing which is needed to
compensate for the low RE and low DoD of this battery. In addition, the
VRLA battery has a low battery lifetime (4.1 years), which requires
almost three battery pack replacement during the system lifetime (see
Table 1). These battery pack replacements are needed to oﬀer the annual number of cycles for the EA application (i.e., 365 cycles per year).
The imbalance costs are relatively low and comparable between all
battery technologies, with a share of 1–2% of the total annual costs. The
low imbalance costs can be explained by the low Swiss imbalance
prices. Note that we oversized the batteries and include a high number
of annual cycles for the EA application to increase the comparability
between battery technologies. This choice results in small diﬀerences
between battery technologies. The lowest imbalance costs are obtained
from the NCA-LTO battery since this battery has the best operational
performance. Remarkably, the VRLA battery has relatively low imbalance costs, while this battery has a low DoD and RE. This can be
explained by our choice to oversize the batteries and to include additional battery pack replacements. This partly compensates the poor
technology characteristics of the VRLA battery however leads to high
investment costs.

6.3. Environmental indicators
6.3.1. Energy Arbitrage scenario
The results on the environmental indicators for the EA scenario are
presented in Table 7. It turns out that the lowest operational
CO2 -emissions are obtained from the NCA-LTO battery, followed by the
NMC-C and LFP-C battery, respectively. The NCA-LTO has the highest
RE, which results in lower absorption of electricity from the grid hence
lower CO2 -emissions. The VRLA battery and VRFB perform worse due
to the low REs of these battery technologies. The results are fundamentally changed when the production phase is included.
In this case, the best environmental performance is obtained from
the NMC-C battery, followed by the LFP-C and NCA-LTO battery, respectively. The NMC-C battery performs comparatively good on both
operation and production. In contrast, the CO2 -emissions of battery
production for the NCA-LTO battery are comparably high (see Table 1).
This explains the moderate performance of the NCA-LTO battery on
lifetime CO2 -emissions. The results demonstrate that the VRLA battery
shows the highest CO2 -emissions. This can be explained due to the required battery pack replacements and the large oversizing of this battery technology.

6.2.2. Energy Arbitrage - Peak Shaving scenario
The economic results for the EA-PS scenario are presented in
Table 6. It turns out that the economic performance is slightly reduced
for most batteries. Interestingly, these results emphasize that the differences with the EA scenario are small. For example, the PBPs diﬀer
with a maximum of 0.06 years in comparison with the EA scenario.
Note that both economic and environmental beneﬁts can be obtained
from grid deferral, but these are not included in our work (see discussions in Section 7).
Remarkably, the economic performance of the VRFB (i.e. higher

6.3.2. Energy Arbitrage - Peak Shaving scenario
Table 8 demonstrates that the environmental performance of the
EA-PS scenario is slightly worse in comparison with the EA scenario.
More CO2 -emissions are produced with the EA-PS scenario, since the
battery must be charged with more carbon-intensive grid electricity.
However, the diﬀerences of the total CO2 -emissions with the EA scenario are small since the annual CO2 -emissions are slightly increased
with only 2–5%. Again, the NMC-C battery performs best, followed by
the LFP-C and NCA-LTO batteries, when the lifetime is included.

Table 5
Annual results on diﬀerent economic indicators for the EA scenario. Investment, PBP and LCOE are based on the system lifetime.

Investmenta
Operational costs
Total annual costs
Revenue
Imbalance costs
PBP
LCOE (γ = 5%)
Proﬁt
a

NMC-C

LFP-C

NCA-C

NCA-LTO

VRLA

VRFB

Unit

94,394
7232
14,740
28,564
239
6.83
0.126
13,824

125,253
7326
14,834
28,563
237
9.12
0.144
13,729

131,467
7254
14,762
28,560
263
9.53
0.147
13,798

117,166
7144
14,651
28,568
238
8.42
0.138
13,916

348,178
7847
15,355
28,565
244
26.36
0.271
13,210

117,863
8275
18,588
28,574
265
11.80
0.158
9986

euro
euro/year
euro/year
euro/year
euro/year
years
euro/kWh
euro/year

Investment costs and CO2 -emissions from battery production are normalized to the system lifetime to include possible battery pack replacements.
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Table 6
Annual results on diﬀerent economic indicators for the EA-PS scenario. Investment, PBP and LCOE are based on the system lifetime.

a

Investment
Operational costs
Total annual costs
Revenue
Imbalance costs
PBP
LCOE (γ = 5%)
Proﬁt
a

NMC-C

LFP-C

NCA-C

NCA-LTO

VRLA

VRFB

Unit

94,394
7308
14,816
28,562
182
6.87
0.126
13,746

125,253
7379
14,887
28,558
177
9.16
0.144
13,671

131,467
7302
14,810
28,560
178
9.56
0.147
13,749

117,166
7235
14,743
28,560
183
8.48
0.139
13,816

348,178
7853
15,361
28,555
167
26.39
0.271
13,194

117,863
8246
18,559
28,558
178
11.79
0.158
9998

euro
euro/year
euro/year
euro/year
euro/year
years
euro/kWh
euro/year

Investment costs and CO2 -emissions from battery production are normalized to the system lifetime to include possible battery pack replacements.

less beneﬁcial economic and/or environmental performance, as demonstrated in Sections 6.2 and 6.3.
Fig. 7 shows the system operation during a summer week for the EAPS scenario. Again, this ﬁgure demonstrates that the transformer capacity is never reached.

6.4. Shift to all-electric energy systems
6.4.1. Energy Arbitrage scenario
Fig. 4 demonstrates the system operation of the CES system (Cbat,req
of 165 kWh) during a winter week for the EA scenario with the same
weighting of costs and CO2 -emissions in the multi-objective function.
The left ﬁgure shows the weekly charging and discharging pattern
during a winter week with PV generation. The initial load is presented
in the right ﬁgure in order to compare the diﬀerence in loads between
the all-electric scenario and the initial scenario. Note that there is no
electric heating, PV array installed and BEV used in the initial scenario.
The left plot of Fig. 4 reveals that the battery is often charged with
the maximum battery power in order to charge during PV generation
times, low grid electricity prices and/or low grid CO2 -emissions. In
addition, the transformer load is presented in the right plot of Fig. 4.
This ﬁgure clearly visualizes that unconstrained charging of a CES
battery results in large grid absorption peaks in an all-electric scenario
during a winter week. At certain times, the load on the distribution
transformer is higher than the installed capacity of the transformer in
the distribution network. Note that this could results in system contingencies. Therefore, the shift to all-electric energy systems could become problematic when no power constraint is added for the distribution transformer capacity.
Fig. 5 shows the system operation during a summer week for the EA
scenario. The left plot reveals that there is more PV electricity generation due to higher solar irradiation. At the 24th of July, some PV
electricity has to be injected into the electricity grid since the battery is
fully charged. The right ﬁgure shows that less electricity is absorbed
compared to the winter week. This can be explained due to higher selfsuﬃciency of the CES system as a result of higher PV electricity generation. Consequently, this results in a lower number of potential incidents with the transformer compared to the winter week.

6.5. Sensitivity analysis
We only select the EA-PS scenario for the sensitivity analysis, since
the diﬀerences between the EA and EA-PS scenario are small.
Furthermore, the combination of these applications shows promising
economic and environmental potential.
6.5.1. Feed-in-Tariﬀ
The relation between FiT remuneration and the PBPs are demonstrated in Fig. 8. This ﬁgure shows that most battery technologies have
a proﬁtable system design, even with a high FiT remuneration for PV
generation. Remarkably, the VRLA is never proﬁtable due to high investment costs. Furthermore, the PBPs and proﬁtability of the CES
owner can be increased when the FiT, paid to residential households, is
reduced. On the other hand, a lower FiT could result in non-participation of households in the CES system. This could result in a lower PV
supply hence higher operation costs and higher CO2 -emissions from the
grid.
6.5.2. Required CES storage size
We assumed a required storage capacity size of 7.5 kWh per
household, which leads to a required community storage size of
165 kWh. The required storage size is varied in Fig. 9. The PBPs are
reduced when the required storage size is decreased. This can be explained by the high investments costs for battery technologies. These
results demonstrate that a larger battery cannot beneﬁt suﬃciently
from a better system operation with current battery costs.

6.4.2. Energy Arbitrage - Peak Shaving scenario
Fig. 6 demonstrates the EA-PS scenario during a winter week. Note
that the charging and discharging peaks of electricity absorption are
still visible. However, the right ﬁgure clearly visualizes that the capacity of the transformer in the distribution network is respected during
this winter week. The community load is never higher than the transformer capacity. Note that the implementation of a constraint for peak
shaving could result in the scheduling of demand loads to timeslots with
higher electricity prices or higher CO2 -emissions. This could lead to a

6.6. Pareto frontiers
6.6.1. Motivation
The Pareto frontier approach is a well-known method that is typically used to analyze the trade-oﬀ in optimization problems with
multiple objectives. A point is considered a Pareto optimal when no
further Pareto improvements can be made in each of the considered
multiple objectives [66]. For instance, if the multiple objectives are

Table 7
Results on diﬀerent environmental indicators for the EA scenario. Annual emissions only includes operational CO2 -emissions. “Annual & production” is based on
operation and also includes normalized CO2 -emissions from the production phase. Battery production is based on the system lifetime.

Annual
Annual & production
Battery productiona
a

NMC-C

LFP-C

NCA-C

NCA-LTO

VRLA

VRFB

Unit

6619
9170
30,610

6661
9429
33,219

6744
11,487
56,912

6497
10,411
46,967

7208
15,706
101,981

7615
10,499
34,606

kg CO2 /year
kg CO2 /year
kg CO2

Investment costs and CO2 -emissions from battery production are normalized to the system lifetime to include possible battery pack replacements.
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Table 8
Results on diﬀerent environmental indicators for the EA-PS scenario. Annual emissions only includes operational CO2 -emissions. ”Annual & production” is based on
operation and also includes normalized CO2 -emissions from the production phase. Battery production is based on the system lifetime.

Annual
Annual & production
Battery productiona
a

NMC-C

LFP-C

NCA-C

NCA-LTO

VRLA

VRFB

Unit

7011
9561
30,610

7090
9858
33,219

7020
11,763
56,912

6934
10,848
46,967

7600
16,098
101,981

8080
10,964
34,606

kg CO2 /year
kg CO2 /year
kg CO2

Investment costs and CO2 -emissions from battery production are normalized to the system lifetime to include possible battery pack replacements.

Fig. 4. System operation during a winter week for the EA scenario.

for costs (i.e. w1) and CO2 -emissions (i.e. w2 ). For example, when the
weigh of costs is set to 0.6, the weigh of CO2 -emissions is set to 0.4.
Firstly, these Pareto frontiers demonstrate that the results change
signiﬁcantly when the optimization is based on costs or CO2 -emissions
only (i.e. the two end points of each frontier). For most battery technologies, a large amount of CO2 -emissions can be avoided with relatively low costs. For example, with the NMC-C battery, annual
CO2 -emissions can be reduced with approximately 8 ton for an additional 1000 euros per year.
Furthermore, these ﬁgures reveal that LiBs have the lowest costs and
CO2 -emissions during system operation. The best economic and environmental performance during operation is obtained from the NCALTO battery. However, the diﬀerences with the NMC-C and LFP-C
batteries are small. Furthermore, the VRFB and VRLA battery perform
worse during system operation, which (again) can be explained by the
low RE of these batteries.
The results are changed when the production phase is included (see
Fig. 10(c)). In this case, the best economic and environmental performance is obtained from the NMC-C battery. Furthermore, all LiBs demonstrate good economic and environmental performance. The VRFB
performs relatively worse on economic performance. This can be explained due to the high costs of the energy storage unit and the power
generation unit. These results clearly demonstrate that the VRLA battery performs worst on both economic and environmental performance.

minimization of electricity costs and CO2 -emission, a point is Pareto
optimal if there is no other point whose electricity costs and
CO2 -emission are no worse. Pareto frontiers approaches have been
widely used to analyze the trade-oﬀ in diﬀerent multi-objective problems in this area of research, such as economic and emission dispatch
problems [67–69], economic and environmental appliances scheduling
[70], distribution feeder reconﬁguration [71], low-emission cost-effective dwellings with HVAC systems [36] and day-ahead energy resource scheduling [21].
In this section, we present the Pareto-frontiers of the two objectives
considered in this study (i.e., f1 and f2 , mentioned in Section 3) to
analyze how the economic an environmental assessment of CES, in the
two scenarios and for each of the six considered battery technologies,
diﬀer when using diﬀerent costs and CO2 -emission weighting in the
multi-objective problem. We use the weighting method [72] as a posteriori method so that diﬀerent weights of the two objectives are used to
generate diﬀerent Pareto optimal solutions and then the aggregator can
select the most satisfactory combination of the weights based on the
achieved results. Practically, these Pareto frontiers are generated by
repeating the multi-objective optimization problem for diﬀerent combinations of weighting for costs (i.e. w1) and CO2 –emissions (i.e. w2 ) and
each run produces one Pareto optimal solution.

6.6.2. Energy Arbitrage scenario
Fig. 10(a) and (c) show the trade-oﬀs of the EA scenario between
costs and CO2 -emissions for each battery technology during system
operation and per lifetime year (i.e., by including the production
phase), respectively. Note that the bandwidth of each battery technology demonstrates the optimized values for a speciﬁc set of weighting

6.6.3. Energy Arbitrage - Peak Shaving scenario
Fig. 10(b) and (d) show the Pareto frontiers for the EA-PS scenario
during system operation and per lifetime year by including the production phase, respectively. As mentioned earlier, all battery

Fig. 5. System operation during a summer week for the EA scenario.
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Fig. 6. System operation during a winter week for the EA-PS scenario.

Fig. 7. System operation during a summer week for the EA-PS scenario.

7. Discussions
Firstly, only battery investment costs are included in the investment
costs. However, additional EMSs are required to schedule and optimize
the loads of each household individually. These investments are not
included in our work since it is uncertain if the CES owner or the
household should pay for these EMSs. PBPs of EMSs are in between the
range of 0.7–1.8 years [73] hence this could result in a slightly less
beneﬁcial economic and environmental performance of the scenarios
presented in our work.
Also, the cost and environmental assessment should be speciﬁed on
the preferences of the CES owner. For example, a CES owner could
choose to give higher importance to costs or CO2 -emissions. This economic or environmental preference results in an optimal point in the
Pareto frontier for each battery technology, hence the best battery
technology can be chosen [66]. Therefore, the choice of the best compromise solution and best battery technology depends on the purpose
and strategy of the CES owner. On the other hand, our results demonstrate that the NMC-battery performs best on all cost and CO2 -emission
weightings on a lifetime basis. However, the performance could be
diﬀerent with other battery applications.
For simplicity, we started with equal weighting of costs and
CO2 -emissions. However, the two objectives have diﬀerent units (i.e.
costs and CO2 -emissions) hence may not reﬂect equal importance of the
two objectives. Therefore, more detailed focus on weighting of the two
objectives can be given. On the other hand, we generated Pareto
frontiers to identify the performance on all diﬀerent cost and
CO2 -emission weightings. Furthermore, the optimization problem can
be extended by including additional constraints for the distribution
network, BEV and shiftable appliances. However, this could lead to
higher complexity of the optimization algorithm, hence longer computation times. This could also require the use of diﬀerent methods for
the multi-objective optimization problem formulation and diﬀerent
algorithms for ﬁnding the optimal solution and Pareto frontiers.
Besides, it could be interesting to assess diﬀerent scales of the proposed
system design to determine the optimal system design for CES systems.
Furthermore, we developed a case study from the perspective of an
aggregator and a DSO, where we expected that each household participate by delivering their PV electricity generation to the CES system. In
reality, this could be more complex since households can decide to

Fig. 8. Relation between the FiT remuneration for PV generation and the PBPs
for all battery technologies for the EA-PS scenario.

Fig. 9. Relation between required CES battery (Cbat,req ) size and PBP for all
battery technologies for the EA-PS scenario.

technologies perform slightly worse on both costs and CO2 -emissions.
Moreover, the bandwidth (i.e. range of cost and CO2 -emission values) of
the optimization values is reduced due to the implemented constraints
on power boundaries of grid absorption and injection. Again, the differences between the EA scenario and the EA-PS scenario are small.
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Fig. 10. Pareto frontiers of CO2-emissions and costs for the two scenarios, during operation and including production, and for a required CES battery size of 165 kWh
(Cbat,req ).

the bid is accepted. Therefore, the analysis of the bid phase and the
determination of imbalance costs could be improved to increase the
reliability of the economic and environmental assessment.
Furthermore, we assumed that the intra-day market prices are higher
with a speciﬁc percentage than the day-ahead market prices (i.e., Swiss
intra-day market prices were not freely available). In reality, intra-day
market prices are usually more volatile than day-ahead market prices
hence the results could be slightly diﬀerent when using real intra-day
electricity prices.
Also, we decided to predict the aggregated demand load, PV generation and electricity prices based on a simple prediction model.
Therefore, the prediction at timeslot t − 1 can be improved which could
reduce imbalance costs. On the other hand, our results demonstrate that
the imbalance costs have a relatively small share of the annual operation costs and are of low importance in our assessment. This can be
explained by the low imbalance electricity prices in the Swiss electricity
market. Furthermore, the ﬂexibility of the CES system can be used to
reduce imbalance costs. For example, electricity can be charged or
discharged to compensate wrong predictions submitted in the energy
bid. For instance, if Swiss TSOs decide to increase imbalance prices,
more beneﬁts can be obtained with a larger storage capacity in order to

refuse the adoption of a PV installation [74]. Therefore, pilot projects
and real case studies should be implemented to test diﬀerent business
models.
We applied our MILP model on one case study only. The model
requires testing on more and diﬀerent case studies before the results can
be generalized. For example, diﬀerent aggregated demand loads and PV
generation proﬁles as well as battery sizes can be implemented. This
could result in diﬀerent economic and environmental performance of
battery technologies and applications. Also, the system design could
integrate other storage technologies, such as heat storage (see [13]).
In addition, we only considered the BEVs as shiftable loads.
However, more ﬂexible loads (e.g. heat pumps and washing machines)
can be included. This could result in lower operational costs and
CO2 -emissions since more load can be shifted to lower electricity and/
or CO2 -emission times. In addition, we only consider CO2 -emissions as
environmental indicator. However, other environmental indicators
could be included to give a wider assessment of environmental impacts
[34].
Furthermore, we used simpliﬁed assumptions of the bid process in
the Swiss intra-day market. In reality, the bid process is more complex
since it depends on many other factors. For example, it is uncertain if
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reduce imbalance costs of the energy bid. In this way, higher imbalance
prices could stimulate the adoption of ESSs.
Besides peak shaving, other applications can be implemented to
reduce the system costs of CES deployment [16]. For example, CES
could deliver additional promising applications, such as area and frequency regulation [17]. Furthermore, the cost reduction obtained from
grid deferral is not included in our EA-PS scenario since it is diﬃcult to
estimate the potential beneﬁts from grid deferral. Currently, the costs
and CO2 -emissions are increased in the EA-PS scenario when peak
shaving is implemented. However, we expect that peak shaving provides additional beneﬁts to the DSO hence this could result in a more
beneﬁcial business case for the EA-PS scenario.
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8. Conclusions
This paper started with a strategy to minimize grid absorption,
CO2 -emissions and imbalance costs of an aggregator operating in the
Swiss intra-day market using a CES system. We examined two scenarios
of CES ownership. The ﬁrst scenario (i.e. EA scenario) was based on the
individual ownership of the CES battery by an aggregator. The second
scenario (i.e. EA-PS scenario) was based on a shared ownership between an aggregator and a DSO. These CES owners had diﬀerent purposes with the CES system. The DSO aimed to avoid system contingencies by reducing the load on the distribution transformer by
implementing peak shaving, while the aggregator aimed to minimize
operation costs and CO2 -emissions by EA. A multi-objective MILP model
was developed to minimize operation costs and CO2 -emissions in the
two scenarios. This MILP model was tested on a community situated in
Cernier (Switzerland), considering six battery technologies: NMC-C,
LFP-C, NCA-C, NCA-LTO, VRLA and the VRFB.
The results demonstrate economic proﬁtability for all LiBs (NMC-C,
LFP-C, NCA-C and NCA-LTO) and the VRFB, for both the EA and EA-PS
scenario. The EA scenario, where an aggregator owns the battery individually, shows a slightly better economic and environmental performance in comparison with the EA-PS scenario.
Furthermore, transformer stations turn out to be critical elements
within the current infrastructure and will have to be reinforced for allelectric communities. Alternatively, we recommend to combine EA
with PS to prevent potential problems related to the distribution
transformer capacity when designing all-electric energy systems.
Therefore, we recommend aggregators to collaborate with DSOs to
prevent problematic loads on the distribution transformer while having
a proﬁtable business case with a good environmental performance.
Moreover, LiBs (e.g. NMC-C and NCA-LTO) perform best in the
economic and environmental analysis. Therefore, we recommend to
implement LiBs for CES deployment. More speciﬁcally, our results demonstrate that the NMC-C battery performs best on both economic and
environmental performance.
Furthermore, the Pareto frontiers reveal that the economic and
environmental performance of battery technologies is sensitive when
applying diﬀerent weighting of costs and CO2 -emissions. We believe
that environmental impacts of systems and technologies will become
more inﬂuential in the assessment of energy systems due to more aggressive climate policy. For that reason, we recommend to consider
both costs and environmental impacts in the optimization of CES systems and (battery) technologies.
This paper demonstrates that additional beneﬁts and proﬁtability
can be obtained when CES applications are combined. Therefore, future
research should be directed into the integration of other storage technologies and applications of CES systems, considering both costs and
additional environmental impact indicators.
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