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Abstract: Due to the promoted integration of renewable sources, a further growth of strongly transient,
distributed generation is expected. Thus, the existing electrical grid may reach its physical limits.
To counteract this, and to fully exploit the viable potential of renewables, grid-balancing measures
are crucial. In this work, battery storage systems are embedded in a grid simulation to evaluate
their potential for grid balancing. The overall setup is based on a real, low-voltage distribution grid
topology, real smart meter household load profiles, and real photovoltaics load data. An autonomous
optimization routine, driven by a one-way communicated incentive, determines the prospective
battery operation mode. Different battery positions and incentives are compared to evaluate their
impact. The configurations incorporate a baseline simulation without storage, a single, central battery
storage or multiple, distributed battery storages which together have the same power and capacity.
The incentives address either market conditions, grid balancing, optimal photovoltaic utilization,
load shifting, or self-consumption. Simulations show that grid-balancing incentives result in lowest
peak-to-average power ratios, while maintaining negligible voltage changes in comparison to a
reference case. Incentives reflecting market conditions for electricity generation, such as real-time
pricing, negatively influence the power quality, especially with respect to the peak-to-average power
ratio. A central, feed-in-tied storage performs better in terms of minimizing the voltage drop/rise
and shows lower distribution losses, while distributed storages attached at nodes with electricity
generation by photovoltaics achieve lower peak-to-average power ratios.
Keywords: grid balancing; grid simulation; autonomously optimized battery storage; distributed generation;
central and distributed energy storage

1. Introduction
Transition from traditional, large-scale and centralized electricity generation by fossil fuels to more
distributed renewable generation by photovoltaics (PV) and wind power is being pushed forward
by many countries [1]. The strong volatility of renewables means that generation does not always
coincide with electricity demand. Hence, balancing measures need to be deployed in the power
system to counteract the strong effect of renewables on grid operation [2,3] and, thereby, exploit their
full potential.
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In particular, low-voltage distribution grids face three technical challenges due to the penetration
by small-scale distributed generation (DG) like PV: (1) voltage rise during feed-in (which also limits the
amount of DG capacity introduced); (2) possible harmonic distortion caused by feed-in controllers [4];
(3) creation of new power peaks [5]. Researchers already have investigated the impacts of DG on
the distribution grid [6–10]. Besides feed-in control strategies for DG [11], grid-balancing measures
have also been investigated. Demand side management (DSM) is being discussed as a promising
approach for grid balancing [12,13], as it changes electricity demand of consumers with respect to the
time pattern of consumption and/or load magnitude [14]. In this context, many publications consider
the special case of electric vehicles as usable buffer capacities [15–17].
The integration of additional stationary storage into the distribution grid has been considered [18].
In particular, battery energy storage systems (BESSs) have been proposed [19–24], different sizes
and battery technologies have been discussed and their corresponding suitability demonstrated.
BESSs are able to react practically instantaneously, and, based on their flexibility in capacity and
location, last longer. Therefore, they can serve different purposes such as [25,26]: (1) matching peak
power demand; (2) improving power quality and reliability of the grid by providing balancing
energy; (3) reducing supply interruption by bridging power; (4) load following to increase
generation utilization.
Currently, BESSs for grid balancing face the obstacles of high lifecycle costs [27] and high energy
and material requirements [28]. Used electric vehicle batteries have been proposed for a second use
in stationary applications. As less active bulk material is wasted [29], costs are reduced [30], and the
ecological footprint is improved [31].
In our previous work [30,32], we proposed BESSs based on repurposed electric vehicle batteries
for grid balancing. The prospective operation mode (charge, discharge, or idle) is determined based on
an autonomous optimization routine driven by a one-way communicated incentive. The incentive
represents the intention of the operator to achieve a certain goal [33], e.g., grid balancing, and can thus
vary significantly. To the best of our knowledge, impacts of incentive-driven BESSs on low-voltage
distributing grids have not been investigated so far. Therefore, the present work compares a single,
central BESS and multiple, distributed BESSs driven by different incentives to evaluate their impact on
grid load and power quality. With this, we want to discuss the following question: Which incentives
facilitate the integration of volatile, distributed electricity generation? To this end, we investigate
incentives that reflect different purposes, like real-time pricing, grid balancing, optimal PV utilization,
DSM, or self-consumption.
In Section 2, the detailed approach is discussed. First, the battery model, the incentive-driven
optimization, and different incentives are presented. Then, the simulation setup is described in detail.
Section 3 shows the achieved results based on our approach, followed by a brief discussion in Section 4
and a conclusion in Section 5.
2. Approach
Influences of integrated BESS on a low-voltage distribution grid with high PV penetration are
investigated. A real, low-voltage distribution grid topology, real smart meter household load profiles,
and real PV data are used. Additionally, simulated batteries are attached either to the feed-in node
(central) or to the nodes comprising distributed PV penetration. Operation of the batteries relies on an
autonomous optimization approach, which is driven by an incentive.
First, we discuss the battery model and optimization routine, followed by a detailed description
of the different incentives used for battery operation. Then, we describe the simulation setup in
detail, regarding the applied grid topology, load and PV data, as well as the simulated battery
configurations and parameters. Finally, we define criteria to evaluate the impact on load, voltage levels
and distribution losses.
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2.1. Autonomously Optimized Storages
A BESS is operated autonomously by minimizing a unidirectionally communicated incentive.
This autonomous, on-site optimization approach allows for indirect load control. Different incentives
enable the operator to pursue different measures. These measures reflect different intentions:
(1) increase self-consumption; (2) facilitate grid balancing; (3) react to the electricity market.
2.1.1. Battery Model and Optimization
As shown in a previous study [32], linear models describe the battery behavior with accuracy
comparable to nonlinear formulations in long-term simulations. Since only the long-term behavior
of BESSs is of interest in this study, the simulations and optimizations are based on the linear
battery model,
dEel
= PDC (t) − Ploss ,
(1)
dt
where Eel describes the electrical energy content, PDC the DC charging or discharging power
rate, and Ploss all battery related losses. The operation mode of the battery is controlled via
the decision function uDC (t), reflecting charging (>0), discharging (<0), and idle (=0) modes,
i.e., PDC (t) = uDC (t)· PDC,max . The decision function is calculated by optimizing with respect to
minimum costs for charging based on the incentive c(t). Constraints guarantee that the battery’s state
of charge (SOC) remains within the operational bounds, Eel,min and Eel,max . For a given time span
[t0 , tn ], the optimization problem is then formulated as:
minuDC

Z tn
t0

c(t)· PAC (uDC (t)) dt,

(2)

such that:
Eel,min ≤ Eel (t) ≤ Eel,max , t0 ≤ t ≤ tn .

(3)

We assume continuous operation states (−1 ≤ uDC (t) ≤ 1) and introduce two decision variables,
+
−
uDC,i
and uDC,i
for each time step specifying charging and discharging separately. The battery is
connected to the electrical grid via an AC/DC converter. The conversion of AC to DC power and
vice versa is assumed to exhibit a constant efficiency, i.e., PAC = ηcon · PDC . By including the converter
efficiency linearly in the objective, the optimization can be formulated as a linear program:
minuDC

∑



n
+
−1
−
ci (t)· uDC,i
·
ηcon
·
PDC,max − uDC,i
·
ηcon · PDC,max · ∆t
i =1

(4)

Here, four boundary conditions must be fulfilled:
Eel,min ≤ Eel,t ≤ Eel,max
Eel,t = Eel,0 +

∑

i
j h +
−
uDC,i · PDC,max − uDC,i
·
PDC,max − Ploss · ∆t, 1 ≤ j ≤ n
i =1

(5)
(6)

+
−
uDC,i
+ uDC,i
≤1

(7)

+
−
uDC,i
, uDC,i
≥0

(8)

Eel,0 denotes the initial electrical energy content of the battery. The final operation state is
+
−
calculated by uDC = uDC
− uDC
.
2.1.2. Incentives
Reflecting alternative operation strategies for BESSs, we propose different incentives to drive
the optimization routine, cf. Section 2.1.1. The operation strategy addresses either market conditions,
grid balancing, optimal PV utilization, load shifting, or self-consumption (see Table 1).
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Real-time pricing (RTP) is often discussed to control loads and storage systems [34–37], reflecting
the real cost of electricity generation [37]. The Austrian Energy Stock Market (EXAA) offers daily
block-based, hour-based and 15-min-based day-ahead stock market prices for electricity [38]. They are
available on working days at 12 noon for the next 36 h. We use 15-min-based data as it was shown
that balancing measures are improved by RTP based on shorter time intervals [32]. To compensate
for peak loads, the future total load at the feed-in node defines another incentive, assuming perfect a
priori knowledge of the total grid load. To support self-consumption of households with an integrated
BESS through an incentive-driven approach, the incentive should reflect the future PV generation
as well as the household load. However, to investigate the effects of consumption and generation
separately, PV generation and total household consumption are used to define additional incentives.
Again, we assume perfect prior knowledge of the loads and feed-in powers. We classify GRID
central/distributed and PV central as grid-motivated incentives and PV distributed, LOAD distributed,
and SELF distributed as consumer-motivated incentives.
Table 1. Incentives used to drive battery energy storage system (BESS) optimization. The considered
configurations for BESS are abbreviated by c for a single, central storage and d for multiple,
distributed storages.
Abbreviation

Description

Incentive

Configuration

REF
RTP
GRID
PV
LOAD
SELF

Reference case
Real-time pricing
Grid balancing
Optimal PV utilization
Load shifting
Self-consumption

EXAA day-ahead market price
Total future grid load
Future PV generation
Future household consumption
Future household load (incl. PV)

c/d
c/d
c/d
d
d

2.2. Simulation Setup
Most studies in literature are based on artificial grid topologies [39], characteristic household
loads [40], and simulated PV generation [41]. Instead, we apply real data for the low-voltage
distribution grid topology, the household loads, and the distributed generation from photovoltaics to
allow for results close to reality. Commercially available Li-ion BESSs are chosen as buffers for grid
balancing to keep simulations practical. The grid simulation is based on a direct numerical method, as
proposed by Ghatak and Mukherjee [42], which allows us to calculate the load flow for both, line grids
as well as weakly meshed grids. The method has already been applied successfully in various
forms [42–45], and used to setup a simulation tool in MATLAB [46]. The tool provides interfaces
to include loads reacting on incentives for the purpose of testing load management strategies [47].
The grid is simulated at a temporal resolution of 15 min.
2.2.1. Grid Topology
We investigate a rural distribution grid, for which all information is available from the local system
operator, Vorarlberger Energienetze GmbH, Bregenz, Austria [48]. The weakly meshed low-voltage
distribution grid (Figure 1) comprises of 50 nodes, with the slack node, i.e., central feed-in node (50),
and an additional node (19) as placeholder for a central BESS. At the slack node, the voltage Uslack
is set to 230 V and no phase shift is assumed. The termination condition for the iterative calculation
procedure in the grid simulation is set to ∆U < 1 mV at all nodes.

We investigate a rural distribution grid, for which all information is available from the local
system operator, Vorarlberger Energienetze GmbH, Bregenz, Austria [48]. The weakly meshed lowvoltage distribution grid (Figure 1) comprises of 50 nodes, with the slack node, i.e., central feed-in
node (50), and an additional node (19) as placeholder for a central BESS. At the slack node, the voltage
is set
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Figure 1. Low-voltage distribution grid from local system operator.
Figure
1. Low-voltage distribution grid from local system operator.

2.2.2. Load and Photovoltaics Data
Smart meter household loads provided by Vorarlberger Kraftwerke AG (VKW), Bregenz,
Austria [49], are assigned to the 48 load nodes. The temporal resolution of the load data is 15 min.
In addition, electrical energy supply data of solar panels are required in the same resolution, the same
period, and the same geographic area as the household load data. The data has been recorded at
a photovoltaic power plant owned by VKW [49]. It consists of 270 modules with a total module
surface area of about 460 m2 and a nominal output power of 62.1 kWp [50]. For the simulations,
the PV systems at the load nodes are scaled to typically residential dimensions of 3, 5, and 6 kWp [51].
The location in the grid is chosen randomly, attaching a PV system of 3 kWp at node 37, of 5 kWp
at node 21, and of 6 kWp at node 24. The total photovoltaic peak power accounts for 14 kWp.
This corresponds to approximately one quarter of the maximum load noted at the slack node over the
course of the simulation period, and in the absence of photovoltaics, which is a feasible penetration
rate for low-voltage distribution grids [5,52].
2.2.3. Battery Parameters
Different BESSs with capacities ranging from 4 to 16 kWh and maximum charging and discharging
power ranging from 2.5 to 8.5 kW are chosen to evaluate their impact on the grid. As distributed
storages, two types of a top-rated Li-ion battery [53], the sonnenBatterie system [54], have been selected
according to the manufacturer’s recommendation for an annual household consumption. At node
21 and 24, the type “eco 8/6” [55] is used since the annual household consumption is about 4000 kWh.
For the household at node 37, an “eco 8/4” [55] is used since the annual consumption is less than
3300 kWh.
If a single, central storage is used at node 19 as grid-balancing measure, it is assumed that its
capacity and maximum charging and discharging power equals the sum of all selected distributed
BESSs. The possible depth of discharge (DOD), the charging and discharging efficiency ηcon as well
as the battery efficiency ηbat for all batteries are taken from the original system and assumed to be
constant. The round-trip efficiencies (converter–battery–converter) for the presented systems are about
90%. Detailed battery parameters used for the battery model and the optimization (cf. Section 2.1.1)
are listed in Table 2.
Table 2. Node position and corresponding specification (type, capacity, depth of discharge
(DOD), battery efficiency, nominal power and converter efficiency) for the integrated BESSs in the
simulation study.
Node

Model

37
21, 24
19

eco 8/4
eco 8/6
-

Battery Characteristic

Converter Characteristic

Capacity (kWh)

DOD (%)

Efficiency ηbat (%)

Power PAC,max (kW)

Efficiency ηcon (%)

4
6
16

100
100
100

98
98
98

2.5
3.0
8.5

96
96
96
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Using the nominal AC power, the constant battery loss Ploss can be estimated by calculating the
average value between losses for charging, Ploss,in , and discharging, Ploss,out :
Ploss,in

z

Ploss =

Ploss,out

}|
{ z
}|
{


1
(1 − ηbat )
(1 − ηbat )
PAC,max ·
·ηcon + PAC,max ·
·
2
2
ηcon
2

(9)

Note that (1 − ηbat ) has to be divided by two in Equation (9) since ηbat describes the round-trip
efficiency of the battery. When executing the simulation, the battery is assumed to be fully charged at
t = t0 . Results for the optimization are achieved using MATLAB’s linprog routine [56].
2.2.4. Evaluation Criteria
Three evaluation criteria are used as quality measure: the peak-to-average power ratio (PAPR)
and the maximum voltage drop/rise and the distribution losses. PAPR is a measure for the maximum
occurring power at the slack node. Voltage drop/rise is analyzed at each individual node as its
deviation has to be in a certain range based on standards for electrical grids [57]. The distribution
losses are the cumulative losses of the investigated grid section.
By improving the PAPR, it is possible to achieve a more uniform energy transmission reducing
the need for expensive operating reserves. The voltage drop/rise is of interest for the grid operator
to ensure that the voltage is kept within defined limits [57]. In addition to saving resources, both the
utility company and the grid operator, are interested in reducing the distribution losses.
PAPR defines the maximum occurring apparent power Sslack,max in relation to the average
apparent power Sslack,avg at the slack node during the observed period of n discrete time steps
t ∈ τ = {t0 , . . . , tn } and is defined as:
PAPR =

maxSslack (t)
Sslack,max
t∈τ
= tn
Sslack,avg
∑t=t Sslack (t)
0

(10)

|τ |

The maximum voltage drop/rise can be determined by the relation of the maximum or minimum
occurring voltage of all nodes during the observed period in relation to the constant slack node voltage
Uslack . It is given by:
max|Uslack − Unode (t)|
t∈τ
(11)
Ud/r =
Uslack
The cumulative distribution losses are determined by the sum of all occurring distribution losses
of the investigated grid section during the whole simulation period,
losses for node i to j

Elosses

1
= ∑ ∑
2 i ∈ N j∈C

i

zZ

tn
t0



}|



{

2
Re Ii,j
(t)· Zi,j dt

(12)

where N represents the total set of nodes and Ci the set of all neighboring nodes to node i. Ii,j (t) and
Zi,j are the current and impedance, respectively, at the branch connecting node i and j. Only effective
losses are taken into account. Since by permutation of i and j, every branch would be accounted for
twice, the total sum has to be divided in half.
3. Results
The grid simulation is conducted for the reference case without a BESS, as well as for a central
BESS and multiple, distributed BESSs at load nodes with PV systems. The assignments of loads, as well
as PV and battery parameters are unmodified throughout the simulations. This allows comparable
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results regarding load, distribution losses, and voltage levels. Detailed numerical results achieved
can be found in Appendix A. Investigated configurations (incentives, BESS position) are listed in
Table 1. Figure 2 depicts all incentives. All incentives are shown normalized to one, while the dashed
line represents the zero line. The autonomous optimization attempts to charge the battery at the
valleys and discharge it at spikes. Hence, the more valleys and spikes the incentive has, the more
often the battery is in an active state. The timing of the incentives influences the battery’s reaction rate;
therefore, short resolutions are important for a fast response. The time resolution of the conducted
simulation is 15 min.
Figure 3 shows the PAPR, the voltage drop/rise as well as the corresponding distribution losses
for all incentives and battery configurations. The PAPR is reduced in all operation modes with respect
to the reference case except for RTP driven operation. In all modes other than RTP driven operation,
while
the maximum apparent power at the slack node Sslack,max reduces, the mean value Sslack,mean
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7 of 13
remains nearly the same since the required household load has to be transferred and the storages
work
workas
asbuffer
buffercapacities.
capacities. Conversely,
Conversely, using
using RTP
RTPas
asincentive
incentiveresults
resultsin
inadditional
additionalpeak
peakloads
loadswith
with
respect
to
the
reference
case.
In
general,
the
cumulative
distribution
losses
are
nearly
unaffected
respect to the reference case. In general, the cumulative distribution losses are nearly unaffected by
by
introducing
a central
storage,
whereas
distributed
storages
lead
higher
distribution
losses
introducing
a central
storage,
whereas
distributed
storages
lead
to to
higher
distribution
losses
forfor
all
all
incentives.
RTP-driven
operation
of
distributed
storages
exhibits
the
highest
distribution
losses.
incentives. RTP-driven operation of distributed storages exhibits the highest distribution losses. The
The
voltage
drop/rise
as well
as the
maximum
andminimum
minimumvoltages
voltagesindicate
indicatethat
that regardless
regardless of
voltage
drop/rise
as well
as the
maximum
and
of the
the
incentive,
incentive, central
central storages
storages do
do not
not deteriorate
deteriorate or
or significantly
significantly improve
improve the
the power
power quality
quality in
in terms
terms of
of
voltage
deviation.
voltage deviation.

Figure 2.
2. Used
incentives
to drive
the optimization
of theofBESS
a one-week
period:
Figure
Usedand
andnormalized
normalized
incentives
to drive
the optimization
the for
BESS
for a one-week
EXAA day-ahead
spot-market
price forprice
electricity
(RTP); total
grid
load
at the
node
(GRID);
period:
EXAA day-ahead
spot-market
for electricity
(RTP);
total
grid
loadslack
at the
slack
node
photovoltaic
generation
(PV);
individual
household
loads
(LOAD)
for
household
at
node
21,
24,
(GRID); photovoltaic generation (PV); individual household loads (LOAD) for household at nodeand
21,
37 and
comprising
a distributed
storagestorage
system;
individual
total household
consumption
including
load
24,
37 comprising
a distributed
system;
individual
total household
consumption
including
and and
photovoltaic
generation
(SELF)
forfor
household
at at
node
distributed
load
photovoltaic
generation
(SELF)
household
node21,
21,24,
24,and
and37
37 comprising
comprising a distributed
storagesystem.
system.
storage

Figure 4 illustrates the power duration curves and Figure 5 the voltage duration curves for all
incentives and configurations. It shows the number of hours in which the feed-in apparent power is
above a certain level. Better utilization of the grid is reflected by a straight curve. For both graphs,
it can be seen that local, grid-motivated incentives (GRID, PV central) perform best, followed by
consumer-motivated incentives (PV distributed, LOAD, SELF), the reference case, and RTP incentives.
Simulations of a central storage, except in the RTP-driven case, have a positive impact on the voltage
level and lead to a more uniform voltage distribution.

Figure 2. Used and normalized incentives to drive the optimization of the BESS for a one-week period:
EXAA day-ahead spot-market price for electricity (RTP); total grid load at the slack node (GRID);
photovoltaic generation (PV); individual household loads (LOAD) for household at node 21, 24, and
37 comprising a distributed storage system; individual total household consumption including load
and photovoltaic
Energies
2017, 10, 2161 generation (SELF) for household at node 21, 24, and 37 comprising a distributed
8 of 14
storage system.
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4. Discussion
Results in Section 3 show that local, grid-motivated incentives (GRID, PV central) help to improve
the power quality in terms of the PAPR in the case of a single, central storage as well as in case of
multiple, distributed storages. The distributed storages perform slightly better (15.0% reduction in
PAPR for GRID distributed) than a central storage (14.5% reduction in PAPR for GRID central and
11.9% for PV central). This can be attributed to a higher probability that one of the distributed storages is
close to a peak load at any given time as compared to a single, central storage. Hence, lower distribution
losses occur for the transferred balancing energy. In addition, the cumulative distribution losses for
distributed storages are higher than those for a central storage during the subsequent battery charging.
In turn, the average slack node power is increased, which also leads to a further reduction of the PAPR.
The voltage drop/rise is marginally better for central storages, however, for distributed storages, no
significant change in the voltage quality is observed.
Consumer-motivated incentives (PV distributed, LOAD, SELF) for distributed storages lead to
an improvement of the PAPR. This is because these incentives at least partially incorporate loads
contributing to the total grid load. Combining household loads and photovoltaic generation reduces
the PAPR most significantly (12.2% for SELF). This can be attributed to the fact that the incentive
represents more features of the total grid load than the individual photovoltaic or household loads.
By applying photovoltaic generation as an incentive (PV), PAPR is improved by 11.4%; with individual
household loads as the incentive (LOAD), the improvement is 7.0%. The voltage quality in terms of
voltage drop/rise deteriorates only insignificantly compared to the reference.
Furthermore, we have proven that RTP incentives, as often used in literature, worsen the PAPR
by 14.6% for a single, central storage and by 15.1% for multiple, distributed storages. This happens
since supraregional markets do not reflect the local grid load situation. The voltage drop/rise for a
single, central storage remains almost the same; for multiple, distributed storages, a deterioration of
1.8% of the minimum voltage compared to the minimum reference voltage is observed.
For distributed storages, the distribution losses of the investigated grid section increased. This can
be attributed to the transmission of energy to the distributed storage resulting in higher losses
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compared to a feed-in tied storage. This energy transfer also accounts for the greater deviation
in voltage drop/rise of distributed storages compared to a central storage.
The round-trip efficiency used for the models was about 90%, which can only be achieved by
very well-tuned systems. Lower round-trip efficiencies would increase the impact on the grid quality
during discharging, due to the lower power output compared to systems that are more efficient.
5. Conclusions
In this work, the grid-balancing ability of a central battery storage was compared to distributed
battery storage systems in a simulation study. Based on different incentives, the battery mode (charge,
discharge, or idle) was determined by optimization. The simulation is based on a real grid topology in
combination with smart meter household load data and distributed photovoltaics generation data.
Evaluation criteria are the peak-to-average power ratio at the feed-in node, the maximum voltage
drop/rise at all nodes of the grid, and the cumulative distribution losses of the investigated grid section.
The investigated cases show that incentives that reflect more general conditions, such as
supraregional markets, may even deteriorate power quality. Thus, we proved that it is crucial to assess
the impact of grid-balancing measures on all voltage levels of the electrical grid. Hence, to improve the
power quality of low-voltage distribution grids by the use of autonomously optimized devices, local,
grid-motivated and consumer-motivated incentives are preferable. In these cases, both a single, central
storage as well as multiple, distributed storages have power quality related advantages in low-voltage
distribution grids; the former configuration performs better in terms of the voltage drop/rise and
shows lower distribution losses, the latter in terms of the reduction of the peak-to-average power
ratio. Therefore, efforts should be made for grid and household load assessment, which account for
contributions from distributed generation, in order to ensure grid reliability in the future.
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Nomenclature
C
c
DOD
Eel
Elosses
I
Islack
N
n
PAPR
PAC
PDC
PHH
Ploss

Set of neighboring nodes (–)
Incentive (–)
Depth of discharge (%)
Electrical energy content (J)
Cumulative distribution losses (Wh)
Alternating current (A)
Alternating current at the slack node (A)
Total set of nodes (–)
Total number of data points (–)
Peak-to-average power ratio (–)
Alternating power (W)
Direct power (W)
Household power (W)
Linearized battery losses (W)
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Sslack
PPV
SOC
t
U
Ud/r
Unode
Uslack
uDC
Z
ηbat
nload
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Power at the slack node (VA)
Photovoltaic power (W)
State of charge (%)
Time (s)
Alternating voltage (V)
Alternating voltage drop/rise (V)
Alternating voltage at the individual grid nodes (V)
Alternating voltage at the slack node (V)
Decision variable on DC power side (–)
Impedance matrix (Ω)
Battery efficiency (–)
Amount of loads (–)

Appendix
Table A1. PAPR, power, and loss results achieved for a single, central storage (c) and multiple,
distributed storages (d) driven by different incentives. The superscript * refers to normed quantities
Elosses
∗
with respect to the reference case, i.e., Elosses
= Elosses,REF
and analogously for PAPR.
Abbreviation Configuration

Savg
(kVA)

Smin
(kVA)

Smax
(kVA)

PAPR
(–)

PAPR∗
(–)

Elosses
(kWh)

∗
Elosses
(–)

REF

-

26.21

4.06

57.88

2.21

1.00

38.76

1.00

RTP

c
d

26.24
26.31

−3.84
−3.62

66.41
66.85

2.53
2.54

1.15
1.15

38.97
50.38

1.01
1.30

GRID

c
d

26.14
26.16

12.56
12.51

49.35
49.12

1.89
1.88

0.85
0.85

38.50
41.29

0.99
1.07

PV

c
d

26.38
26.42

2.80
2.88

51.32
51.68

1.95
1.96

0.88
0.89

38.83
45.03

1.00
1.16

CONS

d

26.42

0.37

54.26

2.05

0.93

44.72

1.15

SELF

d

26.63

3.10

51.68

1.94

0.88

43.35

1.12

Table A2. Voltage results achieved for a single, central storage (c) and multiple, distributed storages
(d) driven by different incentives. The superscript * refers to normed quantities with respect to the
∗
reference case, i.e., Ud/r
=

Ud/r
Ud/r, REF

.

Abbreviation

Configuration

Uavg (V)

Umin (V)

Umax (V)

∗
Ud/r
(–)

REF

-

228.67

222.35

233.87

1.00

RTP

c
d

228.67
228.66

222.29
218.44

233.87
236.39

1.01
1.51

GRID

c
d

228.67
228.67

222.40
222.35

233.82
234.68

0.99
1.00

PV

c
d

228.67
228.65

222.40
220.77

233.82
233.72

0.99
1.21

LAOD

d

228.65

221.99

235.87

1.05

SELF

d

228.64

221.86

233.53

1.06
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