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Optimizing the technical and economic value of energy storage systems in LV networks
for DNO applications
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aEindhoven University of Technology, De Rondom 70, Postbus 513, 5600 MB, Eindhoven, the Netherlands
bEnexis Netbeheer, Magistratenlaan 116, Postbus 856, 5201 AW, ’s-Hertogenbosch, the Netherlands

Abstract

Electrical energy production from renewable energy sources and electrification of consumer energy demand are developments in
the ongoing energy transition. These developments urge the demand for flexibility in low voltage distribution networks, on the
one hand caused by the intermittency of renewable energy sources, and on the other hand by the high power demand of battery
electric vehicles and heat pumps. One of the foremost ways to create flexibility is by using energy storage systems. This paper
proposes a method to first optimize the siting, power and capacity rating, technology, and operation of energy storage systems based
on the technical and economic value. Secondly the method can be used to make cost- and time-based network planning decisions
between network upgrades and network upgrade deferral by energy storage systems. To demonstrate the proposed method, study
cases are analyzed of five low voltage distribution networks with different penetrations of photovoltaics, heat pumps and battery
electric vehicles. The optimal energy storage systems in the study cases are: flow batteries sited at over 50% of the cable length
with a high capacity rating per euro. With the current state of energy storage system development, network upgrade deferral is up
to 61% cheaper than network upgrades in the study cases. The energy storage systems can offer additional value by reducing the
peak loading of the medium voltage grid which is not taken into account in this research.

Keywords: energy storage, optimization, power system planning, network upgrade deferral

Nomenclature

δn Voltage angle at bus n.
θn j Phase angle of the branch between bus n and j.
BEV Subscript indicating battery electric vehicle load.
Dom Subscript indicating domestic load.
HP Subscript indicating heat pump load.
nom Subscript indicating the nominal value.
peak Subscript indicating a peak power value.
pro f ile Subscript indicating a value from a normalized demand

profile.
PV Subscript indicating photovoltaic generation.
Cn Cost of energy storage system at bus n.
CES S (y) Yearly costs of energy storage systems in time step y.
CNU(y) Yearly costs of network upgrades in time step y.
CAPEXES S (y) Total capital expenses of energy storage sys-

tems installed until time step y.
CAPEXNU(y) Total capital expenses of network upgrades in-

stalled until time step y.
Eheat Average heating energy consumption per household

per day.
Etrans Average transportation energy consumption per house-

hold per day.
I Number of branches (transformers and lines) in the net-

work.

∗Corresponding author
Email address: m.h.roos@tue.nl (M.H. Roos)

k Simultaneity factor.
lES S Estimated lifetime of energy storage systems.
lNU Estimated lifetime of network upgrades.
M Number of energy storage system types.
N Number of buses in the LV network.
NPVNUD Net present value of deferred network upgrades and

energy storage systems.
NPVNU Net present value of network upgrades.
OPEXES S (y) Total capital expenses of energy storage systems

in time step y.
OPEXNU(y) Total capital expenses of network upgrades in

time step y.
PES S ,n Active power injection by the energy storage system at

bus n.
P j,n Power flow from bus j to bus n.
Pload,n Active power absorption of load at bus n.
Pload,n Reactive power absorption of load at bus n.
Pmv,n Active power injection by the medium voltage network

at bus n.
Pn Total active power injection at bus n.
QES S ,n Reactive power injection by the energy storage system

at bus n.
Qmv,n Reactive power injection by the medium voltage net-

work at bus n.
Qn Total reactive power injection at bus n.
r Interest rate.
S i Apparent power flow through branch i.
S OCini,n Initial state of charge of the energy storage system at
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bus n.
T Number of timesteps of the optimal power flow opti-

mization.
t Current time step of optimal power flow optimization.
Td Network upgrade deferral time.
Vn Voltage magnitude at bus n.
Vtol Voltage deviation tolerance.
X Genetic algorithm population size.
Y Time scope of network planning in years.
y Current time step of network upgrade deferral opti-

mization.
Yn j Admittance of the branch between bus n and j.

1. Introduction

1.1. Energy storage for distribution network operators

In the year 2010 the European Commission set targets to ac-
celerate the energy transition to reduce global warming and the
rate of fossil fuel depletion with the EU 2020 Energy Strategy
[1]. Three of the key targets are to ensure 20% of EU energy
is generated from renewable energy sources (RES), to achieve
20% energy savings and to cut greenhouse gas emissions by
20% by the year 2020 (compared to 1990). To reach these tar-
gets, changes are taking place in the generation and demand
of electrical energy. On the generation side, electrical energy
is increasingly generated by distributed generators throughout
the power grid from RES. The installed photovoltaics (PV) ca-
pacity in The Netherlands will increase up to 18-20 [GWp] in
2030, compared to the 1 [GWp] in 2015 [2, 3]. On the demand
side, the energy demand for transportation and household heat-
ing is electrified with battery electric vehicles (BEVs) and heat
pumps (HPs), increasing the consumer demand of electrical en-
ergy. The penetration of HPs in households in The Netherlands
is expected to increase from 2% in 2015 to 10% in 2030, while
in the same period the number of BEVs is expected to grow
from 10.000 to 2 million [2, 3, 4].
Since the existing power grid was not designed to support these
developments, a large part of the power grid may be inadequate
for the increased loading from DG and electrification [3]. This
especially applies to low voltage (LV) distribution networks to
which the majority of the BEVs and HPs will be connected [4].
Inadequate LV networks can encounter a variety of problems,
e.g. network overloading and voltage deviation from nominal
[5, 6]. These problems have to be solved with either network
upgrades or flexibility in the network. One of the foremost ways
to create flexibility in a power system is peak shaving by energy
storage systems (ESS).
When ESS are utilized for peak shaving, the ESS store excess
electrical energy during off-peak demand hours and discharge
at peak demand hours. This averages the loading of the network
node over time which reduces peak loading in the network [7].
Additionally, ESS can inject or consume active and/or reactive
power to change the voltage magnitude locally towards nominal
level. These applications allow ESS to defer network upgrades.
Preliminary research has been performed on the capabilities of

energy storage in the power grid. As described by [8], an energy
storage device in the grid can have different stakeholders with
different applications. An estimation of the maximum market
potential of each application is given by [9], indicating that ESS
should be used for multiple applications (value stacking) to cre-
ate maximum value [10].
For optimal technical and economic value the siting, sizing,
technology and operation of ESS have to be optimized. The
most suitable ESS technology depends strongly on its appli-
cation. There are numerous ESS technologies with different
properties, however no storage system meets the ideal require-
ments of being technologically mature, having long lifetime,
low costs, high energy density, high efficiency, and being envi-
ronmentally benign [11]. The potential of different ESS tech-
nologies is described in [12, 13, 14, 15].

1.2. Siting and sizing optimization

The ESS siting and sizing optimization problem is a combi-
natorial non-deterministic polynomial-time (NP) hard problem.
For this type of problem no efficient method has yet been found
which guarantees globally optimal solutions. To solve the ESS
siting and sizing problem, a methodology based on linear pro-
gramming is proposed by [16]. In this paper the location and
size of ESS in a distribution network are optimized to minimize
the annual cost of electricity and curtailed wind power produc-
tion. A second-order cone programming approach for ESS sit-
ing and sizing is proposed by [17]. This methodology is utilized
to optimize the siting and sizing of ESS for six different objec-
tives such as investment costs, losses and energy curtailment
costs. An exhaustive search based methodology is proposed by
[18] to optimize the location of ESS in networks with high wind
penetration based on revenue. A modified particle swarm opti-
mization algorithm is utilized by [19] to optimize the location
and size of ESS for expansion of the medium voltage network.
Mathematical programming is unsuitable to optimize the sit-
ing and sizing of ESS simultaneously and usually relies on ap-
proximated models for ESS siting and sizing which reduces the
accuracy of the solution [8]. Exhaustive search methods are
guaranteed to find an optimal solution within the search space.
However exhaustive search is only suitable for problems with
small search spaces, since these methodologies are very com-
putationally intensive. Heuristic methods are proven to be ro-
bust for combinatorial problems with reasonable computational
burden [8, 20], however do not guarantee finding a global opti-
mum.
The methodology in this paper is based on a heuristic genetic
algorithm (GA) to optimize the siting, sizing and technology
of ESS. Genetic algorithms are known to produce more reli-
able and higher quality results compared to other heuristic al-
gorithms [21, 22]. To optimize the charging and discharging
behavior of ESS, an optimal power flow (OPF) is performed
modeled as a mixed integer non-linear program (MINLP). The
OPF is solved by an interior point solver. Solving a MINLP
has a relatively high computational burden compared to a linear
program as used by [16], however this is acceptable for network
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planning and a MINLP produces more accurate results. By us-
ing this two-level approach, the advantages in computational
burden of the heuristic approach can be exploited for the siting
and sizing problem, while accurate results are achieved.
No existing literature offers an integral method to optimize the
siting, sizing, technology and operation of ESS, and perform
a cost-based comparison between network upgrades (NU) and
optimized network upgrades deferral (NUD) network planning
strategies.
To fill these gaps this paper aims to offer the following contri-
butions:

1. A methodology to determine the optimal siting, sizing,
technology and operation of ESS based on technical and
economic value.

2. A methodology to make cost- and time-based network
planning decisions between NU and optimized NUD by
distribution network operators (DNOs).

3. Analysis of the most important ESS properties for conges-
tion management in LV networks by DNOs.

In the next section a methodology is proposed to optimize the
siting, power rating, energy rating and operation of ESS, and
the deferral time for NUD. In section 3 the networks, scenarios,
ESS and modeling of household demand profiles are presented.
The results from the analysis are shown and discussed in section
4. Finally the conclusions are presented in section 5.

2. Methodology

To analyze study cases with the methodology proposed in this
paper, four types of input data are required as shown in figure 1.
The study case data should contain: network properties (power
ratings, impedance, typical NU cost), scenarios of the penetra-
tion of distributed energy resources (e.g. PV, HPs and BEV),
demand and generation profiles of households in the network,
and properties of the considered ESS devices (technology, en-
ergy, power, efficiency, cost and lifetime/cycles).
Using this data, the ESS are optimized for the networks in each
penetration scenario to solve overloading and voltage problems.
A GA is utilized to generate populations of ESS with different
siting, sizing and technology. The (dis)charging behavior of the
ESS for each member of the population is optimized with OPF
analysis.
By analyzing multiple scenarios which represent consecutive
time periods, optimal network planning over a time period can
be analyzed. ESS and NU can be compared over the planning
period based on a technical performance-based analysis and a
economical cost-based analysis. To analyze the performance,
the network loading and voltage of networks with optimized
ESS and NU are compared. To analyze the cost, the network
upgrade deferral time is optimized and the net present value
(NPV) of NUD by ESS and NU are compared.

Figure 1: Overview of the methodology.

2.1. Energy storage optimization

2.1.1. Siting, sizing and technology

To model the different ESS, the number of considered ESS sizes
and technologies are summed to determine the total number of
ESS types (M). Each ESS type has a corresponding energy rat-
ing, power rating, efficiency and price. The number of siting
locations is equal to the number of buses (N) in the network,
which allows ESS to be placed at each bus.
The methodology initializes with a population of X random
ESS siting, sizing and technology combinations. Each mem-
ber of the population is described by a MxN matrix, which de-
scribes the number of ESS of each type (rows) at each location
(columns). Each member of the initial population is analyzed
with OPF to optimize the charging and discharging behavior of
the ESS, and to determine the most optimal member of the pop-
ulation according to the objective function value. The OPF is
described in section 2.1.2.
After the OPF, the methodology optimizes the siting, sizing and
technology of the population by using a GA. The GA analyzes
the objective function value of every member of the population
to create a new (more optimal) population with three operations
which ensures convergence to a global optimum.
The first operation ”selection” selects the most optimal mem-
bers of the old population and discards the rest of the popula-
tion. Operation ”crossover” creates a new population by com-
bining parts of the most optimal members of the old population,
possibly creating more optimal solutions. The last operation
”mutation” randomly changes parts of members of the popu-
lation with a relatively low probability. The new population is
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analyzed with the OPF to evaluate the objective function values.
This process is repeated until the algorithm no longer produces
better results for a predefined number of iterations or the maxi-
mum number of iterations has been reached.

2.1.2. Charging and discharging

The objective function of the charging and discharging op-
timization problem is described by equation 1a depending
on a set of variables (x). The objective function consists of
components for the optimization objectives: node voltage devi-
ation, branch loading, losses and storage costs. These voltage
deviation, branch loading and losses are scaled according to the
cost of the objectives. The problem is modeled as a MINLP to
perform an OPF to tune the power injection of the ESS, while
minimizing the objective function, and evaluating the variables
and constraints ψ1(x) = 0, ψ2(x) = 0, ψ3(x) = 0, η1(x) ≤
0, η2(x) ≤ 0 and η3(x) ≤ 0. While performing the OPF,
the bus voltages and branch power flows are evaluated with
power flow equations 1d, 1e, 1f, 1h, 1i and 1j. Set I contains
all the branches of the network expressed in the buses j,n to
which each branch is connected. Both transformers and cables
are considered as branches.
As shown in equation 1a, the network variables are subject
to three equality and three inequality constraints. Equality
constraints ψ1(x) and ψ2(x) are the power flow constraints.
The total amount of power flowing entering a network node
should be equal to the power flowing leaving a network node,
minus the load of the node. Equality constraint ψ3(x) is the
storage charge cycle constraint. The state of charge (SOC) of
each ESS at the beginning and end of the analyzed period is
chosen to be equal. In that way a solution of one cycle is also
a solution for infinite cycles. Inequality constraint η1(x) is the
power constraint of generators. A generator or storage device
has a maximum and minimum power limit which should not be
violated. Inequality constraints η2(x) and η3(x) are the storage
(dis)charge constraints. The SOC of an ESS cannot be below
0% or above 100%.
The node voltage deviation and branch loading are imple-
mented as optimization objective with a relatively high scaling
factor cpq, col = 1e4, which reduces the computation time
compared to implementation as constraints. This approach
requires a verification step after the optimization is complete
to check for voltage and loading violations. If violations have
occurred, the scaling factors are increased.

fob j(x) =cpq

T∑

t=1

N∑

n=1

(Vn(t) − Vnom,n)2 ∗ an(t)+

col

T∑

t=1

I∑

i=1

(S i(t) − S nom,i)2 ∗ bi(t)+

closs

T∑

t=1

N∑

n=1

Pmv,n(t) + PES S ,n(t) − Pload,n(t) +

N∑

n=1

Cn

(1a)

where:

an(t) =

{
1 if |Vn(t) − Vnom,n| ≥ Vtol

0 otherwise (1b)

bi(t) =

{
1 if S i(t) − S nom,i ≥ 0
0 otherwise (1c)

Pn(t) − Pload,n(t) = Vn
∑N

j=1, j,n Yn jV j cos(δn − δ j − θn j),
∀n = 1, ...,N

(1d)
Qn(t) − Qload,n(t) = Vn

∑N
j=1, j,n Yn jV j sin(δn − δ j − θn j),

∀n = 1, ...,N
(1e)

Pn(t) = PES S , n(t) + Pmv,n(t), ∀n = 1, ...,N (1f)

Qn(t) = QES S , n(t) + Qmv,n(t), ∀n = 1, ...,N (1g)

P jn(t) = (V jVn − Vn
2)Yn j cos(θn j) + V jVnYn jδ sin(θn j),

∀n = 1, ...,N & ∀ j = 1, ...,N (1h)

Q jn(t) = (V jVn − Vn
2)Yn j sin(θn j) − V jVnYn jδ cos(θn j),

∀n = 1, ...,N & ∀ j = 1, ...,N (1i)

S I(t) =

√
P2

jn(t) + Q2
jn(t),∀ jn ∈ I (1j)

with constraints:

ψ1(x) =
∑N

j=1, j,n P j,n(t) + PES S ,n(t) − Pload,n(t),
∀t = 1, ...,T & ∀n = 1, ...,N

(1k)

ψ2(x) =
∑N

j=1, j,n Q j,n(t) + QES S ,n(t) − Qload,n(t),
∀t = 1, ...,T & ∀n = 1, ...,N

(1l)

ψ3(x) =

T∑

t=1

PES S ,n(t), ∀n = 1, ...,N (1m)

η1(x) = PES S ,n(t) − Pnom,n, ∀t = 1, ...,T&∀n = 1, ...,N (1n)

η2(x) =

T∑

t=1

PES S ,n(t) − S OCini,n, ∀n = 1, ...,N (1o)

η3(x) =

T∑

t=1

S OCini,n − PES S ,n(t), ∀n = 1, ...,N (1p)

2.2. Network upgrade deferral optimization

Energy storage systems can be used to defer network upgrades.
To determine the required NU, loadflow calculations are per-
formed to indicate the overloaded network equipment and volt-
age deviation problems. The total capital expenses of NU at
time y are determined by the sum of the cost of the network
upgrades installed at time y. The yearly cost of NU is deter-
mined by dividing the total capital expenses by the estimated
lifetime in years summed with the yearly operational expenses
as described by equation 2. The operational expenses are equal
to the yearly losses and operation and maintenance cost in the
network.

CNU(y) =
CAPEXNU(y)

lNU
+ OPEXNU(y) (2)
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Network upgrades can be performed in a single or in multiple
stages, the NPV of NU is calculated using equation 3.

NPVNU =

Y∑

y=1

CNU(y)
(1 + r)y (3)

In case of NUD, the total cost of ESS in a network at a certain
time results from the ESS optimization and is determined by
equation 4.

CAPEXES S (y) =

N∑

n=1

Cn(y) (4)

The yearly cost of energy storage is equal to the total price of
installed ESS at time y divided by the lifetime in years summed
with the yearly operational expenses as described by equation 5.
The operational expenses are equal to the yearly losses and op-
erations and maintenance (O&M) costs in the network.

CES S (y) =
CAPEXES S (y)

lES S
+ OPEXES S (y) (5)

The economic value of NUD is determined by the difference be-
tween the NPV of network upgrades and optimally deferred net-
work upgrades. When ESS is relocated after NU are performed,
the NPV of NUD is determined using equation 6.

NPVNUD =

Y∑

Td+1

CNU(y)
(1 + r)(y−1) +

Td∑

y=1

CES S (y)
(1 + r)(y−1) (6)

To optimize the NUD strategy, NPVNUD should be minimized
by optimizing the network upgrade deferral time Td. The op-
timized economic value of NUD is calculated using equation
7.

ValueNUD = NPVNU −min
Td

(NPVNUD) (7)

3. Study cases

To analyze the technical and economic value of ESS in the
study cases, the methodology described in section 2 is used. A
network planning time scope of 30 years is considered during
which PV, HPs and BEVs are integrated according to the model
in section 3.3. Network upgrades are performed in a single or
two stages during the planning period. The interest rate is as-
sumed to be 10%, while the costs for network upgrades are de-
termined from the average cost in [23]. Transformer upgrades
cost 20.000 [e] per transformer, while cable upgrades cost 80
[e/m]. The voltage deviation tolerance is equal to 0.1 [p.u.]
and the cost of losses closs is estimated at 0.05 [e/kWh].

3.1. Networks

Five networks are analyzed which can be categorized
into:dense-urban, urban, semi-urban and rural LV distribution
networks. The networks are the result of a study of different res-
idential areas in the Netherlands performed by [24, 25] and are

Table 1: Properties of the networks used in study cases. a:Dense urban
network, b:Urban network, c:Semi-urban network, d:Rural
network

Name Number of
households

Summed
transformer
rating (kVA)

Maximum
cable
length (km)

Meekspoldera 344 630 0.51
Betondorpb 232 715 0.91
Nootdorpb 143 400 0.45
European LV
ref. networkc

109 400 7.0

Exeld 51 160 1.94

considered to be representative for LV networks in the Nether-
lands. Characteristic networks representing the different resi-
dential areas in the Netherlands and a composed dense urban
benchmark network called ”Meekspolder” are determined and
modeled. Another study is performed by the joint research cen-
ter of the European Commission which provides a semi-urban
network called ”European LV semi-urban reference network”
[26]. Important differentiating properties of the networks are:
the number of households, transformer rating, cable length, ca-
ble current rating and topology. The networks and their proper-
ties are shown in table 1. The networks are modeled and ana-
lyzed using the MATPOWER Matlab package [27].

3.2. Household profiles

The households in the networks are modeled as constant power
load connected to a PQ bus. The power demand of each house-
hold is described by a profile of the household demand at every
time step (15 minutes). The profile is negative in case of sur-
plus PV generation. A household demand profile is equal to
the sum of four parts: domestic demand, PV generation, HP
demand and BEV demand. The domestic demand is present at
every household in a network, while the number of households
with PV, HP and BEV depends on the penetration scenario.
To analyze the networks a single worst-case day is analyzed in
which the impact of the demand and generation of households
on the network loading and voltage is the greatest. For PV a
generation profile of a sunny day is used, for HPs a demand
profile of a cold day is used, for BEVs a demand profile of a
weekday is used and for domestic demand a profile of a winter
day is used.
The domestic demand and PV generation profiles used in the
study cases are based on empirical data [28, 29]. The BEV
demand profile is based on a profile with only at-home charg-
ing [30]. For the HP demand profile, three HP demand profiles
[30, 31, 32] were compared to the heat demand of households
[33, 34] from which [31] is the most similar.
The generation and demand of PV, HPs and BEVs at each time
step is determined from the maximum power, the demand pro-
file, and the simultaneity factor. The simultaneity factor of PV
is assumed to be equal to 1 since the irradiation of all house-
holds is considered identical. The average power capacity of
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Table 2: Penetration rates of PV, HP and BEV in different scenarios.
All penetration rates are in [% of households]

Scenario Years PV pen. [%] HP pen. [%] BEV pen. [%]

1 1-5 0 0 0
2 6-10 20 10 5
3 11-15 40 30 10
4 16-20 60 50 15
5 21-25 80 70 20
6 26-30 100 90 25

PV systems in the Netherlands is approximately 3 [kW p] [35].
The simultaneity factors of BEVs and HPs are determined from
the average energy consumption of mobility and heating per
day by utilizing equations 8a, 8b.
The energy consumption of BEVs in [36] is between 0.137
[kWh/km] and 0.200 [kWh/km]. With an average daily travel-
ing distance on weekdays between 30-50 [km] [37, 38] the av-
erage transportation energy consumption of BEVs is between
4.11 and 10 [kWh/day]. BEVs are assumed to charge with
11 [kW] at home using a three-phase charger [39]. HPs are as-
sumed to have a power rating of 4 [kW] with an energy con-
sumption of 50 [kWh/day] is about on the cold days. Us-
ing this data, the simultaneity factors are: kBEV = 0.09 and
kHP = 0.78.

kBEV =
Etrans∑T

t=1 PBEV,pro f ile(t) ∗ PBEV,peak
(8a)

kHP =
Eheat∑T

t=1 PHP,pro f ile(t) ∗ PHP,peak
(8b)

The simultaneity factor of BEVs is relatively low as also dis-
cussed by [40] which indicates that BEVs cannot be mod-
eled realistically by aggregated demand profiles. Every BEV
is modeled individually according to the method described by
[40] by transforming the demand profile to discrete values in-
dicating the number of BEVs charging at every interval. The
total demand of a household at every time step is calculated
using equations 9a, 9b.

PHH(t) =PDom,peak ∗ kDom ∗ PDom,pro f ile(t)+
PHP,peak ∗ kHP ∗ PHP,pro f ile(t)+
PBEV,peak ∗ ach(t)−
PPV,peak ∗ PPV,pro f ile(t)

(9a)

Where:

ach =

{
1 when charging
0 when not charging (9b)

3.3. Penetration scenarios

The networks are analyzed in six scenarios with different pen-
etration rates of PV, HPs and BEVs (see table 2). In the first
scenario the performance of the networks without PV, HPs and
BEVs is analyzed. In each consecutive scenario the penetration

Figure 2: Loading of cables and transformer of Nootdorp over time in
scenario 6 without ESS.

Figure 3: Loading of cables and transformer of Nootdorp over time in
scenario 6 with ESS.

of PV, HPs and BEVs is increased. By analyzing the proposed
scenarios for each network a rigorous analysis of the value of
ESS is performed, representing a wide variety of situations in
the LV distribution grid in the Netherlands. To compare NU and
NUD, every network is analyzed over a period of 30 years. In
this period the penetration rates of PV, HP and BEV are initially
at the level of scenario 1 and grows over time through scenario
2, 3, 4 and 5 to scenario 6 with a time step of 5 years as shown
in table 2.

3.4. Energy storage systems

Electrical energy storage systems are charged and discharged
with electrical energy while the form of the stored energy can be
either mechanical, electrochemical, electrical, chemical or ther-
mal [11]. According to [14, 41] the most feasible distributed
ESS technologies which are technologically mature for short to
medium term implementation are flywheels, supercapacitors,
batteries, and flow batteries. From these technologies the fly-
wheel and supercapacitor are not suitable for peak shaving ap-
plications according to [15, 12]. This implies that ESS based
on battery (BESS) or flow battery (FBESS) technology, which
store energy in electrochemical form, are most suitable to be
applied by the DNO. Properties of the battery and flow battery
devices used in this paper are shown in table 3.
Passive aging of ESS has not been taken into account in the
study cases. Therefore the lifetime of the ESS is only depen-
dent on the total number of (dis)charging cycles. On each day
that flexibility is required by a DNO, ESS complete roughly one
(dis)charging cycle per day as shown in figure 9. This implies
that the number of cycles per year is equal to the number of
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Table 3: Properties and price of different energy storage devices.†: determined from [13]. ∗:at 80% depth of discharge. §:from manufacturer data.
BESS: battery energy storage system, FBESS: flow battery energy storage system.

Type Technology Energy
[kWh]§

Power [kW]§ Round-trip
efficiency
[%]§

Price [e] O&M
cost[e/y]†

Est. lifetime
[cycles]†

Energy rating
per euro
[Wh/e]

1 BESS 1.2 0.27 91 1780§ 1.8 1825-2500∗ 0.67
2 BESS 4 1.2 90 2500§ 8.3 1825-2500∗ 1.60
3 BESS 8.8 5 91 5200§ 35 1825-2500∗ 1.69
4 BESS 13.5 5 90 5900§ 35 1825-2500∗ 2.29
5 BESS 27 10 90 11000§ 70 1825-2500∗ 2.45
6 BESS 100 50 88 57520§ 345 1825-2500∗ 1.74
7 FBESS 10 3 80 3986† 16 4745-6500 2.51
8 FBESS 40 10 80 15080† 54 4745-6500 2.65
9 FBESS 160 16 74 49952† 86 4745-6500 3.20

days flexibility is required per year. As stated by [10, 42], flexi-
bility is usually only required for a few number of days in most
networks. Especially during NUD, flexibility is only required
on days with high load or distributed generation peaks. With an
estimated minimum lifetime of 1825 cycles for BESS and 4745
cycles for FBESS [13], the lifetime of the ESS is larger than
30 years when flexibility is required for less than 60.8 days per
year. In the study cases, the networks are assumed to require
flexibility for 50 days per year.

4. Results

4.1. Technical value of energy storage

As mentioned before, the impact from PV, HPs and BEVs can
cause three different problem cases in the networks:

1. Transformer overloading
2. Cable overloading
3. Voltage deviation

In problem cases 1 and 2 a transformer and cable is overloaded
respectively at any time of the day, while in problem case 3
the voltage at any node in the network is outside of the voltage
deviation limits of 0.1 [p.u.]. In table 4 the problem cases in
every scenario for every network are shown. With increasing
penetration of PV, HPs and BEVs, overloading problems occur
first in all networks except Exel. In scenarios with high HP
penetration the amount and severity of problems is larger than
scenarios with high BEV penetration.
By introducing ESS in the networks almost all problem cases
could be solved. In figures 2 and 3 the loading of the cables and
transformer in Nootdorp scenario 6 with and without ESS are
shown respectively. Without ESS the transformer is loaded over
150 %, while the cables are loaded up to 200 % in the evening
hours. Most overloading and voltage problems arise during the
evening hours, while the network loading is small during the
rest of the day. This indicates that the problems are suitable to
be solved by peak shaving ESS.
The overloading and voltage problems could be solved by ESS
in all study cases except in Meekspolder scenario 5 and 6. In

Table 4: Overloading and voltage problems in the study cases.
1:transformer overloading, 2:cable overloading, 3:voltage
deviation, ∗:could not be solved by ESS.

Scenario Meeks- Beton- Noot- European Exel
polder dorp dorp LV ref.

networkc

1 - - - - -
2 - - - - 3
3 1 - 2 - 3
4 1 1 1+2 2 3
5 1+2+3∗ 1+2+3 1+2 1+2+3 1+2+3
6 1+2+3∗ 1+2+3 1+2+3 1+2+3 1+2+3

these study cases a transformer is overloaded for all time steps,
which can not be solved by ESS since the SOC of ESS should
be equal at the first and last time step of the day. In the study
cases the peak loading of the MV/LV transformers was reduced
by an average of 22%.

4.2. Economic value of energy storage

The total cost of deferring NU with ESS is higher than the cost
of only NU. Although NUD may have a higher costs over time,
the NPV can be lower than NU as shown in figure 4. Perform-
ing NU in two stages (TS-NU) as opposed to a single stage
(SS-NU) can also reduce the NPV, since a part of the costs is
deferred for some time. The NPV for every network of SS-NU,
TS-NU and NUD for the planning time scope of 30 years is
shown in figure 5. The NPV of NUD is 17% and 35% lower
than SS-NU and TS-NU in the urban networks, 9% and 16%
lower in the semi-urban network, 61% and 50% lower in the
rural network and 18% and 30% higher in the dense-urban net-
work.
The optimal deferral time for the networks Betondorp, Noot-
dorp and Semiurban LV reference network is between 10 to 15
years. For network Meekspolder NU should not be deferred by
ESS, since the yearly costs of ESS are much higher than NU. In
network Exel the NUD time was greater than the planning time
scope of 30 years.
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Figure 4: NPV of SS-NU, TS-NU and optimal NUD over time in net-
work Nootdorp.

Figure 5: NPV of SS-NU, TS-NU and optimal NUD for the planning
time scope of 30 years in each of the networks. SURN:
Semiurban LV reference network.

4.3. Optimal energy storage properties

4.3.1. Siting

Placing the ESS further from the transformer and closer to the
consumers enables the ESS to solve local voltage and cable
overloading problems. An ESS located at the transformer can
only be utilized to solve transformer overloading problems.
As shown in figure 6, over 75% of the ESS in the study cases are
placed over 50% of the cable length from the transformer. This
indicates that siting of ESS for DNO applications near house-
holds is more optimal than near the transformer. The siting is
weakly dependent on the network type since the median dis-
tance of ESS from the transformer is between 78% and 90% of
the cable length respectively. The siting is also weakly depen-
dent on the ESS technology, since the median distance of ESS
from the transformer is 91% for BESS and 81% for FBESS.

4.3.2. Energy and power ratings, and technology

In general, BESS have a higher power rating per euro while
FBESS have a higher energy rating per euro (see table 3). To
solve overloading and voltage problems in the network a certain
power is required for a certain time. In the optimal solution,
ESS with the minimum required amount of power and energy
rating of the lowest cost is placed to solve the network prob-
lems.
As shown in figures 7 and 8, the most money is invested in
ESS with a high energy rating per euro while less is invested in
ESS with a high power rating per euro. This indicates that ESS

Figure 6: Distribution of ESS siting distance from transformer in each
network and for each technology relative to cable length.
SURN: Semiurban LV reference network.

Figure 7: Total summed cost of ESS types in all study cases, sorted
on energy rating per euro.

for DNO applications benefits more from a high energy rating
than from a high power rating. Due to the preferred high en-
ergy rating, about 60 % is invested in FBESS while only 40 %
is invested in BESS. Although ESS with a high energy rating
per euro is suitable for NUD, installing only ESS of type 9 (see
table 3) is sub-optimal. Not all problems in the network may
require 160 [kWh] of storage and a high investment would be
required to reach the required power rating.

4.3.3. Charging and discharging operation

The optimal SOC of ESS over the day in all study cases is
shown in figure 9. As can be seen in the figure, the charging
and discharging operation is similar in all cases. The optimal
operation before 12:00 is charging of the ESS in the network ac-
cording to the available generation from PV, which minimizes
the losses in the network. In cases with a moderate penetra-
tion of PV which does not cause reverse power flow, ESS stay
around 50% SOC until 10:00. After 10:00 the ESS charge from
PV in the network. In cases with a high penetration of PV which
causes reverse power flow the ESS discharge before 10:00. By
discharging the ESS there is more energy capacity available to
store energy generated by PV, reducing reverse power flow. Af-
ter 12:00 the SOC is at 100%, allowing the ESS to discharge
between 17:00 and 22:00. This discharging period reduces con-
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Figure 8: Total summed cost of ESS types in all study cases, sorted
on power rating per euro.

Figure 9: Total state of charge of energy storage in every network for
every study case. The mean is indicated by the thick, black
line.

gestion in the network during peak-demand hours.
The depth of discharge (DoD) during the utilization of an BESS
device determines the maximum number of cycles of the de-
vice. When analyzing the value of BESS devices this aging
process should be taken into account. As can be seen in figure
9 the average DoD of the usable energy capacity of ESS during
operation is 85%. The manufacturer limits of the ESS in table 3
are between 88 and 95% DoD, which results in a an average to-
tal DoD between 75 and 81%. Lifetime calculations are based
on the expected number of cycles in table 3, which assume a
maximum DoD of 80%. Since the average total DoD is around
80%, the lifetime of BESS can be estimated by the values in
table 3. With a discharge time of five hours and a DoD of 80%
the theoretical average optimal energy to power rating of ESS
in the study cases is 6.25.
As can be seen in figure 9, ESS complete roughly one charg-
ing/discharging cycle per day. The number of cycles per year is
therefore equal to the number of days per year flexibility is re-
quired in a network. The minimum expected lifetime of BESS
and FBESS in a network which requires flexibility for 50 days
per year is 36.5 and 94.9 years respectively.

4.3.4. Energy storage system properties sensitivity

The total cost of ESS consist of initial price, O&M costs and
losses. The sensitivity of the total ESS cost to different ESS
properties is shown in table 5. As shown in the table the total
ESS costs have a high sensitivity to the ESS price, since the ESS
price has a large share in the total ESS costs. The sensitivity to
the O&M costs and ESS efficiency are lower, due to their lower
share in the total ESS costs. The NPV of NUD is less sensitive

Table 5: Average relative sensitivity of total ESS cost and NPV to
changes in ESS price, O&M cost and efficiency.

ESS property Cost sensitivity NPV sensitivity

Price 0.68 0.2
O& M cost 0.29 0.11
Efficiency 0.03 0.01

to ESS properties than the cost, since the total NPV consists
of NU and ESS costs. The NPV is most sensitive to the ESS
price, while being less sensitive to the O&M costs and ESS
efficiency.

4.4. Discussion

The presented results are determined by optimizing the siting,
sizing, and operation of ESS with the method proposed in sec-
tion 2 in the networks and scenarios presented in section 3. The
research method in this paper is generic, nevertheless there are
restrictions on the generalization of the results presented in the
paper. To limit the computation time the operation and losses of
ESS are analyzed over a single worst case day in every network
and scenario. Therefore, the number of days per year each net-
work requires flexibility in each scenario is still unclear. The
annual cost of ESS is analyzed in the case where the DNO uti-
lizes the ESS for 50 days per year, where each day is assumed
to be like the analyzed worst case day. This could exaggerate
the losses and DoD of the ESS over the year. In future research
the number of days on which flexibility from ESS is required
by the DNO and the amount of flexibility has to be researched
to determine the cost more accurately.
The OPF in the proposed methodology in modeled as a MINLP
which produces results with high accuracy with relatively high
computational burden. Since the methodology is utilized for
network planning and the ESS siting and sizing is treated by
the GA, the computational burden is assumed acceptable. The
computational burden of the proposed methodology can be re-
duced by modeling the OPF as a linear program, however this
will also reduce the accuracy of the solutions.
The NPV analysis for NUD is based on a model of the imple-
mentation of PV, HPs and BEVs over a period of time. Since
the penetration implementation rate and final penetration of PV,
HPs and BEVs in a network impact the NPV, these properties
have to be determined by the DNO for each analyzed network.
The prices of ESS used in this paper are based on present con-
sumer battery and flow battery ESS prices determined from lit-
erature. However, the prices of Li-Ion and flow batteries are
expected to change. In 2030 the prices are expected to be
60% and 70% lower respectively compared to 2013 [43]. The
sensitivity analysis indicated that the price of ESS greatly im-
pacts the value of ESS for NUD. Future research should analyze
the impact of the changing ESS price on the value of ESS for
NUD. There are two additional recommended topics for future
research. The first topic is the optimal composition of stake-
holders and applications to maximize the value of ESS with
multiple stakeholders. The second topic is the cost reduction of
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network upgrades in the MV grid by the peak demand reduction
in the LV grid to determine the additional value of this effect for
DNOs.

5. Conclusion

In this paper the technical and economic value of electrical en-
ergy storage in LV networks for DNOs used for NUD was ana-
lyzed. The value is determined by optimizing the siting, sizing,
technology, and operation of electrical energy storage in a wide
variety of networks with different penetrations of PV, HPs and
BEVs. From this analysis, the NPV of the required NU and
optimal NUD are compared to determine the value of ESS. The
introduction of PV, HPs and BEVs significantly increases the
peak loading of the networks causing overloading of transform-
ers, overloading of cables and/or voltage deviation.
The optimal energy storage devices to solve these problems are
FBESS with a high energy rating per euro and are distributed
throughout the network at over 50% of the cable length. Im-
portant properties of the ESS are low price and O&M costs,
while the efficiency of ESS is less important. The energy stor-
age devices should be operated to discharge between 17:00h
and 22:00h with a maximum DoD of 80% on days when flexi-
bility is required.
In the current state of development, optimal NUD can provide
up to 61% reduction of NPV in the study cases presented in
this paper. Network upgrades could be deferred indefinitely in
one network, while in the other networks the optimal deferral
time was usually between 10 to 15 years. This makes ESS very
suitable as a temporary flexibility asset to defer the need for
network upgrades, give DNOs time to upgrade their networks
and reduce the total NPV.
Interesting future research directions include the optimal com-
position of stakeholders to stack benefits of the ESS and the ef-
fect of peak demand reduction by ESS in LV networks on MV
networks.
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