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Distribution Grid Impacts of Smart Electric Vehicle
Charging From Different Perspectives
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Abstract—As a consequence of the developments in electric
transportation and the evolution toward smart grids, large-
scale deployment of smart charging strategies for electric
vehicles (EVs) becomes feasible. This leads to opportunities for
different market parties to use the flexibility of EVs for vari-
ous objectives that may be conflicting and result in a nonoptimal
shifting of peak demands for the distribution grids. In this paper,
we assess the financial impact of various EV charging strategies
on distribution grids. We compare a strategy that minimizes net-
work peak loads (from a network operators perspective) with a
strategy to minimize charging costs (from the perspective of a
commercial party). In a scenario with a high wind penetration
in the system, the electricity prices are, for a significant part,
determined by the instantaneous wind production. Therefore, we
additionally study the effect of wind energy on electricity prices
and, consequently, on the resulting EV load and network impacts.
We obtain the network costs by calculating the impacts expressed
in the net present value (NPV) of the investments costs and energy
losses. We found that, in the case where EVs are basing their
charge schedules on electricity prices, the increase in NPV com-
pared with a no EV scenario was found to be 25% higher than
in the case where the extra peak load due to EVs was minimized.
The large difference in network impacts between the price based
and network based charging strategies was only observed in the
case with a high wind penetration. The results strongly suggest
that the situation where EVs are controlled with a strategy to
minimize charging costs that does not take the distribution grids
into account may not lead to an optimal situation when the entire
electricity delivery system is regarded.

Index Terms—Electric vehicles (EVs), load management, power
distribution system planning, smart grids.

I. INTRODUCTION

W ITH THE developments toward smart grids, customers
are expected to take an active part in electricity markets

which enables flexibility in electricity demand. In smart grids,
that use information and communication technology to intelli-
gently integrate the actions of the users connected to electricity
distribution grid, flexible electricity demand may fulfill an
important role as it can be used to balance demand and sup-
ply, maximize the utilization of renewable energy sources and
optimize efficient use of the energy system. With the advent
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of electric transport, a significant part of the future electricity
demand can be the flexible demand of electric vehicles (EVs).
Although the development and speed of adoption of EVs is
uncertain, the number of EVs can grow fast and the impact
of these flexible demands on the electricity systems may be
significant.

As a consequence of the developments in electric trans-
portation and the evolution toward smart grids, large-scale
deployment of smart charging strategies for EVs becomes fea-
sible. This leads to opportunities for different parties to use
the flexibility of EVs for various objectives. Strategies may for
instance be employed to charge EVs to contribute to flatten-
ing peak demands. Shifting a part of the electricity demand to
off-peak periods makes it possible to leverage (local) demand,
allowing more energy to be transported without increasing the
grid capacity to the level of high peak loads. Other objectives
to apply charging strategies can be minimizing charging costs
based on a certain real-time electricity price or using EVs
for frequency regulation and/or real-time balancing of power.
Such charging strategies have recently received much attention
in [5] and [11] and the overviews of current research on this
theme provided in [3] and [18].

One should realize that, in a liberalized electricity sector,
the aforementioned objectives for applying charging strate-
gies are in the interest of different parties. Maintaining the
balance between demand and supply of electricity is primar-
ily the responsibility of transmission system operators and/or
balance responsible parties. Producers and commercial energy
suppliers are market parties that aim to minimize production
costs and/or the costs to serve their customers. However, the
efficient use of electricity networks is the responsibility of net-
work operators. As a consequence, load shifting strategies by
commercial parties may cause large impacts on the distribution
grid.

The misalignment of the objectives of network operators and
commercial market parties is even more prominent in power
systems with a high amount of wind generation. Because the
variable output of wind generation is, in principle, uncorrelated
with electricity demand, situations can occur in which elec-
tricity price is low in times of a high demand, because there
happens to be a lot of wind available at that very moment.
This effect, discussed in more detail in [13], implies that when
responsive demand reacts to wind driven electricity prices, it
can lead to very high peaks in network load.

In this paper, we therefore assess the impact of various EV
charging strategies on distribution grids in power systems with
a varying amount of wind generation. The main goal is to get
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insight in the consequences, in terms of network impacts and
related financial impacts, of different EV charging strategies
and different wind scenarios. In particular, we compare a strat-
egy that minimizes network peaks (from a network operators
perspective) with a strategy to minimize charge costs (from
the perspective of a commercial party), while an uncontrolled
charging scenario and a scenario with no EVs are used as
reference cases. This analysis can hence be regarded to be an
important step toward the development of future grids in which
the system-wide benefits of management of flexible loads like
EVs in the distribution system can be obtained.

The method we employ in this paper is based on the
methods applied in [12] and [15]. First, in Section II, the var-
ious charging strategies applied in this paper are described.
Section III treats how the normalized EV charge profiles
that are created for these strategies are, appropriately scaled,
combined with the regular residential electricity demand to
construct load profiles. These load profiles are subsequently
used to perform a load flow analysis to assess the network
impacts in terms of the loadings and energy losses of dif-
ferent distribution grid assets. By considering the necessary
network reinforcements and energy losses, we obtain financial
figures for the network costs that are needed to accommodate
the new EV load. This is described in Sections IV and V. The
last section presents the conclusions. In this paper, the method
is applied to the case of The Netherlands. Though many vari-
ations exist in the distribution grids all over the world, the
applied principles are the same and the uncertainties in future
electricity demand for EVs and the possibilities to apply var-
ious charging strategies are not different in The Netherlands
compared to many other developed countries.

II. CHARGING STRATEGIES

In this section, we will describe various how objectives
that may be adopted by different actors the electricity sys-
tem lead to different charging profiles of EVs. We consider
three different charging strategies: 1) minimizing charging
costs; 2) minimizing network peak load; and 3) uncontrolled
charging. For a more elaborate description of the methods to
construct the charging profiles, we refer to [13], [14], and [16].
Below, we present the most important assumptions and a con-
cise mathematical formulation of the optimization problems
that correspond to the two strategies where charging costs and
network peak load are minimized. We consider it appropriate
to remark that these charging formulations and the resulting
demand profiles can be considered idealized profiles since
they assume, among other things, perfect knowledge of prices,
driving patterns, and network load. Formulations that are appli-
cable in practice would have to focus on handling uncertainty,
IT and communication requirements, etc. Such issues are,
however, regarded out of the scope of this paper.

A. Minimizing Charging Costs

From the perspective of an EV aggregator, the objective
is to maximize profits. We assume that an aggregator has cer-
tain contractual agreements with its customers, the EV owners,
such that revenues are fixed, for example because EV owners

pay a fixed monthly fee to the aggregator. In this situation, the
profit maximizing objective translates into minimizing the total
costs for charging a fleet of EVs for a time-varying electricity
price. Essentially, this boils down to postponing the charging
until the moments with the lowest prices. The constraints that
determine how long charging can be postponed are dictated by
the driving behavior and battery limits of the individual EVs.
Important to mention is that the driving behavior of the EVs is
modeled based on actual driving data from a mobility survey
that provides trip lengths, home departure times, and home
arrival times [7]. To make the optimization problems com-
putationally tractable, the fleet of EVs is represented using
25 typical drivers which are extracted from the travel survey
using a clustering algorithm described in [16] and which is
similar to the one described in [5]. Furthermore, the charging
limits of the EVs in the two optimized charging scenarios are
0 kW (i.e., we do not allow for vehicle-to-grid services) min-
imum and 3 kW maximum. The value of 3 kW reflects the
charge rate for a connection with a maximum current of 16 A
at 230 V, that is common in many European countries. The
battery capacity is assumed to be 24 kWh, reflecting a typical
value of current EVs.

To obtain a future load profile of EVs charging according
to this formulation, a future electricity price signal is con-
structed based on the merit order of power plants. This is done
by expanding the current Dutch generation portfolio with extra
wind capacity. The price signal reflects the net system demand
(demand minus wind generation) that has to be met by the
power plants. In this manner, we conserve the important prop-
erty that electricity prices tend to be low when wind generation
is high—a phenomenon already observed in countries with
high penetrations of wind power such as Denmark. We empha-
size that this formulation takes into account that the extra
EV load itself alters the electricity prices, as was e.g., also
considered in [5]. Below, we present a concise mathematical
formulation of the complete optimization model.

The residual system demand of electricity PD,k is given by

PD,k = PD0,k − Pwind,k + PEV,k (1)

where PD0,k is the baseline demand, Pwind,k the instantaneous
wind power production and PEV,k the extra demand of the EVs
at time-step k.

The charging costs of an EV aggregator charging its vehi-
cles at some electricity price λk is simply the product of EV
demand and price, so its objective function reads f = λkPEV,k .
However, when the aggregator (or an ensemble of aggregators)
actually influences the electricity price, that dependence needs
to be taken into account. To this end, we use the following
model for the time-varying electricity price:

λk = αk + βPEV,k (2)

where αk is the baseline electricity price at time-step k given
by the intersection of the supply function (merit order) and
the residual demand (without the EV part) which is assumed
to be perfectly inelastic. The term βPEV,k represents the EV
dependent linear adjustment of the electricity price. As out-
lined in [13] and [16], the idea is to linearize the electricity
price around the average price in the optimization period and
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use the supply function to estimate the sensitivity parameter β.
This approximation allows for a quadratic programming for-
mulation of the EV charging problem, while it still includes
the feedback of EV charging on the electricity prices. If this
feedback would not be taken into account, all EV demand
would be programmed in a short time interval with the lowest
prices in the optimization period, causing unrealistically high
peaks in demand.

Each EV aggregator then performs the following
optimization:

min
PEV,ik

Nk∑

k=1

αkPEV,k + βP2
EV,k (3)

s.t. PEV,k =
NEV∑

i=1

PEV,ik ∀k (4)

PEVmin,i ≤ PEV,ik ≤ PEVmax,i∀i, k (5)

EEVmin,i ≤ EEV,ik ≤ EEVmax,i∀i, k (6)

EEV,ik+1 = EEV,ik + ηcPEV,ik�t − dik∀i, k (7)

where optimization variable PEV,ik denotes the charge rate
of vehicle i out of a total of NEV at time k and state vari-
able EEV,ik denotes the battery state-of-charge expressed in
units of energy. Technical vehicle parameters are the follow-
ing: ηc denotes the charging efficiency per vehicle, EEVmin,i

and EEVmax,i the minimum and maximum state-of-charge and
the charging power limits are given by PEVmin,i and PEVmax,i.
The state equation (7) relates battery state to charge rate
and it implicitly contains the assumption that vehicles can-
not deliver energy back to the grid: PEVmin,i = 0. Other
limits are as described above. The term dik represents the dis-
charges due to driving and thus depends on the driving patterns
of the EV owners, which are thus assumed to be known over
the optimization horizon. The time-step �t is set to 1 h in
the simulations we consider in this paper. Note that the above
description does not require that all EVs are fully charged
overnight as long as all planned trips can be made.

B. Minimizing Network Peak Load

For the case of EV charging from the point of view of a dis-
tribution grid operator, we assume the presence of some form
of incentive regulation, as is common in many European coun-
tries, which incentivizes efficient use of network assets. The
main costs of operating the networks consist of capital expen-
ditures on grid assets and the costs for energy losses. It turns
out that, for an given asset, minimizing peak load as well as
minimizing the energy loss can be captured by minimizing the
square of the combined network load of exogenous (uncontrol-
lable) household load plus the (controllable) EV load. Again,
constraints are the result of driving and battery parameters,
so there is only limited room for the network operator to
shift load. The network operator thus performs the following
optimization:

min
PEV,ik

Nk∑

k=1

Nl∑

i∈EVl

Rl
(
Pl,k + PEV,ik

)2 (8)

where EVl denotes the subset of EVs connected to a particular
cable l and Pl,k the inelastic baseline load on that cable. The
same constraints on the battery limits given by (5) to (7) apply.
The resulting EV profiles are such that the low network load
during the night is now filled with the EV load.

C. Uncontrolled Charging

The uncontrolled charging case, in contrast to the other
two charging strategies, assumes that people charge their EVs
regardless of any price signal or network load. We assume that
every day they plug in their EV after their last arrival at home
and start charging with a constant rate until the battery is full.
The constant charge rate per EV has been set to a value of
10 kW, which is markedly higher than the maximum charge
rate of 3 kW per EV in the controlled cases. This assumption
has been made to clearly treat this case as a “worst case sce-
nario” in terms of the expected network peak load. Because
the evening peak load usually also occurs when people arrive
back home, this method is expected to significantly increase
the evening peak load. The maximum charge rate of 10 kW
per EV does not, however, mean that the combined demand
peak of a number of EVs is equal to 10 kW times the number
of EVs, due to the randomness of the times at which different
EVs start charging. In [14], where the uncontrolled charging
profile is discussed in more detail, is was shown that the diver-
sity factor, that expresses the ratio of the combined peak load
of a large group of EVs to the sum of the charge rates of the
individual EVs, lies around 0.1 for EVs charging with a rate
of 10 kW.

III. LOAD PROFILES

Based on the EV load profiles that result from the models
described above, network load profiles for the three charg-
ing strategies have been constructed. This is done for the
case of The Netherlands in 2030. The target set by the Dutch
Government is to reach 200 000 EVs in 2020 and 1 million
in 2025 [6]. If the development curve to reach these goals is
followed, this means that, depending on the growth of the total
fleet of personal cars, 40%–45% of all cars will be electric in
2030. Besides this, it is expected that the number of cars per
household will grow; in an extensive scenario study performed
by PBL Netherlands Environmental Assessment Agency the
number of cars will grow toward 1.10–1.17 cars per house-
hold in 2040 [8]. Based on these figures, we assume a growth
toward 1.10 car per household in 2030 and 43% of the total
car fleet to be electric. This results in a penetration degree of
47% EVs per household. The residential demands besides the
demand for EVs are based on the current average residential
electricity demand plus a yearly demand growth of 1.0%.

For wind generation the expectations are that, if the pol-
icy set by the Dutch Government and that has been agreed
on is carried out, 11 GW will be installed in 2020 and that,
due to more offshore wind generation potential, this will grow
further toward 2030 [1]. Therefore, 15 GW wind generation
in 2030 has been assumed. The wind generation time-series
show a capacity factor of approximately 0.2. Compared with
an expected base load and peak load of around 10 and 20 GW,
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(a)

(b)

Fig. 1. (a) Load profiles during 5 days and (b) load duration curves of
the residential demand of 10 000 households with and without the demand
of 47% EVs per household resulting from three different charging strategies.
Load profiles and load duration curves do not include wind generation.

respectively (currently, the peak load in The Netherlands lies
around 17 GW, the base load around 8 GW and the aver-
age load around 12 GW), 15 GW wind generation with a
capacity factor of 0.2 supplies approximately 20% of all elec-
tricity. At times wind generation will exceed demand, leading
to very low electricity prices. To clearly observe the effect of
the wind energy on the price-responsive EV profiles, we also
study a scenario with a much more modest wind penetration.
In this scenario, we assume an installed wind energy capacity
of 2.4 GW, which is the reported value for 2012 [4].

The resulting load profiles during five days for a group of
10 000 households including the demand for EVs, as well as
the load duration curves for the whole year1 are depicted in
Fig. 1. All three load profiles are based upon real-world driv-
ing patterns of conventional gasoline vehicles, so the implicit
assumption is that EV driving patterns (i.e., daily driving dis-
tance, home departure time, etc.) will not change significantly.
The average driving distance is 37 km per car [7]. For the
EVs an efficiency of 5 km/kWh is taken. The load duration
curves show that the high peak loads only occur during a rel-
atively low number of hours; this is especially the case for the
minimizing charging costs and the uncontrolled scenario.

1A load duration curve equals the load profiles, but the data is ordered in
descending order of magnitude, rather than chronologically.

The differences between the profiles of the controlled charg-
ing strategies can be understood by realizing that the guiding
“signals,” i.e., electricity price in the cost minimizing sce-
nario and network load in the peak minimizing scenario, could
become less correlated when large amounts of intermittent
renewable generation are present. In such a scenario, it is pos-
sible that electricity prices are relatively low, e.g., when there
is surplus of wind generation, while the network demand of
electricity is relatively high. This becomes particularly clear
by comparing the profiles for the different wind capacities: the
high peak in network load in the 15 GW case is absent in the
2.4 GW wind case.

IV. IMPACT ON LOADING OF DISTRIBUTION GRIDS

As the penetration of EVs grows, the share of EV load
in the total demand in residential areas will increase and the
load of distribution grids will grow accordingly. The required
capacities of cables and transformers to support this additional
load, is determined by the peak loads of the load profiles that
result after applying various charging strategies. We model the
future network load profiles by superposition of the EV pro-
files on the regular residential loads by the method described
in [12]. This method implies that we multiply a normalized
EV profile by the number of EVs per medium to low volt-
age (MV/LV) transformer. This number is the product of
the share of EVs of the total personal car fleet, the num-
bers of cars per household and the number of households per
transformer.

A distinction has been made between various residential
areas, because the residential electricity demand as well as the
car usage in a city can vary considerably compared to the car
usage at the countryside. For five degrees of population density
the average electricity demand, the average driving distance
per car and the average number of cars per household are
known [2], [7]. Table I presents the numbers for the various
residential areas in 2030 that include a growth of 1.0% for
the residential electricity demand (without the demand for the
EVs) and an increase from on average 1.03 to 1.10 car per
household.

The resulting load profiles are used as input for load
flow calculations of an extensive set of typical medium
voltage (MV) distribution networks in The Netherlands.

A. Topology and Operation of Medium Voltage Networks

The typical topology of MV networks in The Netherlands
is depicted in Fig. 2. An MV network is fed by a
(regional) transmission network through a high to medium
voltage (HV/MV) transformer. Typical primary voltages of
HV/MV transformers in The Netherlands are 220, 150, 110,
and 50 kV; typical secondary voltages are 25, 20, and 10 kV.
MV transmission can be carried out either at the same voltage
as MV distribution, in which case no MV/MV transformer
is necessary in the MV/MV station, or at a higher voltage
(e.g., MV transmission at 20 or 10 kV and MV distribution
at 10 or 3 kV, respectively). MV distribution feeders are gen-
erally constructed as two half rings which are disconnected
from each other.
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TABLE I
NUMBERS RELATED TO THE ELECTRICITY DEMAND IN VARIOUS RESIDENTIAL AREAS IN 2030

Fig. 2. Typical topology of MV networks in The Netherlands, with and
without MV transmission.

In Fig. 2, MV networks with and without MV transmis-
sion are depicted schematically in their most straightforward
form. More complex variations frequently occur, in which
for instance an MV/MV substation is connected to several
other MV/MV substations. Besides, many MV installations at
HV/MV substations feed both MV transmission networks and
MV distribution feeders and not all distribution feeders fea-
ture the pure ring shape. MV transmission networks normally
meet the (n − 1) criterion, which means that when all (par-
allel) cable bundle circuits are in operation, any cable circuit
in the bundle can be lost without causing an overload of any
other cable and without any interruption of supply. Meeting
the (n−1) criterion also facilitates maintenance, as one circuit
can be taken out of service for carrying out maintenance while
continuity of supply is guaranteed.

B. Load Flow Calculations of Medium Voltage Networks

The selected grids for the analysis cover networks from 150
to 0.4 kV voltage level. The assets included in these networks
are HV/MV transformers, 10 kV cables and MV/LV trans-
formers. The number of assets under consideration in this
research can be found in Table II. These numbers correspond
with 48 MV networks that serve in total 920 000 residential
customers. In order to identify the impact of future electricity
demand for EVs on the MV networks, the loadings of these
four types of assets are assessed with load flow calculations.
This is done following the same procedure as presented in [12].
We emphasize that only the load profiles of the MV/LV trans-
formers that supply residential areas are modified, the load
profiles on the higher network parts are a result from the load

TABLE II
OVERVIEW OF NETWORK DATA OF 48 MV NETWORKS THAT

ARE ANALYZED

flow analysis. The transformer substations in these networks
supply on average 72 households.

C. Component Peak Loadings

Fig. 3 shows the load percentages of the four types of assets
that were included in this paper. The average peak loadings
are presented in Table III. These results present the loading in
the situation without any additional load of EVs, and four sit-
uations with a penetration degree of 47% EVs per household
applying no control strategy, the strategy to minimize charging
costs (15 and 2.4 GW wind) and the strategy to minimize net-
work peak loads. Though the assets should be replaced in time
to prevent them from overloading, these results give a good
representation of the relative differences of the peak loading
of the assets between the different cases.

The results show that if controlled charging to reduce peak
load is applied, the peak loadings do not increase compared to
the case without charging any EVs. In this case, more energy
is transported without an increase in peak loadings because
off-peak periods are used to charge the EVs. A side effect
of higher grid utilization is that the assets have a flatter load
profile. This will lead to a decrease in the maximum allowable
loading and it will also affect energy losses. These issues will
be paid attention to in the following section.

In the case of uncontrolled charging, the various assets
are on average 6%–18% more loaded compared to the case
without additional load of EVs. Charging EVs to minimize
charging costs leads to load percentages that are even higher
than the case of uncontrolled charging. In this latter case, the
various assets are on average 10%–30% more loaded than in
the case without EVs. The cost-minimization case with only
2.4 GW wind shows peak loadings that are only slightly higher
than the peak minimization case.

V. FINANCIAL IMPACT

The charging strategy to minimize peak load enables a
higher grid utilization, thereby deferring or eliminating the
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Fig. 3. Distribution of the peak loadings of the assets presented in Table II. The box-plots present the minimum and maximum values and the 25th, 50th,
and 75th percentiles. The acronym LW in the case descriptions denotes the low wind (2.4 GW) case.

TABLE III
AVERAGE PEAK LOADINGS OF FOUR TYPES OF ASSETS IN 2030 IN THE

VARIOUS CASES. ASSET TYPE ACRONYMS ARE AS IN TABLE II

need for asset reinforcements and corresponding capital expen-
ditures. Besides the effect of the various charging strategies on
the required capacities of the network components, changing
load profiles also affects the energy losses in the network. How
the different charging strategies affect capital expenditures as
a result of grid reinforcement as well as costs of energy losses
is further explored in this section.

A. Capital Expenditures

To give an impression on what the required capacities for
charging EVs in the various cases have on network invest-
ments, we calculate the cash flow of the reinforcements for
the 48 MV networks including the assets that were presented
in Table II. Based on current investment costs, taking no dis-
counts rates, or price rises of material and labor costs into

account, we calculate the cash flow of the reinforcements
that are needed for upgrading the capacities of the exist-
ing assets, by replacing every overloaded asset with a new
one. The reinforcements of HV/MV transformers and MV
transmission cables are calculated for each single asset. For
the MV distribution cables and MV/LV transformers, due to
their large number, the reinforcement options are only cal-
culated for a randomly sampled subset, and the results are
extrapolated.

The overload criteria in normal operation for the assets
are given in Table IV. For the case without additional load
of EVs, the case of uncontrolled charging and the case of
minimizing charging costs, the overload criteria follow the
guidelines of the distribution system operator (DSO) involved
in this research. These criteria are based on the nominal cable
capacity and include a correction factor for the soil tempera-
ture, a correction factor for the thermal influence of parallel
cables and the thermal resistance of the soil type. Besides this,
a factor to incorporate the thermal dynamics of the cable is
included; this factor is determined by the loading of the cable
during (n − 1) situations in the grid [10]. For transformers a
temporary higher loading than the nominal capacity is also
allowed. This reflects the fact that we consider instantaneous
peak values and transformers can sustain a peak higher than its
nominal capacity for a while without problems. If the cables or
transformers reach the values presented in Table IV in normal
operation, the assets are upgraded.
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TABLE IV
OVERLOAD CRITERIA IN NORMAL OPERATION

TABLE V
NUMBER OF REINFORCEMENTS UNTIL 2030 FOR ALL CASES

The overload criteria for the case of minimizing peak loads
are more stringent, because a flatter load profile of the assets
reduces the room to utilize the heat capacity of the assets and
hence the potential for exploiting thermal dynamics. Another
issue is that because of the (n−1) criterion, the MV transmis-
sion cables must be able to take over the load of parallel cables
during an interruption; this reduces the maximum allowable
loading in normal operation. To fulfill the (n − 1) criterion
in case of HV/MV transformers spare capacity is present by
additional transformers that are not in operation; this does
not affect the overload criterion of the individual transform-
ers. Note that when the transformers need to be upgraded
the safe capacity that includes the capacity of the additional
transformers is taken into consideration.

The network investment model can now be summarized
as follows. The evolution of the peak load in all assets is
estimated using an appropriate interpolation (that takes the
introduction speed of the EVs into account) between the 2030
peak load and the current values that are the result of the
load flow calculations described above. Based on this evo-
lution of the peak, the year in which the overload criterion
as defined in Table IV is determined, and in this year the
asset is replaced by a heavier type. The replacement costs
vary depending on the capacity of the specific asset that is
replaced and the size of the project. To give an indication, the
average costs lie around e12 000 for a MV/LV transformer,
around e2 400 000 for an HV/MV transformer and between
e225 000 and e350 000 per km MV cable. The number of
reinforcements and the corresponding cumulative cash flow
for the 48 MV networks can be found in Table V and Fig. 4.

B. Energy Losses

For efficient use of energy and reducing the costs related to
energy losses, the annual energy losses in the networks should
be minimized. System losses can be separated into so-called
fixed losses and variable losses. The fixed losses are those due

Fig. 4. Total cumulative cash flow of the reinforcements of the HV/LV
transformers, the MV transmission and distribution cables, and the MV/LV
transformers in the various cases.

to the magnetization currents of such items as transformers and
reactors, which are often referred to as iron or core losses and
are practically independent of the load. The variable losses
are those caused by the flow of current through the different
items of equipment on the network, and are also termed load
losses [19].

Core losses include hysteresis loss and eddy-current loss in
the iron core of transformers, which depend on the type of
steel used to fabricate the core. The hysteresis loss is due to
the power requirement of maintaining the continuous reversals
of the elementary magnets (or individual molecules) of which
the iron is composed as a result of the flux alternations in
a transformer core. The eddy-current loss is the loss due to
the circulating currents in the core iron, caused by the time-
varying magnetic fluxes within the iron [20]. The fixed energy
losses in transformers can be estimated by

Efixed loss = Piron lossTfixed loss. (9)

The value of Piron loss is given by the supplier of the trans-
former and Tfixed loss equals the annual service time of the
transformer which in general will be 8760 h.

The load losses are due to the resistance of cables and
of the primary and secondary windings in transformers, plus
eddy-current losses in the windings and the core, tank and
other metallic parts of the transformer caused by the leakage
flux [19]. Power losses in a component having resistance R
are proportional to the square of the current flowing through
it (Ploss = I2R). The variable annual energy losses Evariable loss
can be determined by integrating the squared time function of
the power flow

Evariable loss =
∫ T

0
Ploss(t)dt. (10)

In practice, the variable transformer losses are estimated by
using the following formula:

Evariable transfomer loss = α2Pnominal lossTpeak loss. (11)
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In this formula, Pnominal loss is the power loss at full load
which is given by the manufacturer of the transformer and α

is the load factor of the transformer. Tpeak loss is the service
time of the peak loss (i.e., the loss at peak load) which can
be derived from the energy loss profile. This profile is related
quadratically to the load profile.

Because of the squared relationship between the load and
the loss, a flatter load profile in a component will mean that
the load losses will decrease. It should be noted, however,
that when replacing of the asset is delayed because the peak
load is decreased due to shifting flexible demand of EVs, the
energy losses may increase compared to a situation in which
the asset would be replaced, because in the latter case the
characteristics of the asset (i.e., the resistance) will change.
Therefore, it is difficult to conclude in advance if changing
load profiles in combination with the resulting reinforcement
strategy will have a positive or negative effect on the energy
losses in the network infrastructure.

Therefore, we will analyze how the energy losses in the
transformers and cables of the 48 investigated MV networks
change due to changing load of EVs in the various cases pre-
sented in this paper. We know the characteristics and peak
loadings of the currently installed networks assets as well as
of the assets with which the overloaded assets are replaced
through the years. With this data we know the peak losses of
the cables and transformers and can estimate the energy losses
with the service times of these peak losses at the various net-
work levels. The service time of the peak loss is determined
by the energy loss profile that can be derived from the load
profiles. The change in service time of the peak loss at the
MV/LV transformers is determined by the known change in
residential load profiles due to the residential load growth and
EV charging profiles and the fact that 63% of the load of the
MV/LV transformers is residential load. Also, for the higher
network levels the service times follow from the relative sizes
of the residential and industrial/commercial loads. In summary,
the service time of the peak loss at the various networks assets
in the initial year are known and are adjusted in the years after
based on the changing load profiles at the MV/LV transform-
ers as dictated by the changing load of residential load growth
and EVs. The resulting annual energy losses in the investigated
assets are presented in Fig. 5. This figure shows that the high-
est losses occur in the case of minimizing charging costs. The
losses in the case of minimizing peak load are also higher than
in the uncontrolled case, although the loss profiles are mini-
mized by the charging strategy. This can be explained by the
extra reinforcements made in the uncontrolled scenario, which
lead to lower losses in the assets.

C. Net Present Value

To compare the different scenarios, we calculate the net
present value (NPV) based on the cash flow of the investment
costs and energy losses presented above. The NPV associated
with the reinforcements is calculated based on the annuity
costs of the investments, using the method described in [15]. It
should be recalled that by using this method, the reinforcement
costs are spread out over the lifetime of the new assets. Since

Fig. 5. Total annual energy losses for the HV/LV transformers, the MV trans-
mission and distribution cables, and the MV/LV transformers in the various
cases.

Fig. 6. NPV components of the capital expenditures and energy losses for
the HV/LV transformers, the MV transmission and distribution cables, and
the MV/LV transformers in the various cases. The values are normalized with
respect to the NPV in the No EV case.

this is considerably larger than our 2030 horizon, a significant
part of the investments costs falls outside the analysis.

Fig. 6 shows the NPV for the different cases and its break-
down in the different cost components. An interest rate of 3%
is assumed. Furthermore, a 50-year lifetime for MV/LV trans-
formers and MV cables, and a 40-year lifetime for HV/MV
transformers are used. The costs due to energy losses are based
on the current electricity price, which at moment lies around
e0.06 per kWh for a DSO (energy taxes do not apply on this
price).

It can be seen that the costs for energy losses dominate the
total NPV. Moreover, the costs related to the MV distribution
cables, are the largest component in the energy losses costs.
Interestingly, the costs for the reinforcements of the MV trans-
mission cables are (by far) the largest. This can be explained
by the fact that there are many more MV distribution cables
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Fig. 7. Difference in NPV between EV scenarios compared to the case
without EVs.

than MV transmission cables (see Table II) and hence many
more losses in those cables. On the other hand, the MV trans-
mission cables are loaded closer to their capacity and thus
need to be replaced more frequently due to the extra EV load,
resulting in a higher NPV due to reinforcements.

The NPV differences between the four different cases with
EVs compared to the case without EVs are shown in Fig. 7.
From this figure it can be concluded that while the losses dom-
inate the total costs, the differences between the various cases
are mostly caused by the reinforcement costs. Also noteworthy
is the fact that the energy losses are smaller in the uncontrolled
case than in the case of minimizing peak load strategy in which
peak losses are minimized. This can be ascribed to the fact
that when an extra capacity is added, energy losses are gener-
ally reduced. So the total energy losses in the uncontrolled EV
scenario are lowered, but at the expense of higher investment
costs.

We consider it worthwhile to compare the NPV figures
presented above with other values found in the scientific liter-
ature. Although there have been many studies on grid impacts
related to EV charging, only a few have considered the finan-
cial consequences. In [15], where a similar methodology and
dataset compared to this paper has been used, the cost differ-
ence between uncontrolled charging and a controlled charging
scenario comparable with our load minimizing scenario were
found to be roughly 20%, whereas this difference in our case
amounts to approximately 10%. Possible explanations for this
deviation are differences in methodology and scope between
the two papers such as are a longer time horizon in [15]
(eventually leading to a higher EV penetration of 75%) and
a different network investment model. A second study on the
financial benefits of controlled EV charging was carried out
in [9]. Here, the difference in investment and maintenance
costs (not energy losses) between uncontrolled and controlled
EV charging was found to be 7% and 20% for two differ-
ent distribution networks. Given the fact that this includes no
energy losses, this can be considered similar to the 12% dif-
ference in replacement costs that can be observed in Fig. 7.

We conclude that, as far as differences in data, methodology
and scope of other studies allow a comparison, the numbers
are similar in magnitude.

The cost figures presented above provide strong evidence
that some form of congestion management that limits the peaks
caused by minimizing charging costs of EV demand is justified
in a scenario with a lot of wind energy and volatile wholesale
prices. Because the amount of hours where the EV demand
leads to the high network peaks is very low, see Fig. 1, the
extra electricity costs related to constrain the peak load at
the network are expected to be very small. The additional
costs due to extra network reinforcements compared to the
case without EVs are roughly 25% higher than for the case
where peak load is minimized. Furthermore, we observe that
the high network costs in the cost minimization scenario can
largely be ascribed to the effect that a large amount of wind
energy has on electricity prices. In the low wind scenario,
the network cost lie much closer to the peak minimization
scenario.

VI. CONCLUSION

The research presented in this paper compares the dis-
tribution grid impacts resulting from various EV charging
strategies. The results show that when EVs base their charging
schedules on electricity price, which is for a significant part
determined by the instantaneous production of wind energy,
this leads to high peaks in network load and, consequently,
high network investment costs. On the other hand, when EV
charging is controlled with the objective of minimizing peaks
in network load, we find that far less reinforcements are
needed.

We calculated the network impacts expressed in the NPV of
the annuitized investments costs and energy losses associated
with the different EV charging strategies and found that in
the case where EVs are basing their charge schedules on elec-
tricity prices in a scenario with a large share of wind energy,
a roughly 25% higher NPV was found compared to the case
with no EVs than in the case where the extra peak load due
to EVs was minimized. The total cost figures are dominated
by the costs for energy losses, which is partly the result of
the fact that a large part of the investment costs (calculated
as yearly annuity costs over the lifetime of the assets), fall
outside the 2030 horizon of this paper. The cost differences,
however, are largely caused by differences in reinforcements.
We emphasize once more that the NPV related to a control
strategy to minimize charge costs of EVs in the high wind
energy scenario is even larger than the case with uncontrolled
charging of EVs. This is a consequence of the EVs reacting
to the same electricity price and therefore concentrating the
EV load in the low price periods which leads to high peak
loads. For a low wind scenario, the low price periods follow a
more regular daily pattern and coincide mostly with moments
of low network load. As a result, the large peaks in network
demand caused by the EVs are absent in this case.

Furthermore, the results strongly suggest that the situa-
tion where EVs are controlled with a strategy to minimize
charging costs that does not take the distribution grids into
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account may not lead to an optimal situation when the entire
electricity delivery system is regarded. A form of congestion
management for responsive demand where the distribution
networks are somehow taken into account therefore seems
a cost-beneficial way to optimally exploit the flexibility of
EVs. In [17], it was shown that an adequate congestion man-
agement mechanism that limits responsive EV load to free
network capacity increases energy costs only marginally. The
results of our study essentially complete the argument for
congestion management by showing that the network costs
caused by price-responsive EV demand are significant in a
scenario with a high wind energy penetration. An important
aspect of future work in this area would be related to the
extent to which a decentralized approach to apply conges-
tion management mechanisms is feasible, since it likely has
advantages in terms of communication infrastructure require-
ments and driver satisfaction. Another issue to take into
account is the uncertainty related to network load, wind
forecasts, electricity prices, and EV driving behavior, which
could make some solution approaches difficult to apply in
practice.

In a broader perspective, this paper contributes to the
research questions what the implication of active participation
of customers, in this case electric car owners, in electricity
markets are on different levels of the entire electricity deliv-
ery system and how various demand response strategies can
lead to more efficient use of electricity grids and facilitate the
integration of renewable energy sources in smart grids in an
optimal way. The question in which way the demand for EVs
can be managed in practice to achieve the results presented in
this paper is beyond the scope of this paper, but requires fur-
ther attention. The results presented in this paper are relevant
input for this discussion.
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