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ABSTRACT

Charging electric vehicles (EV) causes a considerable
energy demand. Varying renewable generation can be
utilised by smart EV charging if congestion of the power
distribution grid can be avoided. The presented work
analyses the impact of voltage-controlled photovoltaic
(PV) production, flexible loads, and adjustable EV
charging. The local grid voltage communicates every
change in real time and links the individually applied
mechanisms. Achieved results show that, if applied in
parallel, the peaks caused by PV generation and EV
charging can be mitigated to the benefit of the
distribution grid, the PV generation, and EV charging.

Keywords: smart grid, EV-charging, demand response,
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NOMENCLATURE

Abbreviations
EV Electric Vehicle
PV Photovoltaic system
SC Smart Charging

Symbols
Unin / Umax grid-access-point voltage limits
PX max(ti) (dynamic) power limit for system XY

1. INTRODUCTION

Modern households and buildings are expected to
show some flexibility in their energy demand, measured
by the Smart Readiness Indicator [1]. Modern energy
appliances and assets provide adaptiveness. The
challenge is to make the often concealed flexibility
accessible for the mutual good.

An applicable energy appliance that can be an asset,
are electric vehicles (EVs) [2]. The popularity of electric
vehicles (EVs) raises the demand to re-charge at home

and elsewhere. This challenges the electricity grids, but
offers an opportunity to implement smart load
management. The chance latter poses can support the
energy transition and should not be missed.

The current share of 3 to 10% EVs on the road does
not raise a problem for the electricity supply yet, but it
rises exponentially [3]. Simulation studies are required to
evaluate integrated smart charging (SC) schemes and
algorithms that promise to prevent excessive peak
demands by distributing the load caused by EV charging
when the EV share on the road approaches 100%. If SC is
also coordinated with renewable supply peaks, EV
charging can support the energy transition by efficiently
utilising the volatility of renewable sources.

Section Il sketches the scenario and the cross-sector
simulation needs. Modelling and evaluation of smart grid
mechanisms intended to mitigate grid congestion is
detailed in Section Ill, and Section IlI-E shows how the
different mechanisms achieve congestion mitigation.
Section IV summarises the results and features of the
presented cross-sector load management approach.

2. SCENARIO AND STATE-OF-THE-ART

Appliances that include some kind of energy
buffering are in general controllable. Typical examples
are: battery electric storage systems, hot water boilers,
and heating systems where the heat transport medium
and the heated rooms serve as energy buffers. Within
limits, filling up these intrinsic buffers is controllable and
thereby is the energy demand shift-able.

A popular tool for electricity grid simulation is
pandapower [4]. It can be used for simple energy flow
evaluation as well as complex analysis of effective and
reactive power distribution across electricity grids. Here,
we restrict the use to effective power flows only.
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The modelling and simulation of EV charging
presented in [5] is used to simulate the electric load
caused by EV charging. Load adjustment is provided by
dynamically limiting P®sma(ti), the power allowed to be
used for EV charging per site.

Similar approaches presented in the literature are
based on real-world data, [6], limited to a specific
scenario, [7], or do not consider the issue of electricity
supply and SC opportunities [8], [9], [10]. Others, for
example Re-ESCAPE, address the issues well [11].

To achieve a performant simulation and analysis of
the impact of SC on charging performance and electricity
grid load, and the interaction with other demand
response mechanisms, we integrate power grid
simulation using pandapower [4] into the event-based
simulation of smart EV charging presented in [5].

3. ELECTRICITY DEMAND MODELLING AND LOAD
MANAGEMENT MECHANISMS
The mean electricity demand of customers is given

by standard load profiles [12]. On single household or
building level, the actual match with the assumed load
profile is hardly assessable. The unpredictable variation
of the demand is too large to model a single household
or building using an average load profile.

A detailed modelling over every appliance cannot be
used to model random customers for whom no
knowledge about the usage patterns exist. Therefore,
and because for general applicable conclusions no
detailed demand compositions as in [13] shall be
assumed, we introduce variance to the standard load
profile, as shown in Figure 3. Aggregated over sufficiently
many modelled customers, the original load profile
results. Still, each modelled customer causes a demand
volatility that resembles the expectable temporal
demand variation of real customers.

3.1 Modelling a feeder line and customer demands

To simulate a feeder line using pandapower [4], first
a feeder network needs to be designed. To construct the
simple example sketched in Figure 1, first a main
substation bus with a voltage of 20 kV is created as
unlimited power supply. A 20/0.4 kV transformer is
connected and feeds the start bus with a voltage of 0.4
kV. The remaining feeder line is modelled as a chain of
buses, where customers are connected at intersections.

For simplicity and clarity, line segments are assumed
equal, with same line length of 100 m and wire type NAYY
4x50 SE. With a maximum current of 142 A per phase and
an electrical resistance of 0.642 Q/km, it can be used
safely for power flows up to 100 kW.
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Fig.1 Example feeder network — a single feeder line

Individual load profiles per customer incorporate
demand patterns with realistic variation and volatility.
The average base load of 0.4 kW is varied according to a
24-hour standard load profile and a Beta distributed
variance in the range 0 to 5 with mean 1. A 24-hour load
pattern suggested by ChatGPT [chatgpt.com] introduces
the typical daily demand variation, whereas random
variation ensures diverse, individually unpredictable
volatility of individual customer loads.
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Fig. 2 Random load profiles w/o PV and EV charging

The resultant power demands presented in Figure 2
show the typical asymmetry of short high load peaks and
more frequent loads below the standard load profile (red
line), which is scaled to match the assumed mean load of
0.4 kW per customer. The volatility of the peaks may
appear smooth compared to actual load peaks. This is
because most peak loads of households are of short
duration (few minutes) and average out over longer time
intervals, here 15 minutes.



The output of PV systems at customer premises,
here assumed for one third of the customers with a
theoretic peak power of 10 kWp each, causes negative
load in case the produced power is not consumed
internally within a site. Therefore, it shows up in Figure 2
as negative bump that stays within the boundary of the
approximately sine-square shaped peak production limit
of a PV system (yellow line). Variance is here introduced
by the weather and obstacles causing temporary
shading. On the load side, we see the impact of EV
charging. With assumed 3 kW these are clearly visible
because they persist over many time intervals. EV
charging is here assumed to occur at every second site
with alternating charging times, modelling EV charging at
work and at home, respectively.

In a 24-hour time-series simulation, the demands of
each customer are updated at every 15-minutes time
step based on their respective load profile. For the
examples here, these updates are directly applied to the
network model. Power flow analysis is performed step-
by-step using pandapower’s runpp() function. Line
loading and bus voltage levels are recorded and
visualised as shown in Figure 3.
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Fig. 3 Calculated line loads and supply voltages

The line loading percentage reflects how heavily the
feeder is stressed as the demand fluctuates throughout
the day. The voltage levels indicate how well the feeder
network maintains acceptable voltage limits under
varying load conditions, in particular for the customers at
the far end. Here, for the chosen feeder design, the
voltage drop is critically high and we recognise that the
chosen cable is not up to the job if PV and EV charging
becomes added. However, to show the effect of smart
grid control, this misconfiguration helps to highlight the
effect on the voltages along the feeder line.

The results are visualized in 3D to support a clear
understanding of the feeder line behaviour. Line loading
over time shows how peaks accumulate toward the
transformer, stressing the energy supply. The voltage
drops caused by these peak loads accumulate toward the
far end of the feeder lines, causing potential trouble for

voltage sensitive appliances used by customers
connected far away from the transformer.

Displayed in 2D, as in Figure 4, the inverse
correlation is clearly visible. The inversion of the power
flow caused by PV insertion is visible from the voltage
levels only because power flows are displayed as
absolute values, which is common because the sign is not
relevant for the wire load (P =12 - R).
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Fig. 4 Inverse corelation of line load and line voltage

What also can be seen in Figure 4, is that in practice
connecting ten distributed 10 kWp PV systems does not
necessarily yield 100% load on a wire rated to 100 kW.
Even though here 10 x 10 kWp PV systems theoretically
sum to 100 kWp, the actual load remains below 60%.

3.2 Modelling automated curtailment of PV systems

Using the same example feeder network, now one
third of the customers is assumed to have a 10 kWp PV
system with its output power scaled by the typical sine-
square curve in between sun-rise and sun-set, and in
addition varied by the same Beta distribution to model
obstacles and cloudy conditions, as shown in Figure 2.
The resultant line voltage behaviour without and with PV
insertion is shown side-by-side in Figure 5.

Fig. 5 Line voltage w/o distr. PV power insertion

A voltage rise and negative power flows toward the
substation can be observed at times when more power
is inserted by the customers’ PV systems than is locally
consumed. Observing varying conditions helps in
identifying critical supply voltage violations, feeder
bottlenecks in case of more complex topologies, supply
quality issues, and in particular, energy loss due to the
resistance of the used wire type.



The core intent of simulation studies is to validate
counter measures. Smart PV inverters curtail the output
power in case the voltage on the grid is too high. If the
grid operator provides a need indication, for example a
kind of traffic light signal [14], such responses can be
coordinated, vyielding a fair curtailment distribution
independent of the location along the feeder line.

A smart response to grid needs is automated
curtailment to for example 70% of the peak output of the
PV inverter before the over-voltage becomes critical, as
sketched in Algorithm 1. Should the voltage exceed
safety limits, the PV inverter must disconnect obeying
regulatory grid codes. Thus, a preventive curtailment is
beneficial for the grid and the customer.

Algorithm 1 Simple voltage stabilising PV curtailment

Require: U,an > U > voltage boundary > default voltage
Require: Unin < Umaz > power output curtailment hysteresis
r+ 0.7 > set curtailment ratio
for j =1, 2, ..., number of customers do
if Uj(t.l\)/— Umaz > 0 then
PRV PRV > curtail peak power output
else if Ui — Uj(t:) = 0 then
Prad = P x 2 > revoke power curtailment
end if
end for

To simulate such a smart algorithm, it shall be
executed instantly whenever a power changing event
causes the voltage level to exceed the set Umin OF Umax. In
the best case, this mitigates the voltage issue and no
additional changes are required. If not, the loop
proceeds until the issue is solved or no solution is
achieved after all PV systems along the feeder have
become curtailed. Figure 6 shows the effect of PV
curtailment along the feeder line.

Line Loading - with no smart control

(Alg. 1)

The effect of limiting the power inserted by local PV
systems to 70% of the nameplate peak power PPV is
limited because PV systems rarely deliver that much
power. In addition, customers close to the transformer
do not see the need because at their position along the
feeder line, the voltage is not in the region where the

algorithm causes curtailment. Evidently, PV curtailment
has no effect on under-voltage situations.

3.3 Modelling partial shedding of control-able loads

The algorithm to determine when to cut the power
demand is very similar to Algorithm 1. The difference is
that Algorithm 2 intends to mitigate under-voltage by
reducing the power drawn from the feeder line.

Algorithm 2 Simple voltage stabilising demand cutting

Require: U,..n < Uy > voltage boundary < default voltage
Require: Unin < Umaz > power cut hysteresis

for j =1, 2, ..., number of customers do
if Upmin — U;(t:) > 0 then
ooy =1 > signal to cut power demand
else if Uj(t;) — Umaz > 0 then
gofy =0 > signal to revoke demand cut
end if
end for

Figure 7 shows the effect of cutting the power
demand to 80% in response to the voltage along the
feeder line. The effect is visible, although small.
Algorithm 1 and Algorithm 2 complement each other by
addressing the opposite issues of over- and under-
voltage on the feeder line.
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Fig. 7 Customer bus voltages w/o Alg. 1 and Alg. 2

Typical applications with on-off characteristic that
can be controlled by Algorithm 2 are for example: hot
water boilers, electric heating systems, refrigerators, and
private EV charging points that support no dynamic
power P (t;) adjustment.

3.4 Modelling automated adjustment of EV charging

If dynamic demand adjustment is possible, as for
example by smart EV charging, an algorithm very similar
to Algorithm 1 can be implemented to determine power
change events. Not being restricted to a static
adjustment, it can be used recursively. It mitigates
under-voltage by reducing the power drawn from the
feeder line like Algorithm 2, and thus, compliments
Algorithm 1. However, in case of over-voltage it
increases the power drawn from the grid in order to
mitigate the over voltage, thereby reducing the need to
curtail the local PV production.



Algorithm 3 Voltage stabilising by Smart Charging

Require: U, < Uy > lower boundary < default voltage
Require: U,.ax > Up > upper boundary > default voltage
r <+ 0.5 > set adjustment ratio
for j =1, 2, ..., number of customers do
if Unmin — Usite(t) > 0 then

PSE « PSS xr > reduce charging power
else if Uszte (t) - U?na::: 2 0 then
PSS «— PSS x =
end if
end for

> increase charging power

Figure 8 shows the effect of smart EV charging on the
voltage along the feeder line. The lower graph in Figure
8 shows the EV charging. The rather low default 3 kW
charging powers cause a linear rise of the battery state,
as shown on the left side. When smart charging is used,
the charging power becomes adjusted, which changes
the steepness of the state-of-charge rise.

Bus Voltages  with no smart contr Bus Voltages - with rec EV control

Fig. 8 Bus voltages w/o Smart Charging (Alg. 3)

Due to the extreme scenario chosen, all EVs reduce
the charging speed during the night. Still, all EVs get at
least 10 kWh, which is more than the average daily need
of a commuter. During the day, the power inserted by
the local PV systems is consumed by the EVs in the
neighbourhood by increasing the charging power as
much as possible. Over-voltage occurs only after all EVs
in the vicinity finished charging, here after 12:15.

3.5 Benefit of cooperative systems

If the three algorithms are executed in parallel, a
smart grid control is achieved in the way it was intended
when the idea of smart grids was born. Figure 9 shows
the effect of all three algorithms together.
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Fig. 9 Bus voltages w/o Alg. 1 and Alg.2 and Alg. 3

Smart EV charging has the highest impact. Only if EVs
are not available or fully charged, PV curtailment and

selective load shedding are required to counteract over-
and under-voltage. For the scenario assumed, Figure 9
shows that the existing wires can support higher PV
insertion and EV charging load if smart grid technology is
used to manage the local demands of the appliances that
increasingly stress the distribution grid.

The contributions of different customers along the
feeder line differ from example to example due to the
randomly generated demand and production curves. In
all cases, the contribution of Smart Charging
outperforms PV curtailment and load shedding, as
shown in the upper graph of Figure 10.
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Fig. 10 Distribution of customer contributions and benefits
along the feeder line

Due to showing absolute values, the direction of the
contribution is hidden. From the examples above, we
know that the power flow changes during the night result
from reduced charging speed, and the power flow
changes around noon, when high PV production occurs,
result from increased charging speed.

The environmentally and economically counterpro-
ductive PV curtailment is necessary only after the EVs in
the neighbourhood are fully charged. Customers toward
the far end of the feeder benefit most in terms of voltage
stability, shown in the lower graph in Figure 10.

A too simplistic implementation of the presented
algorithms turns out to be unfair because it discrimi-
nates customers connected further down the feeder. To
balance that, the voltage limits Umin and Umax Of each
algorithm should be specified more tight for customers
connected less far down the supply line. How exactly,
depends on the supply network’s layout and the wires'
conductivity, as for example proposed in [15].

4, SUMMARY AND CONCLUSION
The electrification of the mobility sector is on its way
and raises power demand. Distributed electricity



generation from PV and wind also increases local power
flows, but in the opposite direction. If these power flows
become coordinated, they can partly compensate each
other. That is the original idea of a smart grid. The
algorithms presented, are elementary puzzle pieces.
Smart EV charging provides the flexibility to dynamically
adjust the power drawn from the local grid. If applied
before PV curtailment or load shedding is executed,
smart charging can improve the utilisation of volatile
renewable sources and mitigates the stress on higher
grid levels. To assess how reliable this effect can be
achieved under different environmental conditions, the
study will be extended by randomised environmental
conditions tuned to different geographic locations. For
now, we can conclude that on a rather sunny day, smart
EV charging can partly prevent the non-desirable PV
curtailment around noon if at the same time sufficiently
many EVs are connected and charged smartly.
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