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Germany has the political vision of reducing carbon emissions and becoming environmentally sound.

According to this vision, the number of electric vehicles (EVs), charging stations and renewable power
generators being installed in low voltage grids would increase. The uncontrolled charging of a large number
of EVs can generate additional load peaks and lead to the violation of utilization limits in distribution grids.
However, the charging of EVs can be controlled, providing the opportunity to relieve the grid and reduce the
peak load. This control strategy is called Demand Side Management (DSM). This paper presents a day-ahead
optimization algorithm for DSM in a microgrid. The developed algorithm focuses on minimizing the load
peaks of a microgrid. Two scenarios, with and without stationary battery storage, have been developed and
tested with various historical load profiles of the Micro Smart Grid (MSG) on the European Energy Forum
(EUREF) campus in Berlin. The optimization results have shown that using the algorithm offers the possibility

to reduce microgrid load peaks.

1 INTRODUCTION

The German federal government promotes the selling
of new electric vehicles with the help of an
environmental bonus. This funding supports the rapid
spread of electric vehicles in the market (Bafa, 2017).
By 2025, 40 to 45 percent of the electricity consumed
in Germany has to derive from renewable energy
sources (BMWi, 2017).

The coupling of energy production from
renewable sources with EVs helps to reduce CO,
emissions, and making the transition to a larger share
of renewable energy (Link, 2011). The increase of the
simultaneity of EV charging processes in the future
could lead to load peaks and utilization limit
violations (Nobis, 2015).

Controlled EV charging is used to avoid
additional load peaks and improve renewable energy
integration into the power grid (Agricola, 2011). The
function of charging management is to ensure that
charging takes place at times with excessive
generation from renewable sources, to improve the
integration of fluctuating renewable energies (Link,
2011).
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Both load management and energy saving are
important elements of DSM. The approach DSM is
defined as load control, with the goal of smoothing
the load (Haasz, 2017).

By means of DSM, for example, by shifting load
peaks during off-peak periods, negative grid
perturbations could be significantly reduced (Friedle,
2018). There are different forms of DSM, as shown
in Table 1. The first form of DSM, shifting peak
consumption, has been used in the optimization
algorithm which is presented in this paper. In this
case, it is realized by load management of EVs. The
second form, reduction of peak consumption, is used
to minimize load peaks without shifting of the loads,
and the third form would be critical in the grid due to
increasing consumption. The fourth form has no
effect on load smoothing (Agricola, 2011).

EVs, especially when used in car sharing, can be
used for DSM because of their flexible load profile
(Seddig, 2015). A number of studies have discussed
the DSM of EVs in order to reduce the peak power.
Reference (Shao, 2011) presents a load shaping tool
to avoid the overloading of the transformer by using
a sensor at the transformer for load monitoring. Paper
(Pournaras, 2017) presents an optimization of EVs
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charging by using a software application controlling
the battery charging in each EV to reduce the power
peaks and energy costs. Jaiswahl (Jaiswahl, 2017)
proposes an optimization algorithm to reduce both
demand and energy cost by integrating the system in
a smart metering. To implement the proposed
algorithms, bi-directional communication
infrastructure is required. The focus of this paper is
on a day-ahead optimization algorithm using forecast
data, which does not necessarily require bi-directional
communication.

EVs can also be used to reduce CO; emissions,
they must be charged with electric energy from
renewable sources. Otherwise, the CO, emissions
related to charging can be equal to or greater than
those of vehicles with combustion engines
(Bréuninger, 2017).

Table 1: Different forms of DSM (Agricola, 2011).

Shift of consumption
to off-peak hours

Reduction of consumption
at peak load times

Increase in consumption —/ \—
during off-peak hours

Short-term change
of the load curve

The integration of EVs into microgrids using
renewable energy systems is the prime objective of
the research project Mobility2Grid (Karohs, 2018).
This integration is practically tested in the laboratory
on the EUREF Campus.

The requirements for practical implementation of
DSM include forecasting and optimization of load
profiles of the EVs. The presented optimization
algorithm is based on the structure of a microgrid on

stationary battery

the EUREF Campus in Berlin, called MSG, as shown
in Figure 1.

Three PV systems with a total power of 82.5 kWp,
and a stationary Li-ion battery storage with a capacity
of 78 kWh, are connected to the MSG on the EUREF
campus. The maximum transformer power in this
MSG is 630 kVA. The transformer connects the low
voltage MSG to the medium voltage grid. The car
sharing station on the EUREF Campus has 33
charging stations, each with a maximum charging
power of 22 kW AC and a DC quick charger with a
power of 50 kW. In addition, there are also three
inductive charging stations, two of which with a
maximum power of 3.7 kW and one with a maximum
power of 7.4 kW.

2  PROPOSED MODELS

The proposed DSM method, specifically of a load
peak shaving on the EUREF MSG, is based on a day-
ahead data optimization. Figure 2 shows the modules
of the program used to implement the method of an
optimized DSM. The optimization tool is also used to
create day-ahead load profiles of EVs.

The aims of the controlled charging are
minimization of grid load and reduction of the extent
of grid expansion, which is taken into account by the
day-ahead optimization algorithm. The minimization
of the grid load of the MSG has been realized with a
linear optimization algorithm.

The constraints of the optimization algorithm are
defined by characteristics and limits of the charging
process of EVs and the battery storage. This includes
for example State of Charge (SoC) of batteries.

The used input data are the PV generation
forecasts and the load profiles of EVs. The output
data are the predicted load profiles of the following
day for stationary battery storage, and EVs.

photovoltaic system

charging stations

.

Figure 1: Structure of the MSG on the EUREF Campus.
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Figure 2: Modules of the program for implementing the suggested DSM method.

2.1 Mathematical Models

The objective function minimizes the power from the
grid Pkgrid , on the condition that the EVs achieve the
required SoC (SoCSh,), cf. Formula 1. The linear
optimization is conducted based on equations 1 and
2. Set H; defines the number of electric vehicles and
set Hiime step defines 15-minute time steps in the 24-

hour period (At = 0.25 h). The penalty parameter p is
multiplied by the difference between the desired and
actual States of Charge of EV (SoC<E_ ,SoCS ).

‘j,max s JKend

Formula 2 is necessary to achieve the goal of peak
load reduction despite the sum based objective
function. For example, a charging power of 22 kW is
demanded in the first hour and charging power of
0 kW in the second hour. The application of Formula
2 would result in an averaging over both hours, with
the result of a charging power of 11 kW in the first
and second hour. Table 2 summarizes the
mathematical symbols of the paper.

Table 2: An overview of the mathematical symbols.

Symbol Definition
Pkgrid Power from the grid at the kth time step
Prggif Maximum power of the transformer
PV PV feed-in power at the kth time step
phat Charging power of the stationary
k.in battery storage at the kth time step
phat Discharging power of the §tationary
k,out battery storage at the kth time step
pch Maximum charging power of the ith
Lmax charging event
Pjg},‘,ax Maximum charging power of the jth EV
Sochat SoC of the stationary battery storage at
0Ck the kth time step
bat Maximum SoC of the stationary battery
S0Cmax stora;
ge
bat Minimum SoC of the stationary battery
S50Cimin stora
ge
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Table 2: An overview of the mathematical symbols (cont.).

SOC,E’? SoC of the jth EV at the kth time step
C apjch Battery capacity of the jth EV
Capbat Capacity of the stationary battery
ap storage
r]]Ch Charging efficiency of the jth EV
bat Charging efficiency of the stationary
in battery storage
bat Discharging efficiency of the stationary
Mout battery storage
Nch
id
mm(z PE" + Z p-(SoCHhx
(1
Vk € Htime step’ V] € Hj
ny
rid rid
AT DY Ve @
k=1

The power balance requires that electrical power fed
into the grid (3 Py,) equals consumed electrical
power (X P,,) (Frohe, 2011). The MSGs power
balance for the EUREF campus is represented by
Formula 3. Set H; defines the number of load events.

PCh bat bat
1,j,max k in k,out

grid _ pgrid
k Pk in Pk out

vk € Htimestep; Vi € H;, Vj € H-

3

The maximum power of the MSG PIEI,:X is expressed
by Formula 4. This parameter is determined from the
maximum capacity of the transformer.

grid _ pgrid grid
O<Pkm Pkout Pmax

“4)
Vk € Htimestep

The stationary battery storage of the MSG is
represented by the power PPt and PR3, the
efficiencies 723t and n53f, the capacity Cap®?* and
the SoC. The SoC of the stationary battery storage

SoCy bat is calculated at time k with Formula 5.

SOCbat SOC}Eatl'i‘T]bat bat “At -

in k,in
1

bat bat .
_noat Pk,?)ut At capbat (5)

Capbat

Vk € Htimestep
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The SoC of the stationary battery SoCP2* must not
drop below or increase above fixed limits, expressed
in Formula 6.

SoCP3t < SocPat < SoChal,

6
Vk € Htimestep ( )

The variable in_out is defined to avoid the stationary
battery storage being charged and discharged at the
same time. This variable is used in Formulas 7 and 8
to limit the feed-in power and output power of the
battery. These formulas are also used for the EVs at
the MSG charging stations.

ppat < pbat | -in_out
in_out € [0,1], Vk € Hiime step @
Pit < PRdiin * (1 — in_out)
@)

in_out € [0,1], Yk € Hiime step

The actual charging time is a result of the
optimization of P,g1 ; for each time step k and each EV
j for the individual load events i. If the EV is not
connected to the charging station, P,Sll’ ; 1s limited to
0. If the EV is connected to the charging station and
the time is within the charging time, Pk ij is limited

by the maximum possible charging power, as seen in
Formula 9.

PCh

i,max’ Jmax )

P,”] = mln(P
)
Vk € Htime step

To calculate the SoC of the EV SoC, ,551, Formula 10 is

used. It is analogous to Formula 5 for calculating the
SoC of the stationary battery storage.

SoCh = SoCt, ; + Z Pt - At

o (10)
Cap$h

Vk € Htimestep: Vj € Hj

The value of the SoC of the EV SoCSh 'j is limited by
Formula 11.

SoCHl, < SoCeh < SoCSh,

min =
11
Vk € Htimestep: V] € Hj ( )

The mathematical problem was transformed into
an algorithm using Python programming language.
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Figure 3: Scenario 1 — Power from the grid measured at the transformer with / without optimization (top) and charging cycles

of the EVs (bottom).

The optimization models were implemented with
the python software package Pyomo (Python
Optimization Modeling Objects). The
implementation is based on algebraic modelling
languages (AMLs), which support the analysis of the
previously constructed mathematical model (Hart,
2012). The open source mixed integer programming
solver "CBC" (COIN-OR Branch and Cut) was used
as the solver of the optimization algorithm.

2.2 Validation Scenario

The proposed algorithm is validated with two
scenarios. In scenario 1, the charging cycle and
charging power of the EVs are optimized on the basis
of the MSG conditions. At the departure time, all EV's
should be as fully charged as they would be without
optimization. For scenario 2, the conditions of the

first scenario are considered, and the stationary
battery storage is added as a flexible load.

3 OPTIMIZATION RESULTS

The optimization algorithm was validated with
historical data from the EUREF campus MSG. The
results of the optimization algorithm are shown, for
the 23rd of July 2017 in Figure 3.The upper section
of the figure, shows the transformer load with and
without optimization in scenario 1 (P84 Opt., p&rid
no Opt.). The lower section shows the charge cycles
of the EVs. In the upper section, it can be observed
that the maximum power of the day in question can
be reduced from 8.8 kW to 6.5 kW. Further reduction
of power is not possible, under the constraint that the
EVs must obtain the same SoC they would have
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Figure 4: Scenario 2 - Power from the grid measured at the transformer with / without optimization (top) and SoC of the

battery of the EVs and Stationary battery Storage (bottom).

without optimization. The EVs (orange and green
curve) must be charged during parking time, with the
maximum available power.

In scenario 2, with the flexibility of the stationary
battery, the maximum grid load can be reduced to
0 kW (blue curve), see the upper part of Figure 4. In
the same figure, the lower section shows the SoC of
the EVs batteries and the stationary battery storage.
The electric vehicles are charged completely within
the given time, despite the load shift. It can be
observed that the stationary battery storage SoCPat
(brown curve) is discharged during the morning and
in the evening, and is charged at noon by the PV feed-
in. The energy for the EVs comes either directly from
the PV system (the blue curve) or from the stationary
battery (the purple curve), as can be seen in the lower
part of Figure 4.

56

4 CONCLUSIONS

In this paper, an optimization algorithm for DSM has
been presented and its functionality was validated
with the historic load profile of the MSG on the
EUREF Campus. Two scenarios were outlined. The
optimization results have shown that the use of the
DSM operating strategy in the MSG allows to
postpone the load to off-peak hours and to reduce load
peaks. On the EUREF Campus, maximum load was
reduced up to 30% in the first scenario by using the
EVs as a flexible load. In the second scenario, the load
was reduced up to 100% by adding the flexible
stationary battery storage. Consequently, the
presented method can help minimize the need for
reinforcements of the grid.
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This day-ahead optimization algorithm requires
either forecast data or data provided by charging
protocol ISO 15118 as input parameters. The protocol
allows accessing the SoC and capacity of the EV
battery. There is currently no EV on the market,
which supports this standard protocol. When
forecasting is used, the forecast errors are quite high
(around 2.5 hours) (Renner, 2018). To reduce the
forecast errors, more application data is needed. The
Mobility2Grid project is working on that subject
(VoB, 2018). The optimization algorithm can also be
used for electric vehicle or bus fleets with known
data, such as the timetables of EVs and load profiles.
In that case, the problem of forecast errors or
inaccessible data of the vehicles does not apply.
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