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 A B S T R A C T

Industrial electrification is increasing to reduce fossil fuel dependence, alongside a growing share of volatile 
renewables. A secure and reliable energy supply is crucial for industry, leading to a shift from centralised 
to decentralised grid structures. DC microgrids becoming increasingly popular in industry, since they enable 
energy recuperation from braking, reduce components and cables, and integrate storage and local generation 
to manage supply interruptions or peak loads. EVs add further synergies by serving as mobile storage units, 
helping to store and redistribute locally generated renewable energy. This paper analyses how EV integration 
in droop-controlled DC grids can contribute to a more stable, low-emission and peak-reduced load profile to 
the supply grid through load shifting and bridge interruptions. A droop-controlled DC grid model has been 
developed, incorporating an EV charging park based on probability functions. Scalable scenarios allow for 
diverse condition analysis using an energy management system that utilises fuzzy logic and sequential MILP 
optimisation. It has been shown that a 7% improvement of coefficient represented grid-serving behaviour 
is possible by load shifting. It has also been demonstrated that an optimised EMS can reduce the demand-
based CO2 emissions by 41 kg for a representative day compared to a fuzzy logic EMS. At the same time 
peak load is decreased yielding a more constant residual load. These results highlight the potential of a 
controlled bidirectional charging infrastructure in DC grids and underscore the need to explicitly consider 
charging processes to ensure a residual load as constant as possible.
1. Introduction

A secure and reliable energy supply is crucial for industry, especially 
when continuous processes are running or safety-related equipment 
is operated. In order to secure this, direct current (DC) microgrids 
are becoming increasingly the focus of research [1] as they help to 
secure the energy supply and simultaneously reduce carbon dioxide 
(CO2) emissions [2]. This is achieved by recovering braking energy 
and simplifying the integration of energy storage systems, among other 
things [3].

These grids connect various electrical producers and consumers 
within a company and are usually connected to the public distribu-
tion grid. The bidirectional coupling takes place via an active infeed 
converter (AIC). As many devices, storage systems and generators use 
direct current, a direct DC connection offers advantages. Energy can be 
exchanged between grid participants and locally generated renewable 
energy can be buffered in storage systems. In addition, there is no need 
for alternating direction and grid synchronisation.

I This article is part of a Special issue entitled: ‘SESAAU2024’ published in Smart Energy.
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In DC grids, the power balance is reflected by the grid voltage [4]. 
Maintaining this grid stability is a central challenge and the highest 
priority. One key strategy to ensure this is through droop control, 
which helps to balance the power flow and is widely used in DC 
microgrids [5]. While ensuring grid stability has the highest priority, 
energy management systems (EMS) can coordinate a grid-serving be-
haviour of the DC microgrid. This concept describes how a system 
contributes positively to the grid’s operation, for example, by reducing 
bottlenecks or lowering the need for grid expansion. In general, grid-
serving systems attempt to realise a balancing of the grid load or 
an adjustment between generation and demand [6]. To this end, the 
energy demand is adjusted to the renewable feed-in to minimise the 
fluctuation of the residual load [7].

Electric vehicles (EV) offer additional synergies as they have their 
own battery storage systems. They can be used as mobile, temporary 
energy storage units to store locally generated renewable energy and 
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Glossary

Variables and Constants
𝑐𝐸𝑛𝑒𝑟𝑔𝑦 Energy costs
𝐸 Electrical energy (kWh)
𝐸𝐸𝑆𝑆 Storage capacity (kWh)
𝐸𝑣𝑎𝑟 Energy optimisation variable (kWh)
𝑓𝛼 Probability density function of 𝛼
𝐺𝑆𝐶𝑇

ref Grid Support Coefficient
𝐼, 𝑖 Electrical current (A)
𝑘ref Grid-specific reference value
𝑀 Big-M-Variable
𝑚 Mass (kg)
𝑚CO2

specific CO2 emissions (gCO2eq kW−1 h−1)
𝑃 Electrical power (W)
𝑃 𝑜𝑝𝑡 Optimal power (kW)
𝑃 𝑣𝑎𝑟 Power optimisation variable (kW)
𝑇 Time interval (s)
𝑡 Time (s)
𝑈, 𝑢 Electrical voltage (V)
𝑊 Electrical work (J)
𝛿𝑣𝑎𝑟𝑗 Binary optimisation variable
𝜂 Efficiency (%)
𝜇 Expected value
Acronyms

AC Alternating Current
AIC Active Infeed Converter
CO2 Carbon dioxide
DC Direct Current
EMS Energy Management System
ESS Energy Storage System
EV Electric Vehicle
EVSE Electrical Vehicle Supply Equipment
GSC Grid Support Coefficient
LSTM Long short-term Memory
MILP Mixed Integer Linear Programming
PV Photovoltaic
SoC State of Charge
V2G Vehicle to Grid
V2X Vehicle to X

make it available later. The increasing share of EVs considering future 
mobility concepts can increase the efficiency of renewable energies in 
regional energy systems [8].

The greater the number of EVs, the greater the load on the supply 
grids, which increases the need to expand the grid [9]. One study 
emphasises that the maximum charging capacity and the strategic posi-
tioning of charging stations are decisive criteria for grid planning [10], 
while another study shows that uncontrolled charging of electric cars 
can lead to grid bottlenecks and local overloads, thus increasing the 
need for grid expansion and intelligent load management [11]. This 
highlights the need for intelligent load management and a grid-serving 
approach.

Vertgewall et al. [12] showed that controlled charging could drasti-
cally reduce grid reinforcement costs. Gschwendtner et al. [13] found 
workplace Vehicle-to-X (V2X) dominant due to centralised benefits, 
suggesting that there is considerable potential for load shifting and 
demand side management.
2 
EMS are essential to ensure the efficient or optimised use of different 
grid participants in microgrids. To classify this Shafiullah et al. [14] 
provide an overview of current developments in management strategies 
in microgrids. They emphasise the need for an EMS to ensure grid 
stability. In their work on optimal energy planning in smart grids,
Khan et al. [15] categorise and classify energy management strategies 
and make a distinction between rule-based and optimisation-based. 
They summarise that robust optimisation is crucial for the integration 
of renewable energies into current EV charging infrastructures and 
microgrids.

Optimisation is also used by Dicorato et al. [16] considering the 
day-ahead energy price to charge EVs in a price-controlled manner. 
By applying different scenarios, it was shown that the total costs of 
a day can be reduced by load shifting. In further work, the authors 
were able to show that purely monetary objective functions place 
a greater burden on the supply network, as charging processes are 
concentrated in times of low prices [17]. Against this background, the 
here presented paper develops a non-price-driven method. However, 
grid-serving utility is not taken into account, nor is industrial load 
considered. Another strategy was presented by Bruinsma et al. [18] 
in their work, with the main objective to optimise the charging of 
EVs while simultaneously generating photovoltaic (PV) energy. They 
used charging strategies to reduce the maximum power under given 
load condition from an external grid but also did not characterise 
grid-serving aspects.

In addition to work based on optimisations, fuzzy logic is often 
used for control purposes. Shakeel and Malik [19] used fuzzy logic to 
determine the available energy of individual EVs for vehicle-to-grid 
(V2G) services. In the context of DC grids, fuzzy logic is also used by
García-Triviño et al. [20] to regulate the DC voltage and energy storage 
state of charge (SoC) while a separate study presents a decentralised 
fuzzy logic control method to ensure proper voltage and SoC thresholds 
under varying PV power and EV charging conditions [21].

The integration of renewable energies into energy systems poses 
new challenges in terms of grid reliability and security of supply. In 
this context, the alignment between local generation and load in the 
electrical systems is becoming increasingly important. Particularly in 
decentralised micro- and DC grids, which are characterised by fluctuat-
ing feeders and dynamic loads, the development of suitable control and 
energy management strategies is crucial to ensure reliable and stable 
operation that also serves the grid.

One key area of research focuses on the role of EVs as flexible 
loads. Under the concept of V2G or, more generally, V2X, researchers 
are investigating how EV batteries can be used not only as consumers 
but also as producers through bidirectional charging [22]. Several 
studies have already shown that V2X technologies can make a pos-
itive contribution to the stability and resilience of distribution grids 
and microgrids [23]. Another frequently used approach is a virtual 
synchronous generator, which allows frequency services to be provided 
via V2G [24]. Extending this line of research, Li et al. [25] analysed the 
impact of V2G control strategies on frequency regulation in microgrids. 
They concluded that EVs using a virtual synchronous generator based 
approach can provide effective frequency support while simultaneously 
meeting charging demands.

While existing work provides important insights into the potential 
of EVs in the context of energy and load management, research gaps 
remain. A systematic analysis of industrial DC microgrids with inte-
grated EV charging systems is less common. Furthermore, there is a 
lack of consolidated consideration of various partial approaches. While 
droop control characteristics and EMS are already subject of research 
and large-scale EV fleets have shown their capability for frequency 
regulation [26], there is no analysis of the added value for grid-serving 
behaviour by using an EMS in industrial DC grids in combination with 
bidirectional charging of EVs.

Against this background, the aim and the novelty of this paper is to 
investigate the added value by an EMS to an industrial DC microgrid 
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Fig. 1. Example of droop control characteristics in a DC grid according to [27]. Above the nominal voltage band (green), devices are allowed to reduce their 
power. The values of the currents are for illustrative purposes only.
with the integration of EV charging systems. The focus is on two 
aspects: firstly, the analysis of suitable EMS that integrate EVs into 
the DC grid as flexible, bidirectionally usable storage devices; secondly, 
the evaluation of demand side management capabilities under different 
load, design and failure scenarios. As a further contribution, CO2 emis-
sions are identified and employed as a predictable indicator for aligning 
local generation and demand to flatten the residual load, thereby 
extending the methodological novelty of this work. An additional added 
value lies in the simultaneous reduction of emissions. For this reason, 
the paper concludes with an examination of load adjustment potential 
and environmental impacts.

The results should provide a base for developing robust control 
methods that enable the reliable, efficient, and grid-serving integration 
of EVs into industrial DC microgrids.

This paper is structured as follows: Section 2.1 presents how energy 
management works in DC grids and how a droop-controlled DC grid 
is structured. Two models for generating setpoints based on fuzzy 
logic (Section 2.2.2) and based on linear mixed-integer optimisation 
(Section 2.2.3) are then presented. Based on a case study (Section 2.3), 
simulation results of the implemented EMS are presented and analysed 
in Section 3. Finally, the findings are discussed in Section 4 and 
summarised.

2. Methods

This chapter presents the methods for control and the use of an 
EMS in droop-controlled industrial DC grids. First, the fundamental 
structure and control strategy of DC grids are described, distinguishing 
between active and passive participants. Second, it is shown how a 
load profile can be evaluated in terms of a constant residual load. 
Subsequently, the derivation of two EMSs for setpoint generation in 
bidirectional charging is explained: a rule based fuzzy logic control 
and a sequentially optimised mixed integer linear programming (MILP) 
model. Finally, a specific DC grid is introduced as a case study to 
illustrate the practical application of the developed methods. A DC grid 
model in MATLAB® and Simulink® is used for the simulations and 
optimisation.

2.1. Droop control in industrial DC grids

For stable DC grid operation, the grid voltage must remain within 
a defined range, which is controlled by droop control characteristics. 
The current to be fed in or drawn is adjusted depending on the voltage 
(see Fig.  1). With negative currents, the devices act as a source, with 
positive currents as a sink. The AIC requires a minimum voltage above 
the rectified alternating current (AC) voltage, which in a 400V AC 
3 
grid corresponds to approximately 565V. The upper limit is 800V
according to the definition of DC voltage bands in [28], whereby 
all participants must absorb energy or stop feeding it in. The energy 
storage system (ESS) remains inactive in the nominal voltage range 
and only feeds in at low voltage. When the voltage rises, it absorbs 
energy before the AIC feeds it back into the AC grid. The PV system 
only feeds in and only reduces its feed-in when the voltage is too 
high. Devices with a droop control characteristic are considered active, 
loads are considered passive devices. However, ESS and PV systems 
cannot always follow the droop control characteristic as they depend 
on external or internal conditions. Therefore, the ESS has a secondary 
SoC controller that superimposes the setpoint current on the primary 
control characteristic [27]. For further explanations, please refer to
Ehlich et al. [29] and Ott et al. [30].

2.2. Setpoint generation for bidirectional charging in DC grids

This section presents two approaches to energy management in the 
DC grid. The focus is on grid-friendly operation of the DC grid with 
the integration of a bidirectional charging infrastructure for EVs. A 
fuzzy logic based and an optimisation based EMS are presented. Both 
approaches are based on shifting the droop control characteristics of 
the individual participants in the DC grid. By shifting, the operating 
point of a device can be changed while the control characteristic of the 
power flow controller remains active.

2.2.1. Evaluation of the grid-serving possibility of electrical systems
There are various ways to effect and evaluate grid-serving be-

haviour. A classic example is the provision of frequency containment 
reserve, which performs an essential function in large AC transmis-
sion grids for frequency stabilisation. In principle, this system service 
can also be technically supported by controllable units such as the 
AIC in DC grids. However, this is not suitable in practical industrial 
DC grids, as the energy density and power range of the systems are 
insufficient to make a significant contribution. In addition, DC grids 
mostly occur as consumers even with renewable energy supplies. An 
alternative is to adapt the power consumption to the availability of 
renewable energy, which reduces the residual load and simplifies grid 
operation [31]. In DC grids, demand side management is practically 
the only suitable mechanism to provide grid-supportive behaviour from 
within the microgrid. EVs as a major controllable load, offer significant 
potential for load shifting by adapting the charging demand to external 
conditions such as renewable generation or grid constraints. This effect 
can be further enhanced through bidirectional charging, which allows 
EV batteries not only to adjust their consumption but also to supply 
energy back to the grid when needed.
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Fig. 2. Prediction of specific CO2 emissions in the electricity mix for two exemplary weeks the year 2023.
Grid-serving behaviour can be achieved by smoothing the residual 
load through energy procurement via the AIC [32]. A more even resid-
ual load reduces the control effort required by power plant operators to 
ensure stable grid operation. Typical indicators for an optimal energy 
procurement are the electricity exchange price or the current CO2
emissions in the electricity mix [33]. A self-conducted investigation 
of the specific CO2 emissions on generation data from 2023 from the 
Association of European Transmission System Operators has shown that 
these correlate with the residual load (𝑟 = 0.88) and can therefore 
be used as a reference signal. Furthermore, it was demonstrated that 
CO2 emissions can be predicted based on weather forecasts. To this 
purpose, two prediction models (a linear regression model and a long 
short-term memory (LSTM) model) were implemented and compared 
with each other. The prediction result for two sample weeks in 2023 
is shown in Fig.  2. The upper diagram shows a week in March and the 
lower diagram a week in June. Although the prediction is not perfect, it 
reliably shows trends such as higher CO2 emissions in the morning and 
evening and lower emissions at midday. In addition, the LSTM model 
predicts the emission level more accurately than the linear regression.

In order to assess whether a consumer is acting in a grid-serving 
manner in relation to the AC grid, a coefficient is used which was 
presented [31] and developed [34] by researchers at Fraunhofer ISE. 
This is the Grid Support Coefficient (GSC), with which a load profile can 
be evaluated dimensionless. To calculate the coefficient 

𝐺𝑆𝐶𝑇
ref =

∫ 𝑃el(𝑡) ⋅ 𝑘ref (𝑡) dt

𝑊el ⋅ 𝑘ref
(1)

the product of the electrical power 𝑃el and the grid-specific reference 
variable 𝑘ref  is integrated over the time 𝑡 and divided by the product of 
the total energy consumption 𝑊el and the averaged reference variable 
𝑘ref . The result is a number that can be greater or less than one, 
whereby a constant load profile 𝑃el(𝑡) is given the value 𝐺𝑆𝐶𝑇

ref = 1
by definition. A value greater than one means that a consumer pre-
dominantly draws energy at unfavourable times. The opposite applies 
for values less than one. The reference variable 𝑘ref  is used to deter-
mine whether the energy consumption is favourable or unfavourable 
in relation to a constant load. The coefficient can be determined for 
any time period and any reference variable. If a reference variable is 
selected that has high values precisely when energy consumption is 
unfavourable, high energy consumption during these phases will cause 
4 
the numerator to be greater than the denominator. As a result, the 
GSC will assume a value greater than one. In this work, the specific 
CO2 emissions are used as a reference value, as these can verifiably be 
used to achieve grid-serving behaviour by smoothing the residual load. 
Another positive side effect occurs at the same time through energy 
procurement during periods of low specific CO2 emissions, as overall 
emissions are reduced.

2.2.2. Setpoint generation based on fuzzy logic
This EMS employs a fuzzy logic controller to determine setpoints for 

the AIC offset 𝑖AIC,offset and electric vehicle supply equipment (EVSE) 
scaling factor 𝑝EVSE,scale. Key input variables are the DC grid voltage 
𝑈DC and the SoC of the ESS. The load current is the primary factor 
distinguishing between light and heavy load conditions; however, 𝑈DC
serves as a proxy for this information, decreasing with increasing load.

The fuzzy logic controller prioritises ESS charging under light load 
conditions, before curtailing feed-in power via the AIC. When the grid 
voltage is within an acceptable range and the ESS is not fully charged, 
excess renewable energy is directed towards charging EVs. Conversely, 
under heavy load, the ESS is discharged before the AIC increases feed-in 
power, providing immediate DC grid support.

The output variables, 𝑖AIC,offset and 𝑝EVSE,scale, modulate the AIC 
droop control characteristic and EVSE output power, respectively. The 
membership functions of the input variables in Fig.  A.17 and the 
associated fuzzy logic rules in Table  A.1 are provided in Appendix  A, 
so that the inputs to the outputs are as shown in Fig.  3. The left figure 
illustrates that the AIC control characteristic shifts primarily negatively 
at low to medium DC grid voltages, particularly when the ESS SoC is 
low to medium. A high SoC limits energy transfer via the AIC in these 
conditions. The figure on the right demonstrates that the EVSE scaling 
factor is positive or zero at medium to high grid voltages, facilitating 
EV charging. When the voltage is low, the factor becomes negative, 
enabling EVs to provide voltage support by discharging. Charging is 
prioritised when the ESS SoC is sufficient, while discharging from EVs 
is confined to operation near the minimum allowable DC voltage.

2.2.3. Setpoint generation based on sequential optimisation
In an EMS based on sequential optimisation, an optimisation prob-

lem is solved over a rolling horizon with a step size 𝑇step, an execution 
interval 𝑇exec and a horizon 𝑇hor . This is used because predictions can 
deviate or change or unforeseen states can occur.
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Fig. 3. Input–output behaviour of the fuzzy control for the two inputs 𝑈DC and 𝑆𝑜𝐶ESS as well as the outputs 𝑖AIC,offset and 𝑝EVSE,scale.
Fig. 4. Histogram and probability density function of arrival and departure of an EV at a charging station. Representation of data according to [35].
The sequential optimisation is also necessary as it is unclear which 
EVs are to be charged via the charging points in the DC grid. De-
pending on the SoC, battery capacity and availability, different power 
levels must be provided. Discharging is only possible under certain, 
time-varying conditions.

Vehicles arrive in the morning with a certain probability and usually 
leave in the late afternoon. In addition, some vehicles arrive or depart 
at midday. The probability density functions for arrival and departure, 
generated from a dataset based on [35], are shown in Fig.  4. However, 
as soon as a special charging park is realised, the times change. For this 
reason, it is necessary to consider the structure of the realisation for the 
prediction of the charging processes. There is a logical relationship be-
tween the number of EVSEs, the number of users and the time at which 
a charging station is typically occupied. In Fig.  5 the probability density 
functions of arrival at an EVSE are shown for different realisations. Two 
relationships are recognisable: the more EVSE are available, the later 
the arrival mode value, and the more users travelling to an EVSE, the 
earlier the mode value. The arrival mode value of a realisation is always 
less than or equal to the mode value of all possible arrivals, which is 
explained by the first come, first served principle. The stay time of an 
EV also shows a pattern: vehicles that arrive early stay longer, while 
vehicles that arrive between 15:00 and 18:00 stay shorter on average. 
Users who plug their vehicle in the evening often stay longer than 
users who plug in the afternoon. This is shown in Fig.  6 based on the 
piecewise linear interpolation of a data set of 𝑁 = 1million realisations, 
the mean stay time of an EV can be estimated based on the arrival time.

In sequential optimisation, two approaches are used to predict the 
capacity of the connected EVs. As long as a charging station is free, it 
5 
is assumed that a vehicle arrives at the mode arrival time and departs 
at the mode departure time. It is also assumed that the battery capacity 
corresponds to the expected value 𝜇Bat = 61.5 kWh (based on own 
calculation from data according to [36,37]) and the SoC corresponds 
to the expected value 𝜇SoC = 0.62 (based on [38]). Only when an EV 
arrives are the real SoC and capacity used and the stay time is estimated 
based on the arrival time.

The linear optimisation balance model is shown in Fig.  7. The AIC 
feeds the DC grid from the AC grid and can either feed in or feed out. 
The EVs are connected to the DC grid via the charging infrastructure 
and can be charged or discharged. The stationary storage system can 
both charge to absorb energy from the DC grid and discharge to release 
energy to the grid. All other grid participants are summarised in the 
prosumer entity. The balance model is set up for all time steps 𝑡 ∈ 𝑇hor , 
which applies to all the following equations. For the DC grid (blue 
balancing group), the power balance of all incoming and outgoing 
power flows is calculated as 
𝑃 𝑣𝑎𝑟
AIC,in,t −𝑃 𝑣𝑎𝑟

AIC,out,t +𝑃 𝑣𝑎𝑟,
EV,Discharge,t −𝑃 𝑣𝑎𝑟

EV,Charge,t −𝑃 𝑣𝑎𝑟
ESS,t = 𝑃 ∗

Load,t −𝑃 ∗
PV,t . (2)

𝑃 ∗
PV,t and 𝑃 ∗

Load,t are predicted processes whose realisations are des-
ignated as 𝑃PV,t and 𝑃Load,t . In contrast, all other outputs 𝑃 𝑣𝑎𝑟

𝑗,𝑡  are 
optimisation variables under the boundary conditions

0 ≤ 𝑃 𝑣𝑎𝑟
AIC,in,t ≤ 𝑃AIC,max (3)

0 ≤ 𝑃 𝑣𝑎𝑟
AIC,out,t ≤ −𝑃AIC,min (4)

0 ≤ 𝑃 𝑣𝑎𝑟
EV,Charge,t ≤ 𝑃EV,max,t (5)

0 ≤ 𝑃 𝑣𝑎𝑟 ≤ −𝑃 (6)
EV,Discharge,t EV,min,t
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Fig. 5. Probability density function of arrival for different realised charging parks and different user volumes.

Fig. 6. Piecewise linear interpolation of the stay time over the arrival time of an EV at a charging station for 1million realised arrivals.

Fig. 7. Schematic representation of the balance model of a DC grid.
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𝑃ESS,min ≤ 𝑃 𝑣𝑎𝑟
ESS,t ≤ 𝑃ESS,max. (7)

Unlike the power balance in the DC grid, the stationary storage system 
(green) and the EVs (red) are energy balances. For the ESS, the energy 
balance results in 
𝐸𝑣𝑎𝑟
ESS,t = 𝐸𝑣𝑎𝑟

ESS,t−1 ⋅ 𝜂ESS,Tstep + 𝑃 𝑣𝑎𝑟
ESS,t ⋅ 𝑇step, (8)

where 𝜂ESS,Tstep  is the efficiency of energy storage over time. The ESS is 
subject to the constraint 
𝐸ESS,min ≤ 𝐸𝑣𝑎𝑟

ESS,t ≤ 𝐸ESS,max. (9)

The energy balance of the predicted or connected EV results in 
𝐸𝑣𝑎𝑟
EV,t = 𝐸𝑣𝑎𝑟

EV,t−1 + 𝑃 𝑣𝑎𝑟
EV,Charge,t ⋅ 𝑇step − 𝑃 𝑣𝑎𝑟

EV,Discharge,t ⋅ 𝑇step, (10)

subject to the constraint 
0 ≤ 𝐸𝑣𝑎𝑟

EV,t ≤ 𝐸EV,max,t . (11)

As long as no EV is connected, the predicted battery capacity 𝐸∗
EV is 

used for the maximum capacity. In this case, it is a multi-dimensional 
equation in which all energy balances of the 𝑛EVSE charging stations 
are summarised. The energy balance corresponding to the connected 
battery capacity must be maintained for each EVSE. This EV battery 
storage model is a simplified linear battery model that does not take 
certain aspects into account. It is merely an electrical model that does 
not consider thermal aspects or battery degradation. However, this 
assumption is sufficient for the optimisation model used here, as the 
focus is solely on the electrical part. Furthermore, for the short period 
of one day, it can be assumed that temperature changes are minor and 
the thermal effects are minimal. The same applies to battery ageing. 
Short time horizons are considered in which no excessive battery use 
is expected. Furthermore, Sagaria et al. [39] were able to show in their 
study that the effects of V2G on battery ageing are very low compared 
to other factors. Similar findings were shown in a study by RWTH 
Aachen University [40].

The aim is to minimise the predicted CO2 emissions as a grid-based 
reference value 𝑘∗ref = 𝑚∗

CO2
. At the same time, the EV batteries should 

be charged by the predicted departure time at the latest. The objective 
function results in 
min

(

∑

𝑡
(𝑃 𝑣𝑎𝑟

AIC,in,t ⋅ 𝑇step ⋅ 𝑚
∗
CO2 ,t

)

+
∑

𝑡
(𝑃+

AIC,penalty,t ⋅ 𝑇step ⋅ 10 ⋅ 𝑚̂
∗
CO2

)

+
𝑛EVSE
∑

𝑖=0
(𝐸EV,i,max − 𝐸𝑣𝑎𝑟

EV,i,tdisconnect
) ⋅ 𝑚̂∗

CO2

)

.

(12)

The emissions of all time steps are summarised. In addition, the energy 
difference between the maximum energy in the EV’s storage and the 
energy at the time of departure is assigned the maximum value of the 
emissions in the time horizon, so that it is always more favourable 
to charge than not to charge. Since load profiles and reference vari-
ables do not necessarily have to follow the predicted curve and droop 
control characteristics have an influence on the states in the DC grid, 
unrealisable start parameters may occur. Since solvability should be 
guaranteed, a positive virtual penalty 𝑃+

AIC,penalty is inserted for this case.
Additional constraints ensure that there is no simultaneous feed-

in and feed-out via the AIC. In addition, simultaneous charging and 
discharging of different electric vehicles should be prevented. This is 
based on the consideration that there should be no cross-charging from 
one EV to another. Before an EV has to be discharged to ensure grid 
stability or to just reduce the load, all other EVs should stop charging. If 
there is sufficient energy available to charge EVs, others do not need to 
be discharged. Binary variables can be used to resolve simultaneity. To 
ensure that the AIC is either feeding in or feeding out, the inequalities
𝑃 𝑣𝑎𝑟
AIC,in,t ≤ 𝛿𝑣𝑎𝑟AIC,t ⋅ 𝑃AIC,max (13)

𝑃 𝑣𝑎𝑟 ≤ −(1 − 𝛿𝑣𝑎𝑟 ) ⋅ 𝑃 (14)
AIC,out,t AIC,t AIC,min
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are used. If 𝛿𝑣𝑎𝑟AIC,t = 0, there can be no feed-in to the DC grid. At the 
same time, the feed-out according to Eq.  (14) can be less than or equal 
to −𝑃AIC,min. A similar procedure is used for charging and discharging 
the EV. The binary variable 𝛿𝑣𝑎𝑟EV,t is used to ensure that the EV is either 
charging or discharging. However, this also removes the possibility of 
one EV being discharged and another being charged at the same time. 
This is realised by the inequalities
𝑃 𝑣𝑎𝑟
EV,Charge,t ≤ 𝛿𝑣𝑎𝑟EV,t ⋅ 𝑃EV,max (15)

𝑃 𝑣𝑎𝑟
EV,Discharge,t ≤ −(1 − 𝛿𝑣𝑎𝑟EV,t ) ⋅ 𝑃EV,min. (16)

If the binary variable 𝛿𝑣𝑎𝑟EV,t = 1, the EVs are charged, while they are 
discharged if 𝛿𝑣𝑎𝑟EV,t = 0.

Binary variables are also used to indicate special states of the 
optimisation. For this purpose, constraints are extended by a suffi-
ciently large number 𝑀 (Big-M), whereby intervals of the optimisation 
variables are limited to 𝑀 . The use of the variable 𝑀 represents an 
upper or lower bound for the respective optimisation variable [41]. The 
inequalities

𝑃 𝑣𝑎𝑟
AIC,in,t ≤ 𝑃AIC,max +𝑀 ⋅ 𝛿𝑣𝑎𝑟AIC,max,t (17)

𝑃 𝑣𝑎𝑟
AIC,in,t ≥ 𝑃AIC,max −𝑀 ⋅ (1 − 𝛿𝑣𝑎𝑟AIC,max,t ), (18)

with 𝑀 = 𝑃AIC,max ensure that 𝛿𝑣𝑎𝑟AIC,max,t can only be equal to one if 
𝑃 𝑣𝑎𝑟
AIC,in,t = 𝑃AIC,max. For 𝛿𝑣𝑎𝑟AIC,max,t = 0, 𝑃 𝑣𝑎𝑟

AIC,in,t can lie in the interval 
[0, 𝑃AIC,max]. This does not mean that for 𝛿𝑣𝑎𝑟AIC,max,t = 0 at the same time 
𝑃 𝑣𝑎𝑟
AIC,in,t ≠ 𝑃AIC,max. In fact, the optimisation variable 𝛿𝑣𝑎𝑟AIC,max,t can only 
be equal to one if 𝑃 𝑣𝑎𝑟

AIC,in,t = 𝑃AIC,max. The same procedure is used for 
the ESS, so that
𝑃 𝑣𝑎𝑟
ESS,t ≥ 𝑃ESS,min +𝑀 ⋅ 𝛿𝑣𝑎𝑟ESS,min,t (19)

𝑃 𝑣𝑎𝑟
ESS,t ≤ 𝑃ESS,min −𝑀 ⋅ (1 − 𝛿𝑣𝑎𝑟ESS,min,t ) (20)

and 𝑀 = 𝑃ESS,min−𝑃ESS,max can be used to determine whether the power 
𝑃 𝑣𝑎𝑟
ESS,t of the ESS is minimal. 𝛿𝑣𝑎𝑟ESS,min,t can only be equal to one if the 
power is minimal and therefore the ESS feeds into the DC grid as much 
as possible. In addition
𝐸𝑣𝑎𝑟
ESS,t ≤ 𝐸ESS,low +𝑀 ⋅ (1 − 𝛿𝑣𝑎𝑟ESS,SoC,t ) (21)

𝐸𝑣𝑎𝑟
ESS,t ≥ 𝐸ESS,low −𝑀 ⋅ 𝛿𝑣𝑎𝑟ESS,SoC,t (22)

and 𝑀 = 𝐸ESS,max can be used to determine whether the SoC of the ESS 
is below or above a threshold 𝐸ESS,low ∈ [𝐸ESS,min, 𝐸ESS,max]. Above is 
𝛿𝑣𝑎𝑟ESS,SoC,t = 0 and below is 𝛿𝑣𝑎𝑟ESS,SoC,t = 1. Similarly, the binary variables 
𝛿𝑣𝑎𝑟EV,min,t and 𝛿𝑣𝑎𝑟EV,SoC,t result via the inequalities

𝑃 𝑣𝑎𝑟
EV,Discharge,t ≤ −𝑃EV,min,t +𝑀 ⋅ 𝛿𝑣𝑎𝑟EV,min,t (23)

𝑃 𝑣𝑎𝑟
EV,Discharge,t ≤ −𝑃EV,min,t −𝑀 ⋅ (1 − 𝛿𝑣𝑎𝑟EV,min,t ) (24)

with𝑀 = −𝑃EV,min,t (25)

and

𝐸𝑣𝑎𝑟
EV,t ≤ 𝐸EV,low,t +𝑀 ⋅ (1 − 𝛿𝑣𝑎𝑟EV,SoC,t ) (26)

𝐸𝑣𝑎𝑟
EV,t ≥ 𝐸EV,low,t −𝑀 ⋅ 𝛿𝑣𝑎𝑟EV,SoC,t (27)

with𝑀 = 𝐸EV,max,t . (28)

𝛿𝑣𝑎𝑟EV,min,t = 1 is only possible if the EV discharges at maximum power, 
while for 𝛿𝑣𝑎𝑟EV,SoC,t = 1 the SoC must fall below the threshold 𝐸EV,low,t .

By linking these different binary optimisation variables, permitted 
states can be specifically controlled or linked to each other. For this 
purpose, it is sometimes necessary to introduce additional binary vari-
ables as helper variables, which are linked to each other by logical 
operators. The binary variables are used here to allow the penalty 
power only if the AIC feeds in with maximum power and the SoC of the 
ESS is below the minimum threshold. In addition, the penalty power 
cannot be used if EVs are charging at the same time. Furthermore, 
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Fig. 8. Structure of the DC grid of the test facility.

the EVs must also feed in with maximum power into the DC grid in 
this case. Binary variables are used to ensure the mobility needs of 
EV users are met while maintaining EV reserves. This ensures that 
EVs are only discharged when the AIC is feeding into the DC grid at 
maximum power. This prevents the energy from the EVs from being 
used exclusively for the DC grid. It also enables the EVs to be charged 
without specifying a target SoC. The aim is to meet the mobility needs 
of users while allowing degrees of freedom in the optimisation. In 
addition, an attempt is made to meet the mobility requirements of users 
by predicting their stay time (compare Fig.  6).

If an optimal solution minimising the objective function while meet-
ing all constraints is found, the results 𝑃 𝑜𝑝𝑡

AIC,in,t , 𝑃
𝑜𝑝𝑡
AIC,out,t , 𝑃

𝑜𝑝𝑡
EV,Charge,t , 

𝑃 𝑜𝑝𝑡
EV,Discharge,t and 𝑃

𝑜𝑝𝑡
ESS,t serve as the optimal setpoints for active partici-

pants. These are applied by adjusting the droop control characteristics 
in the DC grid. The sequential optimisation is repeated every 𝑇exec over 
the horizon 𝑇hor , but only the first 𝑚 steps are used as the EMS output 
and setpoints 𝑃opt . The output is summarised in the vector 

𝑃opt =

⎛

⎜

⎜

⎜

⎜

⎜

⎜

⎝

𝑃 𝑜𝑝𝑡
AIC,in,t

𝑃 𝑜𝑝𝑡
AIC,out,t

𝑃 𝑜𝑝𝑡
EV,Charge,t

𝑃 𝑜𝑝𝑡
EV,Discharge,t
𝑃 𝑜𝑝𝑡
ESS,t

⎞

⎟

⎟

⎟

⎟

⎟

⎟

⎠

with 𝑡 ∈ 𝑚𝑇step. (29)

2.3. Case study of a DC grid in a test facility

The development of a specific EMS for DC grids requires a specific 
application. The DC grid of a test facility therefore serves as a case 
study. A schematic structure of the test facility is shown in Fig.  8. 
It comprises machines (10 kW to 100 kW), 24V peripheral devices, a 
43 kW PV system, a stationary battery storage system, bidirectional 
charging points and an 62 kW AIC. Droop control characteristics are 
implemented for the active participants, while all loads present are 
summarised in a load profile. In addition to the AIC and the ESS, a 
droop control characteristic is implemented for the PV system. The 
mathematical equations are given in the Appendix  B. The overall 
characteristic curve for the use case is shown in red in Fig.  9 and results 
from the addition of the individual droop curves. The load profile of 
the machines and devices is generated synthetically. It is based on the 
assumption of a base load in the form of the scaled standard load 
profile G0 [42], which is used in the prediction. The base load is 
overlaid with a variable load in the form of a random walk between 
±15 kW and a white noise with the expected value 𝜇 = 0 kW and the 
P,var
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standard deviation 𝜎P,var = 1 kW. This creates the load profile shown in 
Fig.  10 with the standard load profile G0 as the load prediction.

The scenarios at the charging stations are generated synthetically. 
For 𝑛EVSE = 4 charging stations and a daily user volume of 𝑛User =
20 EVSE arrivals, scenarios such as those shown in Fig.  11 result. 
During the day from 06:00 to 18:00, all charging points are usually 
occupied, while they are typically not occupied during the night. This 
is a logical assumption, as more users want to use the EVSE than there 
are stations available. Since there is no obligation to leave the EVSE 
once an EV is charged and no maximum time limit for occupying a 
charging station, there is little fluctuation. If there were more EVSE 
available than EVs intending to charge, or if user traffic were lower, not 
all EVSE would be occupied and there would be even less fluctuation. 
Therefore, on average, the largest mobile storage capacity is available 
during the day. Based on the mode arrival and departure time and the 
expected value of the battery capacity and the SoC, the availability 
of the EV capacity can be predicted. This prediction is shown in the 
upper part of Fig.  12. As soon as an EV is connected to an EVSE, the 
current SoC and the maximum capacity are known. The average stay 
time can now be estimated based on the arrival time (see Fig.  6). In 
the lower part of Fig.  12, this is shown in orange for the example 
scenario from Fig.  11. The figure shows that the prediction is a good 
approximation for both unused and occupied EVSEs and can therefore 
be used by an EMS. This looks similar in other scenarios. On average, 
this results in a good prediction, even if individual deviations are 
sometimes considerable. The accuracy increases with the number of 
charging stations, as deviations are averaged out. Individual predictions 
are not more accurate.

3. Results

3.1. Energy management in industrial DC grids

A comparison with an unmanaged system is required in order to 
analyse different EMS. Simulations show that unmanaged charging 
causes peak loads. In the DC grid, the ESS discharges first, which means 
that it can no longer provide energy later. This leads to increased AIC 
power and fluctuating energy consumption. In addition, the ESS is 
recharged with a delay due to the high load. The simulation of the 
fuzzy logic EMS (Fig.  13) shows high constant power levels of the 
AIC in some cases. The ESS charges quickly to above 75% SoC and 
remains there. The EVSE power drops by 50%, which means that EVs 
charge more slowly. When the SoC in the bottom subfigure drops to 
zero, this indicates that one EV disconnects from the EVSE, allowing 
another EV to be connected. If no EV is connected to an EVSE, the SoC 
is set to zero. EVs connected for a short time may not fully reach their 
target SoC. Nevertheless, all EVs reach at least 95% SoC. The maximum 
AIC power decreases from 76 kW to 38 kW, the average remains at 
about 32 kW. In contrast to a fuzzy logic EMS, an EMS with sequential 
linear optimisation acts predictive. Predictions and a priori provided 
setpoint states allow energy flows to be controlled in a specific way. 
Each optimisation takes into account the current system states and 
adjusts the setpoints. Unforeseen events are processed by droop control 
characteristics, while the resulting states serve as starting values for the 
next optimisation. The decisive factors are the execution interval 𝑇exec, 
the step size 𝑇step and the prediction horizon 𝑇hor . The investigation of 
different horizons has shown that a time horizon of 24 h delivers the 
best results. The step size of the optimisation is set to 𝑇step = 5min and 
repeated at a 𝑇exec = 15min interval.

For the daily simulation, the PV power prediction is required to 
determine the residual load and the reference variable 𝑘∗𝑟𝑒𝑓  to minimise 
the objective function. The PV prediction is assumed to be faultless, 
while the CO2 emissions in the electricity mix are calculated in prior 
and not adjusted. The optimisation is performed sequentially, whereby 
only the first optimisation time step 𝑃𝑜𝑝𝑡(𝑡0) with duration 𝑇step is 
implemented. This is adjusted via droop control characteristics until 
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Fig. 9. Implemented droop control curves of the DC grid of the test facility.
Fig. 10. Synthetic load profile and standard load profile G0 [42].
Fig. 11. Number of occupied charging points and occupancy times of an example scenario of a charging park with four charging stations. The charging point is 
free at zero and occupied at one.
the next optimisation. The setpoint curve results from the sequence of 
these steps. Minor deviations between prediction and real load improve 
accuracy. More precise load and EV availability predictions further 
optimise the result. It was shown that the prediction of CO2 emissions 
enable grid-friendly operation.

Fig.  14 shows the simulation results with setpoint specifications. The 
top diagram shows the DC grid voltage, followed by the power and 
setpoint power of the participants AIC, ESS and the charging stations. 
The SoC of the ESS is marked in green, followed by the SoCs of the EVs 
9 
at the respective EVSE. The AIC power 𝑃AIC,act almost corresponds to 
the setpoint power 𝑃AIC,set , with exceptions at 04:00 and 09:00, when 
the ESS is discharged and cannot compensate for load fluctuations. 
This causes the DC grid voltage to drop until the AIC power increases 
according to the droop control characteristic (see Fig.  9). As soon as 
the ESS reaches a minimum SoC, the AIC follows the setpoint again 
and load fluctuations are equalised by 𝑃ESS.

Fig.  14 shows also that the ESS is actively used, recognisable by 
the SoC fluctuation between 0% and 100%. The difference between 
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Fig. 12. Prediction of the occupancy times of a charging park with four charging stations when no EV is connected (top) and prediction of the stay time as soon 
as an EV is connected (bottom).
maximum and minimum AIC power is greater than with fuzzy logic, 
while the power curve remains more stable. The SoCs of the EVs 
show a load shift for grid-friendly behaviour. In contrast to fuzzy 
logic, vehicles are not charged immediately with reduced power, but 
charging is shifted to more favourable periods. The EVSE power output 
𝑃EVSE always remains below the setpoint power 𝑃EV,set requested by 
the EVs and the setpoint power of the charging stations 𝑃EVSE,set . The 
optimisation is based on the maximum available power per charging 
station, not on the setpoint power of the EV, so that the limitation takes 
place within the charging station. At around 09:00, it becomes apparent 
that the ESS is discharged and the AIC target power is not sufficient. 
Due to the falling DC grid voltage, the EVs are briefly discharged via 
the droop control characteristics.

3.2. Analysis of grid-serving behaviour of simulation results

To assess the effects of the two EMSs used, the GSC is calculated 
over 24 h (see Section 2.2.1). An unmanaged charging of the EVs, in 
combination with the combined machine load (see Fig.  10), results in 
a GSC value of 𝐺𝑆𝐶24 h

CO2 ,noEMS = 0, 987. In contrast the EMS based on 
fuzzy logic (𝐺𝑆𝐶24 h

CO2 ,Fuzzy
= 0, 991) results in a slightly higher GSC, most 

likely due to an excessively high offset current, which increases the AIC 
power and utilises the ESS less.

Only in isolated simulations was it possible to achieve lower GSC 
values with fuzzy logic EMS than without an EMS. This was particularly 
the case when the total load in the DC grid did not inherently result in a 
constant residual load. This is based on the assumption that a constant 
load is, by definition, assigned a 𝐺𝑆𝐶 = 1 and that a change towards a 
constant load can also be an improvement. In general, however, fuzzy 
logic did not achieve any improvement towards a constant residual 
load. A sequential optimised EMS achieves an approximately 7% better 
grid-serving behaviour (𝐺𝑆𝐶24 h

CO2 ,Opt
= 0, 923) as it enables load shifting 

and more intensive ESS use. This is shown by the total cumulative 
amount of energy exchanged between the grid and the storage system: 
𝐸cum,Fuzzy = 103 kWh vs 𝐸cum,Opt = 279 kWh. Another criterion is 
the CO2 emissions from energy procurement. For comparability, the 
difference between final SoC and full charge of the ESS and the EV is 
evaluated with the average daily emissions. The absolute CO2 emission 
is 𝑚CO2 ,Fuzzy = 294 kg and 𝑚CO2 ,Opt = 253 kg. As the emissions are 
lower with sequential optimisation, this indicates better results, due to 
gird-serving behaviour is determined based on the emissions. Since no 
significant positive effects could be demonstrated through the use of 
fuzzy logic, the following focuses on analysing the effects of sequential 
optimisation.
10 
The GSC was analysed under variable load, different maximum 
AIC power and different ESS capacities. For this purpose, scaled load 
profiles (60%, 80%, 100%), ten random EV charging scenarios and 
four days with different PV power are simulated. Fig.  15 shows that 
the load variation has barely any influence on the GSC. Surprisingly, 
a higher load sometimes led to better GSC values. Scenarios 2 and 
9 deviate more strongly, as here many vehicles are charged between 
15:00 and 18:00 with a short duration of stay. As the CO2 emissions 
are high during this period (even maximum on 21 March), the GSC 
decreases. Fig.  16 shows that a higher AIC power or greater ESS 
capacity usually improves the GSC represented grid-serving behaviour. 
Exceptions are scenarios 3 and 9, where 𝑃AIC,max = 80 kW is more grid-
friendly than 𝑃AIC,max = 100 kW. Larger storage capacities are always 
more favourable, presumably due to higher available power and better 
load shifting potential.

3.3. Transient stability analysis of various failure scenarios

Analysing failures of active devices allows them to be classified as 
non-critical, potentially critical and critical. A load drop, for example 
due to an emergency shutdown, is considered non-critical as the feed-
in is immediately reduced via the droop control characteristics. Two 
scenarios were simulated: A load drop to 30% for 30 and 60 min 
respectively. During the drop, the voltage increases, causing the ESS to 
absorb energy. When it is fully charged, the AIC reduces the power. As 
the AIC typically feeds into the grid, the load reduction is not critical.

If the AIC fails without falling energy demand, this leads to a voltage 
drop in the DC grid. Simulations have shown that the ESS discharges 
immediately until it is empty, whereupon the voltage drops further. 
The EVs then take over the provision of power through bidirectional 
feedback, but with limited power. As soon as the ESS is discharged, the 
EVSE power becomes negative. A low SoC of the EV or longer outages 
could jeopardise grid stability. Bridging is therefore only possible to a 
limited extent, and the AIC failure is considered critical.

The ESS failure is classified as potentially critical, as the AIC can 
increase the energy feed-in via the droop control characteristic. Simu-
lations have shown that other participants take over the ESS function. 
The AIC in particular can take over the provision of power and compen-
sate for load fluctuations. This results in greater voltage fluctuations, as 
the grid voltage must first deviate below 634V or above 716V before 
the AIC reacts. There was no recognisable influence on the EV charging 
processes as the AIC takes over the feed-in.

The situation is similar in the event of a charging infrastructure 
failure, with the difference that the ESS absorbs the energy before 
the AIC reduces the power. A failure of the charging infrastructure 
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Fig. 13. Simulation result of a DC grid simulation of one day with an EMS based on fuzzy logic.
is categorised as non-critical, as is a drop in load. In a simulation, 
it was shown that the failure of the charging infrastructure provides 
energy, which primarily charges the ESS. A failure of the charging 
infrastructure therefore only ensures that the charging of the EV is 
delayed.

4. Discussion

In this section, the simulation results are discussed and critically 
analysed, with particular attention paid to specific characteristics of the 
results.

It should be noted that DC grids can be used via EMS to ensure grid-
serving behaviour by load shifting and aligning load with renewable 
generation towards higher-level AC grids. This applies to an optimised 
EMS, whereas a purely rule based fuzzy EMS is only suitable to a 
limited extent. Its advantage lies in its easier implementation. However, 
a pronounced positive effect on grid-serving behaviour, represented by 
11 
the GSC could not be determined. Nevertheless, a lower peak load was 
achieved, with low emissions at the same time.

It has been demonstrated that an EMS based on sequential MILP 
optimisation can improve grid-serving behaviour through demand side 
management. The specific CO2 emissions of the electricity mix were 
used for this purpose, as it has been shown that these correlates 
particularly well with residual load and can be predicted based on 
weather forecasts. The significance of the indicator used, which is only 
calculated for one day, must be critically questioned. A differentiated 
analysis of this issue could be useful for future research and could be 
compared with the results of this study. It should also be noted that 
the use of an EMS increases the difference between the minimum and 
maximum power of the grid interconnection point. Regarding the AC 
grid and potential grid overloads, it must be investigated whether these 
fluctuations have a negative effect. This is not mapped via the grid 
support coefficient.

Furthermore, conflicting objectives must be analysed. For example, 
any grid-serving behaviour like peak clipping or load shifting could 
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Fig. 14. Simulation result of a DC grid simulation of one day with an EMS based on sequential optimisation.
have an unpredictable impact on electricity prices if many market 
participants act in this way, which was not examined in this study. 
Different objectives must also be considered when establishing an EMS 
in industrial DC grids. If the objective is exclusively to charge EVs, the 
objective cannot be to support the DC grid with energy from EVs or 
to act exclusively in a grid-serving manner. This paper examined the 
impact of bidirectional charging in DC grids on higher-level AC grids 
in terms of GSC represented grid-serving behaviour. It has been shown 
that the ability to charge EVs bidirectionally is only used to a negligible 
extent when the goal is to ensure individual mobility. A comparison 
with other charging strategies is pending, as further issues such as 
battery ageing, which has been neglected here, could be incorporated.

Typically, grid-serving behaviour is achieved by load shifting the 
charging processes. It remains to be clarified whether EVs should feed 
energy back into the AC supply grid in the future to improve AC grid 
stability by providing extra flexibility, or whether they should only feed 
back into the DC grid. The latter approach is more interesting for highly 
12 
cyclical or peak load-dominated industrial applications, such as weld-
ing robots or in cases where high starting currents from electric motors 
occur. In addition, apart from consumption-based indirect monetary 
compensation, there is currently neither a need nor an explicit incentive 
to intelligently connect the DC grid to the supply grid. For this reason, 
feeding into the DC grid remains dominant.

Finally, the limitations of the approach presented should be men-
tioned. The DC grid considered in this paper is rather small, with a 
feed-in capacity of 62 kW and four EVSEs, so the question must be asked 
whether the added value provided by demand side management also 
applies to grid services in significantly larger grids. Furthermore, this 
is an industrial DC grid that can be expanded with EVSEs. In other 
typical areas of application for DC grids, such as in marine electrical 
systems as in Zemin et al. [43], this option is not available, which limits 
the approach presented. Moreover, this approach only makes sense in 
AC-coupled DC grids, as only these can act as variable loads with the 
possibility to supply the AC grid. Another possibility could be DC grids 
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Fig. 15. Grid support coefficients for different scenarios and different days representing the PV output in different seasons, for three weighted load profiles.
Fig. 16. Grid support coefficients for different scenarios and the variation of the maximum AIC power or the maximum capacity of the ESS.
in a non-industrial context, such as in neighbourhoods and residential 
complexes, for better utilisation and storage of renewable energy.

To utilise rolling time horizons, predictions are required that are 
associated with uncertainty. It should be discussed whether a stochastic 
approach can be used to counter this. This would require probability 
distributions to be incorporated into the optimisation process.

5. Conclusion

This paper presents a study of the grid-serving behaviour of an 
industrial DC grid equipped with a bidirectional charging infrastructure 
for EVs. For this purpose, a grid support coefficient and simulations in 
MATLAB® and Simulink® were used. A laboratory test facility serves 
as a case study, based on which two EMS were developed: a system 
based on fuzzy logic and an optimised system based on predictions. 
CO2 emission forecasts were identified and used as reference variables, 
as it was demonstrated that they correlate with the residual load.

Both EMS were simulated over one day. It was shown that both 
systems can satisfy the mobility needs of EV users. At the same time, 
the implementation of MILP based sequential optimisation has resulted 
in improved coefficient represented grid-serving behaviour through 
load shifting. It was also shown that a load reduction has a smaller 
influence than the availability of PV energy. Furthermore, increasing 
the maximum power of the grid connection point and increasing the 
stationary storage capacity has a positive effect.
13 
Critical scenarios for grid stability were identified by analysing 
various failure scenarios. It has been shown that the failure of the grid 
connection point jeopardises transient DC grid stability. A stationary 
storage system can only bridge outages to a certain extent, as either 
the maximum output is not sufficient, or the capacity is too low. 
Bidirectional charging stations provide a remedy, as they have the 
possibility to feed power back into the DC grid in critical situations.

The EMS proposed in this study demonstrated coefficient repre-
sented grid-serving behaviour by enabling bidirectional charging in DC 
grids. By applying an optimised EMS, the coefficient improved by 7%, 
while lowering the demand based emissions by 41 kg a day compared 
to fuzzy based EMS. In addition, the integration of EV storage capacity 
enhanced the security and reliability of the DC energy supply.

These results highlight that implementing bidirectional charging 
through an EMS provides tangible benefits for operators of industrial 
DC grids. Besides to the possibility of load shifting to minimise emis-
sions, it is also possible to bridge AC grid connection failures, thereby 
increasing security of supply. At the same time, it is possible to act as 
a supportive load in relation to the AC grid. As well as load shifting, 
this is achieved by adjusting peak loads in favour of a more constant 
residual load. As it is likely that consumption behaviour adapted to AC 
grid conditions will become increasingly relevant, bidirectional charg-
ing should be considered when defining future operating strategies for 
DC grids.
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Fig. A.17. Membership functions of the inputs and outputs of fuzzy control.
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Appendix A. Fuzzy logic energy management system

Fig.  A.17 presents the membership functions of the fuzzy logic 
inputs and outputs, while the associated rule base is given in Table  A.1. 
These elements define the mapping from DC grid voltage and ESS SoC 
to the output variables 𝑖  and 𝑝 .
AIC,offset EVSE,scale

14 
Appendix B. Droop control characteristics of the test facility

This section shows the mathematical equations of the piecewise 
linear droop control characteristics according to Fig.  9.

Active Infeed Converter (AIC): 

𝐼(𝑈 ) =

⎧

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎩

−88A, 570V ≤ 𝑈 ≤ 607V
1.96 A

V ⋅ 𝑈 − 1278A, 607V < 𝑈 < 634V
−35A, 634V ≤ 𝑈 ≤ 716V
1.96 A

V ⋅ 𝑈 − 1439A, 716V < 𝑈 < 734V
0A, 734V ≤ 𝑈 ≤ 744V
1.96 A

V ⋅ 𝑈 − 1458A, 744V < 𝑈 < 789V
88A, 789V ≤ 𝑈 ≤ 800V
0A, 𝑒𝑙𝑠𝑒

(B.1)

Energy Storage System (ESS): 

𝐼(𝑈 ) =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

−88A, 570V ≤ 𝑈 ≤ 634V
2.45 A

V ⋅ 𝑈 − 1642A, 634V < 𝑈 < 670V
0A, 670V ≤ 𝑈 ≤ 680V
2.45 A

V ⋅ 𝑈 − 1667A, 680V < 𝑈 < 716V
88A, 716V ≤ 𝑈 ≤ 800V
0A, 𝑒𝑙𝑠𝑒

(B.2)

Photovoltaics (PV): 

𝐼(𝑈 ) =

⎧

⎪

⎨

⎪

⎩

−52A, 570V ≤ 𝑈 ≤ 750V
1.04 A

V ⋅ 𝑈 − 832A, 750V < 𝑈 ≤ 800V
0A, 𝑒𝑙𝑠𝑒

(B.3)
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Table A.1
Overview of the implemented fuzzy control rules.
 Rule IF THEN

 𝑆𝑜𝐶ESS 𝑈DC 𝑖AIC,offset 𝑝EVSE,scale  
 1 Very Low Very Low max. Down max. Discharge 
 2 Low Very Low max. Down max. Discharge 
 3 Medium Very Low max. Down max. Discharge 
 4 High Very Low max. Down max. Discharge 
 5 Very High Very Low max. Down max. Discharge 
 6 Very Low Low max. Down Discharge  
 7 Low Low max. Down Discharge  
 8 Medium Low Down Off  
 9 High Low Down Off  
 10 Very High Low Down Off  
 11 Very Low Medium Down Off  
 12 Low Medium Down Off  
 13 Medium Medium Down Charge  
 14 High Medium Down Charge  
 15 Very High Medium Down Charge  
 16 Very Low High Zero Off  
 17 Low High Zero Off  
 18 Medium High Zero Charge  
 19 High High Zero max. Charge  
 20 Very High High Zero max. Charge  
 21 Very Low Very High Zero Off  
 22 Low Very High Zero Charge  
 23 Medium Very High Zero max. Charge  
 24 High Very High Zero max. Charge  
 25 Very High Very High Zero max. Charge  
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