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Executive Summary

The present deliverable D2.3 presents the modelling framework and research backbone to the
development of Vehicle-to-Everything (V2X) strategies for the demonstration activities in Denmark as
part of the EV4EU project. The charging infrastructure at both locations of the Danish demo (Risg and
Campus Bornholm) is identical and comprises six Alternating Current (AC) chargers with two
connectors (dual outlet) providing 11 kW charging power each. The twelve charge points are
connected to the grid with a maximum cluster power limit of 43 kW. The developed V2X strategies aim
to provide a seamless integration of the charging infrastructure in the electricity system and serve two
main purposes. Firstly, they ensure the compliance with the grid connection limit, as the cluster limit
of 43 kW is lower than the sum of the rated power of all charge points. Secondly, they utilize the
flexibility of charging processes to provide services both behind and in front of the meter.

The modelling framework comprised forecast models to predict the Electric Vehicle (EV) charging
demand, as well as the expected generation from local Renewable Energy Sources (RES). The forecast
models were integrated in the control models developed within the scope of this work. Moreover,
users of the charging infrastructure at the Danish demo sites can provide their estimated departure
time and energy needs via an app, which is taken into account in the decision-making process.

The control models facilitate the coordination of EV charging, which offers the possibility to provide
services to local and external grids. This is tested through a set of different scenarios and control
objectives. The conducted simulations utilize actual Photovoltaic (PV) production and EV charging data
from winter and summer weeks in Denmark. It is shown that the proposed control methods achieve
the compliance with local grid connection limits and are further able to provide demand response to
Distribution System Operators (DSOs) by reducing the cluster power limit temporarily and on request.
The tested reduction of the cluster power limit by half from 43 kW to 21.5 kW on weekdays between
7 a.m.and 12 p.m. leads to a decrease of the fulfilled energy requested by the EVs by 5% in the summer
scenario and 6% in the winter scenario. Yet, this decrease is small considering that the power reduction
is requested for 5 consecutive hours with frequent EV arrivals. The consideration of local PV
generation, as present at the demo site Campus Bornholm, allows to cover parts of the EV charging
demand through local generation from RES. In the summer scenario, an overall proportion of 77% of
the energy delivered to EVs is provided by the local PV system, defining the system’s self-sufficiency.
Conversely, 27% of the total energy provided by the local PV system is utilized for EV charging, defining
the system’s self-consumption. In the winter scenario, the values for self-sufficiency and self-
consumption are 13% and 84%, respectively.

In case single-phase EVs are present in charging clusters, the charging processes can lead to phase
unbalances. To counteract this effect, the present work proposes an approach for including phase
unbalance constraints in the optimization problem formulation and demonstrates its functionality
through simulations. Moreover, the technical capability of EV charging infrastructure to provide
frequency control was assessed. The work investigated a distributed control method utilizing the
autonomous controllability of the chargers deployed in the Danish demonstration. The model
parameters, such as delays from hardware and software, were characterized through the installation
at Risg Campus. The simulation results showed that the distributed control architecture enables on
average a 9% faster response compared to the centralized method and followed the reference value
more closely.

The developed control methods serve as a basis for the upcoming demonstrations in Work Package 9
(WP9). In this regard, the experimental testing is expected to provide important insights on how the
proposed methods perform within real operational settings.
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1 Introduction

The availability of Electric Vehicles (EV) charging infrastructure at parking lots is an integral part in the
transition to electric transportation. Management systems employing Vehicle-to-Everything (V2X)
strategies offer a seamless integration of charging infrastructure in the electricity system, utilizing the
fact that charging processes are commonly flexible in time. The present deliverable D2.3 presents the
modelling framework and research backbone to the development of V2X strategies for the
demonstration activities in Denmark described in Work Package 9 (WP9).

1.1 Scope and objectives

The management system used for the charging infrastructure in the Danish demonstration serves two
main purposes. Firstly, it ensures the compliance with grid connection limits, as the power rating at
the Point of Common Coupling (PCC) is lower than the sum of the rated power of all chargers. Secondly,
it utilizes the flexibility of charging processes to provide services both behind and in front of the meter.

In particular, the presented control models facilitate cost-optimized charging, the utilization of local
renewables, and phase balancing. Furthermore, service provision is investigated in the form of demand
response programs for Distribution System Operators (DSOs), and frequency control for Transmission
System Operators (TSOs). Additionally, the unique technical capabilities of the chargers deployed in
the Danish demonstration are captured. The chargers are equipped with local controllers that can
make autonomous decisions, which enables both centralized and distributed control architectures for
the charging cluster.

The modelling framework further employs forecast models to predict the EV charging demand
(consumption side), and the expected generation from a local Photovoltaic (PV) system (production
side). These forecast models are integrated in the control models developed within the scope of this
task.

1.2 Relationship with other deliverables

The work of this task is linked to D9.1 Use case specification, development, installation, commissioning,
demonstration, and evaluation planning for the Danish demo [1], as this previous deliverable specified
the properties of the parking lot cluster investigated in D2.3. Similarly, the experimental demonstration
conducted in WP9 and reported in its respective deliverables D9.2 — D9.5 will utilize the control models
explored in D2.3.

The present task builds up on the previous deliverables of WP2. The Danish cluster setup was also
considered in a building context as part of D2.2 Control strategies for V2X integration in buildings [2].
Moreover, the EV forecast model employed in D2.3 is based on D2.1 Control Strategies for V2X
Integration in Houses [3] and D2.2 Control Strategies for V2X Integration in Buildings [2]. Subsequent
deliverables in WP2 are D2.4, D2.5, and D2.6.
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1.3 Structure

The present document is divided into four sections. After this introduction, Section 2 provides an
overview of the EV cluster setup at the locations of the Danish demonstration.

Section 3 forms the main body of the deliverable and presents the developed forecast and control
models, as well as the investigated scenarios. Firstly, Section 3.1 introduces a forecast model to predict
EV charging demand at specific locations, based on historical data. Section 3.2 is dedicated to a control
model optimizing the charging processes within EV clusters to comply with grid connection limits,
provide demand response, or utilize local RES. In Section 3.3, the focus is moved to how to incorporate
phase unbalance constraints in EV load management systems to mitigate the impact of single-phase
EV charging. Section 3.4 explores the technical feasibility of providing frequency control with a
distributed control architecture and compares the performance to a centralized management system.
Finally, Section 4 concludes the deliverable summarizing its key findings.

EV4EU — D2.3 Optimal management of V2X in parking lots Page 10 of 47
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2 Setup description

The EV charging cluster setup deployed as part of the Danish demonstration comprises six Alternated
Current (AC) chargers, each of which provides a maximum current of 32 A per phase, corresponding to
a power of 22 kW. The chargers have two outlets, providing the opportunity for twelve EVs to be
connected at the same time. The charging infrastructure is integrated via a 63 A grid connection
(43 kW). Figure 1 provides an overview of the setup.

| ) Transformer
PV ——

PCC | 43 kW
(e T d— —
Chargers $.1 4.2 cee 4.6
[
EVs (
EV1 EV2 EV3 EV4 EV11 EV12

Figure 1: Charging cluster setup at the Danish demo locations Risg and Campus Bornholm. The setup is
identical at both locations, except for a PV system, which is only present at Campus Bornholm.

The Danish demonstration takes place at two different locations — Risg and Campus Bornholm. Risg is
a research campus of Technical University of Denmark (DTU) and located in Roskilde, while Campus
Bornholm is an educational institute in the main town Rgnne on the island of Bornholm. The charging
infrastructure deployed at both locations is identical and shown in Figure 1. Each of the twelve charge
points (six chargers with two outlets each) will provide charge power up to 11 kW. At a later stage of
the demonstration, the operation of each charger aims at offering a flexible allocation of the 22 kW to
its two outlets. This might make it possible to charge at 22 kW in case only one of the two outlets is
occupied. However, since this operation of the chargers has not been tested yet, the studies conducted
as part of the present deliverable assume a maximum charging power of 11 kW per charge point. The
charger design and the installation at Risg Campus is shown in Figure 2. For more details on the
infrastructure deployed as part of the Danish demonstration the interested reader is referred to
deliverable D9.1 [1].

The parking lot at Risg is used by employees of DTU and not publicly accessible. The location is used
for testing the chargers and control methods in an enclosed environment and allows for preliminary
guantification of control parameters, as further described in Section 3.4. The location Campus
Bornholm is publicly accessible and will be used by residents of the island, tourists, as well as students
and employees of the educational institute. The location further offers the possibility to utilize a local
PV plant to partially, or at times fully, cover the consumption from EVs. This will be further assessed in
Section 3.2.

EV4EU — D2.3 Optimal management of V2X in parking lots Page 11 of 47
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Users of the charging infrastructure will start their charging sessions through an app, which is
developed by Circle Consult (CC) as part of the Electric Vehicles Management for carbon neutrality in
Europe (EVAEU) project. The app allows the user to provide key inputs, such as the anticipated parking
time and the required energy, which enable the load management system to consider user preferences
while controlling the overall cluster consumption. The app is also used for the payment system. The
data acquisition and logging further include high-resolution power measurements at each charger, and
of the overall cluster consumption through a dedicated meter at the PCC

Each charger deployed in this project is equipped with a controller that enables the charger to make
autonomous control decisions. This facilitates distributed control schemes where all chargers are
provided with global quantities, such as the cluster reference power and the actual cluster
consumption, based on which all chargers individually control their respective charging session to
collectively meet the cluster requirements.

Figure 2: Charging cluster setup. a) Charger design with two outlets per charger; b) Installation at Risg
Campus (1: Chargers; 2: PCC cabinet; 3: Cable tube for connecting chargers to PCC cabinet).

EV4EU — D2.3 Optimal management of V2X in parking lots Page 12 of 47
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3 Control model and simulation results

This section presents the forecast and control models developed as part of T2.3. Firstly, Section 3.1
introduces a forecast model to predict EV charging demand at specific locations. Section 3.2 is
dedicated to a control model optimizing the charging processes within EV clusters. This control model
is tested for three different scenarios: complying with grid connection limits, demand response
initiated by the DSO, and utilization of local Renewable Energy Sources (RES). Section 3.3 presents a
method for incorporating phase unbalance constraints in EV load management systems. Finally,
Section 3.4 explores the technical feasibility of providing frequency control with a distributed control
architecture.

3.1 EV forecast model

Two different datasets (DTU and Public Power Corporation (PPC)) are used to perform cluster power
forecasting. In both cases, the defined cluster corresponds to the aggregated power for a specific
number of chargers. The DTU dataset is from a public research and educational campus in Lyngby,
Denmark. The PPC dataset is from a charging cluster in Athens, Greece. The forecasting is calculated
for the entire cluster power, rather than the individual chargers. Two scenarios are simulated for both
datasets, forecasting one week in summer (August) and one week in winter (January). The forecast
model used corresponds to Light Gradient Boosting Machine (LightGBM) [4], an open-source gradient
boosting framework developed by Microsoft that is designed for efficiency, high performance, and
scalability [5]. LightGBM was selected, since it was used in the previous deliverables D2.1 [2] and D2.2
[3]. The features used in the model are the lags (target values from previous periods) for 1, 5 and 7
days, the hour and the day of the year. These features were chosen after a feature selection approach
based on the correlation matrix. The metric used to evaluate forecast performance is the Normalized
Root Mean Square Error (NRMSE)[6], formulated as follows:

1 N

Ymax — Ymin

\/ZN (ypredicted; — y actual;)?
NRMSE = Y=

Where N is the total number of values in the test set, y predicted is the forecasted value, y actual is
the true value, Va4 is the maximum true value and y,;,;, is the minimum true value.

The forecasting model was developed in Python and the results obtained for each dataset are
presented as follows.

3.1.1 DTU dataset

The DTU cluster consists of 12 chargers: 6499-1, 6499-2, 6500-1, 6500-2, 6501-1, 6502-1, 6502-2, 6503-
1, 6503-2, 7584-1, and 7584-2. The available data spans almost one year, from 2022-09-05 to 2023-
08-20. Figure 3 presents the power timeseries for the DTU cluster.

EV4EU — D2.3 Optimal management of V2X in parking lots Page 13 of 47
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Figure 3: Power timeseries DTU cluster.

Figure 4 presents the forecast results obtained for the summer scenario. In this case, the data from
2022-09-12 to 2023-07-31 was used for training and the first week of August 2023 was forecasted. The
NRMSE achieved by the LightGBM model was 11.6%, which represents a 35% improvement compared
to the NRMSE obtained by the Persistence (Naive) model, which was 18%.
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Figure 4: Forecast results for summer scenario DTU cluster.

Figure 5 presents the forecast results obtained for the winter scenario. In this case, the data from 2022-
09-12 to 2023-01-01 was used for training and the first week of January 2023 was forecasted. The
NRMSE achieved by the LightGBM model was 18%, which represents a 10% improvement compared to
the NRMSE obtained by the Persistence (Naive) model, which was 20%.

EV4EU — D2.3 Optimal management of V2X in parking lots Page 14 of 47



O >V4CU

i === Real

60 - H Predicted
" by
" I
) i il
50 i E i
I 1
| i i
40 - X " IE 1
. 1 'I [l [l
e 1 i ]
s .'ﬁ i X
g 30- H H i A
= i ¥ i ¥
]
20- P i = 1 1K i
B T TR | S | i
|J : l :1| LN : : h i1 ] ¥| =|I
10 - ! “ = :.' L '... 1 :r'll ' ‘||‘| H 'h |_'.:l|
[ : T | =|, 1 _ gl
18 I U T || e Ml
o- S ) (1 S— LLI T 1 I N O [T i ol I
s s¥ & 8 < & s &
'0'\' 'o'\v 'o'\v oy oy oy 'Q'\v 'Q'\v
q° 4 4 w0 0 0 v i
® ® ® P ° ® S ®
Date

Figure 5: Forecast results for winter scenario DTU cluster.

The difference in the forecast accuracy between the summer and winter scenarios for the DTU dataset
can be attributed to the quantity of data available for training. In the summer scenario, the model was
trained with almost one year of data capturing a wide range of seasonal patterns and fluctuations in
EV power consumption. Conversely, in the winter scenario, the training data covered a comparatively
shorter period, just 4 months, limiting the model's exposure to winter-specific consumption patterns
and therefore obtaining a higher error. This discrepancy underscores the importance of data quantity
in forecasting accuracy, as a greater volume of training data enables models to capture more nuanced
trends and seasonal variations, ultimately enhancing predictive performance.

3.1.2 PPC Dataset

The PPC cluster consists of twelve chargers: KOMERAX1, KOMERAX3, KOMERAX5, KOMERAXS,
KOMERAX7, KOMERAX8, KOMERAX9, KOMERAX10, KOMERAX11, KOMERAX14, KOMERAX17 and
KOMERAX18. The available data spans almost one year and a half, from 2022-07-18 to 2024-01-31.
Figure 6 presents the power tim
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Figure 7 presents the forecast results obtained for the summer scenario. In this case, the data from
2022-07-25 to 2023-07-31 was used for training and the first week of August 2023 was forecasted. The
NRMSE achieved by the LightGBM model was 10.5%, which represents a 34% improvement compared
to the NRMSE obtained by the Persistence (Naive) model, which was 16%.

50 -

30 - --- Real

el
20- &

Power

g

H

o

T

[=K

T
el B o e e e
T A ]

[}
o
i I|
10 - I E i i} 1
] i i 1 §!
I 1 |
: l N : 1- ||| i : I \-
SR § 5 I ] N R
o g o & & & & &
")’e‘b ")’Q‘b ")Q‘b %) X ")’Q‘b ")’e‘b ")’Q‘b ")’Q‘b
1z 1 3 3 3 4 1 X
" o o xS o " o xS

Figure 7: Forecast results for summer scenario PPC cluster.

Figure 8 presents the forecast results obtained for the winter scenario. In this case, the data from 2022-
07-25 to 2023-12-31 was used for training and the first week of January 2024 was forecasted. The
NRMSE achieved by the LightGBM model was 9.5%, which represents a 37% improvement compared
to the NRMSE obtained by the Persistence (Naive) model, which was 15%.
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Figure 8: Forecast results for winter scenario PPC cluster.

The results of the EV charging behaviour forecast model are used as an input for the control model
presented in the following section.

3.2 Control model for EV load management

The present section presents the control model developed for providing load management of the
charging cluster. Firstly, the methodology is described, detailing the mathematical formulation.
Secondly, the simulation scenarios are introduced along with the metrics for quantifying the
performance of the model. Finally, the simulation results for the different scenarios are presented and
discussed.

3.2.1 Methodology

In this section, the methodology of the model is introduced in two subsections. Firstly, the general
structure of the model is described as well as the rolling horizon algorithm applied to the model.
Secondly, the mathematical formulation of an optimization problem used in a model core is shown
and explained.

3.2.1.1 General model structure

The structure of the model is shown in Figure 9. The model consists of two core sub-models: the upper-
level model and the lower-level model. The upper-level model is a main component of charging station
operation, while the lower-level is mainly used for validation of upper-level model decisions. The initial
parameters, case settings, simulation time horizon (considered time of model run) and other auxiliary
variables are set before the model run and thus lay outside of the rolling horizon block seen in Figure
9. Then, inside the rolling horizon loop the prices, PV data, EV cluster considered data and EV database
are continuously updated at every model run. The model is structured to be able for continuous run
adaptation for further test validations. The first three inputs are then going to the upper-level model,
so it can base decisions on them. The upper-level model is a Linear Problem (LP) optimization model
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with a cost minimization objective. It produces the P, for the whole charging station treating the
chargers as one cluster of loads.

The power reference is then used as a maximum allowed power input to the lower-level model. The
lower-level model is a power-sharing model, which dispatches allowed Py..r equally among the
connected EVs. It receives the information about EV from the EV database which is updated on an
event basis (EV is connected, disconnected). An EV will always comply with its maximum power
limitations, and therefore if dispatched power to this EV is higher than its capability it will stick to its
power limits. As described in Section 2, each charge point has a power rating of 11 kW.

To facilitate the EV energy request compliance the anonymous feedback loop is introduced. At every
model run the lower model calculates the minimum necessary power for each EV needed for the next
steps to deliver 100% of the energy request for the EV. Then the sum of these power minimums is sent
to the upper-level model as a minimum limit for P..¢ allocation. This is the only information which
goes from the lower-level model (and thus EVs) to the upper-level model. The upper level has no access
to any inputs from EVs. This is done to comply with the anonymous approach of data security and
further investigations on a lower level are done with distributed control, thus it will not store
information at one node of computation. This helps to ensure information security and single-point
failure.

Rolling horizon

P_ref_min cluster

To improve
delivery of
energy

requests

P_ref cluster

Lower-level control:
Power sharing model

EVs database
update

Figure 9: General model structure scheme.

The rolling horizon algorithm is shown in Figure 10. First, the simulation time horizon is set. From the
specified dates for which the model should run the simulation and the periodicity of runs (At) the
number of model run steps tis calculated. The future goal is to put the model in online mode, so
everything will be happening in real time. The optimization horizon is the horizon of the model
foreseen to the future and the decisions it takes at each run. Only the prices are 100% certain for the
model’s observation of the horizon as they were published on the previous day. The model is tuned to
run for a week of the simulation horizon (overall run timeframe), and six hours for the optimization
horizon (model observations, forecasts and decisions) with a periodicity of runs equal to five minutes.
Every five minutes in simulation time the model runs and produces the Pp.f ; , for the cluster for the
next 73 steps (current step plus next six hours making it 1 plus 72 steps). However, the model
implements only the Pp.f 1, Which is the decision for the current step. Then, the horizon moves
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further. The rest of Pp.ef ¢ is not needed while the model runs without any issues. However, for future
considerations of the field model implementation if the error occurs the power reference will take the

last allocated Py.¢s ¢, decision for the next six hours.

Simulation time horizon (1)

"
| Optimization horizon (H) 1 '
L —— e |
'At ! i
A | :
1 ] h
R R o —
\K T Time
t=1 | P_refih |
t=2 [ P_ref2n |
t=T -1 [P_reft-1,h |
t=T [ P_refr,n |

Figure 10: Rolling horizon algorithm scheme.

3.2.1.2 Mathematical formulation of optimization problem

The simulation time horizon and optimization horizon are set to a week and six hours correspondingly
with a five-minute resolution. Thus, the simulation steps are t = 1,2..t = 1,2...2016; and
optimization horizon steps are h = 1,2...H = 1,2...73. Below variables and parameters for the

optimization model are introduced in Table 1.

Table 1: List of variables and parameters of the optimization model.

decision variable, the power
reference for the whole
cluster. The output of the
upper-level model is a
maximum limit for the lower
level.

variable of charging energy
with decided power references
for the cluster within the
horizon time. It is necessary to
ensure energy compliance
with the required energy
preserved for the cluster
within the horizon.

variable of throughput at the
transformer.

EV4EU — D2.3 Optimal management of V2X in parking lots

vectors of import and export
prices

vector of PV data input to the
model

minimum and maximum cluster
power values. The minimum is set
by the lower-level model as
feedback from EV charging needs.

Maximum is set to the
transformer’s maximum power of
Pafo = 43 kW or less if DSO
gives the command.
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variables of

id .
Ptg;' decomposition

vector of forecasted power
consumption by EVs

depending on whether the
power throughput is positive
(importing) or negative
(exporting).

binary variables preventing the
model from simultaneously
importing and exporting
power through the
transformer.

minimum amount of energy to
deliver with power reference
decision. Based on forecasted
power consumption by EVs

Obijective function

The objective function aims to minimize costs (maximize own benefit):

im ort 1m ort export export
man(C P p +Cy p P”f

Where, szpo "is a total import price including spot price, grid tariffs, and taxes, while Con ™" “is only

the spot price. Thus, local renewable excess production is sold at a lower price than drawmg energy
from the grid.

Constraints:

e Transformer throughput decomposition constraints:
Pgrid — Pimport + Pexport VteET heEH

0< P“’“‘”"c f"‘“"ort g}g}fo, VteT,heH
export export
—fin Pg;‘g}‘o<P , VteT,heH
f"“port + fe"pm VteT,heH

These constraints ensure the power limitations of the transformer for import and export and
prevent the model from simultaneous import and export.

e Power balance constraint:

pglister — pPY + P vteT,heH
e (Cluster power consumption limitations constraint:

PN < PStr < ppa vteT,heH

e Energy delivery constraints:

Egluster — Z P;:'lzster - At, VteT
red
E:equlre < Egluster’ VteT
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These constraints force the model to deliver the required amount of energy for the charging station.

The

Am

required energy is calculated as follows:

Etrequired — Z Ptf,(;{ecaSt - At, VteT
H

ore thorough explanation of the model methodology will be published in paper [7].

3.2.1.3 Model inputs

Every run mode updates necessary inputs.

Prices are decomposed into import and export prices. The import prices include spot prices from
the Danish bidding zone 2 (DK2) and Danish dynamic grid tariffs. The export price however includes
only spot prices. Elafgift (electricity tax) and value-added tax are excluded in the considerations.

EV power consumption forecast is done using machine learning algorithms, as described in Section
3.1. The initial historical data are from DTU charging station recordings at Lyngby Campus.

The EV database is a summary of recorded charging sessions at the DTU charging station. The
database is updating on an event basis, meaning EV inputs are occurring there only when EVs are
connected and deleted from the database when they are disconnected. The EV input data includes
arriving time, leaving time, maximum power consumption capability of EV, and energy request.

PV data consists of a PV forecast and PV measurement. For the PV forecast the persistence forecast
is used meaning that the PV measurements from the previous day are taken for the PV forecast of
the current day. PV data is then obtained in the following way: PV power is measured at the time
of the model run and this value is then fixed for half an hour in model consideration as the most
probable value for PV output. However, the rest time of the optimization horizon is still the PV
persistence forecast. A deeper explanation of PV data can be found in [8], which describes the
previous version of the model with shrinking horizon optimization. Figure 11 shows PV data logic
production.

50 PV_forecast
PV_data
[ ] Pasttime
40 L 1 Assigned steps
=
~ 30 |
[
g
o 20
(a1
10
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-
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Figure 11: PV data formulation at 6:00 AM.
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3.2.2 Scenarios and metrics

The objective of the modelling activities in the scope of this deliverable is to test control methods that
allow for using the flexibility from EV charging. To test the control model for EV load management,
described in Section 3.3.1, the optimisation model is run for three scenarios that ensure thorough
coverage of potential conditions and variables and showcase the functioning of the model. This section
describes these scenarios and the specific input data needed. Specifically, the three scenarios comprise:

1. The compliance with a specific grid connection limit.
2.  The facilitation of dynamic demand response for the DSO.
3. Theintegration of both dynamic electricity prices and local renewable energy sources.

The first scenario is related to the case where an EV charging cluster that is composed of, in this case,
twelve charging outlets of which each can provide a charging power of up to 11 kW is connected to a
physical grid connection limit (e.g., due to a fuse rating) of 43 kW. This grid connection limit is well
below the cumulative charging power that the aggregate of all chargers could provide to the EVs.
Hence, the model needs to facilitate an intelligent coordination of the charging processes of the EVs
while respecting grid connection limits and the energy requests of the EV users.

The second scenario is connected to demand response provided for the DSO. Specifically, this scenario
considers a temporary reduction of the maximum cluster power. Due to local network conditions, a
DSO may require the EV cluster to reduce their charging power during specific times of the day. This
could e.g. be the case in an industrial area where energy-intensive industrial processes are run during
specific times of the day such that less capacity is available for the EV cluster in order not to overload
the local distribution grid. As EV charging imposes a new electric load, the local distribution grid might
not be sized accordingly to facilitate both. In the scope of this deliverable, it is exemplarily considered
that the grid connection limit is reduced from 7 a.m. to 12 p.m. from 43 kW to 21.5 kW (50%). The
control model hence needs to facilitate the fact that for a certain time window a lower charging power
is available.

The third scenario is directed at the optimal operation of the EV cluster when considering both dynamic
electricity prices and local renewable energy sources behind-the-meter. In this case, the model needs
to decide what power reference to set throughout the day considering the forecasted production of
photovoltaic and EV load. The scenario demonstrates the price-optimised EV load management for the
charging cluster.

All scenarios have been run for a simulation horizon of one week in both summer and winter and hence
allow for a performance evaluation with different levels of PV production. The metrics along which the
model performance is assessed are:

e Energy delivery fulfiiment to the EVs (in %)

e Cost of cluster operation (including revenues from selling to the grid, in €)
o Self-sufficiency and self-consumption of the EV cluster (in %)

3.2.3 Results and discussion

In this section, the simulation results are presented. The simulations are conducted both for the
summer and winter weeks, however, graphically Scenarios 2 and 3 are presented only with the
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summer case. For better observability only two days of the week are shown on plots: 2" and 3™ of
August 2023 and 2" and 3™ of January 2023. Nevertheless, the final metric comparison at the end of
the subsection is done for all three scenarios and for whole weeks in summer and winter, respectively.

3.2.3.1 Scenario 1: Compliance with grid connection limit

Figure 12 shows the power reference allocation decided for summer week 2023 for the first scenario.
In this case, the PV panel is not considered in the model and the power reference fully follows the price
signals and minimum power request from the EVs as well as the power consumption forecast. Thus,
the model allocates the power reference at its biggest during the cheapest hours as it sees the prices
for only the next six hours. The upper-level reference does not have any information about the actual
cluster consumption but only the forecasted power consumption. Also, when EVs are present the
upper-level receives the Pt‘f‘,i“ signals that force it to allocate more power for EVs, therefore the power
reference is at least Pg“,i“, despite the prices being higher. The spikes the Pg‘_’,i“ are due to the
approaching departure time of the individual EVs and their respective charging needs with shrinking
time. The increasing urgency of charging lets Pt’f‘,i“ communicate to the upper control level increase.
As apparent from the third subplot, the model considers individual charging sessions with different
energy needs, arrival and departure times and maximum charging power. As seen from the Figure 12,
the power reference is never set above the default cluster limit of 43 kW. Therefore, it can be

concluded that the control model successfully complies with the set grid connection limit.
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Figure 12: Upper: Power reference allocated with P_ref_min and cluster limit; middle: power reference with
electricity prices and aggregated power consumption of EVs; down: power consumption of each EV.
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3.2.3.2 Scenario 2: Dynamic demand response for the DSO

In this scenario, the cluster power limit is decreased by DSO command in particular time periods. It is
considered that DSO commands the charging station to reduce their consumption two times from
43 kW to 21.5 kW in hours of expected high loading of the power grid on weekdays between 7:00 and
12:00 when the industrial processes experience peak loads. The results of the simulations are shown
in Figure 13. The DSO command does not have any influence during the first observed day, as the
power reference is below this limit during the power limitation command. However, on the second
day plotted, the power reference is limited by the DSO command and despite the increasing power

request P,ff’hi“ from the lower-level model, it does not go above specified DSO limits. The overall

assessment of the charging fulfilment under limited cluster power is provided in the comparison of all
scenarios at the end of this subsection.
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Figure 13: Upper: Power reference allocated with P_ref_min and cluster limit; middle: power reference with
electricity prices and aggregated power consumption of EVs; down: power consumption of each EV.

3.2.3.3 Scenario 3: Integration of local RES

In this scenario, a PV system of 61 kWp is added to the charging station. To see the impact of
photovoltaic generation, we will show the results for both summer and winter weeks. The PV
production is considered without cost for local consumption. The PV production hence contributed to
the local EV charging consumption at no cost, while import is priced at end-user consumption prices.

The summer week results for the 2" and 3™ of August are introduced in Figure 14. The PV production
measurements can be seen in the top plot of Figure 14 in orange. The power reference follows the
measured PV production where economically reasonable. During the day, a large part of the PV
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production is exported to the grid whenever it exceeds the consumption of the EV cluster to generate
revenue for the charging cluster operator. As the charging processes coincide with the bell curve of PV
production, most of the charging is covered by local generation.

To further explain the rationale behind the model decisions, Figure 15 presents the model output
based on a forecasting optimization horizon of six hours at 06:00 and 12:00 for the 2" of August 2023.
In the upper plot for the 06:00 decision time (left figure), it is shown how the PV forecasts are
integrated into the decision-making process. It can be appreciated how the reference power follows
the predicted PV power for the complete horizon. As explained in Section 3.2.1, the actual PV
measurements are overwriting the forecasts for the next half an hour (as can be seen by the first six
time steps). The quantity E_required is based on the forecast model described in Section 3.1, and varies
depending on the predicted load. From the plot at 12:00, it can be seen that the reference power
follows P_ref_min. This is due to the communication of minimum charging power requirements from
the lower-level model to the upper-level model.
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Figure 14: Summer case. Upper: Power reference allocated with P_ref_min, PV measurements and cluster
limit; middle: power reference with electricity prices and aggregated power consumption of EVs; down:
power consumption of each EV.
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Figure 15: Power reference decision process outlook at 06:00 (left figure) and 12:00 (right figure)
on 2nd of August 2023.

In the winter week, due to the low PV production in Denmark, the power reference is allocated based
on prices and minimum power requests from the lower-level model, which is seen in Figure 8. The
minimal PV production allows for only a small fraction of the EV consumption to be covered by local
RES, which has been observed by previous demonstrations at the Danish location [9][10][11][12]. In
the two displayed days for the winter week, the coincidence of the EV charging led to higher cluster
consumption values compared to the summer case. Nevertheless, the control successfully kept the
grid connection limit of 43 kW. More charging sessions are recorded on these two days of the winter
week, as compared to Figure 14 from the summer week.
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Figure 16: Winter case. Upper: Power reference allocated with P_ref_min, PV measurements and cluster
limit; middle: power reference with electricity prices and aggregated power consumption of EVs; down:
power consumption of each EV.
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3.2.3.4 Scenarios comparison

Table 2 provides the assessment of scenarios for both summer and winter weeks. Firstly, the control
model performed well with regards to the fulfillment of energy requests from EVs, considering that
the allowed cluster power at 43kW is only one-third of the sum of the total installed charger power
(132 kW). Also, it is noteworthy that under DSO command of power limitation for the cluster the
energy request delivery is only 5-6% (summer and winter weeks) less compared to cluster limit and
RES integration scenarios.

The economic assessment is conducted using several metrics. The electricity cost is the sum of
electricity import expenses and export income. The electricity income only applies to the RES
integration scenario as the research chargers are unidirectional and cannot export power. For the
cluster limit and DSO command scenarios, the charging power is purely consumed from the grid and
thus their import expenses are considerably higher compared to the RES integration scenario. Also,
bared import expenses are higher in the winter week than in summer week as the electricity prices are
higher in this period and EV consumption is higher with a larger number of charged EVs. The electricity
export income from PV panel is much higher in the summer week than in the winter week as there is
more excessive power generated by PV. Due to the same reason the summer week RES integration
scenario is the only scenario when electricity cost is positive meaning income and not the expense.

For the total income of the charging station operator, the EV payments for charged energy are
accounted for. The price is 0.34 € per kWh which is one of the lowest prices for charging energy in
Denmark (value taken from charge point operator “Clever”). The total income is the sum of electricity
cost and EV payment income. As seen from the table the total income in the RES integration scenario
is higher than in any other scenario even in the winter week. Which proves the economic benefits of
PV installation in the long run.

The last assessment is self-sufficiency and self-consumption for the RES integration case, based on
[13]. Self-sufficiency defines the share of energy delivered to EVs from PV panel, while self-
consumption defines the share of PV generated energy consumed locally by EVs. The high summer PV
production allows the system to have self-sufficiency of 77% meaning that most of the charged energy
is coming from PV. The 27% of self-consumption indicates that the system has extensive potential for
consuming generation locally and allowing to have more consumption. However, the situation is
flipped for the winter week as there is almost no excessive PV generation present in the system.
Therefore, most of the energy charged to the EVs is coming from grid import power which is indicated
by self-sufficiency of 13%. The majority of PV is consumed locally, with a self-consumption of 84%.
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Table 2: Summer and winter assessment of all scenarios.

Summer
91.3 86.1 91.9
-62.4 -59.3 36.2
-62.4 -59.3 -18.1
0.0 0.0 54.2
214.0 201.9 215.3
151.6 142.6 251.5
- - 76.9
- - 27.3
Winter
91.7 85.4 91.7
-181.8 -169.9 -156.0
-181.8 -169.9 -157.8
0.0 0.0 1.8
331.4 308.9 331.4
149.6 139.0 175.4
- - 13.0
- - 84.3
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3.3 Phase unbalance considerations

In case single-phase EVs are present in charging clusters, the charging processes can lead to phase
unbalances. This phenomenon occurs when the distribution of loads across phases becomes uneven.
To counteract this effect, load management systems could be designed to include load unbalance
constraints in the decision making. This might even be required in cases where connection rules specify
maximum values for phase imbalances.

In this section, an approach of including phase unbalance constraints in an optimization problem for
EV load management systems is introduced and demonstrated through simulations. A nomenclature
for the mathematical formulations is provided in Table 3.

Table 3: Nomenclature for cluster optimization with phase unbalance constraints.

Set of time instances

Charging mode of EV i: 3 phase (1), 1 phase (0).

Charged energy of EV i.

Requested energy of EV i.

Penalization costs for unfulfilled energy.

Three phase charging power of EV i at time t.

Phase 1 charging power of EV i at time t.

Phase 2 charging power of EV i at time t.

Phase 3 charging power of EV i at time t.

Maximum single phase charging power of EV i.

Minimum single phase charging power of EV i.

Phase A charging power of the cluster at time t.

Phase B charging power of the cluster at time t.

Phase C charging power of the cluster at time t.

Power reference per phase of the cluster.

Three phase charging power of the cluster at time t.
Maximum phase to phase power difference of the cluster.
Unfulfilled energy of the cluster at the end of optimization.
Energy price of the cluster.

Charging status of EV i: charging (1), not charging (0).
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3.3.1 Methodology

The objective function of the optimization problem aims at minimizing the charging cost for the whole
cluster while also making sure the energy requests of the drivers can be met, shown below:

minZ(Pctlu CAt-P) k- a

t

where Pcﬁu is the cluster charging power in three phases, At is the time step of each optimization cycle,

U, indicates the energy price of the cluster, a is the unfulfilled energy for the cluster, k is the
corresponding penalty factor for the unfulfilled energy.

Constraints

Below are EV three phase power calculation constraints, where the charging power of each phase is
limited to the range between the maximum and minimum allowed charging power.

EVi EVi
per t per
min *YEvi < PEVi1 < Pmax * YEVi
EVi EVi
per t per
min - YEVi S Pevi, < Brax  YEvi
EVi EVi
per t per
Poin "Yevi < Peyi, < Py VeV

EVi EVi
per per . . . . .
where P . """ and B, .. ” are the minimum and maximum charging power of the EVi per phase, Ygy; is

the charging status of the EV (1 for charging, O for not charging). If the EV is not charging, the charging
power will be limited to 0 according to the constraints.

Cluster charging power constraints are presented to make sure that the cluster power of each phase
is within the dedicated reference power range.

0< Pctlu—A < pref—per
0< Pctlu-B < pref-per
0 < Pi,c < pref-per
t t t ; ref—per ;
Where Pg,.a , Pgu.g and P;,.c are cluster charging power of each phase, P is the reference

power on each phase.

The three-phase charging power of each EV is calculated by summing the charging power of each
phase:

t — pt t t
Pgyi = Pgyi, * Yevi + Pevi, * Yevi t Pevi, * YEvi

The charged energy of each EV is calculated by integrating the charging power multiplied with the
specified time window:
Efy, = Py, - At + Efy?

The energy fulfilment constraint below requires the charged energy of each EV does not go above the
requested energy. However, the cluster will be penalized if there is any gap between the charged
energy and the requested energy, which makes sure that the energy goals are met eventually.
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The unfulfilled energy is calculated via deducting the overall charged energy from the collective
requested energy of all participating EVs.

=D B - Y > (Ply, - 8¢)
i i t

The quantity a allows the cluster operator to penalize unfulfilled energy in the objective function, as
described above.

Specific constraints are applied to single-phase EVs below, the charging power of phase 2 and phase 3
of each EV subjects to the charging mode.

t e t . .
Pgyi, = Pgyi, * bi
t s t . .
Pgyi, = Pgyi, * bi

Where b;is a binary variable, indicating the charging mode of EVi. This shows that if an EV is a three-
phase EV, then the charging power of phase 1, 2 and 3 should be equal, otherwise only phase 1 should
have power.

Phase wiring is a setup that mix the phase connection between the plug and the cluster, shown in
Figure 17. Since the single-phase EV only charges on the first phase of the plug, phase wiring is
necessary to make sure that the cluster will not unbalance significantly if all connected EVs are single-
phase EVs.

The charger phase combination implemented in the case study in the following section is: EV1 - ABC;
EV2 - CAB; EV3 — BCA. Based on the combination, the cluster charging power per phase calculation is
conducted by the constraints below:

t — pt t t
Pau-a = Pvi, - Yevi * Pev(isn), * YEVG+1) T PEv(is2), " YEV(i+2)
Pt — Pt L. .4 Pt . . . + PtL 3 . .
cu-B = FEvi, " YEVI T FEV(i+1); * YEV(i+1) T FEV(i+2), " YEV(i+2)
pt =pt. . .4+ pt . . . + pt . . .
clu-C EVig " YEVi T FEv(i+1), ~ YEV(i+1) T FEV(i+2), ~ YEV(i+2)

The cluster charging power in three phases is calculated by summing the single-phase cluster charging
power:

t _ pt t t
Py = Plu—A+Plu—B +Plu—C

clu c [ [¢

The cluster charging power unbalance constraints make sure that the power difference between any
two phases is within the pre-set limit:

__ pper t _pt per
Pcll)%}maxdiff = PClu-A PClu-B = Pc}%lé}maxdiff
_ t _ pt
Pcl})lé}maxdiff = Pctlu-A Pctlu-C S Pcrl)lé—rmaxdiff
—F clu-maxdiff = Pey-g = Pau-c = Pclu—maxdiff
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Figure 17: Charging cluster layout — phase wiring is implemented to mix the phase connection between each
plug and the cluster.

3.3.2 Simulation scenario

A simulation is conducted to test the functionality of the optimization method introduced above. Three
EVs are tested, where the information is shown in Table 4. EV2 and EV3 are selected as single-phase
EV to make sure the occurrence of phase unbalance events without load management. Since a single-
phase EV only charges in the first phase of the plug, and phase wiring in plug configuration is
implemented according to Figure 17, EV2 and EV3 will then charge in phase Cand phase B respectively.

Table 4: Overview of simulation parameters for phase unbalance considerations.

EV Charging Requested | Phase wiring | Maximum power | Minimum power
type energy configuration | per phase per phase

EV1 Three-phase | 30 kWh ABC 3.68 kW 1.38 kW

EV2 single-phase | 20 kWh CAB 3.68 kW 1.38 kW

EV3 single-phase | 18 kWh BCA 3.68 kW 1.38 kW

The cluster power reference for three EVsis set to 22 kW in three phases, each plug provides maximum
charging power of 11 kW in three phases. The penalty factor k is set to 0.5 €/kWh, which indicates that
every unfulfilled kWh causes 0.5 € of additional cost. The simulation time is set to 10 hours, with the
time step of 1 hour. All EVs are connected during the simulation. The electricity price starts from
0.30 €/kWh at the beginning and linearly increases to 0.48 €/kWh in the end with a step of 0.02 €/kWh
for each hour slot.
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3.3.3 Results and discussion

This subsection summarizes the simulation results for testing the optimization model with phase
unbalance constraints. Figure 18 shows the charging profile when there is no phase power difference
limitation considered in the optimization problem. The top figure shows the charging power in three
phases of each EV, and the bottom figure presents the phase power of the whole charging cluster.
Since the energy price increases progressively according to the charging time, the controller tries to
schedule charging sessions as early as possible to minimize the cost. The maximum phase power
difference occurs in the first three hours, reaching 3.67 kW. All charging sessions finish at the sixth
hour. The energy cost for the whole cluster is 22.5 € in the end.

1 EV 3ph charging power
T T

- - [EVI IMEV2 BEEV3

Active power (kW)
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Figure 18: Charging profile of the cluster and the EVs without phase power difference limitation.

Figure 19 shows the charging profile when the maximum phase power difference is limited to 2 kW in
the optimization problem. Therefore, the maximum phase power difference occurring in the first three
hours is then constrained to 2 kW. The limited phase power difference stems from the reduction of
charging power for EV2 and EV3, as a result, the charging time is extended to the nineth hour for EV3
and tenth hour for EV2 to meet their energy goals. Since more charging sessions are scheduled later
with higher energy prices, the energy cost for the whole cluster increases to 24.2 €.
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Figure 19: Charging profile of the cluster and the EVs with 2 kW phase power difference maximum.

In general, in the situations where a significant amount of single-phase EVs need to be charged in the
cluster, the phase-to-phase power difference could lead to an unbalance issue in the distribution
system. While the phase power constraints in the optimization manage to keep the unbalance within
a preset range, the energy goal needs to be fulfilled with an extended period. Such trade-off may also
be integrated in the smart charging management algorithm with other control purposes. The
experimental validation is planned in DTU Risg campus in the forthcoming months, as part of WP9.

Additionally, [16] will apply historical charging profile data to validate the functionality of the proposed
method.
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3.4 Frequency control

In the present section, the technical capability of EV charging infrastructure to provide frequency
control as a service to TSOs is assessed. The work is based on [14] and develops a distributed control
method utilizing the autonomous controllability of the chargers deployed in the Danish demonstration.
The control model is implemented in Matlab Simulink and the model parameters are adapted to the
physical characteristics of the demonstration cluster. Finally, the simulation results with the distributed
control are compared to the ones with a centralized control model. A nomenclature for the
mathematical formulations and figures in this section is provided in Table 5.

Table 5: Nomenclature for frequency control.

Amazon Web Services delay

Energidata.dk delay

Whiteboard delay

Energy supplied to an EV during a charging session
Energy requested by the user during a charging session
Grid frequency measured at the PCC

Nominal grid frequency

Frequency range where the droop control is active
Power reference from the VA to EV k at time t

Power error at the PCC at time t

Bid power

Upper power limit

Lower power limit

Charging time requested by the user

Departure time

Arrival time

Writing time stamp of Cloud Aggregator on WB

Time stamp of EV current measurement variation
Time stamp of PWM signal variation

Writing time stamp of Virtual Aggregator on WB
Reading time stamp of WBlogger function from WB
Abs. priority computed by the k-th VA and broadcasted to other VAs
Rel. priority comp. by the k-th VA considering abs. priorities from all VAs

3.4.1 Methodology

Each of the chargers deployed in the Danish demonstration are equipped with a local controller that
enables the charger to make autonomous control decisions. This facilitates distributed control
schemes where all chargers are provided with global quantities, such as the cluster reference power
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and the actual cluster consumption, based on which all chargers individually control their respective
charging session to collectively meet the cluster requirements. This control method promises various
benefits, such as a fast response time, reduced data traffic and higher data security, as well as a
reduced risk of single point failure, as opposed to centralized management systems. A preliminary
demonstration of the charger functionalities was presented in [17][18].

3.4.1.1 Control architecture

The actual implementation of the control architecture employed in the Danish demonstration has been
previously described in [1], and comprises two different control entities. The Cloud Aggregator (CA)
provides a global reference value for the cluster consumption, while the different Virtual Aggregators
(VA) — one per charger — calculate the individual reference power for each charger locally.

To assess the capability of the distributed control method to provide frequency control, a simulation
model was developed. Figure 20 provides a high-level overview of the control model. The CA calculates
the cluster power reference based on a local measurement of the system frequency. This cluster
reference is communicated to the VAs, who calculate the difference between the reference and the
measurement at the PCC — defined as the power error. This power error is fed into the priority system
of the VA, which calculates what share of the power difference should be covered by the own charger,
based on the own urgency of charging. The priority system has been previously introduced in [18]. It
calculates the priority based on the EVs energy request and prospective charging time and normalizes
it using the priorities of the other EVs. Based on its priority, the VA provides a setpoint to the EV via
the Pulse-Width Modulation (PWM) signal of the AC charging cable. The compliance and reaction time
of the EV with this setpoint is calculated in the EV model.

In a centralized control system, the same control decisions are performed, however, by a single entity.
The results are then communicated to the chargers, which will convert the setpoint to a PWM signal
for the EV. One aspect that is worth noticing, is the fact that with the distributed configuration the
measurement loop is shorter (i.e., the PCC power is directly provided to the VAs), and thus also the
response time for the system is expected to be smaller.

| Po:Ner
frequency measured
PCC
[ Power l Power Power || ]
—-reference—> _w;é - Error o 0 b /el reference > @
PCC PCC EV

Electric vehicles

|Droo§ control I |Error generation | [Priority system| l

‘ Cloud Aggregator | Virtual Aggregators

Figure 20: High level control diagram for the distributed system providing frequency control.

The control system was modeled in Matlab Simulink®. In the following, the different elements in the
model are presented. First, the modelling of the CA and VAs is presented, then the modelling of the
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different communication and reaction delays present in the system (Whiteboard, Amazon Web
Services, Energidata.dk and the EVs).

3.4.1.2 Cloud aggregator and virtual aggregator

The CA and the VAs are represented in Simulink as triggered subsystems. Thus, the functions (blocks)
placed inside them are run every time the subsystem is triggered. This is done to represent the fact
that these elements do not run continuously, but in a discrete manner. The Update Rate (UR) of the
CA and VAs are critical values, and they should be properly tuned in order to obtain a stable control
system. The subsystems are triggered by an external signal through a trigger port, whenever it
transitions to a specified direction. The direction can be rising, falling or either rising or falling. A rising
transition occurs when the signal changes from a negative value to either zero or a positive value, while
a falling transition happens when the signal changes from a positive value to either zero or a negative
value. In the present model, the subsystem is set to trigger to a rising signal, and the trigger signal is
provided by a square wave generator block. By adjusting the frequency parameter inside the square
wave generator block, it is possible to generate a triggering signal with different frequencies, and
therefore to change the UR of the CA and VAs.

Cloud Aggregator
D DROOP CONTROL

o)

o TR T e

Grid freq. Ref. power PCC

Figure 21: Implementation of the cloud aggregator model in Matlab Simulink.

The Simulink implementation of the CA is shown in Figure 21. To perform the droop control, the grid
frequency fgiq (measured by the meter) is compared with the nominal frequency f,,m (equal to 50 Hz).
The frequency regulation happens between 49.9 and 50.1 Hz, therefore the frequency deviation is
then saturated between -0.1 and +0.1 Hz. The saturated error is multiplied by 10, and then used to
compute the percentage of bid power Py to add/subtract to the amount of P, —Ppiq, Where P, is the
maximum cluster power. The resulting power is the reference power, the output of the droop control
function. For more information regarding the provision of frequency control in the Nordic synchronous
area, the interested reader is referred to [19][20].

The virtual aggregators are also modelled as triggered subsystem, as shown in Figure 22. The VA
calculates the error in the power output using the measurement at the PCC, as seen on the leftmost
of the figure.
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Figure 22: Implementation of the virtual aggregator model in Matlab Simulink.

The priority system is performed through a switch block, and the power error at the PCC is multiplied
by p.es When the error is positive and by (1-p,) when the error is negative, according to the following
equation:

t-1 t t
Pt {Pref,k + Perror,PCC * Prelk when Perror,PCC >0
refk —

~\pt-1 t t
Pref,k + Perror,PCC . (1 - prel,k) when 1:)error,PCC <0.

The relative priorities are computed starting from the user's information and exploiting the absolute
priorities shared by the other VAs, as described by the following equations:

Ereq - Echarged

Pabs =
tdep — thow
_ Pabs k
Prelk = N° EVs )
i=1  Pabs,i

where E.q is the energy requested by the user, Ecnageq is the energy already provided to the user,
estimated at each step from the measured power and tqe, and t,,, are respectively the departure and
arrival times, which are set by the user.

The portion of the PCC error, after going through the priority system function is then added to the
charging power at the previous timestep. This is implemented in Simulink through a delay block,
imposing a delay length of one timestep. The control method presented in Figure 22 considers that the
charging power capability depends on the respective EV model, as well as factors such as the vehicle
State of Charge (SOC) and the temperature [21][22][23]. The system ensures that the available cluster
power is utilized by EVs with lower priority, in case EVs with higher priority cannot increase their
charging power further.

3.4.1.3 Delays for Whiteboard, AWS, Energidata.dk, and EV

The analyzed system is characterized by different communication delays, related to the transmission
of data (WB, AWS, Energidata.dk), and by reaction delays, related to the reception of commands (EV
reaction time). As previously introduced in [1], the two main channels of communication in the Danish
demonstration are the custom-made Whiteboard (WB) and the Amazon Web Services (AWS). These
solutions are used to store and retrieve the last communication set points. AWS is responsible for the
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communication between the VAs and the charger actuators, while WB is the local shared data storage
responsible for the communication between all the control components.

The communication delays are modelled in Simulink employing the Transport Delay block. This block
needs two essential parameters, to correctly model the system: the time delay parameter,
representing the amount of time it takes for information to propagate from the input to the output of
the block, and the initial output, which specifies the initial condition of the output signal when the
simulation starts. It is essential to set this parameter correctly to ensure that the system behaves as
expected from the beginning of the simulation. The values for these parameters have been evaluated
in laboratory tests, which are described in the next section. The WB delay and the AWS delays have
been modelled only with this block. The Energidata.dk delay, modelling the communication delay
between the meter and the CA/VAs, has instead been modelled as a Transport Delay block in series
with a subsystem which is triggered every one second, modelling the fact that the meter reads the
measures every one second. The three communication delays, modelled in Simulink, are shown in
Figure 23.

WHITEBOARD AWS

@»J\/- oAb

WB input WB output Ref. power EV in Ref. power EV out

ENERGIDATA.DK + METER

Meter Reading Interval

Energidata.DK

ﬂ/} 1 1
Freq. & P meas. PCC g Freq. & P meas. PCC
reading Iy
I——Ll trigger 1s

Figure 23: Implementation of delays in Matlab Simulink.

The charger provides the EV with the maximum allowed charging power, through a PWM signal. The
EV receives the variation in the PWM signal through the CP pin and needs some time to change its
power absorption. According to paper [15], the delayed response can be split into two subsequent
behaviours: a delayed reaction, followed by a limited slope for the power variation. A typical EV
response to a variation in the maximum allowed current is shown in Figure 24.

Current [A]

l PWM duty cycle [%]

-

Figure 24: Response delay of EV to a change in the charger setpoint.
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These two parameters depend on the EV model, and also on the derivative of the power reference
(increasing or decreasing). Usually, if the power reference is decreasing the overall response is faster,
since the reaction time is smaller and the power decreases more rapidly. The presented system is
modelled in Simulink in the way shown in Figure 25.

EVSE + EV

variable delay

> J\/ RN
Au (D)
’|> - At > j_ > fo Absorbed power EV

Ref. power EV rate limiter ~ saturation

O/ (1) derivative relay

Figure 25: Implementation of EV response delay in Matlab Simulink.

Starting from the left, a derivative block is present, to detect whether the power reference is increasing
or decreasing. Depending on the sign of the derivative, the relay block can then output two different
delay values which are provided to the variable delay block. The variable delay block takes the power
reference and delays it by an amount equal to the one provided by the relay block. The delayed power
is then provided to a rate limiter block. The rate limiter block has also two values for the maximum
rate, depending on whether the input value is increasing or decreasing. At last, a saturation block is
used to represent the power absorption limits of the EV. This is an important parameter since it is
possible that the EV is not always able to charge at the maximum allowed power, due to the SOC level,
or to critical external conditions. Currently, however, the power individually absorbed by each vehicle
is only used to compute the energy Ecp,rgeq Provided to the EV during the charging session and a system
to detect potential EV saturation has not yet been implemented.

As described in the previous section, the model presents some parameters which need to be properly
determined, to make sure that the model behaves as similarly as possible to the real system. These
parameters are the following (individual delays):

Whiteboard delay: dwsg

Itis defined as the time necessary for the complete process of uploading and downloading to and from
Whiteboard. It is estimated utilizing an additional Python script called WB logger, which continuously
reads Whiteboard, waiting for a change in the power reference from the CA. The CA records on a .csv
file the sending Time Stamp (TS) of the reference signal, and the WB logger function records on
another .csv file the reading time stamp from WB. Therefore, it can be computed as:

dwg = Tswg?ogger - TSEVArite'
Amazon Web Service delay: daws
The Amazon Web Service delay is estimated by recording the sending time of the setpoint by the VA,
recorded in a .csv file, and the time of the subsequent variation in the PWM duty cycle of the charger,
recorded in another .csv file by a Python script. The duty cycle is measured using a clamp meter,
positioned around the Control Pilot cable. The AWS delay can thus be expressed as:

— variation write
dAWS - TSPWM - TSVA .
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Energidata.dk delay: denergidata

The Energidata.dk delay is measured by comparing the times tamp of the variation in the EV charging
current, which is measured by another clamp around one phase of the EV charging cables, and the
time stamp of the variation in the reading of the current measurement, as seen by the WB logger
function. The Energidata.dk delay can thus be computed as:

— read variation
dEnergidata - TSWBlogger - TSEV current-

Therefore, denergidata includes the time needed for the meter to upload the measure on the Energidata
platform, for the transfer of the measure onto Whiteboard, and finally for reading the Whiteboard
data. As previously seen, the meter has a sampling period of 1 s. Therefore, the measured delay will
be, on average, higher than the effective one by 0.5 seconds.

3.4.1.4 Quantification of model parameters

Since the deployment of the charging infrastructure at Risg is already well advanced, the various
control and response delays were quantified with the available hardware & software components. This
allows for the realisticimplementation and testing of control methods in the simulation model. For the
characterization of the delays, the propagation of the control signals from an initial setpoint change to
the response of the EV was observed. The results are presented in Figure 26 and Figure 27.

Current [A]

EV Energidata.dk e
7 | [reaction| e delay _]{-‘:E._a.\.m...n..‘u 111

10:25:28 10:25:30 10:25:32 10:25:34 10:25:36 10:25:38
time [hh:mm:ss| Dec 01, 2023

Figure 26: Quantification of the signal delays in the Risg charging cluster.
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Figure 27: Excerpt of the recorded signal delays in the Risg charging cluster.
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Based on the measurements, the following average delays were determined:

° dWB =0.00s
° dAWS =1.39s
o dEnergidata =1.06s

The averages of the three individual delays are then used in the Simulink model, inside the respective
blocks.

3.4.2 Comparison of centralized and distributed control

The technical capability of the distributed control architecture is tested using the simulation model
introduced above. Moreover, the simulation results are compared to the centralized control.

3.4.2.1 Model inputs

In the simulation, a cluster composed of two EVs is considered. To correctly set the simulation it is
necessary to provide the control system with information regarding the power limits for the PCC, the
frequency range in which regulation takes place, the maximum and minimum admitted power for each
EV, the charging time, and the energy required for the charging session. The information relative to
the PCC is reported in Table 6, while information regarding the EVs is reported in Table 7.

Table 6: PCC model inputs Table 7: Model inputs for EVs

13 kw Renault Zoe 40
19 kW 6 kW 3.55 kW
49.9-50.1 Hz 9.3 kW 9 kW
3h 3h
19 kWh 8 kWh

Exploiting the absolute priority definition, it is possible to compute the initial average charging power
needed for the two EVs to acquire the requested energy E.q in the requested time tenaree. By exploiting
the relative priority definition, relative priorities are computed. These initial priorities are reported in
Table 8.

Table 8: EV priorities for the simulation

According to the relative priorities, in the initial phase of the test the first EV will absorb 70% of the
error at the PCC, while the second EV will cover 30% of the error at the PCC. At each iteration, each VA
computes the acquired energy by integration of the measured power at the plug. Thus, the absolute
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priority p.ps is updated according to the absolute priority definition, and a new value is uploaded on
Whiteboard. From there, the other EV reads the value, and computes its own relative priority p.e. For
this reason, the share of error at PCC which each EV takes changes at each iteration and should
decrease as the EV approaches the required energy faster than the other EVs.

3.4.2.2 Simulation results

Figure 28 compares the power reference at the PCC (P reference PCC) with the actual power absorbed
by the cluster at the PCC (P measured PCC). The absorbed power is delayed with respect to the
reference, as expected, due to communication delays, and due to the EVs reaction time.
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Figure 28: Simulation result for frequency control model with distributed control architecture.

When observing the power of both EVs, it is apparent that the EV1 is in saturation condition, i.e., it
reaches its maximum power. This is due to the power repartition, based on the priority system. EV1
has, in fact, a higher priority with respect to EV2, resulting in a larger proportion of the available
reference power.

To compare the distributed architecture with the centralized one, the simulation was also run using
the centralized architecture, applying the same parameters as for the distributed architecture. The
main consequence of this consists in the feedback loop being larger since the measurement from the
PCC is sent first to the CA and from there, the control signal is sent to the VAs. Due to the higher
feedback delay, the UR of the VAs in the centralized configuration cannot be as high as the UR of the
VAs in the distributed configuration. If the UR of the VAs is too high, each VA will update more than
once before the effect of its actions on the PCC measurements is registered by the same VA, which
may cause an over- or undershoot of the aggregated EV response. This behavior can be observed in
Figure 29, where the output from the centralized model is compared with the output from the
distributed model. To provide a clearer picture, the plot shows a representative time window of the
simulation result previously presented in Figure 28.
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Figure 29: Comparison of frequency control provided by distributed and centralized control architecture.

Itis noticeable that the centralized architecture is more unstable, especially in the downward direction.
This is because EV1 is saturated in the upper direction, and therefore the overshooting in this direction
is compensated by the absence of power provided by EV1. On the contrary, in the lower direction, the
cluster reacts with all the EVs, but the fast UR of the VAs causes undershooting.

The simulations allowed for a quantification of the average response time for both architectures. With
the distributed control, the average response time between frequency deviation and aggregated EV
response was 7.27 s, and with the centralized control 7.97 s. Hence, the distributed control is on
average around 9% faster than the centralized control. Moreover, as previously mentioned, the shorter
control loops make the distributed control more stable in its response, with the reference value
followed more closely.

EV4EU — D2.3 Optimal management of V2X in parking lots Page 44 of 47



* X

">
7 vV4CU

* %
* b

4 Conclusions

This deliverable presents the modelling framework and research backbone to the development of V2X
strategies for the demonstration activities in Denmark described in WP9. The charging infrastructure
at the Danish demos comprises twelve AC charge points with a rated power of 11kW each. The cluster
management system serves two main purposes. Firstly, it ensures the compliance with grid connection
limits, as the PCC power rating of 43 kW is lower than the sum of the rated power of all chargers of
132 kW. Secondly, it utilizes the flexibility of charging processes to provide services both behind and
in front of the meter. The modelling framework comprised forecast models to predict the EV charging
demand (consumption side), and the expected generation from a local PV system (production side).
These forecast models were integrated in the control models developed within the scope of this work.
Moreover, EV users at the Danish demo sites can provide their estimated departure time and energy
needs through an app, which is taken into account in the decision-making process.

The control models facilitated the coordination of EV charging for providing services to local and
external grids and were tested in different scenarios, using actual PV production and EV charging data
from both winter and summer weeks. It was shown that the control complies with local grid connection
limits and is able to provide demand response to DSOs by reducing the cluster power limit on request.
The tested reduction of the cluster by half from 43 kW to 21.5 kW on weekdays between 7 a.m. and
12 p.m. led to a decrease of the fulfilled energy requested by the EVs by 5% in the summer scenario
and 6% in the winter scenario. Yet, this decrease is small considering that the power reduction was
requested for 5 consecutive hours with frequent EV arrivals.

The consideration of local PV generation, as present at the Danish demo site Campus Bornholm,
incentivized the control to prioritize times that allow using PV energy to meet the local EV demand. In
the summer scenario, an overall proportion of 77% of the energy delivered to EVs was provided by the
local PV system, defining the system’s self-sufficiency. Conversely, 27% of the total energy provided by
the local PV system was utilized for EV charging, defining the system’s self-consumption. In the winter
scenario, the values for self-sufficiency and self-consumption were 13% and 84%, respectively.

Additionally, an approach for including phase unbalance constraints in an optimization problem
formulation for EV load management systems was introduced and demonstrated through simulations.
It was shown how charging processes of single-phase EVs can lead to unbalances between the three
phases of the cluster. Load management systems with phase unbalance constraints can counteract
this effect at the cost of longer charging times for single-phase EVs.

Finally, the technical capability of EV charging infrastructure to provide frequency control was
assessed. The work investigated a distributed control method utilizing the autonomous controllability
of the chargers deployed in the Danish demonstration. The model parameters, such as delays from
hardware and software, were characterized through the installation at Risp Campus. The simulation
results showed that the distributed control architecture enables a 9% faster response compared to the
centralized method and followed the reference value more closely.

The developed control methods serve as a basis for the upcoming demonstrations in WP9. In this
regard, the experimental testing is expected to provide important insights on how the proposed
methods perform within real operational settings.
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