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Abstract: In this paper we propose an integrated power and transportation system control
framework, combining the power grid model with a macroscopic electromobility model including
charging stations under V2G operation. In this framework, the electrical vehicles (EVs) act as
energy storage, but also as an additional virtual power grid link, transporting energy from one
point to another. This new holistic model is used as a basis for optimal control design seeking to
minimize renewable energy curtailment, while accounting for the structural limitation of the grid
and other SoC constraints necessary for the optimal operation of the EVs. The proposed control
scheme is shown to eliminate approximately 50% of curtailment compared to uncoordinated EV

charging.

Keywords: Electromobility, Optimal control, Renewable energy sources, Energy curtailment,

Grid optimization

1. INTRODUCTION

As efforts towards decarbonization of all economical sec-
tors become a major priority, Electric Vehicles (EVs) have
started to emerge as one of the main components of sus-
tainable transportation systems worldwide. Since EVs are
projected to reach around 40% of the total fleet in the EU
by 2030 (Conway et al., 2021), it is becoming clear that
their integration with the city infrastructure (charging
stations), and the electrical power supply network (power
grid) poses unsolved problems that will be critical in the
coming years (EU 2019).

Although the constant increase of the electrification of the
transportation systems (electromobility) could be inter-
preted as a serious potential strain on the power grid due
to the large charging power demands (Fernandez et al.,
2010), the massive adoption of EVs will not necessarily
hinder the development of future electric power systems.
In fact, the potential to use their batteries for energy
storage will help with the introduction of renewable energy
sources (RES) (Wenzel et al., 2017) by increasing their
dispatchability, making the EVs an important component
of the power system operations. From the power system
side, the grid can use this capacity to deal with network
congestion management issues, as they can provide EV-
flexibility (ability to quickly modify the demand to react
to changing conditions), which is especially important in a
foreseen future energy scenario dominated by intermittent
RES. As the natural interface between the mobility and
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power networks, the charging stations will play an essential
role in the electromobility ecosystem. Today’s power elec-
tronics technology and new DC grid topologies, together
with V2G-enabled EVs, allow charging stations to operate
as dynamic load/supplies providing ancillary services to
the power grid in the form of frequency stabilization and
congestion relief Lopez et al. (2013). Note that the EV
flows on the roads can also be seen as additional virtual
links in the power grid, which not only store energy but
also carry energy from one point to another (a 3-lane
highway with 25% of the traffic being EVs whose batteries
have a capacity of 40 kWh is approximately equivalent to
a 110 kV power line in terms of transported power!).

One of the main potential barriers to fully exploit the EVs’
potential is the lack of tools and methods for forecasting
EV fleets’ flexibility in both time and space. This entails
forecasting when and where EVs will move, how their State
of Charge (SoC) will evolve, and how they will interact
with the infrastructure. Though some approaches based
on historical data do exist (Morlock et al., 2019), a model-
based framework is preferable for optimal control pur-
poses. Therefore, combining electromobility models with
power grid models will enable the use of EVs’ flexibility
potential to minimize the RES curtailment and improve
the use of the existing power transmission network. In
Henry and Ernst (2021), RES curtailment was minimized
by means of an optimal control strategy, which was also
used to learn a computationally efficient control law based
on reinforcement learning. Nevertheless, in this work stor-
age and charging of EVs was assumed to be situated at
a single point in the power network, whereas in reality
both the EVs and the charging stations are distributed in



time (in case of EVs) and space, and connected to different
power grid nodes. In Zhou et al. (2021), coupled traffic and
power grid dynamics were considered, but the traffic flows
were only described on graph level.

In this paper we propose for the first time in the literature
an integrated model, combining the power grid model
with a macroscopic electromobility model distributed in
space, including charging stations under V2G operation
(in Section 2). The proposed multi-class electromobility
model extends the simplified CTEC model previously
proposed in Ci¢i¢ and Canudas-de-Wit (2022) to capture
a richer electromobility dynamics by allowing for several
different co-located SoC levels in the vehicular flow. The
electromobility layer is interfaced with the power layer
through the charging stations, which act as predictable
time-varying energy storage. This novel holistic model
is used as a basis for optimal control design seeking
to minimize RES curtailment, while accounting for the
structural limitations of the grid and other SoC constraints
necessary for the best possible operation of the EVs (in
Section 3). Finally, the control framework is tested in
simulations (in Section 4), based on which we are able
to draw conclusions (in Section 5).

2. COMBINED ELECTROMOBILITY AND POWER
GRID MODEL

In this section we present the combined electromobil-
ity and power grid model. We first introduce the new
multi-class aggregated electromobility model including the
charging stations, then we present the grid model, and
finally connect the two parts into a combined model. The
scenario studied in this work is similar to the one used in
Henry and Ernst (2021), abstracting the situation where
people commute between home and work using EVs, po-
tentially stopping on the way at a public charging station.
As shown in Fig. 1, we consider a power grid with three
nodes (Home, Public charging station, and Work, in further
text denoted by h, p, and w, respectively) connected both
by power lines and road links. The two considered road
links connect nodes h and w, with a pair of off- and on-
ramps at the middle, exiting towards node p. We assume
that there is intermittent RES power generation and EV
charging ports at all three nodes, and that there is some
time-varying load at nodes h and w. While the combined
model is adapted to this specific setup it can accommodate
other types of road and power networks as well.

2.1 Electromobility model

In this section we introduce a multi-class extension of
the simplified CTEC model (Ci¢i¢ and Canudas-de-Wit,
2022) to capture the electromobility dynamics. The model
consists of the macroscopic dynamics of the EVs on the
roads and the dynamics of the EVs at charging stations,
coupled through ramp flows. In this work, we focus on the
discretized version of the model, and the reader is referred
to the cited paper for its continuous-time PDE version,
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Fig. 1. Layout of the combined electromobility and power
grid model used for this study.
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where z is the position along the road, ¢ the time, p(z,t)
the traffic density, v(z,t) the traffic speed, e(z,t) the
SoC, D(v) the battery discharge as a function of EV
speed, 7(g, t) the distribution of EVs at a charging station
according to their SoC e, and c¢(e,t) the charging rate of
EVs, potentially different for different €. We extend the
discretized version of the model by splitting the traffic
flows into different classes which have the same behaviour
while driving on the road, but may have independent SoC
dynamics or behaviour at on- and off-ramps. These classes
can be used to distinguish e.g. between combustion engine
vehicles and EVs, or between vehicles with different routes
and/or SoC, in order to avoid problems with the situation
when two traffic flows with very different SoC merge.

=0, (3)

Aggregate traffic density equations. Each road [ is
split into N’ cells of length L, satisfying L, > vgT, where
vg is the free flow speed of the traffic, and T is the sampling
period for electromobility model which need to be suitable
selected to fulfil the numerical stability requirements. The
aggregate macroscopic state of EV traffic on each road link
l is given by the traffic density p¥ and SoC eF in each cell i
at each discrete time instant k. Since here we consider
multiple classes of vehicles, the aggregate macroscopic
SoC eF is not used, but instead we will track the SoC of
each class. The update equations for the aggregate traffic
density are:

T

k
P =l (a0 (4)
xr
—k k
: w(pjam = Piy1) — Tn
@}y =min {%pf, )
[
k k k k
4i— =1+ (1= Bi1) + Tnis (6)

Here, ¢ denotes the traffic flow entering cell i at its

upstream end, and qﬁ the traffic flow exiting cell ¢ at
its downstream end. The on-ramp flow into cell ¢ is
denoted 7;)’;714 and assumed to enter it at its upstream end,
and the off-ramp flow from cell i is assumed to leave

it at its downstream end, and denoted 75]%,2‘ = qué‘;,

where 3F is the splitting ratio of mainstream traffic flow
towards the off-ramp. The traffic is assumed to follow
a triangular fundamental diagram with critical density
per and jam density pjam, yielding congestion wave speed

_ : E_ . :of ok
w = vﬁﬁ, and we denote i = min{p¥, per} and

P = max{pF, per}. Note that we omit stating to which
road link [ we are referring for better readability.



Multi-class traffic density equations. The aggregate
traffic flow may be split into some number of traffic classes
¢ € =, with individual traffic densities denoted $p¥. Since
here we assume that all vehicle classes have the same
behavior in traffic, the evolution of their traffic densities
is given by

T
P =+ (o — ) (7)
pz
5q']er pk wa (8>
qu— - qz— (1 - 5/8 ) Olfl [ (9)

where the ramp flows defined through %f_l and
57;)n7 are defined independently for each class &, with
0’%71- = %f_l 5q§+. The per-class quantities relate to the
aggregate quantities according to

Epk
pr Bon,i ZEOH“ ﬂf:z%gﬁf

e e fez Tt

(10)

Once the vehicles reach the end of the road link from h to
w or from w to h, all of them exit the road and enter the
respective chargmg station, 2% ~, = 1 for both road links.
The splitting ratios towards the public charging stations
8% where i = z“‘ for the link h to w, and i = i}, for
w to h, depend on the SoC of the approaching Vehlcles in
the same cell 17,

fehci, \ 1
=1 (14e )

as a monotonically decreasing sigmoid function centered
at some €10y, with slope calibrated by some parameter ~.
This function models the assumption that EVs are more
likely to stop to charge if their SoC is low.

(11)

Multi-class SoC equations. The macroscopic SoC of
each class is denoted %%, and its evolution is defined by

T )
hosknog () e L (h-5t), (2
o =%k —%5) (56531 +5d§“71T) +on ek (13)
£¢i‘€+ :£Q§+ (55?+£dfT) . (14)

where the battery discharge rate 5df depends on the traffic
speed in cell i,

k k Gy
gdi =D¢ (%)7 vy = ’—k,
P;
and is defined by potentially different discharge functions
for each class Dg.

(15)

Charging stations equations. Finally, the electromobil-
ity model is completed by the charging station dynamics.
For each charging station ¢, we split the SoC space into
N. bins of length L., N.L. =1. Each bin j=1,..., N,
corresponds to a range of SoC [(j —1)L.,jL.], and we
describe the state of the charging station through the
number of vehicles in each bin 477?.

Different classes of vehicles at a single physical charging
station can be represented by using multiple virtual charg-
ing stations ¢ to represent charging of each vehicle class
& We allow the rate of charging 409? for each charging

station ¢ and for each SoC level j, to vary in time within
some range |<c§ | < C, with L. > CT required for numeric
stability. The charging station state update is then given
by

T
= (-t rb) o
+T< Min,j_ :u’out,j)7

where ‘¥ = max{0, %}, and ¥ = min{0, °t}, and Cuikn’j
and Culo“ut)j represent the flows of vehicles entering and
exiting the charging station, respectively.

The flows between the road and the charging station ( are

N
k _ k
%n,ig“t_ Hout,j’ Bn zé’“tg ”“t E : ﬂ’out N .7 1)L€7(17)
j=1 j=1
N¢ N.
k k __ .
,22“_2 : 'U’IH,J’ ff,zg‘r‘gqm § /’ng (j_l)LE’ (18)

=1 j=1

where ZC and zg“t are the cells where the off- and on-

ramp connecting the road to the charging station ( are,
respectively, ensuring both the vehicles and the energy are
conserved. In this work, we assume that multiple classes
of vehicles can enter a single charging station (,

k )
C/u‘in,J ZC /u‘m,_y ’

£eE
and that all vehicles exiting the charging station are of the

same class £, therefore % . =17 o with £=£2% and
C

t
57(‘) zg"t*O for & 7%"“ The flows enterlng and exiting the
charging stations are further determined by

(19)

&k &k
Y\ . o
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€ €
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0, otherwise,
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where Eé“ denotes the set of vehicle classes that enter

charging station ¢, and the exiting flow Cp’gut, ; depends on
the particular behavioural logic of each charging station.
We assume that each traffic class ¢ enters at most one
charging station ¢ from each cell ¢, but it may enter
multiple charging stations in case off—ramps leading to
them are in different cells z N F

Charging stations control variables. Charging sta-
tions are of particular importance because they serve as
the interface between the electromobility layer and the
power grid, and can be used as actuators to improve the
situation in the wider power system. At each time step k,
the power system operator gets from each charging station
¢ the range of power that they can consume or generate,

—k . .
denoted by U, and U k. respectively. Based on these limits,
the operator can choose the normalized current power flow
to (or from) each charging station ¢, denoted u’g € [-1,1].

Here we adopt the convention that if ulg > 0, the charging



station is a net power consumer from the perspective of
the grid, and is using the grid power to charge the EVs.
Otherwise, if ulg < 0, the charging station is a net power
provider to the grid, and is using the energy stored in the
batteries of some EVs to provide V2G services. The actual
charging station powers, denoted UCk, represent the control
input to the electromobility system, and are given by

(22)

—k
therefore we have Qf < Uck < UC' This charging station
power relates to its EV charging rates as

Ne
k _ k k
=Y ‘<GB
j=1

where B is the EV battery average capacity. In order to
best utilize the available power, we employ a hierarchical
charging scheme, where vehicles with lower SoC have a
higher priority for charging. We split the vehicles into
three groups according to their SoC: low SoC EVs, with
0 < € < €low, medium SoC EVs, with €16y < € < €high, and
high SoC EVs, with epign < € < 1. Additionally, in case
there is not enough power to charge the low SoC EVs, as
well as if the grid operators requests power to be provided
to the grid, we utilize the energy stored in batteries of EVs
with higher SoC, discharging their batteries to satisfy the
power demands.

(23)

Given the boundaries between these groups of EVs ¢4y
and epign, we define jiow as the highest j for which
€j < €low and juigh as the lowest for which €; > epign,

j€{l,...,N:}. The number of EVs currently in each
group is defined by
Jlow jhxghfl
CT’{COW chéﬂ’ Cnr]ich = Z 77?» nhlgh Z 77] ( )
J=ow+1 J=Jhigh

For each charging station we define the maximum
charging rate C’C’maLx > 0 and maximum discharging rate

Ccmi“ < 0 per EV, yielding Ccmi“ < Cc;? < ("%, respecting
|G| < Cand |G| < C. We assign a different charging

rate to each group of EVs, denoted CC{COW, Cc’éled, and Ccﬁigh,
and given by
CC{Ccovw j:17-'~7jlowa
CC? = Ccfncdv j = jlow + ]-7 cee ajhigh - 1; (25)
Ccﬁighv J = Jnighs - - -, Ne.

The exception is charging at home, ( =h, where we
assume that all vehicles charge at the same rate,

Pk

h k : max

c? = min G . (26)
! { ;Iow + }med + 7h1gh }

Given the current provided or demanded power Uck, these
charging rates are given by

Cpk
CCﬁ)Wzmin Cn low C«max ,
low

len

k
Ccmed min { C’Pmed

(27)

nlow Cmax Clpfcowa
(28)

k
¢ med

CmaX} ) Ulowcgmax<<7)10w7

Cgmina ¢ nme Cmax CIpmed7
k
Chioh= P 29
high min { Cn]}:lgh 7 Ccmax , T]m dOmaX<CPmed7 ( )
med

where we define maximum available charging power to
each group of vehicles, Pl , Pk . and “Pf, ., as

med?
Plow = U( - ( nmed =+ T’high) len, (30)
CIpmed Uv{ - 77 dC’m - nhlghcmm7 (31)
<Phigh = Uq - nhlghcmax (32)

Finally, the presented charging scheme results in a range
of power that charging station ¢ can consume or produce

(UE, T given by

e max

UC = (Cnlkow + Cnrkned + CT]ﬁigh) CC B7 (33)
Ufzmax{o ( T]lowc(maX ( nfned+<nﬁigh) len C k)B}

Finally, we define the flows of EVs exiting each charging
stations according to their scheduled departure demand

function Cﬂ’gm ,

) ek 1| ‘ Sk
C[u[(k)“ut’j: mln{ /j/out) <T Ks > 773} y J = JC? (35)
0, J# 3t
For( =hand { = w, Cﬂ’gut is given externally, to represent
EVs commuting from home around t =6 h, and from
work to home around ¢ =16 h. For ( = p, we assume
that the EVs stay at the charging station for 1 h, so
the departure demand will depend on the flow entering
the charging station in the past. At each sampling time,
we randomly select the SoC of the departing EVs for
each charging station jéﬁ with probabilities of each SoC

level proportional to the number of vehicles currently at
charging station (.

2.2 Power Grid Model

This section describes the dynamics of the alternating cur-
rent (AC) power grid that is employed to model the inter-
action between a conventional grid and the electromobility
layer. To avoid confusion regarding notation conventions,
and reduce abuse of notation, we indicate the parameters
and variables of the power grid model by tilde.

Nowadays, the vast majority of AC transmission and dis-
tribution networks dispatch electricity using a three-phase
system. Three parallel circuits are employed, each associ-
ated with its own phase, shifted 120° from one another.
Balanced three-phase system can be represented in phasor
form as an equivalent single-phase representation, where
only one of the phases is taken into account. In this work,
power transmission lines are assumed to constitute such
three-phase balanced networks, and we adopt its equiv-
alent single-phase representation in the following deriva-
tions. Also, for mathematical convenience, the power sys-
tem will be analyzed using the per-unit (p.u.) notation, in
which all electrical quantities are normalized with respect
to a set of base quantities. This normalization approach
is widely used as it removes the need to include nominal
voltage levels in derivations.



The distribution grid is modelled as a set of nodes N linked
by a set of directed edges £ that represent the transmission
lines. Each edge é;; € £ links buses ¢ and j and can
contain transmission lines, power transformers and/or
phase shifters. Here the conventional 7 transmission line
model is employed where each branch can be defined by
five parameters: a series resistance 7;;, a series reactance
%45, a charging susceptance b;;, a tap ratio magnitude 7
and phase shift 6;;. These magnitudes allows to define
the link series admittance ;; = 1/(7; + v-1Z,;) and shunt

admittance gjfjh =1 béj as well as the complex tap ratio of

transformers, fij = ﬁjeﬁéiﬂ'. See Zimmerman et al. (2011)
for a more detailed explanation of the branch convention
employed.

Power Network equations. For a network with Ny, = ||
buses, and after applying Kirchhoff’s current law at each
bus i € N, the constant impedance elements of the model
are incorporated into a complex Ny, x Np, bus admittance
matrix Y that relates the complex nodal current injections,

I to the complex node voltages, V, as I = YV.

The impedance matrix admits a systematic definition as

_%’ i;éj,éijeg,
28
N 3 i#j.e €k,
Yvij - tij Jir + ~sh
Yik T Y; - o . .

Z %‘F Z yki“"y]z}ilv =17

é,‘,kEE ik ik ékieé

0, otherwise.

Power flow solution. The standard power flow or load
flow problem involves solving for the set of voltages and
flows in a network corresponding to a specified pattern
of load and generation. The definition of grid admittance
matrix Y allows to define the nodal equation in an equiv-
alent form in terms of power injections and voltage level
at buses as

b _ VT = T(TT) = TV, Ve N (36)
where S’Zbus = Pibus + \/IQE“S is the complex power phasor
accounting for active (PPU$) and reactive (QP") powers

injected at bus i, and Y; denotes the i-th row of the
admittance matrix Y.

Equation (36) is a set of N}, complex-valued equations,
that can be posed as 2N}, quadratic real valued equations
with 2N}, real unknowns. By convention, a single generator
bus is typically chosen as a reference bus to serve the roles
of both a voltage angle reference and a real power slack.
The voltage angle at the reference bus has a known value,
but the real power generation at the slack bus is taken as
unknown to avoid overspecifying the problem. Unknowns
for the problem will thus be active and reactive powers at
the slack bus together with complex voltage level at the
remaining N, — 1 buses.

These equations are solved at every iterations step of
the problem providing equilibrium powers and voltages
at the bus level. The solver of choice employed in this
work is based on a standard Newton’s method Tinney
and Hart (1967) using a polar form and a full Jacobian

updated at each iteration. Each Newton step involves
computing the mismatch, forming the Jacobian based
on the sensitivities of these mismatches to changes in
and solving for an updated value of the unknowns by
factorizing this Jacobian.

2.3 Combined model

We denote the encapsulated full state of the mobility
model at time k as E*,

B* = (%ol l1€ (hwiwh},i={1,...,N,}, €€ {b/w,p}, ..
flle {hw,wh},i=1,...,N,, £€{h/w,p},...
Cn?\je {1,...,NE},(G{h,w,phW,pwh}>, (37)

capturing the traffic density 5pﬁi and SoC %ﬁi for all
vehicle classes & and all cells ¢ on both road links [, and
the numbers of charging vehicles 9% at each SoC level j at
each charging station (. The vehicles are split into classes
based on whether they enter the road from h or w (h/w),
or from p. Physical charging station p is modelled by two
virtual charging stations pwm and phw, based on what
link it is connected to.

The electromobility state is updated according to (7), (12),
and (16), as defined in Section 2.1, and we write jointly

EFY = M(E",U), (38)
where U* is the collection of Ué“ to all physical charging

stations, ¢ € {h,w, p}, yielding charging rates (25) that
directly determine the evolution of Cnf through (16).

Power grid equations at discrete time step k is given by a
static mapping, and can be expressed compactly as

FF=F(U* A*, V), (39)
BF =C(F*, V"), (40)
BF =R(EY), (41)

where ¥ are the power flows at time k as a function of
the EV power injected /retrieved U*, loads A¥, and RES
distributed generation V*. RES curtailment is is given by
Isck, and mobility power reserves by JsrkC Except for power

flows F*, all other variables in (39)-(41) are collection of
variables related to different ports ¢ € {h,w,p}.

3. OPTIMAL CONTROL DESIGN
3.1 Power system optimization

Active network management (ANM) refers in the power
system literature to the decision-making procedures to
design control schemes that modulate loads, generators,
and the distributed energy resources connected to the
grid, in order to keep power grid operation within nominal
conditions in terms of bus voltages, stable frequency and
power lines capacities.

The modulation resulting from ANM often causes a neces-
sary reduction in the output of generators from what they
could otherwise have produced given available resources,



often referred to as the process of curtailment. Such gen-
eration curtailment, along with storage and transmission
losses, constitute a major source of energy management
inefficiencies that this work aims to improve. In addition,
the ANM scheme must ensure a safe and reliable operation
of the distribution network, expressed as a set of technical
and operational constraints that must be satisfied.

The proposed optimization problem focuses on the reduc-
tion of curtailments by providing near future scheduling
of the optimal power flow policy to/from EVs plugged at
the different charging poles of the system (h, w, and p).
This separation is designed to collect the spatiotemporal
operation of a large majority of EV users commuting daily
from home to work, and occasionally making use of public
charging stations facilities.

The optimization problem is formulated based on a pre-
diction model and operated in a receding horizon man-
ner using the latest system information. In this approach,
load injections and generation profiles of RES are non-
controllable variables. Only the active power (and reactive,
within operational limits) of EV demand is assumed to
be manageable. The objective function, constraints, and
optimization algorithm will be presented next.

3.2 Optimal control formulation

We can now formulate ANM taking electromobility into
account as a receding horizon optimal control problem
L =k
minimize J(k,ug)
Ye
subject to Mobility and grid dynamics (38)-(41),
Grid operational constraints,
|‘§’U‘ < Sij, éij S g, (42)
Yi < ‘71 < ‘71'; xS ./\7 _Mlackv (43)
Reactive to active power ratio limitations.

The optimization problem is articulated as constrained
minimization of the cost function

H
T 3 (weR oty ) —we Rty 147))
h=1¢e{h,p,w} (
44)

where P ¢(t;,,[t;) represent the curtailed power at time
tjyp, inferred from the information available at time iz,
at port . Similarly B ¢(t;,,[t;) accounts for the mobility
reserve power available at time 7, th Constants w,. and w,
weigh the different optimization terms. The optimization
problem is subject to constraints on the maximum appar-
ent power |Si;| (42), power line voltage V; deviation at
buses (43), and limitations on the amount of reactive to
active power ratios the distributed generation can manage.

Note that in order to ease the numeric burden, we solve
this problem at a time scale different than that of the
electromobility model. We take the optimization sampling
period T as a multiple of electromobility sampling periods
T, and denote the optimization time step k. The resulting
control 11’5 is then applied to the electromobility model
over a number of time steps,

T, (45)
where | - | denotes rounding down.

The first part of the cost function accounts for the overall
energy that is lost in the system as a result of necessary
curtailment imposed by the ANM algorithm to satisfy
grid constraints for a predicted sequence of control ac-
tions G¢ (te+nlt), ¢ € {h,p,w}, h =,1..., N,,. The control
actions correspond to the normalized active power that the
controller schedules to be retrieved or injected (V2G) at
port ¢, and IV, is the control horizon considered. In this
scheme, as is usually employed in the classic formulation of
predictive control, for N, > 1 only the first control action
of the sequence computed is applied. The control action
terms ¢ (tg1n|ts) € [—1, 1] are considered in a normalized
fashion, allowing to accommodate the constraints on the
time-varying mobility reserve powers in a more convenient
form. The second term is designed to maximize the mobil-
ity reserve storage available within the prediction horizon,
which is taken for simplicity as a proxy of the overall SoC
of the EV fleet.

4. SIMULATION RESULTS

Finally, we assess the behaviour of the proposed ANM EV
charging scheme by comparing two simulation scenarios.
The first one corresponds to uncoordinated charging where
a fixed percentage of EVs at each charging station ( is
charging at constant maximum rate CZ***. We set these

percentages to 70% for ¢ =h, and 40% for ( =w and
¢ = p. The second scenario corresponds to a scheduled
charging operation as proposed in this work using a re-
ceding horizon control scheme that balances curtailment
losses in relation to average EV reserves. Note that in
both cases vehicles decide whether or not they enter the
public charging station depending on their SoC, according
o (11). Algorithm 1 outlines the main steps to perform
the proposed simulations and control design approach. Dy-
namic equations have been discretized to be approximated
by a conventional fixed-step iteration algorithm.

Both scenarios have been simulated on the test layout
described in Fig.1 where for the sake of simplicity, the
power network is reduced to three representative ports
that lump loads, distributed generation and EV operation
for aggregated domestic, work and public EV charging
stations. Simulations were performed assuming a grid
configuration with balanced capacities on the three ports
in the order of 30 MW. Power lines capacities were assigned

Algorithm 1 Sketched simulation algorithm

. procedure GRIDMOBSIMULATION
: Grid parameters Initialization

1
2
3 Mobility subsystem parameter Initialization

4: k=1 B 5

5: while k < kong do > Simulation Loop
6 P{ < Get Mobility Reserves (Ek)

7 @* «+ Optimize for horizon H (R) i

8 EF+1 + Update Mobility Model(i)

9: Solve Instant Power Flow Balance (ﬂ )

10: ke k+1
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dinated (right) scenarios.

to naturally induce RES curtailment at specific times
of the day with high RES production and lower loads.
Domestic and work loads, together with RES production
have been simulated taking averaged typical profiles for
every category. From the mobility side, a baseline of 3334
EVs with an average battery capacity of 60 kWh were
considered, and their SoC was initialized in the € € [0.5, 1]
range.

Due to the daily cyclic nature of power loads, RES pro-
duction and mobility patterns, simulations for a period
of 24h were considered representative of the system. For
the computation of the coordinated charging schedule, we
used a prediction horizon of HT =5 h, and a control
horizon of N, T = 30 min. To speed up computations, sim-
ulations were performed with different sample times, with
T =1 min for the electromobility model, 5 min for the
power grid model and T = 30 min as sample time for the
receding horizon control.

As a primary objective of the optimization problem pro-
posed, the performance index in (44) has been balanced to
maximize the use of RES (reduce curtailment losses), while
preserving a reasonable average state of charge of the EVs.
Figure 2 plots the compared curtailment induced by the
uncoordinated and coordinated schemes, the shaded area
corresponding to curtailment energy saving by the later

approach. More precisely, in this particular simulation,
the uncoordinated charging scenario induces 249.7 MWh
losses in curtailment, while the coordinated approach pro-
vides 124.1 MWh, a significant reduction of 50.3%.

Figure 3 shows the evolution of the power used by EVs.
For the uncoordinated charging scenario, the power used
for charging is directly proportional to the number of
EVs currently present at the charging station. Coordinated
charging allows for a more nuanced use of power depending
on the power grid load and RES production at different
times of the day.

In order to illustrate the state of the electromobility
model, we show the state of charging stations over time in
Figure 4. As expected, all EVs start at home, then travel to
work, and finally return home, with some of them stopping
at the public charging station along the way. In this case
EVs end the day with somewhat lower SoC, which will be
rectified through overnight charging at home.

5. CONCLUSIONS

In this work, we present a control framework combining
electromobility and the power grid. Using an extended
multi-class electromobility model, we are able to capture
the SoC dynamics of EVs on their daily commute. The
electromobility layer is interfaced with the power grid
through charging stations, providing us with a way to store
energy and control the power flows. We use this framework
to design a receding horizon control law for for active
network management, in order to reduce RES production
curtailment, which is shown in simulation to significantly
improve the situation.

The models and results presented herein could serve as a
basis for a number of future research directions. Though
the network studied here was adopted for simplicity, the
presented control approach should be extended to a more
general case and more complex networks, both in terms
of roads and power lines. In this work, we did not utilize
the ratio of EVs that enter the public charging station as
a control input, but this behavior could be influenced by
e.g. introducing dynamic pricing of charging, which opens
an entirely new area of control problems.
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