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Abstract

The increasing penetration of stochastic renewable distributed generation, energy storage
systems and novel loads (e.g. electric-vehicles (EVs)) in active-distribution-networks (ADN5s)
or microgrids has triggered the need to develop real-time (e.g. minutes to sub-second) control
frameworks to avoid grid-operational problems. These can be split into two main categories
of active constraints: static and power-quality. Static constraints refer to branches’ amapac-
ity limitations, nodal voltage magnitudes’ security-bounds as well as resources’ limitations
(e.g. MV-LV substation transformer apparent power limitations, power converters’ capability
curves and general constraints of the internal states of energy storage systems). Power-quality
constraints refer to the quality-of-service for the end-users that must be guaranteed by the
power distribution utility.

Within this context, this thesis focuses on the development of real-time ADN controls, in the
form of frameworks or control-enabling methodologies, that take into account the above-
mentioned power-grid operational constraints while considering grid uncertainties and unbal-
ances. In its first part, the thesis focuses on a general, i.e. resource-agnostic, methodology to
linearize the power-flow equations and showcases its real-time control-enabling advantages
through two sub-second-scale control-application-examples. Then, in the second part, a
deeper focus is given to the operational challenges raised by the large presence of electric-
vehicles charging-stations (EVCSs) in ADNs.

More specifically, here below the contributions of both parts of the thesis are listed.

1. Part 1 - Efficient methods for the control of multiple unsymmetric and uncertain ADN
resources

e First, an analytical method for computing general-three-phase sensitivity coeffi-
cients (SCs), considering voltage-dependent nodal power injections, is presented.
SCs are the partial derivatives of any electrical quantity w.r.t. control variables
(e.g. nodal active power injections and nodal voltage magnitudes at PV-nodes).
The proposed method assumes the knowledge of the grid-model, i.e. grid topol-
ogy and branch parameters, and relies on the resolution of unique and full-rank
linear systems of equations to compute nodal voltage SCs. Finally, knowing the
nodal voltage SCs and the grid model, one can compute all other auxiliary SCs that
can, for instance, be leveraged to linearize the power-flow equations, rendering
the resolution of security-constrained optimal-power-flow (OPF) problems highly
efficient.
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Abstract

* Second, an application example of SCs is presented. More specifically, the problem

of securely reconnecting unbalanced islanded ADNs to their upstream grids at
the point of common coupling (PCC) is tackled. The process is usually called
resynchronization and is split into two sub-processes: (i) steering the downstream
PCC nodal voltages towards their upstream counterparts and, (ii) asserting nodal
voltage phasors’ alignment on both sides of the PCC to close the PCC-breaker. An
algorithm is proposed for each process. The first leverages SCs to approximately
solve a three-phase OPE The second makes use of the enhanced-Interpolated-
Discreet-Fourier-Transform (e-IpDFT) to extract and compare the per-phase nodal
voltage phasors at both sides of the PCC. Both processes are experimentally vali-
dated on a real-scale laboratory microgrid.

Third, a second application example of SCs is presented. More specifically, a
novel technique to render an intractable OPF problem solvable, is presented. The
proposed algorithms account for the uncertainties due to set-point implemen-
tation by the resources’ controllers. The result of the proposed methods is the
computation of optimal control setpoints that are admissible i.e. satisfies grid and
resource operational constraints for all uncertainties realizations. The algorithms
are numerically tested on MATLAB using a modified IEEE-34 node test distribution
feeder.

1. Part 2 - Efficient methods for the safe operation of electric-vehicle-charging-stations

* First, a specific analysis is presented to quantify: (i) how uncontrolled EV charging

can affect ADN static operational constraints, (ii) how some EVCS can increase
grid-load-unbalances, and (iii) EV on-board controller reaction times. The analysis
leverages (i) a Monte-Carlo load-flow framework, and (ii) a small-scale experi-
ment using a non-commercial Type-2 EVCS connected to a real-scale laboratory
microgrid.

Second, a distributed real-time, i.e. seconds to minute scale, control framework for
EVCSs is presented. The framework consists in solving a three-phase OPF that is:
(i) augmented, i.e. accounts for EV user needs, (ii) approximated, i.e. leverages SCs
to linearize the power-flow equations, and (iii) distributed, i.e. uses the alternating
direction method of multipliers (ADMM) algorithm. The presented framework is
numerically validated on MATLAB using a modified IEEE-34 node test distribution
feeder.

Third, a day-ahead ADN dispatch-plan (DP) generator is presented. The pre-
sented algorithm accounts for next-day load and generation stochasticity through
scenario-based optimization. It further considers that, unlike what can be found
in the literature, both energy-storage systems and EVCSs are controllable entities.
The generated DP is experimentally validated on a real-scale laboratory microgrid.

Key words: active distribution networks, microgrids, load flow, optimal power flow, sensitivity
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coefficients, voltage-dependent nodal power injections, unbalanced power grids, island resyn-
chronization, synchronism check, unbalanced three-phase control, uncertainties, feasible
network operation, uncertain three-phase control, electric vehicles charging stations, real-
time (distributed) control, grid operational constraints, power quality, day-ahead dispatching.






Résumé

La prolifération croissante des producteurs d’énergie renouvelable non-centralisés , des sys-
témes de stockage d’énergie et des nouveaux consommateurs (e.g. les véhicules électriques
(EVs)) dans les réseaux de distribution actifs (ADN) ou les micro-réseaux a déclenché le be-
soin de développer des algorithmes de contrdle en temps réel pour éviter des problemes de
fonctionnement du réseau. Ces derniers peuvent étre catégorisés en des contraintes statiques
et des contraintes liées a la qualité de l'alimentation. Les contraintes statiques font référence
aux limites de capacité des lignes électriques, aux limites de sécurité des modules des ten-
sions aux nceuds ainsi qu’aux limites des ressources (e.g. les limites de puissance apparente
des transformateurs des sous-stations MT-BT, les courbes de capacité des convertisseurs de
puissance et les contraintes générales des états internes des systémes de stockage d’énergie).
Les contraintes liées a la qualité de 'alimentation font plutot référence a la qualité de la
tension fournie aux utilisateurs finaux qui doit étre garantie par les gérants des réseaux de
distribution.

Dans ce contexte, cette these se focalise sur le développement d’algorithmes de controle
d’ADN en temps réel qui prennent en compte les contraintes opérationnelles mentionnées
ci-dessus tout en considérant les incertitudes et les déséquilibres du réseau. Dans sa premiere
partie, la these présente une méthodologie générale pour linéariser les équations de flux
de puissances et illustre ses avantages en termes de contrdle en temps réel a travers deux
exemples d’application avec des périodes de controle de I'ordre de moins d'une seconde.
Ensuite, dans sa deuxiéme partie, une attention plus approfondie est accordée aux défis opéra-
tionnels soulevés par la présence importante de bornes de recharge pour véhicules électriques
dans les ADNs.

Plus précisément, les contributions de chaque partie de la thése sont énumérées ci-dessous.

1. Partie 1 - Méthodes efficaces pour le controle de multiples ressources asymétriques et
incertaines connectées a un ADN

» Toutd’abord, en considérant que les injections de puissance aux nceuds dépendent
des modules des tensions aux nceuds, une méthode analytique pour calculer les
coefficients de sensibilité (SCs) triphasés est présentée. Les SCs sont les dérivées
partielles de toute quantité électrique par rapport aux variables de contréle (e.g. les
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Résumé

injections de puissance active et les modules de tension aux nceuds producteurs
(PV)). La méthode proposée suppose la connaissance du modele de réseau (i.e. la
topologie du réseau et les parametres des branches) et repose sur la résolution de
systéemes d’équations linéaires uniques de rangs complets pour calculer les SCs
des tensions aux nceuds. En effet, en connaissant les SCs de tension aux nceuds et
le modeéle du réseau, on peut calculer tous les autres SCs auxiliaires souhaités (e.g.
les SCs des modules des courants de lignes). Ces derniers peuvent, par exemple,
étre utilisés pour linéariser les équations de flux de puissance dans le cadre d'un
probleme de flux de puissance optimal (OPF) rendant sa résolution beaucoup plus
efficace.

Deuxiémement, un exemple d’application des SCs est présenté. Plus précisément,
le sujet abordé est celui de reconnecter des ADNs isolés et déséquilibrés a leurs
réseaux en amont au point de couplage commun (PCC). Ce dernier est généra-
lement appelé resynchronisation et se définie par deux processus : (i) diriger les
tensions aux nceuds en aval du PCC d’'un ADN isolé vers leurs homologues amont,
et (ii) affirmer I’alignement des phases de tension aux nceuds des deux cotés du
PCC pour fermer le disjoncteur du PCC. Un algorithme est proposé pour chaque
processus. Le premier utilise les SCs pour résoudre approximativement un OPF tri-
phasé. Le second fait appel a la transformée de Fourier améliorée (e-IpDFT) pour
extraire et comparer, par phase, les phaseurs de tension aux nceuds des deux cotés
du PCC. Les deux processus sont validés expérimentalement sur un micro-réseau
de laboratoire a échelle réelle.

Troisiemement, un deuxieme exemple d’application des SCs est présenté. Plus
précisément, une nouvelle technique pour rendre résoluble un OPF intraitable
est présentée. Les algorithmes proposés tiennent compte des incertitudes dues
al'implémentation des consignes par les contrdleurs des ressources. Le résultat
des méthodes proposées est le calcul de points de consigne de contrdle optimaux
qui sont admissibles, c’est-a-dire qui satisfont les contraintes opérationnelles du
réseau et des ressources pour toutes les réalisations d’incertitudes possibles. Les
algorithmes sont testés numériquement sur MATLAB en utilisant une version
modifiée du réseau de distribution de test IEEE-34.

2. Partie 2 - Méthodes efficaces pour l'exploitation siire des bornes de recharge pour véhicules
électriques

viii

¢ Premiérement, une analyse spécifique est présentée pour quantifier : (i) comment

la recharge incontrolée des EVs peut influencer les contraintes opérationnelles
statiques d'un ADN, (ii) comment certaines EVCSs peuvent augmenter les déséqui-
libres de la charge du réseau, et (iii) les différents temps de réaction des controleurs
embarqués des EVs. Lanalyse s’appuie sur : (i) une analyse de flux de charge basée
sur la méthode statistique de simulations Monte-Carlo, et (ii) une expérience a
petite échelle utilisant une EVCS non-commerciale de Type-2 connectée a un
micro-réseau de laboratoire a échelle réelle.
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* Deuxiemement, un algorithme de contréle en temps réel, i.e. aI’échelle de quelques
secondes a quelques minutes, de EVCSs est présenté. L'algorithme consiste a ré-
soudre une OPF triphasée qui est : (i) augmentée, c’est-a-dire qu’elle tient compte
des besoins des utilisateurs des EVs, (ii) approximée, c’est-a-dire qu’elle utilise les
SCs pour linéariser les équations de flux de puissance, et (iii) distribuée, c’est-a-dire
que sa méthode de résolution se base sur la technique ADMM (méthode des mul-
tiplicateurs a direction alternée). L'algorithme présenté est validé numériquement
sur MATLAB en utilisant une version modifiée du réseau de distribution de test
IEEE-34.

* Troisiemement, un outil qui génére des plans de répartition (DP) d’ADN du jour
suivant est présenté. L'algorithme présenté tient compte des charges et produc-
tions stochastiques du lendemain en utilisant une formulation d’'un probleme
d’optimisation basée sur des scénarios. Il considére en outre que, contrairement
a ce que I'on trouve dans la littérature, les systemes de stockage d’énergie et les
EVCS sont des entités controlables. Le DP généré est validé expérimentalement
sur un micro-réseau de laboratoire a échelle réelle.

Mots clefs : réseaux de distribution actifs, micro-réseaux, flux de charge, flux de puissance op-
timal, coefficients de sensibilité, injections de puissance de nceud qui dépendent des modules
des tensions des nceuds, réseaux électriques déséquilibrés, resynchronisation d’ilots, vérifica-
tion du synchronisme, commande triphasée déséquilibrée, incertitudes, commande triphasée
incertaine, stations/bornes de recharge de véhicules électriques, commande (distribuée) en
temps réel, contraintes opérationnelles du réseau, qualité de I’alimentation, répartition des
réseaux de distribution actifs pour le jour suivant.
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Thesis Introduction

The increasing penetration of stochastic renewable distributed generation, ESSs and novel
loads (e.g. EVs) in ADNs or microgrids has triggered the need to develop real-time (e.g. minutes
to sub-second) control frameworks to avoid grid-operational problems. These can be split in
two main categories of active constraints: static and power-quality. Static constraints refer
to branches’ amapacity limitations, nodal voltage magnitudes’ security-bounds as well as
resources’ limitations (e.g. MV-LV substation transformer apparent power limitations, power
converters’ capability curves and general constraints of the internal states of ESSs). Power-
quality constraints, instead, refer to the quality-of-service for the end-users that must be
guaranteed by the power distribution utility.

Within this context, this thesis focuses on the development of real-time ADN controls, in the
form of frameworks or control-enabling methodologies, that take into account the above-
mentioned power-grid operational constraints while considering grid uncertainties and un-
balances. By grid uncertainties we refer to either natural stochasticities, i.e. resources whose
performance is a function of external factors such as weather or human behaviors, or, designed
uncertainties, i.e. uncertainties arising from the technical designs of resources (e.g. setpoint
implementation inaccuracies). Indeed, within the context of this thesis, we assume that grid
models, i.e. network topologies and branch parameters, are fully known and do not present
uncertainties. By grid unbalances we refer to injections/absorptions that are unbalanced over
the phases. Indeed, we do not power-grids with unbalanced grid models.

In terms of literature, the problem of real-time control under grid unbalances and/or uncer-
tainties has been extensively studied. As a result, each contribution of the upcoming chapters
is individually positioned w.r.t the state-of-the-art in order to only present relevant works.
However, for the interested reader, we advise the reading of recently published survey or review
papers that concisely summarise the relevant literature. For instance, [1, 2] thoroughly discuss
the problem of stochastic optimization of power-grids by extensively presenting all relevant
works on the subject. In [3, 4] authors tackle the problem of ADNs control by reviewing the
newest trends in terms of real-time resource management. For completeness, we refer the
interested reader to works such as [5] that review the controllability of specific resources (here
ESSs) while studying their integration in ADNs.

In terms of contributions, in its first part, the thesis focuses on a general (i.e. resource-
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agnostic) methodology to linearize the power-flow equations and showcases its real-time
control-enabling advantages through two sub-second control examples. Then, in the second
part, a deeper focus is given to the operational challenges raised by the large presence of
EVCSs in ADNs. More specifically, here below the contributions of both parts of the thesis are
listed with more details.

1. Part 1 - Efficient methods for the control of multiple unsymmetric and uncertain ADN
resources

* First, an analytical method for computing general-three-phase SCs, considering
voltage-dependent nodal power injections, is presented. SCs are the partial deriva-
tives of any electrical quantity w.r.t. control variables (e.g. nodal active power
injections and nodal voltage magnitudes at PV-nodes). The proposed method
assumes the knowledge of the grid-model and relies on the resolution of unique
and full-rank linear systems of equations to compute nodal voltage SCs. Finally,
by knowing the nodal voltage SCs and the grid model, one can compute all other
desired SCs (e.g. branch current ones).

» Second, an application example of SCs is presented. More specifically, the problem
of securely reconnecting unbalanced islanded ADNs to their upstream grids at the
PCC is tackled. The process is usually called resynchronization and is split into two
process: steering the PCC downstream nodal voltages of an isolated ADN towards
their upstream counterparts and asserting nodal voltage phasors’ alignment on
both sides of the PCC to close the PCC-breaker. An algorithm is proposed for each
process. The first leverages SCs to approximately solve a three-phase OPE The
second makes use of the enhanced-Interpolated-Discreet-Fourier-Transform (e-
IpDFT) to extract and compare the per-phase nodal voltage phasors at both sides
of the PCC. Both processes are experimentally validated on a real-scale laboratory
microgrid.

e Third, a second application example of SCs is presented. More specifically, a novel
technique to render an intractable OPF problem solvable, is presented. The pro-
posed algorithms account for the uncertainties due to set-point implementation
by the resources’ controllers. The result of the proposed methods is the computa-
tion of optimal control setpoints that are admissible i.e. satisfies grid and resource
operational constraints for all uncertainties realizations.

2. Part 2 - Efficient methods for the safe operation of electric-vehicle-charging-stations

* First, a specific analysis is presented to quantify: (i) how uncontrolled EV charging
can affect ADN static operational constraints, (ii) how some EVCS can increase
grid-load-unbalances, and (iii) EV on-board controller reaction times. The analysis
leverages (i) a Monte-Carlo load-flow framework, and (ii) a small-scale experi-
ment using a non-commercial Type-2 EVCS connected to a real-scale laboratory
microgrid.
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¢ Second, a distributed real-time, i.e. seconds to minute scale, control framework
for EVCSs is presented. The framework consists in solving a three-phase OPF that
is: (i) augmented, i.e. accounts for EV user needs, (ii) approximated, i.e. leverages
SCs to linearize the power-flow equations, and (iii) distributed, i.e. its solutions
adopts the ADMM algorithm.

* Third, a day-ahead ADN DP generator, extending the work done in [6], is presented.
The proposed algorithm accounts for next-day load and generation stochasticity
through scenario-based optimization. It further considers that, in both day-ahead
and real-time stages both ESSs and EVCSs are controllable entities. The generated
DP is experimentally validated on a real-scale laboratory microgrid using the real-
time distributed controller of [6] augmented by an MPC-based variant of the EVCS
aggregator controller developed in the previous contribution.

Finally, in terms of document outline, Chapter 1 introduces part I of the thesis. Chapter 2
details the first contribution of part I. Chapter 3 details the second contribution of part I.
Chapter 4 details the third contribution of part I. Chapter 5 introduce part II of the thesis and
details the first contribution of part II. Chapter 6 details the second contribution of part II.
Chapter 7 details the third contribution of part II. Finally, the General Conclusion chapter,
concludes the thesis by summarizing the each chapter’s conclusion section and future works.
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|} Context

1.1 Introduction & Motivations

This part tackles the problem of controlling ADNs that contain unsymmetric and uncertain
resources. Unsymmetric grid resources are grid-connected entities whose absorptions are
unbalanced over the phases. The unbalance usually concerns loads that consume electric
power over a single-phase, e.g. Type 1 EVs that have on-board single-phase chargers. Uncertain
grid resources are grid-connected entities whose injections and/or absorptions are either
stochastic by nature or uncertain by design. Natural stochasticity refers to variable processes
that are not a result of the performance of a resource but from external factors, e.g. (i) P-V
power plants’ outputs are directly affected by the movement of the clouds and (ii) residential
load demands present a certain periodicity that is correlated to the inhabitants routines
and habits. The degree of uncertainty by design, instead, depends on the accuracies and
efficiencies of the system that controls a grid-connected resource, e.g. (i) setpoint tracking
inaccuracies and (ii) ESS-inverters’ output power dependencies on AC and/or DC-side nodal
voltages. Accounting for all above-mentioned uncertainties leads to more robust control
frameworks.

As previously mentioned, with the penetration of distributed generation and power-demanding
load units in electric-power-grids, the need for novel control frameworks is advocated by the
power systems technical community. Real-time control of power-grids has emerged as a
potential solution to efficiently compute optimal setpoints and thus quickly respond to the po-
tential uncertainties of the different resources. The later control frameworks can be achieved if
the resolution of multi-phase robust OPF problems is made computationally efficient. Indeed,
multi-phase non-approximated OPFs that include the AC non-linear power-flow equations
are known to be hard non-convex problems, which renders them practically impossible to
solve in real-time, e.g. at sub-second resolution times. Interestingly, as power-grid states
vary slower as the control timestep is reduced, using first-order Taylor linearizations of the
power-flow equations to approximate the highly non-convex grid operational constraints —
e.g. nodal voltage and branch current magnitudes within safety bounds — renders the security-
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constrained-OPF-resolution-times compatible with sub-seconds to seconds scales. Finally,
as known, OPs with convex objectives and linear constraints have unique solutions which
removes the issues of (i) non-uniqueness and (ii) sensitivity to the initial guess of the resolution
algorithms of non-linear problems.

To this end, this thesis’s first part focuses on a general (i.e. resource-agnostic) methodology to
linearize the power-flow equations and showcases its real-time control-enabling advantages
through two sub-second control examples. In the following, the details of the contributions of
the next chapters of Part I, are given.

1.2 Contributions of the next chapters of Part I

This part contains three contributions that tackle the above-raised issues. Each contribution
constitutes an upcoming chapter. In the following, a summary of the latter is given.

1. Chapter 2 The first contribution [7] consists in an analytical method to compute the
derivatives of power-grid controllable quantities (e.g. nodal voltages at PQ nodes, branch
currents, nodal sequence voltages, etc.) with respect to control variables, i.e. nodal
active and reactive power injections at PQ! nodes, nodal voltage magnitudes and nodal
active power injections at PV? nodes and nodal voltage magnitudes and phase-angles
at slack nodes. The latter are called SCs and can directly be leveraged to linearize the
power-flow equations (c.f. sec. 2). The proposed method (i) assumes the knowledge of
the grid model, i.e. branch parameters and grid topology, (ii) utilizes the grid states, i.e.
nodal phase-to-ground voltage phasors at all buses, coming, for instance, from a state-
estimator, (iii) computes the coefficients for all node-types (i.e. slack, PQ and PV nodes),
(iv) can be applied to power-grids with generic number of phases and topologies, and (v)
unlike what can be found in the literature, accounts for voltage-dependent nodal power
injections. It will become clearer further-on that this contribution is the theoretical basis
of all the other developments of this thesis as it enables a tractable inclusion of power-
grid operational constraints in optimal ADN management problems and, therefore,
answers to the increasing need for real-time control in power-systems.

2. Chapter 3 The second contribution [8] consists in an application example of the first
contribution. More specifically, the problem of the resynchronization of an islanded
ADN, in the presence of grid-unbalances, is tackled. Resynchronization is the process of
securely reconnecting ADNSs — e.g. microgrids — to their upstream grids at the PCC. The
latter has to be done with care in order to avoid large transient current flows resulting
from differences of nodal voltage phasors at both sides of the PCC. The active resyn-
chronization process can be split into two tasks: the PCC-control and the synchrocheck.
The PCC-control refers to the process used to steer the PCC nodal voltage at the ADN’s

1Buses where active and reactive nodal power injections are regulated (traditionally called load buses).
2Buses where nodal active power injections and nodal voltage magnitudes are regulated (traditionally called
generator buses).
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side (i.e. downstream) towards the PCC nodal voltage at the upstream-grid’s side (i.e.
upstream). The synchrocheck refers to the algorithm used to check the synchroniza-
tion (i.e. phasor alignment within tolerances) of the upstream and downstream PCC
nodal voltages. Methods for PCC-control and synchrocheck presented in the literature
commonly ignore the ADN’s operational constraints and rely on the assumption of a bal-
anced power systems. In this respect, first, an OPF problem is proposed to control ADNs’
resources in order to rapidly steer their PCC downstream nodal voltages close to their
non-controllable upstream counterparts. The proposed OPF is (i) linearized using SCs
and (ii) is solved approximately using a gradient-descent based algorithm to render it
compatible with real-time applications. Second, an IpDFT-based synchrocheck method
that verifies the alignment of all three-phases of both upstream and downstream nodal
voltages at the PCC, is proposed. The proposed algorithms of this second contribution
are experimentally validated on the CIGRE-low-voltage-benchmark-microgrid available
at the DESL at the EPFL where the results of the developed synchrocheck are further
benchmarked against the Schneider Electric’s Micom P143 grid relay.

. Chapter 4 The third contribution consists in an extension of the previous contribution
that further accounts for grid uncertainties. More specifically, as a preamble, the con-
tribution first presents an overview of stochastic grid control problems. In particular,
anon-exhaustive list of power-system uncertainties together with their mathematical
modeling techniques are presented. Furthermore, a synthesis of the different tech-
niques used in power-grids applications, dealing with the above-mentioned uncertain-
ties, is presented. The main focus of this section is the development of two real-time
ad-hoc algorithms that account for state-dependent-control-setpoint-implementations-
uncertainties. The first algorithm, denoted as the admissibility test, leverages SCs to
assert whether or not an optimal-control-setpoint, e.g. coming from any-OPF-based
framework, is admissible. Admissibility is guaranteed if the grid and resources’ opera-
tional constraints are satisfied for all possible-realizations — due to resource controllers
implementation inaccuracies — of an optimal control-setpoint. The second algorithm
is activated if the admissibility test fails. Its objective is to compute the closest (in
terms of Euclidean distance) vector of optimal-control-setpoints w.r.t. the optimal non-
admissible vector of optimal-control-setpoints given as its input. To do the latter, the
algorithm iteratively approximately solves a linear and tractable OPF problem. Both
tractability and linearizations of the OPF are achieved by leveraging SCs which, in turn,
renders the proposed method compatible with real-time controls. The algorithms of
this chapter, including the presented resource-uncertainty-models, are numerically
tested on a MATLAB-simulated-version of the IEEE-34 [9] node test distribution feeder
augmented with several controllable-resources.






y4 Analytical Computation of Power
Grids’ Sensitivity Coefficients with
Voltage-Dependent Injections

Keywords— Sensitivity coefficients, voltage-dependent nodal power injections, unbalanced power
grids.

2.1 Introduction & Literature Review

As power-flow equations are strongly non-linear, their linear approximations are used to create ef-
ficiently solvable constraints or objectives for OPF-based control of power grids. In practice, some
power-flow linearizations leverage SCs to link control variables (i.e. nodal active and reactive power
injections at PQ nodes, nodal voltage magnitudes and nodal active power injections at PV nodes and
nodal voltage magnitudes and phase-angles at slack nodes) to controlled variables (e.g. nodal voltage
magnitudes at PQ nodes and branch currents). SCs are formally defined as the partial derivatives of
controlled variables w.r.t. control variables. In the literature, the different SCs’ estimation methods can
be clustered in two categories: model-based and model-less.

Model-based SCs estimation methods rely on the knowledge of the grid model i.e. grid-topology
together with the branch parameters and the associated admittance matrix. Historically, the first
methods proposed to compute SCs relied on the inversion of the Jacobian matrix of the LF problem (e.g.
[10]). For computational efficiency, the latter were replaced by methods that only rely on the knowledge
of the grid model and its state. In [11], using a fixed-point approach and under the assumption of
constant nodal power injections, the authors were the first to propose a method that does not rely on
the Jacobian-matrix inversion to determine nodal voltage SCs for PQ nodes. Then, in [12], authors
present a method based on solving linear systems of equations to compute voltage SCs for PQ nodes.
They rigorously prove the applicability of the method to unbalanced radial electrical distribution
networks in the presence of voltage independent nodal power injections. More recently, in [13], using a
decentralised LF expression that assumes a radial network topology and the absence of shunt elements,
authors proposed a closed-form expression to compute nodal voltage magnitude SCs for PQ nodes.

Model-less SCs estimation methods rely only on measurements and assume no knowledge of the grid
model. In [14], authors present a least-squared-based identification method to compute nodal voltage
SCs. Their method considers the presence of measurement noise. In [15], compared to [14], authors
went a step further by accounting in their regression for cross-correlations between nodal power
injections. In [16], the authors rely on a least-squares-based method exploiting the analytical relation

11
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between nodal active and reactive power injections and the squares of nodal voltage magnitudes. The
method neglects shunt elements and is only applicable to radial distribution networks. More recently,
in [17], authors present a robust technique leveraging recursive-least-squares to compute nodal voltage
SCs. The estimation is done online and is updated as soon as new measurements are available. Finally,
itis worth mentioning that the load dependence on voltage fluctuations is inherently taken into account
in SC model-less estimation techniques unlike in model-based SC estimation techniques, where it has
to be explicitly included in the problem’s equations.

To our knowledge, no model-based method that derives all-node-types (i.e. PQ, PV and Slack) SCs
considering voltage-dependent nodal power injections and three-phase unbalanced networks can
be found in the literature. In this respect, we present a model-based technique that relies on solving
systems of linear equations to compute all-node-types voltage SCs and that accounts for generic voltage-
dependency of nodal power injections. The method is applicable to polyphase networks with any grid
topology (i.e. radial or meshed), allows users to compute SCs w.r.t. to any selection of control variables
and relies solely on the knowledge of the grid model and its present state (e.g. can be coupled with a
state estimator to feed suitable control applications). Finally, we present an exhaustive list of all SCs, e.g.
the magnitude, phase-angle or complex coefficients of branch current, sequence voltages and nodal
currents, that can be derived from nodal voltage SCs using the known grid model (see Section 2.2.4).

The structure of this chapter is as follows. Section 2.2 introduces the problem formulation. Section 2.3
presents the proposed method to compute all-node-types nodal voltage SCs considering a generic
voltage-dependent power injection model. Section 2.4, presents a formal computational analysis of the
proposed method. Section 2.5, first presents benchmarking processes to validate the computation of
nodal voltage SCs and then, using the latter, shows a numerical validation of the proposed method
performed on the IEEE-34 test distribution feeder [9]. Finally, section 2.6 concludes the chapter.

2.2 Problem Formulation

2.2.1 Grid Model

In this chapter3, electrical networks are assumed 3-phase (denoted as a, b and c), with |.4| buses,
where A/ is the set of bus indexes. 22 c ./ is the set of PQ nodes. &7 c ./ is the set of PV nodes.
& c N is the set of slack nodes. Without loss of generality and assuming that zero-injection nodes can
be modelled as PQ nodes, we have &/ = P2 U PV UL and |P2|+ |2V |+ || =|A]|. The network
is described by the so-called, assumed to be known?, compound admittance matrix [19] given by
¥ e 3PN = (79 i ne A and Ve, € {a, b, c}.

The relation between phase-to-ground nodal voltages E = [E7, E{’, ES,-- ,Efm, Ef/v‘,
injected currents I = [I%, IV, ¢, - ’IIJV\jI?/Vlj\f/VI] is given by, I = YE. By relying on the assump-
tions of [20], namely that different branches are not electromagnetically coupled and have non-zero-
admittances, network branches can be represented by 3-phase I1-circuit equivalents as in Fig. 2.1. Thus,

E‘CJ”] and, nodal

3In the following, matrices and vectors will be denoted in bold (e.g. M), complex numbers will be denoted
with an upper bar (e.g. ¥ = |X|exp(jZ£ (X)) = R{x} + jS{x}) and complex conjugates with a bar underneath (e.g.
X = conj(X) = |X|exp(—j£ (X)) = R{x} — jS{XD).

4The knowledge of the grid-model is an assumption that is recurrent all throughout this thesis. The study of
the needed accuracy of the model for the proposed methods to work properly is outside the scope of this thesis.
However, for completeness, we refer the interested readers to the work presented in [18] where authors quantify
the error propagation of branch parameter uncertaintites.
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Figure 2.1: Schematic representation of a generic 3-phase network branch

a branch current I;;, can be expressed as follows:

N I 1 A N | D
Lin=|12|= Yo, || E? |- | EL || + Y71 | EP |, @.1)
Ik, )\ B

where ¥;, € C3*3 and Yr,, ; € C**3 are respectively the 3-phase longitudinal admittance between
nodes i € A and n € 4 and the 3-phase shunt admittance between node i € 4" and the ground.
Consequently, the nodal apparent power injections 8§ = [Sf, S{’, Sf, .. ’SI?/V\’ g|bm/|’ Sﬁ/VI]' with S? = P;b +
jQ;.p where P;p and Q;.P are, respectively, the nodal active and reactive power injections for node i € A

and phase ¢ € {a, b, c}, can be expressed as,

P=E Y Y'E! icN pelabc). 2.2)
newy,
¢'efa,b,c}

2.2.2 Voltage-Dependent Power Injections Model

A generic nodal power injection model is considered to encapsulate voltage-dependency. It is given by:

PP o= By, T aBN
(@en? 2.3)
Q = Q) X PEP’ ‘
(ﬁ,w)eQ‘f

where P(‘)p ; and Qg’ ; are respectively the reference active and reactive nodal power injections, at node

i € & and phase ¢ € {a, b, c}, at nominal voltage. A(f and Qip are sets containing couples of constant
weights and exponents (usually in the range [0; 3] [21]). Note that, the widely-used ZIP and exponent
injection models [22] are, with the right constant and exponent sets, instances of (2.3). In this respect,
we consider (2.3) as the most general form of voltage-dependent nodal power injections. Finally, for
completeness, it is worth mentioning that the estimation of the parameters Az.b and ij is considered
outside the scope of this thesis®. Indeed, the latter are considered given.

SWe refer the interested reader to [23-25] where online and offline methods for estimating the injection model
parameters, are presented.

13



Chapter 2. Analytical Computation of Power Grids’ Sensitivity Coefficients with
Voltage-Dependent Injections

2.2.3 Voltage SCs for all node types

In control applications, the targeted control variables depend on the type of node. For slack nodes
the control variables are the magnitude and phase-angle of the nodal voltages (i.e. IEgl and / (Ef),
Vke& and VO € {a, b, c}). For PQ nodes the control variables are the nodal active and reactive power
injections at nominal voltage (i.e. P(‘f ; and ng p V9IeP2 and VO € {a, b, c}). For PV nodes the control
variables are the nodal active power injections at nominal voltage and the magnitude of the nodal
voltages (i.e. Pg?m and IE%L Vme2P¥ and V@ e {a,b,c}).

. . . oE?
The method here proposed aims to compute nodal voltage SCs w.r.t. any control variable, i.e. 5,

with X € {|EP1, 2 (ED), P2, Q¥ P, |ESI} where i€ ¥, ke ., [ 22, me 2V and ¢, D€ (a, b,c)),
as, knowing the grid model, once the nodal voltage SCs are computed, all other control-application-

relevant-auxiliary-SCs can be analytically inferred (see Section 2.2.4).

2.2.4 Auxiliary SCs

From the grid model and the nodal voltage SCs one can analytically infer the SCs of any auxiliary elec-
trical quantity (e.g. nodal currents, branch currents, slack powers and sequence voltages/currents). As-
suming that ¥ is invariant to control variables’ changes, the nodal current SCs can be computed by tak-
ing the partial derivative of I = Y E w.r.t. any control variable. Similarly, the branch current SCs can be
computed by differentiating (2.1) and the slack power SCs can be computed by differentiating (2.2) for
i € . Knowing that the sequence-to-phase transformation matrix Hsea—>abe — (1, 1,1; k% h,1; h, W2, 1),
where h = exp (j27/3), and its inverse H3°°~>%¢4 are invariant to control variables’ changes [26], any
sequence (i.e. positive, negative and zero triplet) quantity can be computed by taking the partial deriva-
tive, w.r.t. any control variable, of W%¢4 = Habc=>sedgrabc with Wab¢ peing an arbitrary unbalanced
three-phase set of phasors (e.g. (Elf‘; Ef’; El.“), (fl.“; ff’; I_f) or I, for i,n € &), and W4 being the latter’s
sequence-domain equivalent.

2.2.5 Complex, magnitude and phase-angle SCs

The analytical relationships between complex (), magnitude (|*]) and phase-angle (£ (s)) SCs are given
by (2.4).

ox _ \slax 1 Tax
6|3| 1 .
= — . 2.4
X |=|%{-6X} @
0/ 1 (\{ : }
ox a2 tox

With « being any controlled electrical quantity (e.g. nodal voltages, nodal currents, sequence voltages
and currents, branch currents and slack powers) and X € {IEl‘fl,A (ED), Py, Qg’l,P(‘fm, |E%|} where
ke #,1eP2, me PV and ¢, D € {a, b, c}, being any control variable.

14



2.3 Method

2.3 Method

As said, the proposed method aims at computing the nodal voltage SCs w.r.t. any control variable
oE? _ _ _
(ie. S, with X € {|BP1, £ (ED), P, Q) PL, |ESI} where i € ¥, ke #, | € 22, me 2V and

¢, ® € {a, b, c}). Assuming that slack nodal voltages are ﬁxedﬁ, i.e. cannot be influenced by control
variables other than their own), the nodal voltage SCs of slack nodes can be directly computed as

0 ifxE{pgjl,ngl,

w mp )

ax ~dueX)= I]i:_g{exp(jé(E;p)}ifXE{IEgI} (2.5)
bick, {JE{} if X € {£ (E®)}
-0

where i,k € &, l € P2, me PV, ¢,® € {a,b,c} and [, {A} is a function equal to A if all boolean
conditions ¢ are met or zero otherwise.

For the remaining nodal voltage SCs (i.e. %ixf with i € 227 U2 2), we propose solving a system of linear
equations per control variable (i.e. X). The first step to get the latter is to differentiate (2.2) and (2.3)
ViePVUPL2 and V¢ € {a, b, c} w.r.t. a control variable; with some rearranging and using (2.4), this
leads to the system of 3|227| + 3|222| equations given by

¢ 5
opY, _ 0 OIEY]
(ﬁ Y B +p) Y adlEP /L |+

(@en? (@Aen? 0X
o) i i 0\E?|
i , ¢ ¢ P w-1 —
J(W Y BIEI+Qy; X PelEITT o | = : 2.6)
(Bw)eQ? (Bw)eQ?
- ' £ o
s Ryl AEN 1 aE 0/(E}Y) os(EY)
wey M TTEY 0XEY) oX X X
¢'e{a,b,c} ! "

By taking the real and imaginary parts of each equation in (2.6), i.e. R {(2.6)} and 3{(2.6)} Vi € 2V UP 2
and V¢ € {a, b, ¢}, using (2.4) and (2.5), and, assuming that a control variable cannot be influenced by
another control variable [12], i.e.

lype, (1} ifieP2

b i=l,
0,i . _
L= fi, ¢, X) = p=0 , 2.7
0X JAULZRS ly_pe {1} ifie2?V @0
. 0,m’
i=m,
P=2

6This remains applicable in situations with multiple slack nodes as the power distribution ratio between
different slack nodes has to be fixed. As a result, their respective nodal voltages can be fixed.
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2 "ij?l&»{” ifie?2
S =g, X) =1 4o , 2.8)
0X oo
e ifi e 2V
AIEY| e
6|E§"|_h_ o) % itie»
X (i,, X) = "X.:\E%L{l} ifie?y , (2.9
i=m,
o=

withle 22, me &7 and k € ¥, one can obtain the system of equations (2.10).

Fa,0.% Y alEl+PY Y adlEM hi,¢,X)

(@, e’ (@, )eA?
R{E 02 (EY)
= — " h(i, ¢, X) - S{FI L —
neZJv E?| i 0X
¢'ela,b,c}
2’ ¢’
R{F . 0/|E
+ Y Mh(n,¢',X)+%{F&¢}M
nezgury  |EY | X
¢'ela,b,c}
R {9 S3z4d
+ ) M%{r(n,¢/,X)}+Mi‘s{r(n,(p/,X)}
ney  |EY)2 |EY')2
¢'ela,b,c}
{ (2.10)

g, X) Y, BIEN+Q), Y BwlEY1°T hii,¢,X)
(ﬁ,w)eﬂ‘ib (ﬁ,w)(—:Q‘f

os(E}) sl

- i ¥a4d = (i, ¢, X)
I M S g,
¢'ela,b,c
os/(BY) sl
- ¥ %{Fﬁip} ( ”)_ {;7 }h(n,¢>',X)
nePLuUPV X |E;; |
¢'ela,b,c}
ol P
RIF! SIF!
-y —{ - }%{r(n,¢',X)}— { - }%{r(n,(/)’,X)}
e B PR |Ef 12
¢'efa,b,c}

Where FY? = E?y?? EY and r(n,¢/, X) = E}, d(n, ¢/, X). The system (2.10) contains 2x (3|27 +3|2.2])
& ;¢ os/(E?
. S . . 0Qy; . OlE]| . i ,
equations, is linear in terms of the variables 53 Vi € 2V, 3~ Vi € 22 and —35— Vi € P2 U

?1vi V¢ and

o

PV, V¢ € {a,b,c}, and has as many variables as equations. Using the notation |o;
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2.3 Method

/
O?f ] Vi,Vn,Y¢,¢' to, respectively, denote column vectors composed of the elements o(l.p and ma-

trices composed of the elements o(f;f , the system (2.10) can be written in the form Ax(X) = w (X),
where A = (A11, A2, A13, A14; A1, A22, A3, Azs; A31, A32, A33, A3za; Ag1, Asz, Ag3, Asga),

with,

Ay = 01221x127

R{EN
Ap=||——5—|VieP2, Vne 22, Y, ¢ €{a,b,ct |+
|Ep |
] e
diag —Pffi r ¢aA|E§bI"*1+ Zﬂ —{‘%}
(@, Ve (DIZ{Ea,b'C} !
Vie P2, Vpeia,b,c}
Ayz = ([s{ﬁi‘ﬁj’"}] Vie P2, Vne P, V¢’ € labc)+
diag| |- ¥ S{F}| view2, vpeiaba
neN
¢'efa,b,c}

A =[s{E}
Apy = 0PV 1127

ViePD, Vne PV, Yo,¢' €la,b,c}

R{ES |
Agp = = YiePV,VneP2, Y,¢' €la,b,c}
n
Apz = [s{ﬁﬁf’}] Vie PV, Vne P2, Vo, ¢ €la,b,c} (2.11)
Ao =([S{EX Y| vie oy, vne 2V, vo,¢' € la b cl)+

R
diag( - > %{Fﬁl‘b'} Yie PV, Vpeiab,c
neN

¢'ela,b,c}
Agy = 022XV
| ,
Agp=| | ——— | Vie P2, Vne P2, Vo,¢' elabc |+
|Ey, |
_ aud
dine| [Q0 T polET e ¥ {lé’;}
ag (Bw)eQ? ¢>’2{€&,/Z,c} i

VieP2,Vpeia,b,c}
Ass = ([-m{ﬁ;ﬁl“"}] Vie P2, Vne P2,V ¢ €lab, c}) +

diag| | Y m{ﬁ;{f’} Vie P2, Vpe la,b,c)
neN
¢'ela,b,c}
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s =|-R{EN Y| viep2, Vne 2V, v, ¢' € la b}

Ay :diag( - ) ﬁ|E;"|‘” Vie PV, V(pe{a,b,c})
(ﬁ,w)eQ‘ip
lird ,
Ay = 7 ViePV,Vne P2, Vo,¢ €{a,b,c}
n

Agz = [—é}z{ﬁj‘;“”'}] Vie PV, Vne P2, Vo, ¢ €la,b,c)
Au=([-R{E viewy, vne v, vp,¢' e ta,b,c})+
diag > %{Fﬁfb/} Vie PV, Vpeia,b,ch

neN
¢'ela,b,c}

where 011*2 c R1*% js a matrix of zeros and diag (v) being an operator that creates a diagonal matrix
from the vector v,

aQ?.
a)%l Yie PV ,Vpla,b,c}
AELI] .
e Vie2P2,Vdpeia,b,c}
x(X) = GZ[E(.P) y (212)
o~ | Vie22,Vpela,b,c}
/()] .
X Yie PV Npeia,b,c}
and, w (X) = (w1, wp; w3; wy), with,
PP
wy=|ly_po {1} Y alE]|
i=l (@Ne?
$=0
ol
Z MH -
_ ' X=|Ep,|,
wewy 1B Nl (2.13)
¢'ela,b,ct '=®
R{F} Con . SRS ,
———R{r(n, ¢, X} + ——S{r(n, ¢, X}
wer BV B 12
¢'e{a,b,c}

Vie2P2,VYdpeia,b,c}
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wy=|l_pp (1} Y alES P+
i=m, (a,l)eA‘f
=0

o} P -1
Po; 2. aME1 ype; (1)-
(@en? i=m,

newy |El | i=m, ’

— R {r(n, ¢, X))+ —— =S {r(n,¢/, )}
nes  |ES |2 \EY |2
¢'efa,b,c}

Vie PV Npeia,b,c}

wy=|ly_ge 1 Y PIE]I-
i=1, (ﬁ,w)eﬂ‘f
P=0

/
nez@v |E$ | n=m,
¢'ela,b,c} ¢'=0

n
———R{r(n,¢', X0}
|E5 12

Fpe’
Q4 F!
— 2S¢, X0} - { }
new  |EY)?
¢'e{a,b,c}

VieP?2,Vpeia,b,c}

wy = fo,- > ﬁle;ﬁ‘”‘luX:IE%l'{l}_

(Bw)eaf pui
¢’
)y oA }ﬂ m
= X=|ED|,
v N c13 B
¢'e{a,b,c} =0
=h¢’
S{Fin }
>y I]X= E%‘, {13+
ne@y |Ey, | n=nm.
¢'ela,b,c} =P
e 09’
R{E } o SUEYY ,
_d)/ C\‘s{r(n,(,b,X)}—_—,%{r(n,gb rX)}
ner  |E; |? |EY |2
n n
¢'efa,b,c

Vie PV Npeia,b,c}

Note that A is independent of the chosen control variable while w (X), on the other hand, is.
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To summarize, the proposed method consists in numerical evaluations and subsequent
solutions of linear systems of equations to compute nodal voltage SCs for all node types. All
the needed steps are summarised in Alg. 1. Finally, it is worth noting that the solvability of each
linear system of equations Ax (X) = w (X) is not studied in this thesis. However, each system
has as many equations as it has variables and, through numerical simulations, seems to have
a unique solution when the grid state is meaningful (i.e. the state exists within solvability
bounds of the power-flow equations c.f. [27]).

Algorithm 1 Method to compute nodal voltage SCs

1: Get state of the grid, i.e. E;P Vie N and V¢ e {a,b,c}
2: Construct A using (2.11) and the state of the grid;

3: for all Desired control variables X do
4

¢
i  Compute nodal voltage SCs for slack nodes (i.e. 6%, Vie S, Ve {a,b,c}) using

(2.5);

ii ~ Construct w (X) using (2.13) and solve the linear system of equations Ax (X) = w (X);

i
iii ~From x(X), get the nodal voltage SCs for PQ and PV nodes (i.e. %i)g, ViePLQUPY,
V¢ € {a, b, c}) using (2.4);

iv  (if needed) Compute auxiliary SCs using nodal voltage SCs as explained in Sec-
tion 2.2.4.
5: end for

2.4 Computational Complexity & Scalability

The computation complexity and scalability of an algorithm can be determined by studying
the amount of memory and number of arithmetic operations used until its convergence.
When it comes to memory, Alg. 1 requires storage space that is dependent to the number of
nodes in the system. As a result, the proposed method’s memory usage will scale linearly for
vectors and quadratically for matrices, as the network size (i.e. number of nodes) increases.
When it comes to arithmetic operations, Alg. 1 requires, for a given state, (i) constructing A
once, (ii) for each control variable, constructing w (X) and solving Ax (X) = w (X). Tables 2.1a-
2.1e show the number of arithmetic operations needed to construct, respectively, A and
w (X). Itis clear that the number of operations needed to construct the sub-blocks of A and
w (X) scale at most quadratically as the network size increases (see Sec. 2.5 for an example of
computation times’ achieved on the IEEE-34 feeder [9]). The number of arithmetic operations
needed to solve each linear system of equations, using for instance Gaussian factorization, is
(o} ((2 B|22| + BIQ?’VI))3). Finally, it is worth nothing that further investigations, e.g. matrix
factorization, into the solving of each system was left for future works, however, for the
interested reader, we recommend reading [28] to get insights on the newest methods and

"We refer the interested reader to [12] — where, as previously stated, a similar method was presented — for other
numerical values of computation times.
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achievable performances when it comes to solving linear systems of equations.

2.5 Validation

In order to numerically validate the proposed method, two different benchmark processes
were used. The first consists in inverting the Jacobian matrix of the power-flow equations
obtained by taking the real and imaginary parts of (2.2) where the LHS is replaced by (2.3) and
the nodal voltages and elements of the admittance matrix are expressed in polar coordinates.
Y
Using (2.4) and the sub-matrices of the inverted Jacobian one can obtain af@ , ; 5,1) and
B
ap,p W WViePYuP2, Ve P2, Vme PV and V¢, D € {a, b, c}. The second benchmark

consists in performing subsequent LF computations using the latter voltage-dependent power-

flow formulation and its associated Jacobian. In between the subsequent computations,
small variations in the remaining targeted control variables are applied, and thus the nodal
voltage SCs are approximately computed by taking the ratio of the subsequent nodal voltage
(magnitude and phase-angle) variations over the subsequent control variable variations AX
(see Section II-A in [14]). In order to increase the accuracy of the obtained approximated
SCs, each variation of control variables is done separately (i.e. all other control variables
remain constant in between subsequent LF computations). Note that, the reason the second
benchmark is needed is due to the fact that the inversion of the Jacobian matrix does not make

¢ OB oE!
alE“’I 6|E“’| and M(Eq,) ViePVUuPL,Vke S  VmePV and V¢, D€ {a,b,c}. Itis

worth underhnlng that the second benchmark can lead to inaccurate results if the control

available

variable variations are not small enough. Indeed, the smaller the variations, the better the
variations ratio approximates the SCs.

The simulations were performed on MATLAB? using the IEEE34 bus feeder without the reg-
ulators [9]. The Jacobian and network state were computed using the NR algorithm with a
stopping criteria of 1078 p.u. for the NR-intra-iteration residuals of all quantities that need
to be imposed (i.e. control variables). For a specific network state, the results of the first and
second benchmarks are reported in Tab. 2.2 and Fig. 2.2 respectively. All errors, i.e. absolute
differences between the proposed method and benchmarks, are, at most, of the same magni-
tude set for the tolerance of the NR algorithm. For completeness, in this simulation, step 2 of
Alg. 1 took around 1ms and, for each control variable, steps 4.i-4.iii took on average 0.275ms.
Finally, all MATLAB scripts (simulation example and sub-functions) can be found open-source
at https://go.epfl.ch/SCs.

2.6 Conclusion

This chapter illustrated an analytical method to compute all-node type (i.e. PQ, PV and slack)
nodal voltage SCs w.r.t. to all possible control variables in a power grid (i.e. nodal active

8Ran on a Macbook Pro with 3.5 GHz Dual-Core Intel Core i7
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Table 2.1: Number of Arithmetic Operations i.e. sums/subtractions (+/—) and multiplication-
s/divisions (x/+) to construct A and w (X)

(@ A
An Ar2 A3 Ay | A2 Az
R 31221 (|A71+1.41) 322/ | 0 | o 0
x/+| 0 | 3122I(3122]+ |1 +2/A?|+1) 0 0 | o |az2127
(b) A - continued
Az3 Az A3z Asz2 As3 Aszg
/-] o [3@riH]| 0 312211001 +1./1) 31221141 | 0
x/+ | 0 0 0 | 312231221+ .41+2107+1) 0 0
(c) A - continued
Aq Ay Ays Ay
+1- | 3121 (10f1-1) 0 0 | sV
x/+ | 3l27IQfl | 922127 | o 0
@ w0
P P O]
|E;| 2 (Ey) Py
+/—= X[+ +/- x [+ +/- x [+
wi | 6122((171-1 | 182217 | 61221171~ 1) | 18122I1%] | IA1-1 | 1A?1+1
wy | 612V1(F1-1) | 18I2VIIF] | 6127V[(F1-D | 18PVIF] | 0 0
ws | 6122((F1-1 | 1822(17] | 61221(1#-1) | 18122I1#] | 0 0
wy | 612711F1-1) | BI2VIIF] | 6127V [(F1-D | 8PVIF] | 0 0
(e) w(X) - continued
Qg:,'l P(()I?m |E%|
+/= x [+ +/— x [+ +/- x [+
wi | 0 0 0 0 0 3122
wy | 0 0 [ IA?1=1 [ 1a%1+1 | 1A%1+6127 | 31A71+6127 | +1
ws | 19911 101+1] o 0 0 3122
wi| 0 0 0 o |19f1+61271 | 31071+6127|+1
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Table 2.2: RMS and max differences between Alg. 1 and first (Jacobian inversion) benchmark

0] ® 0]
P ,1 QO,I PO,m
RMS | Max | RMS | Max | RMS | Max
OIEY
20 11079 | 108 | 10710 | 1078 | 107° | 102
as(E!
6(X’) 1078 | 1077 | 107 | 1078 | 1078 | 1077

Max of the error difference «10% Max of the error difference

12
0.08+ = — 1 L
—o[E7| [ 0B 00 =aE euE
I —OL(E]) / O|E}| ] 8t | —OLE?) ) OL(ED
0.06 oIB°| | 0| (EY) / 0L(Ey)
0.04! —0UEY) | 0|E;)| 6
4 L
0.02 ol
10 10t 1072 10 1072
A|Eg’| or A|E2?| [p.u] AZ(EE,’) [rad]
RMS of the error difference «10% RMS of the error difference
—o\EY| ] 01EF] > [—alE| / 0u(ED)
0.03t —0L(E?) | O|E?| 41 —OL(E}) | OL(E})
I|EY| / 9|ED|
0.02} —aL(EY) | 0|EY| 3
2 L
0.01+
1 L
10 10t 1072 107 1072
A|Eg’| or A|E?| [p.u] AZ(E,?) [rad]

Figure 2.2: RMS and max differences between Alg. 1 and second benchmark

and reactive power injections at PQ nodes, nodal voltage magnitudes and nodal active power
injections at PV nodes and nodal voltage magnitudes and phase-angles at slack nodes). The
proposed method relies on the knowledge of the grid model and state, algebraic evaluations
and the solution of a linear system of equations to determine nodal voltage SCs w.r.t a user-
defined control variable. In this respect, the user can compute the latter for any selection
of control variables. Furthermore, since the grid model is assumed to be known, the user
can directly infer other (c.f. section 2.2.4) SCs that can, as previously explained, be used
in the context of objective or constraints linearization in power grid control problems (e.g.
constrained OPFs). The chapter further includes numerical benchmarks (performed on the
IEEE-34 feeder), a complexity analysis and a MATLAB implementation of the proposed method.
Results confirmed that the proposed method is accurate, scalable and easy to implement. It is
worth noting that further research can be done to investigate the properties of the matrix A in
order to: (i) explore matrix factorization to potentially increase computational speeds, and, (ii)
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find the conditions (if any) that guarantee the uniqueness of the solutions of the linear systems
of equations in step 4.ii of Alg. 1 (i.e. conditions that A is full-rank). Finally, the applicability of
the proposed method is showcased in all subsequent contributions of this thesis as all of its
OPF linearizations leverage the use of SCs.
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Keywords— Active distribution networks, Island Resynchronization, Synchronism check, Unbalanced
Three-Phase Control.

3.1 Introduction & Literature Review

ADNSs, e.g. microgrids, are small power grids for electricity distribution hosting dispersed power
generation, demand-side management and energy storage devices. ADNs can be controlled and
operated in either grid-connected-mode, i.e. connected to an upstream network at the PCC, or islanded-
mode, i.e. disconnected from the upstream network. The latter configuration represents a solution to
guarantee the continuity of supply when the upstream network is experiencing faults or outages that
may propagate downstream [29]. In practice, a reconnection to the upstream-grid is inevitable due to
lack of supply and/or sufficient energy storage. The transition between the two modes must be handled
carefully. In particular, during a resynchronization process (i.e. islanded to grid-connected), it is
important to ensure that the three-phase nodal voltages on both sides (i.e. upstream and downstream)
of the PCC are within security bounds in terms of magnitudes, phase-angles and frequencies, before
closing the PCC breaker [30]. In other words, ensure nodal voltage phasors synchronisation and
alignment needs to be insured before the reconnection actuation. Failing in doing so may provoke
large current transients that can damage the ADN’s equipment.

As explained in the IEEE std. on distributed resource island systems (e.g. islanded ADNs) [29], the
resynchronization process can be done in three ways: open-transition, passive and active. Open-
transition resynchronization refers to the complete denergization of the ADN before reclosing the
PCC breaker. Passive resynchronization relies on constantly checking the alignment of the upstream
and downstream PCC nodal voltages and only closing the breaker if they are synchronised, without
the need to denergize the local —i.e. downstream — grid. The algorithm used to detect the PCC nodal
voltages synchronization is referred to as synchronism-check or synchrocheck and its function is "the
determination that acceptable voltages exist on the two sides of the circuit breaker, and the phase-angle
and frequency difference (slip) between them is within a specified limit for a specified time." (c.f. [31]
for details on when this functionality is needed and how it is configured). Active resynchronization
refers to frameworks with a control mechanism that actively steers the PCC downstream nodal voltages
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in order to synchronize them with their upstream counterparts. The latter control mechanism is
hereinafter referred to as PCC-control. It is interesting note at this point that, even though open-
transition resynchronization is the safest option in terms of avoiding current transients, the focus
of this thesis and the preferred resynchronization strategy is the active method as it guarantees a
quick reconnection that, if done properly, does not interrupt the ADN’s continuity and deteriorate
quality-of-supply.

In the literature, methods tackling the problem of PCC-control can be clustered in two categories: single
and multiple device-based frameworks.

Single device methods rely on having a specific device connected in close proximity to the PCC aiming
to locally control the downstream PCC nodal voltages. Traditionally that device was a synchronous-
generator-based-resource whose speed (i.e. frequency) and nodal voltage magnitudes could be con-
trolled, respectively, through their, governor and automatic-voltage-regulators. For instance, in [32], a
dedicated DG is proposed to be installed in order to locally align the nodal voltage phase-angles and
frequencies at both sides of the PCC. Another example is in [33] where authors propose to control the
DG through an adaptive-droop-control-strategy to adjust the frequency, phase-angle and amplitude of
the downstream PCC nodal voltages. Alternatively, non-generator-based-dedicated devices used for the
resynchronization process were also proposed in the literature. For instance, in [34], authors suggest
to connect a controllable capacitor-bank near the PCC in order to locally alter the downstream nodal
voltages through reactive-power compensation. Even though such solutions relying on one physical
device may work well, the fact that ADNs are not expected to resynchronize frequently, renders this
solution costly as most dedicated devices may remain idle for long periods where a resynchronization
is not needed (e.g. when ADNs are grid-connected).

Multiple device methods rely on controlling one or more resources already present in the ADN in
order to steer the PCC downstream nodal voltages. In [35] authors present a PID-based active resyn-
chronization method where a central controller generates set-points for DGs that are assumed to be
controlled using their respective droops. In [36] authors present a distributed active synchronization
strategy relying on PID-based transfer function control. To ensure better post-resynchronization be-
havior they consider the ADN'’s voltage unbalances by extending the typical criteria listed in [30] to
include harmonics and nodal voltage negative-sequence limitations. In [37], a distributed PI-controller-
based active resynchronyzation method is proposed where DGs cooperatively communicate with each
other to adjust their local droops in order to collectively steer the downstream PCC nodal voltages
towards their upstream counterparts. Similarly in [38], authors present a distributed consensus-based
phase-angle droop-method for DGs to perform PCC-control. Additionally, it leverages the use of
phasor measurement units (PMUs) to get accurate measurements of the phase-angle of different nodal
voltages.

In most of the above works the synchrocheck functionality is implemented through PLL-based algo-
rithms that measure both nodal voltage phase-angles and frequencies in conjunction with standard
nodal voltage magnitude measurements. In the specific literature on synchrocheck most works do the
same, however, some present alternative methods. For instance, in [39], the authors present a method
leveraging low-pass filters, voltage zero-crossing detection coupled with a digitizer to, first, measure
nodal voltage magnitudes, phases and frequencies, then, actuate a breaker in case of synchronism.
More recently, data driven approaches have been proposed. For instance, in [40], a learning-based
classification method is proposed to detect phasor synchronization. Alternatively, in [41], a method
is proposed to detect phasor alignment by comparing the correlations of the different analog nodal
voltage signals over several periods.
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In all the above PCC-control frameworks, authors ignore the downstream-ADN’s operational, i.e. static
and power quality constraints (i.e. branch currents magnitudes, nodal voltages magnitudes, ratios
of nodal voltages negative- over positive- sequences and zero- over positive- sequences, all within
predefined bounds). Furthermore, even though PMUs are seen to be the future backbone for ADN
automation [42], none of these works explicitly use PMU measurements to detect the synchronisation
of both upstream and downstream PCC nodal voltage phasors. Indeed, some use PMUs in order to
get accurate measurements of nodal voltage phase-angles but it remains unclear whether PMUs are
directly used in the synchronism-check. As a result, this chapter proposes: (i) a centralised optimal-
power-flow (OPF)-based algorithm to control an ADN'’s resources to steer the PCC downstream nodal
voltages towards their upstream non-controllable counterparts, and (ii) an [pDFT-based synchrocheck
method that checks the alignment of all three-phases of both upstream and downstream nodal voltages
at the PCC. Both contributions are experimentally validated —i.e. an active resynchronization using
both contribution was achieved within 1-2 seconds — on the CIGRE low-voltage benchmark microgrid
available at the DESL at EPFL, referred to hereinafter as EPFL-DESL microgrid, where the results of the
developed synchrocheck are further benchmarked against Schneider Electric’s Easergy Micom P143
grid relay [43].

The rest of the chapter is structured as follows. Section 3.2 schematically presents an overview of
the chapter’s contributions. Section 3.3 contains the details of the proposed PCC-control strategy.
Section 3.4 presents the proposed synchrocheck algorithm. Section 3.5 first presents the experimental
setup, then, shows the experimental validation results of both proposed contributions. Section 3.6,
synthesizes the chapter’s findings.

3.2 Schematic Overview

SYNCHRO

State

GRID | | ADN-CC
I PCC | setpoints
UP DOWN

Figure 3.1: Resynchronization schematic overview

As discussed in the IEEE std. for ADN controllers [44], the reconnection of an ADN to its upstream
network requires the four steps reported in Tab. 3.1. The proposed active resynchronization framework
deals with steps 1 and 2 of Tab. 3.1 while also trying to guarantee smoothness and minimal effort for
the fulfilment of steps 3 and 4. Fig. 3.1 schematically demonstrates the contributions of this chapter.

The first contribution is the ADN-CC that aims at steering, over several control timesteps, the down-
stream nodal voltages at the PCC towards their upstream target counterparts while accounting for the
ADN’s operational, i.e. static and power-quality, constraints. This entails that the ADN is protected
pre- and post-reconnection as invasive actions, e.g. non-essential load-shedding that will need to
be restored post-resynchronization, are implicitly minimized. Therefore, the PCC-control algorithm
running on the ADN-CC deals with steps 1 & 2 of Table 3.1, but also minimizes said-restorations of
step 4. As seen in Fig. 3.1, the ADN-CC needs as an input the ADN’s-state, provided, for instance, by a
centralised monitoring system (CMS), and, outputs setpoints for the ADN’s controllable resources (c.f.
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Table 3.1: Reconnection steps proposed by the IEEE std. for ADN controllers

Steps Action
1 - Initiation Match PCC nodal voltage phasors within
prescribed limits
2 - Returning Set local controllers and protection devices
through appropriate setpoints
3 - Grid-Connected Close PCC-breaker to reconnect
4 - Normal Operation | Transition to grid-connected control and
restore non-critical loads

Sec. 3.3).

The second contribution, denoted as SYNCHRO, consists of a synchrocheck running an IpDFT-based
method that extracts the per-phase phase-angle, frequency and magnitude of downstream and up-
stream PCC nodal voltage phasors then compares them, per-phase, vis-a-vis the tolerances presented
in [30], to verify and claim synchronization (c.f. Sec. 3.4). As seen in Fig. 3.1, the SYNCHRO block needs
as inputs all six nodal voltages at both sides (i.e. DOWN and UP) of the PCC. Its output is a Boolean
signal guaranteeing the synchronization of the PCC phasors. The output can be directly coupled with
breaker-actuation signals (see Sec. 3.5.2).

3.3 PCC-Control

As previously mentioned, the proposed PCC-control strategy is an OPF that is approximately-solved
using a gradient-descent-based algorithm. The idea of the proposed algorithm is to quickly and securely
steer the PCC downstream nodal voltages over several timesteps. In the following, first an overview of
the control framework is given, second, the problem formulation is detailed, and, finally the algorithm
used to solve the problem is presented.

3.3.1 Control framework: Assumptions and Overview

In this work, we consider that controllable DERs (i.e. loads, sources and storage) in an ADN can
be regulated by means of CPCs. Furthermore, we only consider two control-modes for CPCs?: i.
grid-forming mode where the converter’'s ADN-side-nodal-voltage magnitude and frequency are
regulated, and, ii. grid-following mode where the converter’s ADN-side-nodal-active-and-reactive-
power injections are regulated. As a result, no rotating machines are present in the considered ADNs!©.
Additionally, in the adopted control framework, as long as the ADN is islanded, only one CPC is assumed
to be controlled in grid-forming mode. This entails that the latter plays the role of the slack bus since
it sets the voltage at its bus and the frequency of the islanded ADN!!. Naturally, this implies that it
must be connected to a bidirectional resource able to respond to positive/negative power imbalances

9For the interested reader, a thorough definition of the different control-modes of CPCs can be found in [45].
10The non-presence of rotating-machines in ADNs is becoming more and more common in modern power-grids
and, therefore, even though it will become imminently clear that this assumption is not limiting, it remains a
practical one.
e assume that the frequency is the same everywhere in the ADN, which is reasonable given the small size of
distribution grids.
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and compensate grid-losses (e.g. in general, this device can be an ESS [46]). It is important to note
that the unique slack assumption can be relaxed as the proposed PCC-control strategy can easily
be extended to multi-slack islanded ADNs by accounting for the slacks grid-forming CPCs’ power-
sharing-law in the problem constraints (c.f. Sec. 3.3.2 for considered constraints) and by ensuring
that the latter all implement the same frequency set-point. At this point, it is important to clarify
that, the above-assumptions were set mostly to match the experimental setup used throughout this
thesis (c.f. section 3.5.1). More specifically, as was explained in the previous chapter, by leveraging SCs,
power-flow linearizations can include control variables from any node type. Therefore, even though
for the remainder of this chapter the focus is on PQ-nodes and a unique slack node, the reader should
put in mind that all node-types and control variables - i.e. nodal active and reactive power injections
for PQ-nodes, nodal active power injections and voltage magnitudes for PV-nodes and nodal voltage
magnitudes and phase-angles for slack nodes — can, in practice, be directly included in the proposed
method.

Next, we assume that the ADN’s grid topology, line-parameters and compound admittance matrix are
known'? and that its state (i.e. nodal voltage phasors at every bus), including the upstream'® PCC bus,
is available in real-time by means of a PMU-aided state-estimation!# algorithm running on the CMS.
The deployed state estimator is assumed to output estimates with better accuracy than those of any
commercial single measurement device. Furthermore, the use of a state-estimator increases reliability
as they are inherently built for redundancy and bad-data rejection, e.g. the state can be accurately
estimated even if 20-30% of the input measurements are erroneous (e.g. bad, lost, etc.). The CMS
communicates — with a high reporting rate of, e.g., 20 ms — the state to the ADN-CC, which is the device
running the PCC-control algorithm that computes explicit set-points to be implemented by the CPCs.
If that communication is broken, or if the CMS fails to compute the grid state, the ADN-CC halts its
control actions. The control period of the ADN-CC is chosen to be short enough (e.g., 100 ms) such
that the downstream nodal voltages at the PCC are steered towards their upstream targets after a few
control-steps even if the set-points computed at each control-step are sub-optimal (c.f. Sec. 3.3.3).
Note that, the fast reporting rates and control-periods, given as examples above, correspond to the ones
of the setup used for the experimental validation (c.f. Sec 3.5.1). However, if these numbers increase
due to practical limitations, the proposed methods would still be applicable.

Finally, we consider that each CPC is managed by a dedicated agent (real-time controller) that commu-
nicates with the ADN-CC. The ADN-CC sends explicit set-points to be implemented and, oppositely,
the CPC’s agent advertises the measured active and reactive nodal power injections as well as the
updated power limits of the resource it is connected to (e.g. the maximum discharge power of a battery
decreases with it’s SoC). Fig. 3.2 shows an overview of the adopted PCC-control framework, as presented
above.

12This assumption is only needed for the method used for the considered grid model linearizations (c.f. Sec. 3.3.2).
However, as explained in section 2, other model-less techniques exist in the literature and can achieve similar
linearization performance accuracies without the knowledge of the grid-model.

13There are no particular assumptions made on the upstream PCC nodal voltages, however, the state of grounding
of both upstream and downstream networks needs to be identical and, naturally, all measurement devices used in
the process of inducing the states need to have the same references.

14This assumption is considered to achieve high-controlling speeds enabled by the accuracy and high-reporting
rates of PMUs. However, it is important to note that, other forms of slower state-estimators can be used to feed
the states to the proposed PCC-control algorithm forcing it to adapt the rapidness of its control decisions but
ultimately reach its intended target.
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Figure 3.2: Schematic illustration of the proposed PCC-control framework for the resynchro-
nization of islanded ADNs using explicit set-points
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3.3.2 Problem formulation

Grid model

As in the previous chapter, we consider three-phase!®> ADNs with any grid topologies, i.e. meshed or
radial, and | 4’| nodes, where .4 is the set of all nodes. Z c 222 is the set of both zero-injection nodes.
Z c P2 is the set of nodes where resources are connected. £ < £ is the set of PQ-nodes where CPCs
in grid-following mode are connected. . = {s} is the set containing the slack node (i.e. the node to
which is connected the only considered CPC in grid-forming mode when the ADN is islanded). Without
loss of generalitylﬁ, we assume that ZNZn.¥ =@ and | Z| + | 2| + |.#| = |./|. The set of all electrical
branches is denoted by £ = {(i, j) | i, j € A, ¥;; # O}, with ¥;; = [Yld]"’/] € €33 being the submatrices
composing the compound-block-admittance matrix ¥ ( [20]).

Even though we are tackling a control problem that involves grid dynamics, we assume that they are
slow enough to be captured by the time evolution of AC phasors. Therefore, the power equilibrium
is still captured by the power flow equations —i.e., the relation between the nodal phase-to-ground
voltages E; = [E¥, E, E¢| and the nodal apparent power injections §; = [$¢,5?, 5¢] - given by!”

Si=P;i+jQi=Ejo ) YEj VieN SR
jewN

Voltage-dependent loads

Inspired by the previous chapter, the active and reactive nodal power absorptions of voltage-dependent
loads are modelled using the generalised model (2.3). For the interested reader, some examples of
weights and exponents together with their identification methods can be found in [47].

Note that, as previously mentioned, the control variables of PQ-nodes are the voltage-independent
active and reactive nodal power injections (i.e. Py x and Qq ¢, Vk € £, meaning the active and reactive
nodal power injections at nominal nodal voltages).

Linearization of the LF grid model

In order to achieve a convex OPF that can be solved in real-time, the LF equations are linearized
around the estimated states provided by the CMS. The linearization of the power flow equations (3.1)
including (2.3), is made possible through the computation of the SCs presented in the last chapter. We
recall that SCs are the partial derivatives of electrical quantities (e.g. nodal voltages, branch currents,
nodal sequence voltages, slack apparent power) with respect to control variables which are, under
the assumptions of this chapter, the active-and-reactive-nodal-power-injection-set-points for grid-
following converters and the nodal-voltage-magnitude-and-frequency-set-points for the grid-forming
converter. The derivation of the SCs uses the method presented in section 2.3. By leveraging a first-order
Taylor expansion, the variations of electrical quantities can be estimated using SCs that are computed
using the system’s present state (denoted thereafter with the subscript #p). Note that, even though the

15phases are denoted by superscripts a, b and c.

18 Virtual branches (i.e. close-to-lossless lines) and buses could be added in case different-mode CPCs or
resources share the same node.

17The operator o denotes the Hadamard product and z denotes the complex conjugate of the complex number
z=1z14(2).
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control time-step is short (e.g., 100 ms), the ADN-CC steers the ADN’s global state slowly enough such
that, as previously explained, the use of phasors and, consequently, SCs are adequate to formulate
the constraints of the OP (see Sec. 3.3.2). Finally, since the islanded-ADN'’s operating frequency is
constrained within a tight range (e.g., +0.6 Hz) around 50 Hz, we assume that its contribution to the
variations of other electrical quantities (e.g. nodal voltage magnitudes) can be neglected without loss
of accuracy.

Power converters’ dynamics

The implementation of a new control set-point by a CPC is not done instantaneously due to the latter’s
dynamics. Let us denote by Ax* the desired variation of the control set-point sent to a CPC at the
beginning of the control step, i.e. at ¢ = #, and by Ax the actual implemented variation at the end of
the control step, that is, after the control period At. Thus, we can write without loss of generality

Ax=p(t' = At) Ax* (3.2)

where 8 [t’) is a function, where 0 = ' < At, that tends to 0 as the control period is shortened and tends
to 1 when the latter gets sufficiently long compared to the CPC’s time-constant (e.g. slew-rate). The
control period being a fixed parameter, we assume that the gain (= (¢ = At)) is known a-priori and
is, therefore, constant for each control variable.

This is acceptable for all control variables except the frequency as its dynamics are needed for the
estimation of the downstream phase-angles at the PCC. Indeed, the latter is based on the integral of
the frequency, hence, the function accounting for the frequency evolution during some prediction
horizon AT}, must be known. In this respect, we model the frequency dynamics, defined over a control
period, of the CPC in grid-forming mode as a first-order transfer function, with a step response given
by

Af(H) = H(t’—L)(l—e‘f”"L’)Af* (3.3)

where H(t) is the Heaviside function, L is the converter’s delay and r its slew rate. Consequently, at the
end of the prediction horizon, the angle variation due to the frequency evolution (f(?)) is:

to+ATy, to+AT), AT},
f 2nf(H)dt= f 2nft0dt+f2nAf(t')dt’
fo to 0

= ZﬂftoATh + ﬁfAf* (3.4)
1— e TAT-D) )

with ,Bf=2ﬂ(ATh—L—
.

where fy, is the estimated ADN frequency at the beginning of each control time-step.

Full optimization problem

In this section, we formulate the PCC-control problem in the form of a constrained convex OP. For the
sake of readability, we temporarily adopt the notation |z| = z where z is the vector of moduli of the
complex vector z € C", n = 1. By leveraging on first-order Taylor expansions, we consider implicitly the
relation between an approximated quantity x € R” (or X € C"), n = 1, and its variation Ax (AX) from its
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initial centroid x;, (¥4,), thatis, x = x;, + Ax (X = X, + AX). The optimization problem OP1 is given by

. 2 2
OPL:  min  1Eqwn — Eup,i|I” + Y10 41wn —0upl
AP o AQg

AE?* Af*
subject to
Ei min < Ei < Ejmax VieN (3.5a)
Iij < Iij max V(i,jleZL (3.5b)
Ss < S max seS (3.50)
P nin < Ps < P jax ses (3.5d)
Qsmin < Qs < Qsmax  S€S (3.5e)
EF"° < tolzeroEV™ VieN (3.50)
E*8 < tolpegEV™” Yie N (3.59)

6,52 b,5)2 P 2 Vke X
(Po,k) + (Qo,k) < (Sk,max) Vo e (a,b,c} (3.6a)
P min sP(’;’kst,max Vke X (3.6b)
Qi,min < Q;]k < Qk,max Vke X (3.6¢)
Egmin < E: < Egmax ses (3.6d)
Sfmin = f* < fmax (3.6e)
_ E; * E; * E; *
AE; = Ig]{ (ch: APy +Cgl AQ; )+ CEAE; (3.60)
AL;= Y (€% apr +c AQ: )+ ClAE? 3.6
v kzjf( Py 2okt Cop QO:’C) + g B (3.68)
€
AS;= Y (Cp: APy +CY AQy, )+ CRAE; (3.6h)
0,k ’ 0,k g s
07 L \BPoe R0k T Rgo 2 N0k ) T 2 s :
ASo= Y (€5 AP; +€S AQ:,)+CEAE! 3.6i)
§ Py =" 0k " XQox <0k E;7s :
kex ’ ’
seq _ E; * E; * E; * .
AET = k;j{ (Df APy, + DG AQ; )+ DEAE, (3.6)
_ P * @ * P %
Ap= Y (Ch AP +Ch AQ;.)+CEAE; (3.6k)
kex ’ ’
AOgwn = (27 fi(yATh+BrAf*) e+ Ag (3.61)
A8y = (27 fup, 1, ATh) € (3.6m)

The objective function of OP1 is the weighted sum of the #?-norms of the deviations between the
upstream (-,) and downstream (-4,,,) PCC nodal voltage magnitudes and phase-angles. The tuning
parameter y € R ensures that both objective terms are comparable (i.e. are of the same nature) enabling
it to give more importance either to the nodal voltage magnitude or phase-angle realignment. Note
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that, the frequency deviation is not explicitly minimized because it is already accounted for in the
phase-angle objective term. Indeed, the phase-angle being the integral of the frequency, if the former
is resynchronized continuously for multiple timesteps, then the latter is necessarily resynchronized as
well. Therefore, this requires to compute the integrals of the ADN’s and upstream frequencies over a
prediction horizon that is longer than the control period, i.e. ATy, > A¢. Additionally, if ATj, = A¢, OP1
would try to force the PCC nodal-voltage phase-angles to be in sync at the end of the short, e.g. 100 ms,
control period. Indeed, this would lead to an aggressive control law with large setpoint oscillations
between subsequent control timesteps, which, in turn, would entail (i) LF linearizations inaccuracies,
and (ii) faster resource ageing due to over-utilization.

The optimisation variables are the variations of the active and reactive power set-points AP, AQ;
for CPCs in grid-following mode k € £, and the variations of the voltage magnitude and frequency
set-points AE], Af* for the CPC in grid-forming mode.

Constraints (3.5a) to (3.5e) guarantee the static operational constraints of the ADN. Namely, it en-
sures that the nodal voltage magnitudes |E;| = E; = [E 4E f’ , Ef], Vi € &, branch-current magnitudes'®
\I;j| = I;j = Il.”j,lf’j,licj], Y (i, j) € & and slack nodal power injections 8; = P; +jQ; = [S?,S?,S?] are
within bounds as per the instructions of the international standard EN-50160 [48].

Constraints (3.5f) and (3.5g) guarantee the operational power quality constraints by enforcing nodal
voltage grid unbalances to be within the bounds stated in [48]'%. Let the vector of voltage sequence
components be defined as E;eq S [El.ze”’,ElPos, El."eg], IEI.Z”"I = E7¢° denotes the zero-sequence nodal
voltage magnitude, IEf = El’.” % the positive-sequence nodal voltage magnitude and IE?eg | = E?eg
the negative-sequence nodal voltage magnitude, of node i. The parameters 10l;¢r0, 101,04 € Ry define,
respectively, the maximum acceptable magnitudes of zero- and negative-sequence nodal voltages with

respect to the positive-sequence (c.f. [48]).

Constraints (3.6a) to (3.6¢) ensure that the active and reactive power setpoints satisfy the power limits
- in terms of active, reactive and apparent powers — of all CPCs in grid-following mode. Similarly,
constraints (3.6d) and (3.6e) ensure that the voltage magnitude and frequency setpoints given to the
CPC in grid-forming mode comply with the converter’s and ADN devices’ operating limits. Note that,
the limits P min, Pk,maxr Qk,min» Qk,max> Es,min and Es 4 depend on the AC- and DC-side voltages
of the CPCs. As a result, as previously explained, these values are updated at every control-step with
the values sent by the CPCs to the ADN-CC.

The linearized model of the grid is described by constraints (3.6f) to (3.6k), which are first-order Taylor
expansions of grid-quantities around centroids inferred from the states provided by the CMS. As
previously explained, the expansions leverage the use of SCs. To simplify notation, the SCs and the
dynamics of the power converters (c.f. Sec. 3.3.2) are encapsulated in the matrices C¥, DY € R3*3 and

18For more information about the computation of branch-currents and their associated SCs refer to section 2.2.4

I9Note that, all the above-mentioned ADN operational constraints are listed in the international standard
EN-50160 [48] as hard-constraints except the ratio of the zero- over positive-sequence constraint. Indeed, as
explained in the standard, verifying the negative- over -positive sequence constraint is enough. However, as known,
minimizing the zero-sequence injections leads to lower load unbalances. Therefore, we decided here to add it as a
hard constraint, but, in case a user considers this approach as too strict, the hard-constraint can be transformed
into a soft one by minimizing the zero-sequence injections in the problem objective.
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C‘,JZ € C3*3. More specifically, the latter are defined as

ay?
Yy _ v
Cr = W 7 ﬁkors Y& {Ei'lij’ss"p}
0
_y [o7? .
y _ 4 5 —
Cy = oxV f0 ﬁkors ' ¥=5s
y ayg v
DY = e Biors| ¥ =Ei, Vo € {zero,pos, neg}
x¥ {4,

where ¢,y € (a,b,c}, x e {P; Q5 B} ke X, s€ .

Finally, constraints?® (3.6]) and (3.6m) describe, respectively, the evolution of the phase-angles (i.e.
phases a,b & ¢) at the downstream (0 4,,) and the upstream (8p) sides of the PCC. The variations of
the downstream PCC nodal voltage phase-angles depend on: (i) the integral of the ADN’s frequency
during the prediction horizon which is given by (3.4) and (ii) control set-points variations other than the
frequency (i.e. AP& & AQS' & and AEY) which are given by (3.6k) where Ag € R3. Unlike the downstream
case, the model of the upstream grid is assumed to be unknown. As a result, the frequency of the
upstream network is considered constant between control timesteps, which means that the variation
of the upstream PCC nodal voltage phase-angles 8,,,, during the prediction horizon (AT},) is computed
as the integral of the upstream frequency estimate provided by the CMS.

Decoupling the full optimization problem

Even though OP1 can be solved in real-time, we propose to go one step further by splitting the down-
stream PCC nodal voltage magnitudes steering and phase-angles/frequency regulation. The reason
behind this is that in OP1 the only constraint where the frequency intervenes with other control
variables is (3.61), namely the variation of the downstream PCC nodal voltage phase-angles. In prac-
tice, in ADNs with low-power rating devices, a change in frequency will have more effect on nodal
voltage phase-angles compared to variations of any other control variables (i.e. nodal active and
reactive power injections for PQ-nodes and nodal voltage magnitudes for slack- nodes). Thus, if
control setpoints variations other than the frequency do not lead to large downstream-PCC-nodal-
voltage-phase-angles’ variations, i.e. Agp? < f8 rAf*, Y €{a,b,c}, OP1 can be reduced to only steer the
downstream PCC-nodal-voltage-magnitudes, i.e. all variables and constraints related to the frequency
and downstream-PCC-nodal-voltage-phase-angles can be removed from the OP. As a result, the ob-
jective is reduced to | Epoc — Eyp,0 |? and constraints (3.6e), (3.6k), (3.61) and (3.6m) can be removed.
Thus leading to the optimization problem OP2, given by,

OP2: *min . lEqwn — Eup,0 I
APU,IC’AQU,]C’
AE}
subject to
(3.5a), (3.5b), (3.5¢), (3.5d), (3.5e), (3.51), (3.5g), (3.6a),

(3.6b), (3.6¢), (3.6d), (3.61), (3.6g), (3.6h), (3.6i), (3.6j)

In parallel to solving OP2, a control law regulating the frequency (FCL2) and, therefore, the nodal
voltage phase-angles at the downstream-side of the PCC needs to be derived. We propose an analytical

20The symbol e denotes the three-dimensional vector of ones, that is, e = [1,1,1].
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control-law. More specifically, the idea is to equate the downstream phase-angles with the upstream
phase-angles at the end of the prediction horizon (AT},), in other words, the control-law computes
the optimal downstream ADN frequency setpoint that would guarantee nodal voltage phase-angles’
alignment at both sides of the PCC after the prediction horizon. Thus, starting from

to+ATy, to+ATy,
Odwn,i, + f 27Tf(t)dt=0up,t0+ / Zﬂfup(t)dt, (3.8)

fo fo

one can write, using (3.4) and, as previously explained, assuming that the upstream frequency remains
constant during the prediction horizon,

Hdwn'[() +27Tf[0ATh + ﬁfAf* = Gup'to +27Tfup,l‘()AThr (39)

from which we isolate the frequency set-point variation A f* — that will be sent to the CPC in grid-
forming mode - leading to (3.10).

6 -0 + 27 ( — [1,)AT,
Af* — up,ty dwn,ty fup,to fto h (310)
By
Finally, in order to also guarantee constraint (3.6e) for the non-decoupled problem, the proposed
decoupled frequency control-law, i.e. FCL2, outputs a coerced set-point f*. FCL2 is given by (3.11).

Smin if fi, +Af* < fmin
FCL2: f* = fmax i fio + AF*> frnax (3.11)
foo +AfT otherwise

3.3.3 Optimzation problem resolution

As previously explained, thanks to the high update rate of the ADN-CC, computing sub-optimal set-
points at each control step is acceptable as it would still succeed at steering, over time, the PCC
downstream nodal voltages towards their upstream counterparts (i.e. it does not need to necessarily
achieve full-resynchronization in one control step). As a result, solving the convex OP by computing
gradient-descent-iterates that converge towards the optimum in a few control timesteps is perfectly
fine. In this respect, we propose to solve the OPs (i.e. OP1 and OP2) using a projected-gradient-descent-
algorithm coupled with a barrier-method. To illustrate how the gradient descent operates, let us
consider the following generic-form-OP:

min  go(x)

s.t.  gi(x)=<0, i=1,...,m
Ax=Db

where, in our case, x is the vector of control set-points variations (i.e. |[AP”

0,k’
and APg,k, AQ;,]C' AE:] for OP2,Vk e % and s € %), go(x) is the objective function, g, (x) are the
inequality constraints (i.e. (3.5a) to (3.6e) for OP1 and (3.5a) to (3.6d) for OP2) and Ax = b the linear
equality constraints (i.e. (3.6f) to (3.6m) for OP1 and (3.6f) to (3.6j) for OP2). As suggested in [49], to
approximately solve the problem, the constrained problem is first relaxed into an unconstrained one.

Namely, the inequality constraints (g;(x) < 0) are included in the objective function (gp(x)) by means

AQ},, AEY, Af*| for OP1
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of logarithmic barriers c; (x) = —log(—g;(x)), Vi = 1,..., m and the linear equality constraints (Ax = b)
are injected into go(x) and each c; (x) by means of direct substitution. This leads to,

. 1 &
min go(x) + 7 i:ZlCi(x)

where the parameter u > 0 tunes the trade-off between optimality and feasibility. The unconstrained
OP can be solved using the barrier method as presented in [49]. The barrier method consists in solving
a sequence of subproblems, called centering steps, while varying u. Each centering step is composed of
several gradient steps. For each gradient step, the step-size is chosen by means of backtracking line
search?!. Indeed, each centering step yields a sequence of iterates {x'V,x?,...,x®, ...} called a central
path. The last element of every central path is called the central point. The subsequent centering step
starts at the previous-iteration’s central point considering a new objective for the unconstrained OP
where u is increased by a factor p > 0, hence putting more weight on optimality. The first starting point
of the first centering and gradient steps is set to 0.

In addition to the barrier method, the vector of set-points variations is projected onto the feasible set,
I'= {xlgi (x)=<0,Vi=1,..., m}, at the end of each gradient step. The projection is done to: (i) ensure
the strict feasibility of each iterate in case some constraints g; < 0 are not strictly ensured by the barrier
method, and (ii) make sure that the subsequent gradient descent step starts from a feasible point. A
Euclidean projection onto the feasible set is computationally as complex as solving the original OPs
(i.e. OP1 and OP2). As a result, the Euclidean projection is approximated by the method of alternating
projections [50], denoted by ﬁp(x), that is, the projection of x onto the feasible set I'. Note that, each
inequality constraint of the optimization problems OP1 and OP2 defines either a half-space or a disc.
Hence, the application of the method of alternating projections to both problems only requires the
computation of orthogonal projections onto hyperplanes and circles, which can be done analytically.

The proposed method, coupling the barrier method and the method of alternating projections, to
solve the generic-form-OP is presented in Alg 2. The parameters n. and ng denote the number of
centering and gradient steps, respectively. The parameter 1 is the initial trade-off between optimality
and feasibility. We propose to set it to:

IX”, Vei (x|
U =n—————, 0<n<l
IVgo (x@)I
meaning that during the first centering step, feasibility is preferred to optimality, thus steering the first
central point near the analytic center of the feasible set.

3.3.4 PCC-Control synthesis and scalability

To summarize, two methods are proposed to steer the downstream-PCC-nodal-voltage phasors towards
their upstream counterparts. The first relies on approximately solving OP1 using Alg. 2 and is applicable
to ADNs with high-power-rated CPCs in grid-following mode that can induce nodal-voltage-phase-
angle variations comparable to ones resulting from frequency variations. The second relies on using
FCL2 together with the approximate solving of OP2 using Alg. 2 and is applicable to ADNs where the

21Given the complexity of OP1 and OP2, an exact line-search is not used to compute the optimal step-size for
each gradient-step. Indeed, solving an exact line-search would lead to computation times similar to solving the
original OPs. For more information about inexact and exact line-search algorithms see [49].
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Algorithm 2 Proposed gradient descent method

m
Inputs: x©@ =y, go,c1,...m =g
i=1

Parameters: n., ng, u = uo,

for j=0ton,—1do # Loop of centering steps
for k=0tong-1do # Loop of gradient steps
Compute Vg (xP)
Compute Vc; (xF), i=1,...,m

Vh(x0) — Vgo (x®) + L 5 Ve, (x0)
i=1

<=

Compute step size a'¥ using backtracking line search in the direction of ~Vh (x(k))
ye) 50— gy (x0)
1K+ Tip (y*D) # Analytical alternating projs
end for
10 — x(1g)
u—pu
end for

Output: x"

induced nodal-voltage-phase-angle variations due to set-point-changes at CPCs in grid-following
mode are negligible compared to ones following frequency changes. Indeed, for a generic ADN, a-priori
LF computations should be done to determine which method is best-suited. Both proposed methods
leverage a security-constrained OPF and the full available resource flexibilities of the islanded ADN.
As a result, if said flexibility is enough to steer the downstream PCC nodal voltages, then the secure
resynchronization of the islanded ADN is guaranteed.

Concerning the scalability of the proposed methods, as the grid size increases — e.g. larger number of
power grids’ nodes and more controllable resources — there are three aspects to consider:

1. Delays in the construction of OP objective and constraints
2. Delays in the execution of Alg. 2.

3. No delays in the state-estimator and subsequent sending of the state to the ADN-CC: The state
estimator problem remains linear and can be solved efficiently.

The first two aspects might incur some minor delays. However, as long as these delays remain neg-
ligible compared to the chosen control timestep the PCC-control will successfully, in time, steer the
downstream-PCC-nodal-voltages towards their upstream counterparts.

3.4 Synchrocheck

As previously mentioned, the proposed synchrocheck strategy relies on an IpDFT-based method
that extracts the per-phase nodal voltage phasor of both-sides of the PCC then checks whether their
differences are within the tolerances given in [30]. If the tolerances are successively respected for a
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given amount of time, the phasors are deemed synchronised and the PCC breaker can be closed (i.e.
the process of reconnecting the ADN to its upstream-grid is green-lighted). In the following, first the
IpDFT-based method for phasor estimation is presented, then, an algorithmic formulation of the full
synchrocheck algorithm of the SYNCHRO block (see Fig. 3.1) is presented.

3.4.1 IpDFT-based phasor extraction

The IpDFT-based phasor extraction used in this work is the enhanced-IpDFT (e-IpDFT) method
presented in [51]. In the following, we briefly summarize the basics of e-IpDFT. Assuming that an
electrical quantity (Tp) can be modelled in time by a main tone varying around a rated frequency f; 4e
(i.e. neglecting harmonics, DC offsets and amplitude and/or phase modulations) and is sampled, e.g.
by a PMU, with a frequency fsqm = 1/ tsqm over a time window Ty;,, (= D X ts4m, where D is the number
of samples per sampling period #,5,;) short-enough to assume stationarity, one can write

1,(d) = 1,008 2d7 fytsam +¢p), de[0,D-1] (3.12)

where I, f, and ¢, are, respectively, the amplitude, frequency and phase-angle of the main-tone that
will be estimated. Following the assumptions in [51] and assuming the use of the Hanning windowing
function with a window sequence {w(d)}, the DFT of (3.12) can be written as,

~ D-1 . .
Lym =2 wid)-Td-e ™4, meo,D-1] (3.13)
W %o

D-1

where W = Y w(d) and x4 = 2nd/D. Following the assumptions in [51], the frue frequency f, is
d=0

situated between two successive DFT bins and can be expressed, as a function of the DFT frequency

resolution 1/Ty,;,, as

m;+06

f,©6) = (3.14)

Twin

with —-0.5 < § < 0.5 being the deviation of f, from the frequency with the maximum DFT bin (i.e.
mi Tywin, where my € [0,D —1] is tAhe index of thAe frequency with the largest DFT bin). From there, as
explained in [51], with v = sign (Iip(ml + 1) = |Ly(my - 1)|), one can directly write,

n6-(1-6%)
sin (8) (3.15)
$p(6) = £ (Ly(my) -5

1,(6) = 2L, (my)] -

where

20L (my + )| = Ly (my)|

S=y (3.16)

Ly imy + )|+ 1L, (my)|

As explained in [51], from this point, one can go a step further to improve the estimation by trying
to remove the spectral interference due to the negative image of the DFT spectrum from the positive
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bins-used-in (3.15). To do so, first, the DFT of (3.12) is re-expressed as,

=~ 1 -
Ly(m) = 25 (Vp (@)Y (m—Twinfp )+ 5.17)

Vp(6)-Y (m + Twinfp (5))]

where V,,(8) = (1,(0)/2]) /%7, V,,(8) its complex conjugate and Y (m) = —0.25v(m — 1) + 0.5v(m) —
0.25v(m + 1) being the Fourier transform of the Hanning window, where

; sin(mmn
_ o jmnD-1ID (mm) (3.18)

v(m) ; .
sin(mm/D)

Finally, substituting (3.14) in (3.17) can lead to an improved 6, namely,

gzwzmp(ml + )~ Ly (my)|

= = (3.19)
|Lp(my + )| + | Ly (my)|

= D-1 - .
where Ly (m) = V_1v Y w(d)-1l,(d)-e™/"a %Yp(ﬁ)Y (m+ my + ). Thus, the final-e-IpDFT-estimates
d=0

for nodal-voltage magnitudes, phase-angle and frequency are respectively given by [, ©), bp (6) and

f»0).

Finally, it is worth noting that the process of removing the spectral interference due to the negative
image of the DFT formally defined by (3.17)-(3.19), can be performed iteratively to reduce the esti-
mation errors [52]. However, due to timing constraints imposed by the IEEE std for Synchrophasor
Measurements for Power Systems requirements [53], in this thesis, the process is iterated only once.

3.4.2 Full Synchrocheck algorithm

Alg. 3 summarizes the proposed synchrocheck algorithm running on the SYNCHRO block with the a
refresh-period A Tsy . Taking as input samples of the three-phase upstream (E, p(d)) and downstream
(E4wn(d) PCC nodal voltages, it computes the magnitude, phase-angles and frequencies of all the
signals using the e-IpDFT method presented in Sec. 3.4.1 and checks whether, for each phase, the
differences between the phasors are within the bounds, i.e. rolg =10%, roly = 0.34 rad and tolf =
0.3 Hz, presented in [30]. If all criteria are met, the intra-iteration counter (Count) is updated. If all
constraints are satisfied for several subsequent timesteps (i.e. Count is larger or equal than an input
parameter ny,), the Boolean-flag-output of Alg. 3, i.e. SYNC, is set to 1, otherwise, it is set to 0. Setting
SYNC to 1 confirms the synchronization of the inputted three-phase signals which means, in the
context of this chapter, that the PCC breaker can be securely closed.

3.5 Experimental Validation

3.5.1 Setup

The experimental validation of the proposed PCC-control and synchrocheck algorithms was done on
the EPFL-DESL microgrid [54]. Fig. 3.3 shows a schematic depiction of the ADN with its base-values.
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Algorithm 3 Proposed synchrocheck

Inputs: Count, A =1, Ey;,,(d), Egyyn(d), d € [0,D —1]
Parameters: 1y, tolg, toly, toly

for je{a, b, c} do ' ' . # Loop for each-phase
Compute [E},,, $1,p, fup] = eIpDFT(Ey,, (d))
Compute [Ey,,,» Py Sl = €IPDFT(E,,,, (d))
min{E,Jw,EZiwn}
max{E{w,E;wn}
Py — @) 1< t0lg)) A

((fidy=f], 1 = tolf)

Compute A=1 A (|]1— <tolg) A

end for
if A ==1 then Count = Count + 1 else Count = 0 end if
if Count = nyy,, then SYNC = 1 else SYNC = 0 end if

Output: SYNC

The EPFL-DESL microgrid®? is a three-phase replica of the CIGRE benchmark microgrid whose descrip-
tion and branch parameters can be found in [56]. The PMUs of the ADN are all streaming measurements
to the phasor-data-concentrator of the CMS (unit that runs the state-estimation-process). The agents
in Fig. 3.3 are software-based units that can monitor and explicitly-control the resources they are
connected to. Agents also bidirectionally communicate with the ADN-CC through user-datagram-
protocol on a wired local-area-network. The SB is composed of a software unit coupled with a CCB
—the Compact NSX 250F by Schneider-Electric [57]. The SB runs Alg. 3 and, when it detects that the
nodal voltages on both sides of the PCC (i.e. B01 in Fig. 3.3) are synchronised (i.e. SYNC =1 c.f. Alg. 3),
it sends an actuation signal that orders the CCB to close. All software-codes. (i.e. ADN-CC, SYNCHRO,
Agents and CMS) were implemented using LabView on CompactRIOs provided by NI?3. Finally, it
is worth noting that the communication network of the EPFL-DESL-microgrid is wired®**, therefore,
communication latencies are assumed null®®.

3.5.2 Experimental Notes

Due to the relatively low-power rating of the resources in the EPFL-DESL microgrid, the decoupled-
gradient-decent method presented in Sec. 3.3.4 is used in this chapter’s experimental validation. The
later runs in the ADC-CC block. The control-period At and the prediction-horizon ATy, of the ADN-CC
were set to, respectively, 100 ms and 300 ms. The number of centering-steps n., number of gradient-
steps ng, the reduction parameter p and the scaling parameter 7 of Alg. 2 were set to, respectively, 3, 5,
10 and 0.1. As previously stated, the BLSA used in Alg. 2 is the one presented in [49, pp. 33-35]. The

22Further details and pictures of the EPFL-DESL microgrid can be found in [55] and Sec. 7.5.

23More details about the hardware and software infrastructures of the EPFL-DESL microgrid can be found in [54].

241 practice, the resynchronization process requires wired communication networks as in any power-systems
relaying application. Therefore, the experimental setup is adapted to the tested application (i.e. resynchronization).

25The assumption that communication delays are negligible is recurrent throughout the thesis. In fact, in
wired networks the communication latencies are usually less than 5 ms while in 4G systems they can go up to 1s.
Therefore, as long as the control periods are sufficiently larger than the latter values the assumption is justified.
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Figure 3.3: EPFL-DESL microgrid schematic diagram. Greyed-out resources were not used in
the experiment of Sec. 3.5.3

latter’s reduction factor of the step-size, minimum admissible decrease in the objective and maximum
number of iterations, are set to, respectively, 0.5, 0.3 and 10. The latter parameters are chosen to
ensure that during the BLSA’s last iteration the setpoints residues are negligible. Furthermore, in
the implemented version of Alg. 2, the alternating-projections method is made more conservative.
Indeed, projecting exactly onto a constraint might be problematic since the logarithmic barrier of a
binding inequality constraint is undefined. Therefore, numerical issues are avoided by projecting onto
constraints with a margin of 1% inwards the feasibility regions of said constraints. Finally, it is worth
nothing that due to the ultra-fast internal regulation of the CPCs in the EPFL-DESL microgrid, the
converters’ output nodal power injections were quasi voltage-independent, i.e. in the model (2.3) one
constant is set to 1 while the rest of the constants and exponents are set to 0.

For the SYNCHRO block, a refresh period Tsyy of 50 ms is chosen and the number of successive
positive tolerances check to declare synchronization ny, is set to 20.
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To conclude, in its present form, the EPFL-DESL microgrid is practically a balanced three-phase
grid. Indeed, most CPCs are, by design, forced to minimize any injection unbalances through their
internal balanced-controllers. As a result, in the ADC-CC block the unbalanced constraints (3.5f)-
(3.5g) are always verified. Consequently, in the next section, only the values of nodal-voltages and
branch-currents of phase a of the EPFL-DESL microgrid are shown.

3.5.3 Results

The experimental validation performed in this chapters consists in running both the ADN-CC and
SYNCHRO blocks on a the EPFL-DESL microgrid depicted in Fig. 3.3. The microgrid?® starts in islanded-
mode with a 5kVA/25kWh battery acting as its slack (i.e. CPC in grid-forming-mode), two controllable
(i.e. CPCsin grid-following-mode) resources, namely, a balanced-three-phase controllable load (L1) and
P-V plant (PV1) with, respectively, 25kW/25kVar and 4kW?7 /10kVar peak powers, and a non-controllable
resource in the form of a P-V plant (PV2) with 3kW?7/0kVar peak powers. In order to stress-test the
developed PCC-control algorithm, the chosen operational bounds were tighter than the specifications
presented in the EN-50160 standard [48]. Namely, E; i, = [1,1,1] p.u., E; jax = [1.05,1.05,1.05] p.u.
Vie ¥\ and I;j max = [10,10,10]A, V(i, j) € £. To further stress-test the proposed algorithms, the
initial grid-state is deliberately chosen outside the feasibility set I (i.e. violates grid-operational and
resource (see lim in Figs. 3.4 to 3.6) constraints).

The results of the experiment are shown in Figs. 3.4 to 3.6. At t = 1 s the resynchronization process (i.e.
ADN-CQ) is activated. In a few iterations (~300 ms) the grid is forced into the feasibility set as shown
in Figs. 3.5 & 3.6. Simultaneously, the realignment of the PCC nodal-voltage phasors is pursued and
is achieved at t = 2.5, i.e. 1.5 after the beginning of the resynchronization process. The alignment
is guaranteed for the rest of the simulation as seen by the green-rectangles in Fig. 3.4. Fig. 3.4 shows
that the proposed synchrocheck detects synchronization exactly 1s after the criteria were met. This is
perfectly in-line with our design choice as the SYNCHRO block’s refresh period is set to 50 ms and the
number of positive-successive-tolerances checks needed for it to detect synchronism is set to 20, i.e.
synchronisation should be detected after 1 s of successive tolerance checks. To further benchmark our
method, Fig. 3.4 shows that the Micom P143 relay [43] (Schneider SYNCHRO) also detects synchronism
att=2.5s. Itis important to note that, the Micom P143’s synchronism check relies on the three-phase
balanceness of the upstream-grid and only senses phase-a of the nodal voltage signal of the upstream
grid. The developed synchrocheck does not rely on such assumption and is therefore more robust
against upstream-grid-irregularities (e.g. unbalanceness). Finally, it can be seen that some resource
injections (and consequently some branch-currents) keep oscillating after the synchronization (i.e.
after the 2.5 s mark), this is due to the gradient-descent-nature of the proposed PCC-control process
that is naturally oscillating around a feasible equilibrium. Such oscillations can be reduced through the
tuning of the parameters of Alg. 2 (e.g. re-tuning the BLSA parameters, the scaling parameter and/or
the reduction parameter).

26Note that the resource power limits were reduced on purpose to stress test the proposed PCC-control algorithm.
27The low active peak power of the P-V plants was due to the fact that experiments were held on a cloudy day.
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Figure 3.6: Three-phase resources’ nodal power injections

3.6 Conclusion

This chapter proposed: (i) a centralised PCC-control in the form of an algorithm that approximately
solves a three-phase-unbalanced OPF aiming to steer an ADN’s downstream PCC nodal voltages
towards their upstream counterparts while guaranteeing ADN and resources’ operational constraints,
and (ii) a synchrocheck algorithm relying on e-IpDFT phasor extraction to determine whether two
three-phase phasors are aligned or not. Both contributions were experimentally validated on the
EPFL-DESL microgrid. The proposed synchrocheck was further benchmarked against the Schneider
Electric Micom P143 grid-relay with synchronism check [43]. Unlike the proposed methods, the Micom
P143 is designed to only detect synchronization between the islanded and external grid without any
resources’ control. Furthermore, it relies on the assumption that the PCC upstream nodal voltages
are perfectly balanced. The experimental validation showed that within 1.5 s the resynchronization of
PCC nodal-voltages was achieved by the proposed algorithm even if the process was launched when
the islanded-microgrid was in an infeasible state. Furthermore, due to its present configuration, the
tested microgrid was operating in a balanced three-phase condition, lacking the possibility to showcase
the ability of the proposed PCC-control algorithm to deal with unbalances. As a result, following
planned three-phase control-enabling-expansions of the EPFL-DESL microgrid, further experimental
validations can be carried out to showcase the ability to securely resynchronize an ADN to its upstream
grid in case both systems operate in unbalanced conditions. Finally, it is worth mentioning that the
presented OPF-resolution-algorithm can be used to efficiently solve any linearized OPF that has a
tractable number of constraints, e.g. After the resynchronization of an ADN, if the objective function of
OP1 is modified and the grid-forming CPC is changed to grid-feeding mode, OP1 can be directly used
to securely continue controlling the ADN in grid-connected mode. Indeed, this will be shown in the
next chapter where it is presented a general ADN control framework that can guarantee robustness
w.r.t setpoint implementation uncertainties of heterogeneous resources.
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4.1 Preamble on Uncertainty Models & Methods

Itis without surprise that, as in many other research domains, decisions to be issued under uncertainties
are widely present in the area of power-systems. Uncertainties can (i) arise from multiple factors, (ii)
take many forms and (iii) may affect both planning and operational aspects for ADNs and, more in
general, for power systems. It is well known that, when considered, uncertainties add computational
burden on any control problem when compared to its deterministic counterpart. This entails that, as
long as research in optimizing computational efficiencies is advancing, novel and efficient techniques
dealing with uncertainties will continue to be developed (e.g. [1,2]). It is also worth mentioning that in
some power-systems control problems, ignoring uncertainties can lead not-only to sub-optimal but
also dangerous decisions that could harm the electrical-power-grid. For instance, in minute-scale real-
time ADN control problems, if the meteorological-related?® uncertainties are not taken into account
through proper forecasting and/or modelling (e.g. [6,58]) optimal control setpoints may lead to ADN
states that violate the grid’s operational constraints. In the following, first a non-exhaustive?® list of
uncertainty models in power-systems is presented. Then, a recap of different methods, applied in
different areas of power-system control, that deal with the latter, is given. Finally, recalling that the
focus of this part of the thesis is sub-second control, after the preamble the main contribution of this
chapter is presented. The latter consists in algorithms for the real-time control of ADNs accounting for
the resources’ state-dependent-control-setpoint-implementations-uncertainties.

28Egspecially in the presence of distributed renewable generating resources.
29For more information, we refer the interested reader to novel survey-reviews that extensively cover the topic of
uncertainty in power-grids [1, 2,59, 60].
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4.1.1 Uncertainty Models

As previously mentioned, in power-systems uncertainties can take many forms and can come from
multiple sources. In the following we present two families of modeling techniques used in various
power-systems problems.

* Mathematical functional modeling

1. PDFs. PDFs are widely used to encapsulate uncertain behavior of many quantities in many
different domains. In power-systems, time-varying quantities that need probabilistic
forecasting, such as meteorological-phenomena (e.g. solar irradiance, temperature, wind
profiles etc.), residential active loads, electricity-market-prices and availability of the grid
infrastructure, can be modelled with PDFs. Typically, constructing PDFs can be done
through clustering and parametric model identification (see, for instance, Sec. 6.2.1 or
c.f. [61]) performed on historical data. The complexity of the model depends on the
application where it’s used.

2. Deterministic functions (e.g. set-valued functions). Uncertainties can also be encapsulated
by mathematical functions. For instance, in many power-systems applications uncertain-
ties are considered to lie within a coverage interval with either parametrized (e.g. [62] or c.f.
Sec. 4.3) constant bounds. This, for instance, can lead to the so-called structured sets that
encapsulate uncertain behaviors of plant-models that were identified with model identi-
fication techniques, such as vector-fitting and grey-box identification (e.g. greyest ()
function of MATLAB c.f. [63]). In other applications, uncertainty models can be identified
by studying the general physics of the uncertain quantity [64].

¢ Data-driven modeling. These techniques rely on model-less parametrized representations of the
uncertainty. For instance, historically, ARIMA-based modeling techniques were proposed as a
means to forecast residential load punctual values along with their corresponding prediction in-
tervals [65]. The latter techniques work well when trying to forecast injections such as residential
loads that present some-kind of repeated, e.g. stationary, behavior. However, with the emergence
of novel injections, e.g. EV charging and P-V solar power generation, machine-learning-based
modelling techniques emerged as potential solutions to better encapsulate the stochasticity of
the latter, e.g. end-users behaviors for EV charging and irradiance evolution for P-V generation,
leading to improved uncertainties quantification (e.g. [58]).

4.1.2 How to deal with different uncertainties

In the literature, one can find many works that deal with power-grid uncertainties. The methods
used to either (i) directly account for, or (ii) approximate uncertainties depend on the setting of the
problems being tackled. In the following, we present three families of control methods that deal with
uncertainties in the forms that were previously presented.

Methods relying on chance-constraints

When uncertainty PDFs are known, the use of chance-constrained optimization becomes very relevant.
The idea of chance-constrained optimization revolves around solving an uncertain problem by (i)
accounting for uncertainties with an average or a conditional-at-risk value of the objective, and (ii)
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imposing the satisfaction of the constraints with a given probability (e.g. [2]). Chance-constraints
can be analytically reformulated into tractable problems when (i) the constraints or objectives do
not contain non-convex functions, and (ii) the uncertainties follow well-known PDFs (e.g. uni- or-
multi-variate normal distributions [66]). In the literature, one can find general techniques to render
chance-constrained optimization tractable in case the previous two conditions are not met in the
original problem formulation. In the following, a few are presented.

* Bounds tightening. For instance, in the scope of transmission grids, in [67] an iterative constraints
bound tightening algorithm is proposed to solve the AC OPF problem.

* Approximate reformulation of the chance-constraints. In [68], authors assume that uncertain-
ties follow normal distributions to approximately reformulate the AC OPF problem. In [69],
authors present a real-time control framework that pre-computes optimal policies accounting
for grid uncertainties. In the offline stage, chance constrains are used and approximated using a
polynomial chaos expansion to render the problem tractable and solvable.

* Analytical reformulation of the chance-constraints following a relaxation of non-convex equations,
e.g. power-flow equations. In [70,71] authors leverage power-flow equations’ linearizations and
assume that uncertainties follow normal distributions to reformulate the chance-constraints in
the proposed OPF problems. In both works the penetration of renewable DGs is accounted for.
Unlike in [70], where an iterative procedure is used to solve the problem, in [71] authors further
exploit the normality assumption and analytically reformulate the grid operational constraints
into tractable linear constraints.

Finally, it is worth noting that many of the presented methods are difficult to apply in real-time control
problems, i.e. at sub-second level, due to the complexity of the reformulations or the slow iterative
nature of the proposed solution techniques. Furthermore, for the ones that can be applied, usually,
the assumptions used to render them tractable are too constraining, i.e. the problem is sometimes
over-simplified.

Methods relying on Scenario-based optimization

Scenario-based optimization is a well-known technique that is based on sampling, e.g. from known
PDFs, coverage intervals or any parametric data model (e.g. ARIMA or NNs), different scenarios of
uncertain quantities to transform an intractable problem into a deterministic one. In that respect, if
enough scenarios are considered, one could assert that the problem, with a user-defined probability,
accounts for the possible realizations of the uncertain quantities within the user-defined coverage.
It is clear that, the computational complexity of the considered problem increases with the increase
of the number of chosen scenarios. Therefore, scenario-based optimization is non-applicable to
problems with sub-second dynamics. However, researchers have extensively explored the topics of
(i) the minimum number of scenarios that would adequately account for the uncertainties (e.g. [72]),
and (ii) the different sampling techniques to generate scenarios that are rich in information (e.g. [73]),
rendering scenario-based optimization applicable in many power-systems problems. In the following,
some examples of scenario-based optimization in power-systems are given. They are grouped based
on the uncertainty model used to generate the scenarios.

* Scenarios coming from projected changes in the power-grid. In the topic of power-system plan-
ning, scenario-based optimization is widely used as means to account for potential future
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realizations and/or configurations of the grid. For instance, in [74], different real-world scenar-
ios are considered to solve an energy-storage planning problem.

Scenarios sampled from PDFs. In the topic of power-system control, scenario-based optimization
is used to account for uncontrollable uncertain grid quantities. For instance, in [6] authors
experimentally validate a day-ahead optimal DP generator with corrective next-day minute-
scale real-time control. In the day-ahead stage, due to the presence of uncontrollable loads and
P-V plants in the considered ADN, the proposed OPF leverages scenarios of next-day power
injections to render the outputted DP more resilient to next-day unexpected variability. The
scenarios are sampled from PDFs that are created from historical nodal power injections data.
Another example can be found in [75] where authors solve an uncertain OPF to manage the
operation of a microgrid in the presence of renewable generation uncertainty. Each scenario is
first generated and given a certain probability. Then, each individual scenario probability and
all the joint-probabilities are accounted for in the OPF resolution. Other works, e.g. [76], use
scenarios sampled from PDFs in the formulation of power-grid planning problems.

Scenarios sampled from coverage intervals. If a given uncertain quantity is modelled using
coverage intervals or set-valued functions, scenarios of the latter can be sampled to transform
an intractable problem into a set of deterministic ones.

Finally, it is worth mentioning that scenario-based optimization can also be used to render chance-
constraints tractable. For instance, in [77], PDF scenario-sampling is used to account for uncertain load
injections and render a reserve scheduling problem, formulated using chance-constraints, solvable.

Other Methods

In the power-systems literature, one can find other methods dealing with uncertainties that can be
modelled using set-valued functions, e.g. fixed coverage intervals. In the following, two families of

methods are presented.
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* Mathematical transformations, e.g. primal-dual algorithms (c.f. [78]), augment the set of con-

straints and objective of a given problem. This naturally entails that the problem becomes
computationally complex due to the increased number of constraints but also the complexity of
the added constraints. For instance, if an uncertain quantity lies within an interval where the
extremities are affine functions of a certain variable (c.f. Sec. 4.3), using primal-dual transforma-
tions would add quadratic constraints to the original problem (e.g. in [79] where the AC OPF
problem in transmission grids is tackled). This would drastically increase computation times
and render the problem resolution non-compatible with real-time control, e.g. sub-seconds to
seconds scale.

Online/Offline bound or constraint tightening, where, as the name suggests, an intractable prob-
lem is made tractable by computing tighter constraint bounds that account for the uncertainties
(e.g. [80,81]). The main drawback of such techniques is that the tight-deterministic equivalent
of the original problem is usually too conservative with a consequent smaller solution space.



4.2 Introduction

4.2 Introduction

As previously mentioned, with the large-scale integration of DGs, ESSs and novel power-hungry loads
in ADNs, many control frameworks tackling the problem of computing, for a given horizon, explicit
power setpoints, have been proposed in the literature. As seen, c.f. Sec. 4.1.2, some of the works in
the literature go a step further by accounting for grid uncertainties to compute optimal setpoints that
are resilient to general stochasticity. There are two aspects to consider when looking into the works
that have been already proposed in the literature: computation speeds and uncertainty models. In
terms of computation speeds, other that in [71] where leveraging simplified power-flow linearization
schemes and assuming normal distributions for the considered uncertainties, most works present in
the literature cannot comply with real-time, i.e. sub-seconds to seconds, control timestep resolutions.
In terms of uncertainty models, to the best of our knowledge, with the exception of the works presented
in [66] and [82], most uncertainty models are not considered functions of the OP’s variables.

This raises the question of how to, in real-time, ensure safe operation, with respect to the operational
grid and resource constrains, for all potential realizations of optimally computed setpoints whose
implementation-uncertainties are function of the problem variables. This contribution addresses that
question by proposing numerically tractable algorithms. First, the admissibility test is proposed. The
latter is a computationally-efficient method that asserts whether a collection of precomputed setpoints
guarantees the grid and resource operational constraints, and that, due to controller-uncertainty, for all
possible implementation-realizations. Indeed, the test accounts for the fact that a resource controller
can, in practice, achieve implementation-realizations that are not exactly equal to the desired optimal
setpoint. To ensure computational efficiency and tractability, the test, respectively, leverages SCs
and assumes that all possible implementation-realizations are within a-priori known sets that are
function of each setpoint (see Sec. 4.5 for examples). Second, an iterative real-time linearized three-
phase-OPF-based algorithm, is proposed. The latter takes as an input a collection of non-admissible
setpoints. By leveraging SCs, the second algorithm outputs a collection of admissible setpoints that
is closest, in terms of euclidean distance, to its input. Both algorithms are numerically tested on a
MATLAB-simulated-version of the IEEE-34 [9] node test distribution feeder augmented with several
controllable-resources.

The rest of the chapter is organized as follows. Section 4.3 provides the problem formulation. Section 4.4
presents the two proposed algorithms. Section 4.5 lists different resource models. More specifically, for
a few resources, the feasibility regions and uncertainty models are presented. Section 4.6 shows the
simulation results of the proposed methods on different networks. Finally, section 4.7 concludes the
chapter.

4.3 Problem Formulation

As in the previous chapter, we target three-phase unbalanced power grids whose states are evolving
slowly enough such that they can be modelled by phasors. Specifically, we focus on ADNs where the
admittance matrix is known and whose power equilibrium is described by the standard AC power-flow
equations. Furthermore, we consider that such grids contain controllable resources, usually connected
to the grid through grid-following CPCs, that can receive active and reactive power setpoints sent from,
for instance, a central controller.

Regardless of the control strategy, the main purpose of the proposed algorithms is to ensure that,
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during a control timestep, the grid state remains feasible under all possible setpoint implementation-
realizations. In other words, ensure that an optimal vector of issued setpoints would satisfy the grid -
static and power-quality, i.e. branch currents magnitudes, nodal voltages magnitudes, ratios of nodal
voltages negative and zero over positive sequences, all within predefined bounds - and resources
operational constraints for any implementation-realization of a previously computed collection of
optimal setpoints. Indeed, the problem becomes non-trivial to solve when, due to uncertainty, unpre-
dictability or implementation inaccuracies of the distributed resources, the actual implementation
of the setpoint is different from the requested one. Examples of such uncertainties can be (i) P-V
plant converters implementing inaccurate setpoints due to weather-induced variability [58], or, (ii)
thermostatically-controlled load controllers’ inaccuracies due to restricted ON/OFF operation [83].
Thus, the goal is to ensure, in real-time, that all possible implementation-realizations of the requested
setpoints, within a-priori known sets, are feasible, namely the setpoint is admissible. More specifically,
when an optimal collection of setpoints is computed, the idea is that its admissibility is first verified
through the proposed admissibility test; if the test fails, the collection is sent to the second contribution
of this chapter: an ad-hoc algorithm that finds the closest, in terms of Euclidean-distance, admissible
collection of setpoints. A schematic representation of the proposed methods can be found in Fig. 4.1
where both contributions are delimited in the dashed rectangle.

passed Uout

Find closest
uel

Control

Admissibilit
Stratogy missibility

Test,

Figure 4.1: Schematic diagram of the problem formulation together with the contributions.
uj, and u,¢ are vectors of setpoints (c.f. (4.1))

As in the previous chapters, we consider grids with |4'| buses. Additionally, we assume (i) to know
the grid-model and, (ii) that there’s only one slack-node, i.e. # = {s}. Furthermore, in this chapter, all
nodes where resources are connected are considered as PQ buses®® with interfacing grid-following
CPCs. As aresult, the components of a generic control setpoint u = [uy,---, w4 -1 T are given by (4.1),
where P; = [Plf‘, Pf’ , Pf] T and Q; = [Qlf’, Qf’ , Qf] T, are respectively the three-phase3! active and reactive
power setpoints that are sent to a generic resource i € .

T T .
ui:{ [uf,ul, uf]” = [(PF,QM), (P, QN (P}, Q)] VieR @

(0,0) otherwise, i.e. Vi€ Z.

3045 in the previous chapters, these assumptions are not strict as it is straightforward to extend the proposed
algorithms to account for either (i) all node-types, or (i) multi-slack grids (c.f. Sec. 2).

31For the sake of notation, all resources are considered controllable on all three phases. However, in case a
resource is in practice balanced over the phases, extra constraints are added to guarantee that all per-phase
apparent powers are equal. Furthermore, in the remainder of this chapter, nodal power injections’ dependency on
nodal voltage magnitudes is omitted, without loss of generality (c.f. Sec.2), to alleviate notation.
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In practice, a setpoint u#; can be issued to resource i € % only within its available capability set
di=df xof l.b xdfc R? x R? x R?, while the resulting deployed, i.e. implemented-realization, power
x; will lie, for the given short control horizon, with large probability, in the uncertainty set %; (u;) =
B (uf) x %g’(uf) x 9B{ (uf) < R? x R? x R? (see 4.5 for examples). In view of (4.1), both sets are regions of
the PQ-plane. Zero-injection nodes do not have resources, therefore, neither capability nor uncertainty
sets. Finally, the slack node is assumed uncontrollable - as it is not a PQ-node - yet, it has a capability
set of that encapsulates its physical limits.

In this chapter, capability sets are considered as convex-sets delimited by lines and/or semi-circles.
The latter polytopes can be expressed as, </ = {1 € R2 | Miy 1" < b}, 1|2 < 1y}, where the radius ry,
Mf% e MXm*2 and b(,el € RKm describe the set, with m € {# U .%} and ¢ € {a, b, c}. Furthermore, uncer-
tainty sets @f(u?), i € Z and ¢ € {a, b, c}, are replaced by their outer rectangular hull Qéf(u;p) with,
@?(u?) = [P;.P’mm(u?),P;P’maX(u?) Q?'min(u?), Q;P’max(u(f) . Additionally, the functions P;.P’min(u;/)),
P;.P’max(u;.p), Q;p’mm(u(ip) and Q?’max(u;’)) are assumed to be ATFs. ATFs are functions that can be con-
verted into affine functions in the scope of an OP. Examples of the uncertainty bound functions and
ATFs can be found in Sec. 4.5 and Appendix A. Finally, it will become clear that the above approx-
imations are made in order to render the problem solvable in real-time, i.e. sub-second scale (see
Sec. 4.4).

X

We define an admissible control setpoint u# such that, any combination of the resulting implemented
powers x = [x1,...,%.4—1)] T will guarantee the operational constraints of the power-grid and all the
resources. Hence, the admissible set, %, i.e. the set of all admissible setpoints, can be expressed as

va:xl e B W) ie® pelab,c

u
%: ’ ?b: ] 4.2
wecicw | i (0,0),i ¢ Z,¢p€e{a,b,c} (4.2)
XeEF
with,
E;(x) < El',max VieN

—-E;(x)<-E; pin VieN
I;j(x) < Iijmax Vi,j)eZ

E_zerU(x) X
L <tolyero VieN

B0 ol Vie N
F =% B ~ Tnes
S5(x) = S, max Vse &

Pi(x) < Pg max Vse.&
—Py(x) < —Pspmin VSES
Q;(x) < Qs max Vses
—Qs(xX) = —Qs,min VseS

Where E; = [El“,Elb,Ef] are the nodal voltage magnitudes of node i € A, I;; = [Il.“j,lf’j,ll.cj] are the
branch current magnitudes of branch (i, j) € &£, Elp o8 Elp % and Ef os are, respectively, the positive,
negative and zero sequence components of the nodal voltage magnitudes of node i € A" and S =
[s4,8L,8¢], Ps = [P%, PP, P¢] and Qs = [Q% QF,Q¢], are, respectively, the magnitudes of the nodal
apparent, active and reactive power injections at the slack node s. Note that, the definition of &
assumes the solution of a full AC LF and does not explicitly include the solvability of the latter in
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its definition. Indeed, this is because it is assumed that the grid is in a state that guarantees the
solvability of the power-flow equations®?. Furthermore, the parenthesis (x) here means the electrical
quantity resulting from the implementation of the vector of power setpoints x. Hereinafter, x in (4.2) is

parametrized as x(¢, u) where ¢ = {(a(l.p, s;./))}, Vi e Z is a collection of coordinates (0 < a;.p, sj.p <1) such
that,
(afPPmwh-a-ahep™ it L
. ie®,Npela,b,c
@ u) =9 QP )+ (1 - sf’)Q}‘”mm(u‘ip)) (4.3)

(0,0) otherwise, i.e. Vi€ Z.
The proposed methods, presented in the next section, make use of the parametrization in (4.3).

Finally, with the definition in (4.2), the problem of computing the closest admissible control setpoint
(see Fig. 4.1) can be, formally written as

Uoyt = argmind (u, win), 4.4)
71374

with d(-) being a measure of distance, e.g. the Euclidean one.

4.4 Method

The definition of % in (4.2) implies infinite non-linear constraints due to power-flow equations and
the uncountable nature of some of the uncertainty sets ,@?(u?) (see 4.5 for examples) leading to an
intractable problem. In the following, the proposed methods deal exactly with that by rendering the
problem tractable and efficiently solvable.

4.4.1 Admissibility Test

Alg. 4 is proposed to check the admissibility of a setpoint u. The latter asserts whether or not all possible
implementation-realizations of an inputted setpoint, if deployed, would satisfy the grid operational con-
straints. More specifically, first, the function T = computeCoordinates (Y, u, %) aims at finding, for
each LHS quantity of the inequalities defining %, an implementation power that, if deployed, will result
in the largest value of the LHS quantity. As previously explained, implementation-realizations lie within
pre-defined set-valued functions that depend on the setpoint. Formally, computeCoordinates
aims at finding x(tf (u), u), such that

P =r(x(ffa,u))=  max T
@0 W, )
<, ool 49
¢ela,b,c}

32This justification is similar to the one in the concluding arguments of Sec. 2.3.
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Algorithm 4 Admissibility Test, i.e. u € %?
Inputs: u, N, S, L, R

Parameters: Y, E; qx, Eimin, Iij,max, Ss,max, Ps max Qs,max» P in, Qs,min»
tolzero& tolneg

ADM = 1;
T = computeCoordinates(Y,u, %);
forie . / do # Loop over all nodes
ADM = ADM & CheckVoltUp(Y,u, T,i, E;imax);
ADM = ADM & CheckVoltLow(Y,u,T,i, E;imin);
ADM = ADM & CheckVoltZero(Y,u, T,i, t0lser0);
ADM = ADM & CheckVoltNeg(Y,u, T, i, tolyeq);
end for
for se % do # Loop over all slack nodes
ADM =ADM & CheckSlackS(Y,u,T,s,Ssmax);
ADM = ADM & CheckSlackPUp(Y,u, T, s, Psmax);
ADM = ADM & CheckSlackPLow(Y,u,T,s, P min);
ADM = ADM & CheckS1lackQUp(Y,u, T, s, Qs,max);
ADM = ADM & CheckSlackQLow(Y,u, T, s, Qs min);
end for
for (i, j) e £ do # Loop over all branches
ADM = ADM & CheckCurrentUp(Y,u,T, (i, j), I?]?ax);
end for

Output: ADM
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gb zero Egb ,neg

WhererE{ HE(PU " E(Pll HI(/) ll, " EL(PPOS n’ n Eszos ll’ US(pu "P(P” " P(Pu UQ(/)U n Qépu }.

In that way, the definition 0f 9 in (4 2) becomes tractable, as, for instance, verifying

Ew=  max  EwsE,

xx 1 22wl (4.6)
meR
Pefa,b,c}

where I = "E;b " (c.f. (4.5)), entails that u is admissible with respect to the upper-bound-nodal-voltage-
magnitude operational constraint at node i and phase ¢.

The output of computeCoordinates is, therefore, a collection of coordinates {tf(u)} storedin T.
The latter are computed leveraging the SCs of the LHS quantities of & w.r.t the chosen control variables,
i.e. nodal active and reactive power injections at resource nodes. As previously defined, SCs are partial
derivatives that, for a given known state and using the grid-model, can be analytically computed (c.f.
Sec. 2.3). Hereinafter, SCs will be denoted by K\{, (x), reading the partial derivative of I' w.r.t. ¥ = {
"P(p ! "Q¢ "} -i.e. nodal active and reactive power injections at node m € # and phase ¢ € {a, b, ¢} —
computed using the state resulting from the deployment of x.

CI8(8) 1 KL, (af p;g w)) — Kb (al, (w)
- uf T[& ( P:] )

1 m

or ° or

or |e) or |f)

Figure 4.2: Illustration of all possible cases for tﬁfl’r(u) for a resource m € Z and a given phase
¢ € 1{a, b, c} when the control setpoint is u. The green dashed line represent the active (top) or

reactive (bottom) power levels at which the resulting I' will be the highest.

The idea behind the computation of each ¢’ (w) is illustrated in Fig. 4.2. The computation is done
coordinate—by—coordinate, i e active and reactive nodal power injections in the PQ-plane. Namely, to

compute t%’r(u) = (a (u), s (u)) me Z (see ((4.3)), we propose two steps.

1. First, for a given quantity I', the SCs at the edges of the uncertainty sets 93’% (u%), VmeRand ¢ e
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{a, b, c} are derived. Indeed, for a given uncertainty set, four, i.e. two upper K{, (xf{,(u)) and two
lower K{, (x\lll, (u)) derivatives, are computed by varying only one component, i.e. P (c.f. Fig. 4.2
a)-c)) or Q (c.f. Fig. 4.2 d)-f)), at a time. In other words, the latter SCs are computed at the state
resulting from the deployment of a vector of nodal power injections — xf{, () with §e {1, U} — that
is equal to the inputted u except at resource m and phase ¢. This can formally be expressed as

¢ .
P = Y vigm 4.7)
A, ¥,0) i=m

with

(PP W), QY W=Pj & §=y
PP W), QY)W =Py & 0=
(P?,QI™ Wy W =Qp, & §=U
P?, QP W) ¥=0qh & §=1

A, W, ) = 4.8)

. Second, each a‘ﬁ{r (u) is obtained by comparing the two SCs w.r.t active power (i.e. K\E, (xﬁd) (u)))

and, similarly, the two SCs w.r.t. reactive power (i.e. K\g (xg(p (u))) are compared to obtain s%r(u).

This is done for all resources m € £, over all phases ¢ € {a, b, ¢} and for all quantities T, i.e. "E:.P”,
E(‘,b,zcro E(_p,neg

n n n n (P” n (p" n (P" n (P” " (P"
Et,b,pas ’ E(/),pox ’ SS ’ Ps ’ _Ps ’ s _QS .
i i

”_E(.P”’ UI(.P. ", n
i ij
In the following, for all the scenarios i.e. all the cases illustrated in Fig. 4.2, the computation of

the coordinates t,d,’l’r(u) = (a(,f{r (w), s%r(u)) are presented.

¢ Case a), both derivatives with respect to Pff, have the same sign. Therefore, assuming that
they will not change signs inside the uncertainty set (c.f. Remark 1) along the P axis, i.e.
Q= Q(,fl, the direction of the SC in the P coordinate will lead to ['(w). The lowest magnitude
will arise following the opposite direction. Consequently, a‘ﬁ;r (u) = 1. Equivalently, if both
derivatives point in the decreasing direction, a(f,’;r(u) =0.

* Case b), the derivatives with respect to P,d,), have opposite signs. As illustrated in Fig. 4.2, the
minimizer of I will be achieved if the active power is between the active power limits of the
uncertainty set. Namely, assuming that there is only one local minimum along the Q = Q‘,el
axis, it is reasonable to assume that it is closer to the lower active power limit seeing that

T 1N |
\Kp,, (xP%(u))l <IKp,, (xpﬁl(u))l.

For the maximizer, which is the quantity of interest, as in case a), I'(#) will be achieved if
the implementation follows the direction of the SCs. Since the SCs are of opposite signs,
the active power can be set to either the maximum or minimum uncertainty set limit. To
deal with this, we propose to set the active power to the limit with the highest product of
active power and SC. Namely,

Pl ) 1K, el ()=

; 1 if , m P

all () = pf;m‘“(u‘,i)|K;¢ (el ()] (4.9)
0 otherwise.

* Case c), in this case the logic is inverted compared to case b). Meaning, the minimizer will
be achieved at one of the uncertainty set limits while the maximizer will lie somewhere in
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between the active power uncertainty limits along the along the Q = Q(,fr Consequently, we
propose to set the coordinate using ratios of the SCs. Specifically, in view of the definition
of the coordinates in (4.3), taking the ratio of the lower-bound SC over the sum of the two
others will lead to the desired effect. Formally, this leads to,

|K}E% (x}{% (w)|

ST b T oof : (4.10)
IKP% (xpf;("))l + le?;l (xpﬁ (w)|

It can be seen in (4.10) that if IK}F,m (xf)d) (w)| < IK}F,m (x£¢ (w))| the computed coordinate will

be closer to the lower-bound of the uncertainty set, while, if IK}r,m (xﬁ » (w)| > |K gm (xg " (w))|,
the coordinate will be closer to the upper-bound. " "

* Cases d), e) & f), follow respectively the same logic as for cases a), b) & c¢), but this time
referring to the nodal reactive power injections (i.e. the horizontal axis in Fig. 4.2). All the
equations used to set s%r (u) are the same as the ones used for afgr(u) with the except that
all P,(f, are replaced by Q‘,fr

Remark 1. The solutions proposed to deal with the cases presented in Fig. 4.2 leveraged one main
assumption. Indeed, what was presented assumes, indirectly, the monotonicity of the SCs. In other
words, it assumes a continuous behavior with, at most, one local extreme within the uncertainty set.
This assumption is, in general, true as long as the uncertainty sets are not too large, which is what
was assumed in this chapter to remove the need of explicitly adding the solvability of the power-flow
equations in & (see Sec. 4.3).

Furthermore, as explained in [82], under the same assumptions of this chapter, the maximizers of most of
the LHS quantities of the inequalities of & are achieved at the edges of the power uncertainty sets when
rectangular sets are considered. This means that, with a large probability, cases a) and d) of Fig. 4.2 will
be predominant. The analysis done in [82] assumes single-phase grids, however, when looking at the
formal proofs and intuitions given in the paper, one can easily conclude that the results are extendable
to three-phase grids, particularly to the power-quality constraints. The latter was extensively verified
through numerical simulations.

Alg. 4 then loops around all the nodes and branches of the grid to assert admissibility. More specifically,
each Check function first uses the corresponding maximizer coordinates (¢F (w)) stored in T and the
admittance matrix to compute the maximum value, i.e. I'(u) (see (4.5), of each constraint defining .
Then, using the inputted tolerances, each function outputs a Boolean asserting whether or not the
maximizer violates the constraint. Tab. 4.1 summarises the processes and outputs of each function.
Finally, through the Boolean AND operator (&), Alg. 4 ensures that only if all constraints are within
bounds, then ADM = TRUE (or u € %).

4.4.2 Computation of the closest admissible setpoint

Optimization Problem

Alg. 5 is proposed to solve (4.4). The latter iteratively and approximately solves quadratic OPs with linear
constraints and outputs the closest, in terms of Euclidean distance, admissible setpoint to its input u;y,.
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Table 4.1: Summary of processes and outputs of the Check functions of Alg. 4

Function Processes Output
) 7 ) 7
i. Infer x(tEi (u), u) using t%i (u) € T; b o
CheckVoltUp ii. Perf LF i E‘P( ) TRUE, le (u) = El max
ii. Perform LF computations to get E; (u);
& Com L& P i FALSE, otherw1se
pute E () < El max
7
i. Inferx( -E] (), u) using £~ Ei (w) e T; b P
CheckVoltLow ii. Perf LF tati t t E‘P( ) TRUE, if — E () = — El min
ii. Perform LF computations to get —E. (u);
iil, Compute - E(p(u) - g i FALSE, 0therw1se
L,min
FZ@V‘U F?EVD
iInferx|e5 (u),u using ¢ 2 (WeT;
<
CheckVoltZero | .. ] Zero TRUE, if o ’"” < 10lzero
ii. Perform LF computatlons to get Rk FALSE, otherwise
iii. Compute - i < t0lzero-
Eneg E"eg
i. Infer x| £ (u),u using t* 4 (u)eT R
Eneg
CheckVoltNeg . ) l_r?eg TRUE, if zpor E”‘” - wl”efg’
ii. Perform LF computations to get F; FALSE, otherw1se
fleg
iii. Compute W < 10lyeg.
50 50
i. Inferx(tss (), u) using t5 (u) € T; 'fﬁ‘/’( ) S¢
N TRUE, 1 u) <
CheckSlacks ii. Perform LF computations to get S (w); FALSE otsh erwis es’m“x
iii. Compute S¢(u) < Ss max:
i Inferx( s (u), u) using £ (w) € T; it 0 < p?
N TRUE, 1 u) <
CheckSlackPUp | ii. Perform LF computations to get Pf(u); FALSE Otil erwise max
1il. Compute P(p(u) < PS max-
5
i. Inferx( P (u), u) using &~ P (w)eT, S P
CheckSlackPLow | ii, Perf LF i 13</>( ) TRUE, if — P (u) = Psmm
ii. Perform LF computations to get —P; (u);
& Com o) P FALSE, otherwise
pute — P (u) < — Ps mm
i. Inferx(th (u), u) using tQS (w)eT,; if Qd)( 1<
~ TRUE, 1 u) <
CheckS1lackQUp | i, Perform LF computations to get Q(Sp(u); FALSE otisi erwise Smax
iii. Compute QF (1) < Q% -
) AP ) AP
i Inferx(t‘QS (u), u) using t 9 (u) € T; 60 = O
TRUE, 1 u)<-—
CheckSlackQLow | ij i ~0%m): $ s,min
ii. Perform LF computationps to get —Q; (u); FALSE, otherwise
iii. Compute QS (u) < Qs mm
i. Infer x(t ii(u), u) using ¢ if'(u) eT; "
TRUE, 1f1 (u)
CheckCurrentUp ’J max

ii. Perform LF computations to get IA;[} (w);

iii. Compute Id) (n) <

1] max’

FALSE, otherw1se
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Algorithm 5 Find the closest admissible setpoint to ui,

B W N

© ° N 29

17:

18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

28:

: Inputs: Y, un, N, S, L, R, [dn(g]Vmeﬂ,v¢€{a,b,c} and [@ﬁ]vﬂze%mem,b,c}

: Parameters: Y, E; max, Eimin Iijmax> Ss,max» Ps,max» Qs,max> Psmin» Qs,min,
: 10lzero, & t0lpeg

: Variable: u

: repeat

Tin = computeCoordinates(uin, £);
forie 4 do # Loop over all nodes
OP.CreateVoltUpConstraint(Y,u, Ti, i, Uin, [%%]Vmc—:%,wpe{a,b,c}rEi,mux);

OP.CreateVoltLowConstraint(Y,u, Ty, i, Uin, [@%]Vme,%,wpe{a,b,c}’Ei,min);
OP.CreateVoltZeroConstraint(Y,u, Tin, i, Uin, [@%]Vma%,wpe{a,b,c}, tolzero);
OP. CreateVoltNegConstraint(Y, u, Tin, i, Uin, [@%]Vmeﬁ,v¢e{a,b,c}’ tolneg);

end for

for se.# do # Loop over all slack nodes
OP.CreateSlackSConstraint(Y,u, Tin, tin, S, [@%]Vmeﬂ,vcpe{a,b,c}»Ss,mux);
OP. CreateSlackPUpConstraint(Y, u, Ty, uin, S, [@%]Vm(—:%,v¢e{a,b,c}»Ps,max);
OP.CreateSlackPLowConstraint(Y,u, Tin, Uin, S, [:@%]Vme%we{a,b,c}:Ps,min)§

OP.CreateSlackQUpConst raint(f/, u, Tin, win, S, [@%]Vmeﬂ,‘dgbe{a,b,c}» Qs,max);
OP.CreateSlackQLowConstraint(Y,u, Tin, Uin, S, [@%]Vmeglv(pe{a'b,c}, Qs min);

end for

for (i,j) e £ do # Loop over all branches
CreateCurrentUpConstraint(Y,u, Ty, tin, (i, j), [@%]Vmeﬂ,v¢€{a,b,c}»I?}ax);

end for

OP.CreateDeployConstraints(u, %, [d,(z]\ymggz,v(pem,b,c})
OP .CreateObjective(u, ujp);
Uout = OP . solve(u);
Uin = Uout;
until uyy € % using Alg. 4

Output: ugy;
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H,Tn 1mn,m
: R
R el Chea
P
Bm 11’1 1M — uout,m

Figure 4.3: Qualitative illustration of convergence of Alg. 5 for a generic resource m and phase
¢ (superscript omitted to alleviate notation).

AsinAlg. 4, in each iteration, to enable the creation of the constraints, first, computeCoordinatesis
called. Using the loop’s inputted setpoint u;;,, the latter computes the maximizer coordinates and stores
them in Tj,. Note that, since at this point of each iteration, i.e. before solving the OB, the algorithm does
not have access to 4y, and its corresponding SCs, it is assumed that £ (uin) = tr(u), where u is the OP
variable. This is a reasonable assumption because as the iterations progress, by construction, #y,; will
get closer to the updated u;,. As a result, the variable and inputted setpoints will tend to have similar
SCs (see Fig. 4.3 for illustration). This intuition is numerically verified in the simulations section.

In every iteration, after computeCoordinates is called, several functions are called to create the OP
constraints and objective. First, CreateVoltUpConstraint adds the constraint that guarantees

that E:P (x(t,u) < E;{’max for all the deployable powers x(¢, ) in (4.2). As explained in Section 4.4.1,

this function uses tE? (uin), to create only one constraint per nodal voltage at node i € A" and phase
¢ €{a,b,c}. As explained in Sec. 1.1, we target the real-time control of ADNs. As a result, the OP
constraints encapsulating the grid operational constraints are linearized by leveraging first-order Taylor
approximations similar to ones used in Sec. 3.3.2. More specifically, CreateVoltUpConstraint ex-
presses each nodal voltage E;P(u) as a linear function of E?(uin)%, the power injections x(tE;‘p (4in), Win)

£
and the unknown power injections x(t5i ( Uin), 1), as shown in (4.11).

o
33Recall that these are the result of a LF calculation with the known power injections x(tFi (Uin), Uin)
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Bl =~ E )+ Y K¢,( (¢ (), i)
mex
¢'ela,b,c

”E(f’ / ’ ’,Eﬁb I ’
(ai i) P ) + (1 al) T (um))P%'mm(u%))—

( ¢ t(um)P"’ A mm)+(1—am ’(um))P‘p R jﬁm))]

) (4.11)
+ Z Kd"( (tEi (uin)’uin))
MmeR m
¢'ela,b,c}
10 , ' ' E? !, mi !
(s‘,’; i) Q™ () + (1= s, (uin))Q‘,i’;mm(”%)) )
/YEQ_D ’ , '
(s‘f; Q)+ 0= gl fm)”

The Taylor expansion in (4.11) is done in the neighbourhood of x(tE:‘p(uin), uiy) as, again, with the
progress of the algorithm, u,; will get closer to the updated u;,, which would mean that the uncertainty
sets would practically be the same (See Fig. 4.3). Here, it becomes clear that if the uncertainty sets were
not described by linearized equations, the Taylor expansion would not be linear. In other words, if the
functions P;p’min(u(ip), P;p‘max(u‘f), Q;.P’min(u;.p) and Q;p’max(u;.p) were non-linear, (4.11) would become
non-linear even by leveraging SCs. Indeed, in that case, c.f. to Remark 2, the real-time aspect of Alg. 5
would not be guaranteed. Finally, the added constraint is, therefore, (4.11) < E?

i,max’

Then, similarly, CreateVoltLowConstraint adds the constraint that guarantees that —E;.p (x(t,w))

-EY for all the deployable powers x(f,u) in (4.2). Following the same logic and methodol-

i,min
ogy as CreateVoltUpConstraint and substituting E";p by —E;P, the added constraint is therefore
<_g®

imin’

(4.11)

B ——p?
1 1

ZEFU

Then, similarly, CreateVoltZeroConstraint addsthe constraint that guarantees that Zie pos (x(t,u))

< tolero for all the deployable powers x(¢, u) in (4.2). Following the same logic and methodology

Z@rO

as CreateVoltUpConstraint and substituting Ed) by pm , the added constraint is therefore

(4.11)

<
geero | = t0lzero.

e Ci
Ei gPos
i

neg

Then, similarly, CreateVoltNegConstraint adds the constraint that guarantees that W (x(t,w)

< tolyeg for all the deployable powers x(#, u) in (4.2). Following the same logic and melthodology
EnLg
as CreateVoltUpConstraint and substituting E¢ by ,,m, the added constraint is therefore

(4.11) Jneg < t0lpeg.
E;'P_' ElF"”
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Then, similarly, CreateSlackSConstraint adds the constraint that guarantees that S(f (x(t,u)

< S?,max for all the deployable powers x(f,u) in (4.2). Following the same logic and methodol-

ogy as CreateVoltUpConstraint and substituting Eip by S‘f, the added constraint is therefore

(4.11)

= Ss,max-

B —s?

Then, similarly, CreateSlackPUpConstraint adds the constraint that guarantees that Pg’ (x(t,u)
< Pg,’max for all the deployable powers x(¢,u) in (4.2). Following the same logic and methodol-
ogy as CreateVoltUpConstraint and substituting E‘:/) by P;b, the added constraint is therefore

<p?

s,max-
B0—p?
1

(4.11)

Then, similarly, CreateSlackPLowConstraint adds the constraint that guarantees that —P;b (x(t,u))
<-P?  for all the deployable powers x(t,u) in (4.2). Following the same logic and methodol-

s,min
ogyas CreateVoltUpConstraint and substituting Eip by —P?, the added constraint is therefore
(4.11) <-p? .
s,min
B ——p?

i

Then, similarly, CreateSlackQUpConstraint adds the constraint that guarantees that Q‘f (x(t,u))
< Q(ﬁmax for all the deployable powers x(¢,u) in (4.2). Following the same logic and methodol-
ogy as CreateVoltUpConstraint and substituting Eip by Q‘f, the added constraint is therefore

¢
= Qs,maX'
E—q?

(4.11)

Then, similarly, CreateSlackQLowConstraint addsthe constraint that guarantees that —Q(sp (x(t,u))
< —Qfmm for all the deployable powers x(¢, ) in (4.2). Following the same logic and methodology

as CreateVoltUpConstraint and substituting E";p by —Q‘f, the added constraint is therefore

(4.11) <-Q? i

B/ —-q?

Then, similarly, CreateCurrentUpConstraint adds the constraint that guarantees that I;@ (x(t, w)

< I?;.Ymax for all the deployable powers x(¢,u) in (4.2). Following the same logic and methodol-

ogy as CreateVoltUpConstraint and substituting E;P by I?}, the added constraint is therefore

<1’

ijmax’

(4.11)

o,

B} 1],

Then, CreateDeployConstraints adds the constraints that guarantee that u‘,f, € .szf,‘fl, VmeR
T

and V¢ € {a, b, c}. The added constraints are M;el u‘ﬁ, - b(,/; <0, VmeZandV¢eia,b,cl.

Then, CreateObjective creates the OP objective as || # — ui, [|2. Where, || - ||2 is the £, —norm.

Finally, solve solves the OP. The OP is solved using Alg. 2 presented in Sec. 3.3.3. As before, the reason
why the OP is not given to a solver is to gain in computation times (c.f. Remark 2). At the end of
every iteration, the approximate solution to the OP, u,,, is tested for admissibility using Alg. 4. If it

63



Chapter 4. Efficient Computation of Admissible Power-Grid-Control-Setpoints for
Heterogeneous, Unbalanced, Stochastic & Uncertain Energy Resources

is admissible, the main loop is stopped, otherwise, Alg. 5 loops again using uy,; as input to the next
iteration. The iterative process is needed due to: (i) the approximation of the LF equations through SC,
(ii) the approximate resolution method, and, more importantly, (iii) to circumvent the chicken-and-egg
problem associated to the construction of the constraints, i.e. the non-availability of u,,; during the
loop to correctly compute the SCs at the edges of the uncertainty sets. As a final note, by construction,
the OP is convex and will, therefore, converge [49] towards the direction of an admissible setpoint at
each iteration, if the latter exists.

Remark 2. As explained in the preamble, the problem in (4.4) can be resolved by means of robust-
optimization techniques leveraging dual-primal OP transformations. However, these methods are
usually computationally heavy and would not be adequate for sub-second real-time control. More
specifically, under all the assumptions considered in this chapter, e.g. the dependence of the bounds of
the uncertainty sets on the control variable, a dual-primal transformation of the linear grid operational
constraints would lead to quadratic constraints, proving again the non-applicability of such well-studied
methods for sub-second control.

Furthermore, the ATF assumption for the bounds of the uncertainty sets could be extended to quadratic
functions. More specifically, they could be extended to functions that would define n-spheres for the grid
operational constraints. This extension is made possible from the usage of Alg. 2 to solve the OR However,
the bounds were restricted to ATFs as there were no need to go further (see Sec. 4.5).

Finally, since all constraints, under the assumptions of this chapter, are either linear (affine) or spherical,
the approximate resolution technique presented in Alg. 2 is fully-applicable. Indeed, this enabled the
resolution times of the proposed method to be within the sub-second range.

4.5 Resource Models

By making reference to different resources, in this section we practically show how to express capability
(d;p ) and uncertainty (@f) sets34,

4.5.1 Slack Nodes

For simplicity, in this thesis, slack nodes (SL) are modelled as sink nodes whose capability is de-
fined by a rated apparent power S; ;;;4x and maximum/minimum active (Ps, ;,4x/ Ps,min) and reactive
(Qs,max! Qs,min) powers. This leads to,

2
A? ‘ {(P, QeR?:P!  <P<Plu QY <Q=Qlay PP+ QP s (s‘ﬁmm) }

4.5.2 Resource Nodes

The considered resources in the scope of this chapter, can be divided into three categories:

* Energy Storage, in the form of batteries (B) or supercapacitors (SC);

34We refer the interested reader to [55] for more details concerning resources’ modelling.
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Figure 4.4: Schematic illustration of different capacity and uncertainty sets for a resource
connected to node i € Z on phase ¢ € {a, b, c}. ,sz¢l.¢ are the regions delimited by grey lines. 382/’

are either the red lines, areas or dots. @;p are either the pink lines, areas or dots. Different

¢

setpoints ul.

are shown as blue dots.
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e FElectric Loads, that can be controllable or uncontrollable (respectively CL and UL);

¢ Power Generators, in the form of controllable and uncontrollable P-V plants (respectively CPV
and UPV).

In the following, the modelling details —i.e. capability and uncertainty sets — concerning these resources
are presented.

4.5.3 Energy Storage

Storage devices, such as batteries and supercapacitors, are DC resources requiring four-quadrant-
inverters to be connected to AC grids. Power converters, connected to node i € £ < £ and phase
¢ €{a,b,c} are generally constrained by a maximum apparent power, S;b'max. As DC sources, they
also have internal active-power bounds. Namely, they have maximum (pggx) and minimum (Pl?lﬁl)
DC power limits that depend on their SoC. DC power limits can be converted to AC maximum (P;M)
and minimum (P;M) power limits. The transformation can be done in a number of ways; here the
converter’s efficiency is used. Hence, the capability regions of energy storage devices, on their AC-side,
can be generally quantified by the intersection of the power-converter limits and the device’s converted
internal DC power limits. Finally, since these devices are highly controllable, it is expected that their
implemented power is equal to the requested setpoint. Fig. 4.4a illustrates the modelling of an energy

storage device. Formally, one can express the sets as,

1

B W) | )

df | {BQer?: P <p <Pl P2 @< (s

4.5.4 Electric Loads

Controllable Loads

Controllable loads are usually three-phase and are directly connected to the grid. They are controllable
in the sense that they can implement, with some uncertainty, the control setpoints they receive as
long as they are inside their upper and lower active/reactive power limits (respectively P;.M / Q;M and
P?b'l / Q;.M for aload connected to node i € Z on phase ¢ € {a, b, c}). The uncertainty on implementing
a setpoint can be modelled with a rectangle around it representing the setpoint tracking inaccuracies.
The uncertainty rectangle for a controllable load connected to node i € Z on phase ¢ € {a, b, c} is
defined by the parameters Af’;, Af’;,, A?é and A(lpé Fig. 4.4d illustrates the modelling of an energy

storage device. Finally, formally, one can express the sets as,

al | [P x e Q]

4

AN o} bl po o1 ¢ bl AP o1
By () | | Py =0 P+ AR x(Q =46, Q +4; 5

Uncontrollable Loads

Uncontrollable loads are usually three-phase loads that are directly connected to the grid. They are
uncontrollable in the sense that they do not accept setpoints. Therefore, their capability region is
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defined by their measured powers (15?) and Qf’ for aload connected to node i € Z on phase ¢ € {a, b, c}).
As before, the uncertainty on implementing a setpoint can be modelled with a rectangle around it.
However, in this case, the rectangles represent a next-tim-step forecast of the load. The uncertainty
rectangle for an ucontrollable load connected to node i € Z on phase ¢ € {a, b, ¢} is defined by the
parameters A(f }I, Azb }i, A?CT) and A‘fé Fig. 4.4c illustrates the modelling of an energy storage device.
Finally, formally, one can express the sets as,

| (B?,aM

%¢(u¢) [P¢ A?;,P¢+A¢>T Q7 - a4, QP +a%)

4.5.5 Power Generators

Uncontrollable Photo-Voltaic plants

Uncontrollable P-V plans are modelled as uncontrollable loads. They usually produce as much power
as possible using, for instance, the MPPT algorithm. As a result, their capability and uncertainty sets
are modelled as the ones of uncontrollable loads (see Sec. 4.5.4).

Controllable Photo-Voltaic plants

Controllable PV plants have constraints on reactive power (controlled by a minimum power factor,
cos(¢p)min) and are interfaced to the grid through two-quadrant - i.e. only absorptions — inverters.
Hence, a controllable PV plant connected to i € # < % on phase ¢ € {a, b, c} has, respectively, a
minimum power factor (cos(qJ)‘lem) and a maximum apparent power rating (S‘f’m“x). Furthermore,
through the use of forecasting tools [58], their irradiance fluctuation can be modelled in the form of
maximum (P;M) and minimum (P;’/”l) active-power bounds. Their uncertainty sets are defined in a way
to account for the next-timestep irradiance uncertainty. As explained in [58], the sets are, in practice,

segments that go from the requested setpoint to P;p'l while respecting the limits of of i"b. In summary,

2
Al (PQ)eR?:0<sP< P;.M,P2 +Q?= (S;.p’max) , arctan(P/Q) < arccos (cos(fb)(p

i i mm)

W) | {eQer?:min{p! PP <P<p!, min{qf Q!""} <Q<=max{Q?,-Q!"™}}

with Q¢ lim being the positive reactive power at the intersection of the line P = P‘p 't and the cos(<I>)(fmln
constraint line, for a resource connected to i € £ < % on phase ¢ € {a, b, c}. An 1llustrat1ve example is

given in Fig. 4.4b.

4.6 Numerical Simulations

In this section, the performance of the proposed algorithms is numerically tested using (i) a simple
4-node network (see Fig. 4.5 and (ii) the IEEE 34 bus feeder [9]. All simulations assume balanced
three-phase network operation. As a result, hereinafter, only the grids’ single-phase equivalents were
considered and the phase-angle superscript is omitted. However, since all grid operational constraints
were treated in the same way in the proposed algorithms, this simplification does not affect the
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applicability of the methods to unbalanced three-phase ADNs. Finally, even though this simplification
entails ignoring the nodal voltage sequence SCs, the performance of the latter are still showcased in a
further contribution of this thesis (c.f. Sec. 6).

All simulations were performed using MATLAB on a MacBook Pro with a 3.5 GHz i7 processor. Different
KPIs, such as number of iterations, convergence, validity of assumptions and computational times,
are considered to evaluate the effectiveness of the proposed algorithms. Note that, the computational
times were evaluated on a C++ implementation of the same MATLAB code. Both implementations
had the same outputs, however, the computational times were drastically decreased when using C++.
Finally, it is worth mentioning that both implementations did not include any code optimization
(e.g. [84]) which was left for future works.

In the simulations, in both implementations, each resource is encapsulated into a class. Each class has
attributes to describe the resource’s capability and uncertainty sets. Namely, each class has attributes
and built-in functions with particular definitions to match the sets presented in section 4.5.2. As a
final note, it is worth recalling that, for the CPV resources, the min and max functions defining their
uncertainty set bounds are ATFs. Therefore, by using the techniques presented in Appendix A, the grid
operational constraints remain linear.

Finally, as in the previous chapter, compared to the operational constraints requirements listed in
the EN-50160 standard [48], tighter nodal voltage magnitude bounds were chosen to stress-test the
proposed method. The chosen maximum and minimum bounds were, respectively, set to E; i, = 0.95
p-uand E; ;4 = 1.05 p.u (see Secs. 4.6.1&4.6.2 for the base values of each simulated grid).

4.6.1 4-Node Network

The network topology is shown in Fig. 4.5, when a generic implementation setpoint x is deployed. The
grid is composed of 4 nodes and 3 identical branches. The base voltage is 24.9 kV and the base power is
5 MVA. The grid model and resources’ parameters are summarized in Table 4.2. In the following, three
simulations performed on the 4-node network are presented.

E, Ei(x) Ex(x) FEs3(x)

(x
Ss (z) L1 L‘QjQ T3

Figure 4.5: 4-Node network topology

Approximation Check

A first simulation was performed to verify the validity of the proposed approximate SC-based method
to solve (4.5). In other words, the simulation verified whether the computed quantities I' (u) were
indeed the constraints’ maximizers. To do so, the simulation consists in solving the non-approximated
problem in (4.5) for all values of I' (i.e. "E;", "—E;", "I;;", "Ss", "Ps", "=Ps", "Qs", "—Qs"). This is
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Table 4.2: 4-Node network parameters

(a) Line parameters

R L C length  Ampacity
[Q/km] [mH/km] [pF/km] [km] [A]
0.193 0.38 0.24 1 76.21

(b) Resource parameters (in p.u.) for Branch Current Constraint Violation simulation

Node ‘ Type ‘ Parameters

0(s) SL | Ss,max = 0.5, Psmax = Qs,max =1, Ps,min = Qs,min =-1
1 | CPV | P =06, P} =0.38, S7"* =1, cos(®) min = 0.5
2 | UL |AL,=A},=02,A) =4 =0
3 | B |Pl=02Pl=-05sr*=1

(c) Resource parameters (in p.u.) for the Approximation Check & Branch Current, Nodal
Voltage and Slack Constraints Violations simulations

Node ‘ Type ‘ Parameters

0 (s) SL Ss,max =0.3, Ps,max = Qs,max =1, Ps,min = Qs,min =-1
1| UL |A],=A1,=A] ,=A],=01
2 | CPV | P} =0.6, P} =0.38, S1"* = 1, c08(®)2,min = 0.5

T 1 _ _
3 | B |Pl=02Pi=-058""=1
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done using MATLAB’s fmincon, the resource parameters in Tab. 4.2(c) and for several collections of
setpoints u#. The resulting maximum error between the non-linear solution and the proposed method,
for all constraints, is in the order of 1e — 6 p.u. . These first promising results confirmed the intuition
presented in Remark 1.

Branch Current Constraint Violation

In this second simulation, a control setpoint that caused non-admissibility for some branch currents
was synthesized and inputted to Alg. 5. More specifically, the initial setpoint is feasible, i.e. u;, € &,
yet, due to the uncertain behaviour of the UL and the CPV, the latter is not admissible, i.e. u;, ¢ % .
Namely, even though its implementation-realization may cause grid operational constraint violations,
this setpoint would be normally sent to resources as in itslef it does not violate the latter.

The resources parameters used for this simulation are summarized in Tab. 4.2(b). Fig. 4.6a and Fig. 4.6b
shows the evolution of [; j(Uout), E; (out) and —E; (Hout) together with their respective bounds. They also
show the evolution of the updated u;, and the evolution of Ty,. T is an introduced KPI representing the
accuracy, in percentage, of Ty, = Tout with Ty being the output of computeCoordinates(Y,uou, %).
As algorithm 5 converges, it pushes all violating currents to their ampacity limit, and only stops when
the worst violation hit the limit, i.e. is projected onto the &. Furthermore, it can be observed that Ty,
increases at every iteration. This further validates the assumption l‘ri (Uin) = = (u), that done at every
OP iteration to create the constraints. Finally, on average the OP approximate-solving time was less
than ~ 5 —8 ms, the average time to perform the admissibility test was similar and the total time for the
full convergence of the algorithm was less than ~ 20 ms.

Branch Current, Nodal Voltage and Slack Constraints Violations

In this third simulation, a control setpoint that caused non-admissibility for some branch currents,
nodal voltages and slack apparent power constraints, was synthesized and inputted to Alg. 5. Unlike
the previous simulation, the initial setpoint is not feasible, i.e. u;, ¢ %. The resources parameters used
for this simulation are summarized in Tab. 4.2(c). The line parameters are the same as in the previous
simulations except for the lengths that are artificially increased for branches (0,1), (1,2) and (2,3) to,
respectively, the extremely larges values of 25, 25 and 50 km. This was done to force overvoltages.
Fig. 4.7 shows the evolution of I; j (#out), E; (tout), —Ei (Mour) and Ss(uour) together with their respective
bounds. Unlike in the previous simulation, since the inputted setpoint was non-admissible in terms of
slack apparent power magnitude constraints, Fig. 4.7c shows the evolution of the maximizer of the later
together with its capability set «/;. The obtained conclusions, i.e. convergence, KPIs and computation
times, are similar to the ones of the previous simulation.

4.6.2 IEEE 34 Test Distribution Feeder

The grid is based on the IEEE 34 test distribution feeder. All the branch parameters can be found in [9].
The base voltage is 24.9 kV and the base power is set to 25 kVA. In this simulation, a control setpoint
that caused non-admissibility for some branch currents and nodal voltages magnitude constraints,
was synthesized and inputted to Alg. 5. The initial setpoint is not feasible, i.e. u;, ¢ & (See Fig. 4.8a).
The resource allocation can be found in Tab. 4.3. It is based on the suggested load profile in [9]. Loads
are placed in the same nodes as in [9], and are represented by either controllable and uncontrollable
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Figure 4.6: 4-node network: Branch Current Constraint Violation simulation

71



Chapter 4. Efficient Computation of Admissible Power-Grid-Control-Setpoints for
Heterogeneous, Unbalanced, Stochastic & Uncertain Energy Resources

1.08
- E:‘l(uuuL) — |7:E‘1(uoul)‘
1.061= EA‘Z(uout) e |7AE‘2(uaut)‘ 7
‘ — E3(Uout) [—E3(tout)|
’?: 1 04L - ‘ - Ei.min‘ — B max -
P S
o] e —— - -
5 02| s e e ———— -
& 777’Zi’*:,*f;1,,:17;#ﬁ77
3 ************* e e |
= 1= | = 0.416 [ug| = 0.238 [ug| = 0.195 [ug| = 0.194 B
& up = (—0.210,—0.126) | |us = (—0.210, —0.126) u; = (—0.210, —0.126) ug = (—0.210, —0.126)
S 098l |u2 = (0.400,—0.800) uy = (0.344, —0.596) up = (0.334, —0.579) up = (0.334,—0.578) | |
= uz = (0.252, —0.113) ug = (0.015, —0.048) uz = (0.004, —0.100) ug = (0.0025, —0.099)
Ty, = 96. b = b =
0.96 b = 96.7 w Ty, = 100 |
e A ]
0.94 | | \
0 1 2 3
iteration number
(a) Evolution of nodal voltage magnitude maximizers during one full-run of Alg. 5
2 T = = =
~. lug| = 0.238 — {Ul(uout) {12(Uout) —— {zs(uom) — Lijmaz
18- SN N up = (702107 70126) e Il(](uout) = 121 (uout) I?iZ(uout) N
e 16l hY uy = (0.344, —0.596) |
< ~ |us = (0.015,-0.048) o :(0-0192510 0d26) Juo] = 0.194
g optar S [Te=967 L= At up = (—0.210,—0.126) |-
5L ] S (7 = 967 uy = (0.334, -0.579) us = (0.334 — 0.578)
SRR S ug = (0.004, —0.100) us = (0.0025, —0.099)
= g ~~ ~
2
S5O0 [wl=od6 Ty = 100
€ Aogl  |w=(-0210,—0126)] 4 - A=
g uy = (0.400, —0.800) | T
A 04 gy =(0.252,-0.113) |
0.2 / i
0 1 1
0 1 2 3
iteration number
(b) Evolution of branch current magnitude maximizers during one full-run of Alg. 5
I . e A
0.2 )
01h 011F
3 Ss(Uout) iteration 1 0115 Ss(uout) iterations 3
g o 1 F 012 -
“ Ss(Uoyt) iterations 2 & 3 i ///
& oal / i — 0125} e
o2 2 o]
-0.2+ .“‘-.. \\ . o135| //// -7 Svs(u,m,) iterations 2
o)\ R -
N e 014F 7
03l Vs S( Y s S
s(Uoyt ) 1teration owsk
Y — \\
0.4 | ') | 0.15 \

-04 -03 -02 -01 0 0.1 0.2 0.3

Qs [p~u‘]

-0.19 -0.185 -0.18 -0.175 -0.17 -0.165 -0.16 -0.155 -0.15 -0.145

Qs [p-u]

(c) Evolution of slack apparent power magnitude maximizers during one full-run of Alg. 5

Figure 4.7: 4-node network: Branch Current, Nodal Voltage and Slack Constraints Violations

simulation
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loads or batteries. The grid is augmented with five generation nodes, two of which are in the form
of uncontrollable P-V plants while the rest are controllable P-V plants. Fig. 4.8 shows the results of
a simulation where the load profile was scaled by a factor of 3 in order to create an undervoltage in
the grid. Furthermore, compared to the values in [9], the branch ampacity limits were downscaled to
create branch current magnitude violations. The obtained conclusions, i.e. convergence and KPIs, are
similar to the ones of the previous simulations. Finally, in terms of computation times the seem to
scale linearly with the grid size and number of connected resources. Indeed, on average, the OP solving
time was ~ 100 — 150 ms, the average time to perform the admissibility tests were similar and the total
time for the full convergence of the algorithm was around ~ 500 ms.

Table 4.3: Resource parameters (in p.u.) for the IEEE34 Voltage and Current Violation simula-
tion

Node ‘ Type ‘ Parameters

0(s) SL | Ss,max =100, P max = Qs,max = 100, Ps min = Qs,min = —100

4 | B |Pl=12pPl=-128r%=2

7 | CPV | Pl =8, P! =7.4, S =10, coS(®)2,min = 0.3

- Io_Al = I—ol=ol=pl —al =

9 | CL PEi =-0.8, Agip = Ay, p= 0.02,T Pl=0ql= ng = A?YQ = Ang =0
10 CL | Pjp=-2.8 A1 p =01 p=P1g= Qg =Q1p =190 =B10,0=0
11 | B |Pl =2 P =-28n%=24
15 | B |Pl =2 Pl =-28n%=24

1 Al Al _ Al _
18 | UPV | ALy, =Ajy p=Aly 0= Ay =0
20 |upv|al =al =al =al =0

20,P 20,P 20,0 ~ 220,0

| _ T _ Al _pl _ _nl _al _ Al _
21 CL P%1 = —101 AIO,P = AIO,P = PlO = Q10 = Qlo = Awa = Awa =0.001
20 | B | Py =2 Py=-2 515'1‘”“ =24 o 1
26 CL | Pyg==8,0p5 p =035 p=0.1, P)g = Qs = Qp = Aze,Q = A26,Q =0

27 | CPV | P} =2.4, P}, =2, SIM%* =3, c08(®)p,min = 0.3
g pl = -

28 | B |Ply=8 Pl =-10, S =12

30 | CPV | Pl =4, P}, =3.6, SJi% =6, coS(®)2,min = 0.1

4,7 Conclusion

In this chapter, methods accounting for the uncertainty of the implementation of setpoints at resource
controllers have been proposed. First, a tractable admissibility test checking whether a control setpoint
is admissible or not, was developed. Second, an iterative algorithm was presented with the following
features: (i) it accounts for the grid and resource operational constraints, (ii) it leverages SCs to linearize
the power-flow equations, and (iii) it is capable to determine the closest admissible control setpoint
to its input. At each algorithm iteration, an admissibility test is performed to verify the validity of the
OP’s output and, ergo, the validity of the approximations used to linearize the constraints of the OP.
The performed simulations show that the algorithms: (i) converge, (ii) satisfy the validity of the posed
assumptions and, (iii) are compliant with real-time, i.e. sub-second, control. Note that, even though
the performed simulations assumed balanced three-phase operation, the method is capable to control
grids operating in generic unbalanced conditions as all grid operational constraints are dealt with
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Figure 4.8: IEEE-34 network: Nodal Voltage and Branch Current Constraint Violations simula-

tion
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Table 4.4: Initial setpoint (in p.u.) for the IEEE34 Network Voltage and Current Violation
simulation, for all nodes i € A/ \ .. Zero-injection and generation nodes are highlighted in
red and blue, respectively.

il Pl Qi P Qi P Qi
1] -1.1{-0.19| 2 -1.1{-0.19|| 3 || -0.3|-0.05
41| -03]-0.05|| 5 0 0] 6 0 0
7 4 -4\ 8 -0.1/-0.01| 9 ||-0.68|-0.11
10(/-3.38| —5.8||11 —2.71-0.47|/12| -0.98 | -0.16
13|| -0.8|{-0.13|{14| -0.22|-0.03 (15| —-1.94|-0.29
16{/-0.08|-0.01|/17| -0.08|-0.01| 18 0.2 4
19| -0.3]-0.05||20 0.2 —41/21| -18 -3
221-098|-0.17|/23|| —-0.04| 0.01|/24|/-3.56| —0.6
25(-0.18|-0.03|/26 || —17.28 | —-0.39 || 27 2.2 4
28| -2.86| 5.29|/29| -6.96|-1.41|/30 2.4 -4
31| —-1.88(-0.41|/32| -0.56|-0.09|/33||—0.56|—0.09

in the same manner. Furthermore, the performance and validity of the nodal sequence voltage SCs
is numerically validated further-on in this thesis when it tackles the subject of EVCS integration in
ADN:Ss (c.f. Sec.6). Finally, as previously mentioned, no code optimization was performed at this point.
Therefore, future works are planned to: (i) optimize the code implementation and, (ii) perform an
experimental validation on the EPFL-DESL microgrid by integrating the developed algorithms into a
real-time control framework (e.g. COMMELEC [54]).
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Context & Motivations

5.1 Introduction

The electrification of the mobility sector has been proposed as a main pathway to reduce GHG emis-
sions of the latter in order to reach the climate targets set by European commission for 2030 and
2050 [85]. Indeed, the mobility sector is among the largest sectors contributing the most (~ 16% [86])
to GHG emissions. Furthermore, in Switzerland, even though little legislative advantages are given to
private households to buy EVs (hybrid or plug-in), the market share of EVs is steadily increasing: The
public-private initiative [87] aims to increase the share of electric models among new registrations to
50% by 2025. At present, around 25.5% of newly registered vehicles are electric rechargeable models [88].
As a result, the number of EVCSs being connected at different levels of the power-grid is steadily
increasing: The consortium [i.e. the public-private initiative [87]] has also pledged to rapidly increase
the number of public charging stations from 7,150 to 20,000 in the next three years. [88]. Indeed, the
penetration of (i) low-power (usually between 1.6-10kW per charger) Type-1 (AC-single-phase) & Type-2
(AC-three-phase) chargers in low voltage networks, and (ii) high-power (usually between 10-200kW
per charger) CHAdeMO3%®& Combined Charging System?®® (CCS) charger in medium-to-low voltage
networks, is steadily increasing. In fact, aggregated high-power EVCSs may reach peak consumptions
of several MWs per feeder in a situation where they are simultaneously used at full-capacity. To this
end, in this second part, a deeper look is given to the impact of EVCSs on ADNSs. In the following, first,
two motivating simulations and experiments are presented. The first set of simulations quantifies
the risks that uncontrolled EV charging presents for ADNs’ static operational constraints in case of
a full electrification scenario of private mobility. The second set of experiments showcases (i) the
controllability of EVCSs, i.e. the on-board response times to setpoint variations, and (ii) the effects of
unbalanced operation due to single-phase EVCSs. Altogether, the later showcase the importance of
the development of methods and algorithms that guarantee the safe operation of EVCSs. Finally, to
conclude this context & motivations chapter, a summary of the upcoming chapters of this part is given.

35These types of chargers are usually DC, i.e. the inverter interfacing the EV’s battery and the grid if off-board
and is balanced. Therefore, the charging of the EV batteries is done directly using DC currents.
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5.2 Two Motivating Simulations & Experiments

5.2.1 Macro-effects of electric-vehicle charging on low-voltage power grids

In this subsection we tackle the problem of EVCSs’ penetration in low-voltage power grids. For this
analysis power-grids are assumed balanced three-phase with a known grid model - i.e. network
topology and branch parameters — and are, therefore, modelled by their single-phase direct-sequence
equivalent. We present a Monte-Carlo-based method that statistically quantifies the effects of EV
charging on grids’ operational constraints security. The method is illustrated on two real low-voltage
networks situated in the western part of Switzerland.

Concept

LFMCSs consist in carrying out a sufficiently large number of load-flow computations with nodal active
and reactive power injections randomly sampled from their respective PDFs or CDFs to output CDFs
of network states®®. In contrast to a traditional LF computation that takes as input a deterministic
vector of nodal power injections and outputs one vector of network states (i.e. complex nodal voltages
in all nodes of the electrical grid), the aim of LFMCSs is to output as many network states as the
number of LF computations performed. The result is then used to create empirical CDFs of the network
states along with all other auxiliary electrical quantities that can be derived from the states. Results of
LFMCSs statistically quantifies the behaviour of the electric grid quantities while taking into account
the stochasticity of the nodal power injections (i.e. stochastic renewable generation, EV and residential
loads).

Method

Due to data scarcity, the developed method performs LFMCSs for every hour of a representative day.
Representative days pertain to a specific season (i.e. winter, spring, summer and autumn) and day-type
(i.e. workday or weekend/holidays).

To create the input PDFs/CDFs for the LEMCSs, the method needs hourly nodal injection profiles for
every injection (i.e. active or reactive power injection) in the considered grid. Each hourly profile is first
clustered into 4 seasons (i.e. s € {fwinter, spring, summer and autumny}), sub-clustered into day-type
(i.e. w € { working days, weekend or vacation days }) then is sub-sub-clustered into hours of the day (i.e.
hedl,...,24}).

After the clustering, the idea is to identify a PDF/CDF for each hour of every day-type and season for
ever non-zero injection profile. Two options were considered to create the needed PDFs/CDFs.

1. Option 1 is based on non-parametric probability distribution identification. The empirical
cumulative distribution function of the data of each sub-sub-cluster s,,,, is computed, and thus
the needed CDFs are directly available.

2. Option 2 tries to quantify temporal correlations of the data by fitting a multi-variable distribution
function over the 24 hours data contained in a sub-cluster s,,. Each random variable is, therefore,

36we only mention power injections as we focus on low-voltage distribution grids where all non-zero injection
nodes are modelled as PQ-nodes.
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an hour of a sub-cluster. The fitting is repeated for every sub-cluster of every considered injection.
The used PDF fitting method outputs a Gaussian Mixture Model (GMM). A GMM is a sum of
multivariate Gaussian normal distributions [89]. The number of Gaussian normal distributions is
named as the order of the GMM. On MATLAB, the function £itgmdi st fitsa GMM model to the
inputted data. Seeing that £it gmdist has many input parameters, we implemented a try-catch
function that tries to fit different GMM models with different orders and identification options
until the best-fit —i.e. the one where the MATLAB algorithm converges with the least inferred
probability error — is found. As an example, we considered the shared covariance identification
option in our try-catch function. The shared covariance option, if set to TRUE, enforces that
the same multivariate covariance matrix should be used for all the Gaussian distributions of
the GMM. The implemented try-catch iterates over many options until convergence. The final
output is the parametric expression of the multivariate PDF (and thus CDF) of a sub-cluster s,
belonging to an injection.

The choice between the two options is purely based on the input datasets. The MATLAB function iden-
tifying the GMM models works well if the input data is large enough, i.e. the number of measurements
per random variable (here hour) is larger than the total number of random variables (here 24). Thus a
simple verification is done before the identification to be sure that there’s enough data for the try-catch
function to converge.

The clustering and distribution identification process is repeated for all the profiles (i.e. all types
(generation or load) of active and reactive power injections for all non-slack and non-zero injection
nodes). It is worth noting that hourly profiles should have enough (i.e. around one year hourly profiles)
data for the clustering to be able to lead to meaningful distributions. The method to create the input
PDFs/CDFs is schematically shown in Fig. 5.1.

Hourly For every
Injection S w “Try-Catch” function PD; per hour
Profiles Compute best-fit Gaussian Mixture |_| per day-type per
Model to account for data temporal BRI [1le
Generation correlation profile
Load
EV Generation_PDF
Load_PDF
ves EV_PDF

Swy,

e v

CDF per hour

WeekDay per day-type per
Enoug?h Compute empirical CDF season per

I I [D[:]Zt):ar;er per hour per day-type profile

Hour of the Hour of the| hour > 24] per season

day, 0-23h day, 0-23h

Generation_CDF
Load_CDF
EV_CDF

Figure 5.1: Schematic representation of the creation of the input CDFs

With the created distributions, LFMCSs are performed. Namely, for each hour of every day-type per-
taining to a specific season, a large number of LF computations, using the NR algorithm, is performed
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with injections that are randomly sampled from the created/inputted PDFs/CDFs. The method to
set the number of LF computations — a.k.a. Monte-Carlo instances — in order to obtain statistically
meaningful results is explained in Remark 3. After sampling all the PDFs/CDFs of all the injections of
all nodes for a specific hour, day-type and season, a LF computation can be performed. As previously
mentioned, this is done a sufficiently and adequate number of times for every hour of every day-type
and every season (in what follow the number of Monte-Carlo instances is called NUM_SIM). Using the
outputted states of all the loadflow computations (i.e. |s|(=4) x |w|(= 2) x | h|(= 24) x NUM_SIM), we
create CDFs of all the network states and auxiliary variables (e.g. branch currents and slack apparent
power magnitudes) for every hour, day-type and season. The pseudo-code of the main algorithm used
to perform the LFMCSs is shown in Fig. 5.2.

Remark 3. Asexplained in [90], Monte-Carlo simulations should be designed in a way to achieve a certain
performance that has statistical guarantees. Indeed, depending on the problem size the computation
times can be drastically increased if an arbitrarily large number of simulations per Monte-Carlo run
(NUM_SIM) is chosen. Furthermore, choosing arbitrarily the latter goes against the fundamentals of
Monte-Carlo simulations as no quantifiable statistical guarantees can be explicitly given with the results
of the simulations. As a result, one needs to choose NUM_SIM depending on certain criteria. Indeed,
as explained in [90], the idea is to choose NUM_SIM in order to achieve statistical guarantees in terms
of confidence intervals®’ on the results given a certain level of precision®” . Following the well-known
Central Limit Theorem, the formula one can used to determine NUM_SIM is given by

. 2
NUM_SIM > (SX—Z) 5.1)
p

where § is the true standard deviation of the output population that, in practice, is replaced by an
estimation of the latter, z is the z-statistic associated to the user-desired confidence level and p is the level
of desired level of precision.

In the case of our LEMCSs, we focused on designing the simulations to achieve statistical guarantees w.r.t.
the nodal voltage magnitudes (i.e. the outputted state of the grid). Indeed, we used the following steps to
determine NUM_SIM.

1. Set the confidence level to 97.5%;
Set the level of precision to 0.0015 p.u. which translates, with a base voltage of 240V to 0.36V;

Run LFMCSs by setting NUM_SIM to 100;

WD

Compute the maximum estimated output standard deviation over all nodal voltage magnitudes,
seasons, day-types and hours;

©

Set NUM_SIM using (5.1) and the result of step 4;
6. Re-run the LFMCSs with the updated NUM_SIM;

7. Compute the new maximum estimated output standard deviation over all nodal voltage magni-
tudes, seasons, day-types and hours;

8. Verify that (5.1) is verified with the updated NUM_SIM. If it is then there’s nothing to do as the
desired statistical performance is obtained, otherwise, increase NUM_SIM based on the new results
obtained in step 7 and repeat steps 6-8.

In our simulations, the latter lead to NUM_SIM= 350.
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For s = {Winter; Summer; Spring; Fall}
For d = {Weekday; Weekend/Holiday}
For h ={0,..,23}
For r = 1,..., #ofRandomRealizations (=500)
0. Initialize nodal injection vector
P = zeros(n,1); where n is network size (multiplied by #of phases)
Q = zeros(n,1); where n is network size (multiplied by #of phases)
1. Generation,
For n = nodes
if n is Generation node
Randomly sample Generation_CDF_P{s{d}{h}{n} or Generation_PDF_P{s{d}{h}{n} to get nodal active power injection, Pgen
P(n) = P(n) + Pgen,n
Randomly sample Generation_CDF_Q{sH{d}{h{n} or Generation_PDF_Q{sH{d}{h}{n} to get nodal reactive power injection, Qgen,n
Q(n) = Q(n) + Qgenn
end
end
2. Loads. Do as Generation but with Loads_CDF_P and Loads_CDF_Q to respectively sample Pjg5qn and Qioaq,, and add them respectively to P(n) and Q(n)
3. EV Loads Charging. Do as Generation but with EV_CDF_P and EV_CDF_Q to respectively ¢ Pgy, and Qgy,, and add them respectively to P(n) and Q(n)

4. Perform Load-Flow computation using P and Q. Store all nodal voltages and branch currents with same clustering as Input Data.
end
end
end
end

Figure 5.2: Pseudo-code for the LFMCSs algorithm

Results

In order to illustrate the method, we show the simulation results of LFMCSs performed on two real
low-voltage grids situated in the western part of Switzerland (Rolle VD). Both grids do not have EVCSs.
However, for the purpose of the simulations we artificially added EVCSs in nodes corresponding
to real establishments (e.g. a company, a hospital, a residential building, etc.). Furthermore, the
simulation includes EV CPs that were synthesized by taking into account the real characteristics of each
establishment (e.g. number of residents in a residential apartment etc.), all while accounting for the
behaviour of EV users. The method used to create the latters is detailed in [91]. For both grids, LFMCSs
are performed without and with different penetration-percentages of EVCSs in order to showcase the
influence of full, partial and null electrification of private transportation on the grids’ operational
constraints.

Rolle - Gare The network map, topology and real resource location are shown in Figs. 5.3a-5.3b and
Tab. 5.1. We recall that the EVCSs were added artificially as they do not exist in the real network.

The yearly power profiles of every node, used to create the input CDFs needed for the LFMCSs are
shown in Fig. 5.4. The active generation profile (see Fig. 5.4a) corresponds to real measurements of
aggregated PV injections measured at the region of Rolle, VD from 01.01.2014 to 27.07.20163%. The data
was not measured exactly at the Gare network, however, with the known real maximum power ratings
of each installed P-V plant in the Gare network, we were able to disaggregate the profile and get the

37As defined in [90], we recall that (i) Confidence intervals are characterized by two parameters: confidence level
and its associated -statistic. For instance, a confidence interval of an estimated population mean is often presented
in terms of a percentage, such as 95%. The z —statistic is the standard deviation from the mean. The interpretation of
this confidence interval is: we are 95% sure the confidence interval contains the true population mean, which is the
subject of estimation, and (ii) Levels of precision are The maximum degree the true population mean can deviate
from the sample mean estimation, subject to a given confidence level. By the symmetric construction of confidence
interval, it is the width of a confidence interval.

38The data for reactive power injections for PV installations were not available and therefore assumed to be null
since these installations are required to operate at unitary power factor.
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Table 5.1: Rolle Gare grid - resource nodes with description and peak injections

Node Type Load-Peak [kW] | Generation-Peak [kW]
6 Residential Home 4 0
7 Residential Home 4 0
13 Company 20 100
15 Train Station 6 0

22 Residential Home 12 0
26 Residential Home 1 0
30 Residential Home 10 0
37 Residential Home 5 0
38 Residential Home 20 16.34
40 Residential Home 1 0
43 Residential Home 6 0
44 Residential Home 3 0
49 Residential Home 4 0
51 Residential Home 2 0
52 Residential Home 1 0
53 Residential Home 4 0
54 Residential Home 7 0
56 Residential Home 1 0
59 Residential Home 2 0
63 Residential Home 1 0
67 Residential Home 1 0
68 Residential Home 2 0
69 Residential Home 2 0
70 Residential Home 2 0
71 Residential Home 1 0
72 Residential Home 2 0
74 Residential Home 4 0

84



5.2 Two Motivating Simulations & Experiments

:; “Shacy
* L 21 % % e
** 49 L0}
1 L 20 4 iy 45
o5 ¥ g L 20 2
02, 925 $23 *©2y 25 45 92,
025 929 €35 83; 523 035 €34 €35 35
€3> 835 839 €4 $; 6 €5 8 85 L 27 ¥ 445 4
€50 95, 450 5 $5, €55 &5
> 55 59
L ) L TR 1)
¥z 96, %65 ¥65 %6, 46y
‘69 ’7() 0?1 ‘73
'73
*y & aogle
(a) Network graph. Slack (green) is the slack node, black (b) Network map

nodes are zero-injection nodes and blue nodes are re-
source nodes (see Tab. 5.1 for allocation).

Figure 5.3: Rolle Gare grid - network topology

active power injection profile for each node with a P-V installation. This is fair as the network extension
is small enough that P-V profiles of each node have most probably unitary space/time correlation.
The active and reactive non-EV load profiles are shown in Fig. 5.4b. The trends come from real data
measurements. The measurements come from three different locations: (i) USA (more information
and description can be found in [92]), (ii) Italy (more information and description can be found in [93])
and (iii) Germany (more information and description can be found in [94]). The profiles used from
the latter datasets were all scaled using the real known, per node, peak active/reactive power load of
the Rolle-Gare grid. As a result, each non-EV load injection encapsulates the behaviour of the node
(i.e. restaurant, train-station, house-hold, etc.) and is scaled properly to have the correct order of
magnitudes. Two sets of absorption/CPs of EV CSs (see Fig. 5.5) were synthesized®® for this grid: the first
(see Fig. 5.5a) assumes that EV chargers can be placed everywhere (i.e. residential and point-of-interest
chargers), and, the second (see Fig. 5.5b) assumes that EV chargers can be placed only at home (i.e.
only residential charging). To synthesize them, 100% electrification of private vehicles was assumed.
Home chargers were assumed to be rated at 2.3kW while all other chargers were rated at 3.7kW. All EVs
were assumed to have batteries with 80kWh of nominal capacity. Each profile was synthesized while
taking into account the specific characteristics of each node it is connected to. More specifically, in
Fig. 5.5,

¢ EV-Home corresponds to the aggregated CP of all residential buildings of the grid. That profile
was then disaggregated on the different real residential nodes proportionally to the number of
inhabitants per node,

¢ EV-Work corresponds to the aggregated CP of Schenk SA Warehouse. To create the profile it was

39provided by Giacomo Pareschi, Aerothermochemistry and Combustion Systems Laboratory, ETH Zurich,
Switzerland, pareschi@lav.mavt.ethz.ch.
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estimated that about 126 employees worked there,

¢ EV-Station corresponds to the CP of the potential commuters passing by the Rolle train-station.

Active Power Reactive Foser
T —Company
o 5 —House
sl Gare
.
= . 35
Z o z R
“ dnlll
WA -
T H‘m‘\\‘\\‘\ ‘I ‘\ \ Al
"L i o Time [Hours) : Time [Hours
(a) Aggregated P-V generation hourly profile (b) Aggregated load hourly profile

Figure 5.4: Inputted non-EV active and reactive nodal injection profiles

[=EV - Home —EV - Station —EV - Work]

kW
N

3

0

(a) Home-and-POIs EV chargers (b) Only-home chargers

Figure 5.5: Inputted EV active (charging) nodal injection profiles

The post-LFMCSs results can be found in Figs. 5.6-5.24. In agreement with the international standard
EN-50160 [48], all LFMCSs results are compared to a voltage variation around nominal voltage of 10%
(i.e. Eimin=0.9p.u. and E; nax = 1.1p.u.) and also w.r.t. the real ampacity limits of the branches.
Figs. 5.6-5.11 show the maximum, minimum and mean values computed from all the LF simulations, of
the voltage and branch current magnitudes for all seasons, day-types and hours, for three different EV
injection scenarios: no EV injection, 100% electrification with only home chargers and 100% electrifica-
tion with home-and-point-of-interests (POIs) chargers. Figs. 5.12-5.14 show the boxplot representation
of the apparent power for the slack node (see Fig. 5.3a) over the NUM_SIM LF simulations for all
seasons, day-types and hours, for all three EV injection scenarios. Unless explicitly specified otherwise,
the scales and axis (color axis) are all in per unit with a base voltage of 240V and a base power of 130kVA.
Itis clear from these figures that the Rolle-Gare grid: (i) without EV injections does not exhibit violations
of the grid operational constraints, (ii) with only home charging, it suffers from voltages, branches
currents and slack apparent power constraints violations, and (iii) with home-and-POIs charging, it
suffers from voltages and slack apparent power constraints violations. This can be explained by the fact
that, when more charging points are available, a smoothing effect of the peak-EV loads happens as all

86



5.2 Two Motivating Simulations & Experiments

generated EV CPs, independently of only-home vs. home-and-POI charger location hypothesis, satisfy
the practically similar EV-user energy needs. Finally, it is important to note that in Figs. 5.9, 5.10 & 5.11
in subplots Spring - Weekend - MAX and Spring - WeekDay - MAX, there seems to be a few a branches
currents magnitudes violations, however, after further investigation, we realised that this happened for
only 1 out of the NUM_SIM simulations (c.f. Figs. 5.21a - 5.22)).
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Figure 5.6: Nodal voltage magnitudes - min, mean and max over all NUM_SIM simulations -
without EV chargers

To go a step further, and to show the sensitivity analysis vis-a-vis the percentage of the users fleet car
electrification, Figs. 5.15-5.24 show the probabilities — computed directly from the obtained CDFs of
the states and auxiliary variables of the Rolle-Gare grid — to violate the grid operational constraints.
In principle, each figure should contain five sub-figures encapsulating respectively, 0%, 25%, 50%,
75% and 100% of private transport electrification (i.e. EV penetration). However, some graphs have
been omitted when there were no statistically significant grid constraints violations (i.e. a violation
probability equal to 0 for all seasons, day-types and hours). One can conclude from the figures that:

» Without EV charging there are no violations of the grid security constraints.

* With only home charging, at 25% EV penetration there are no grid constraints violations, while
at 50% and 75%, there are nodal voltage magnitude constraints violations and at 100% all grid
constraints are at risk to be violated (see Figs.5.15, 5.21a & 5.23).

* With home and POI charging, at 25% and 50% EV penetration there are no grid constraints
violations, while at 75% and 100% there are nodal voltage magnitude and apparent slack power
magnitude violations (see Figs.5.16 & 5.24).

¢ The more EV injections the more likely (i.e. higher probability) the constraints can be violated.
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Figure 5.9: Branches currents magnitudes - min, mean and max over all NUM_SIM simulations

- without EV chargers
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Figure 5.11: Branches currents magnitudes - min, mean and max over all NUM_SIM simula-
tions - home-and-POIs EV chargers

Spring - WeekDay

:i 1 T I I I I I I I I I I I
© g5 .. . - = . —_
;j“ul:-?- -~ = == = = S e e = S = == % T T
@ 00 04 08 12 16 20
Time [h]
- Spring - WeekEnd
él T I I I I I I I I I I I I I I I I 1
L05 e e . = == {
g\,F#—%##%QF% e e 2 e e e == T T
@ 00 04 08 12 16 20
s Time [h)
= Summer - WeekDay
g T I I I I T T T —
@05 i |
;‘UF«» e e e e = == e = S = e =S = e e 2 T T —¢—{
7} 00 04 08 12 16 20
s Time [h]
Summer - WeekEnd
I I I I I I I I I 1
S N N i e e e e S N i e sl o +{
04 08 12 16 20

Time [b]
Fall - WeekDay

+ = =

04

Time [b]
Fall - WeekEnd

== == == == ==
12

= = =

04

Time [b]
Winter - WeekDay

= == = == ==
12

B G i

Time [b]

= = = =

Winter - WeekEnd
I I I

i 1

Il
T s = ==
12

Time [h]

Figure 5.12: Slack apparent power magnitudes - boxplot over all NUM_SIM simulations -
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Figure 5.13: Slack apparent power magnitudes - boxplot over all NUM_SIM simulations - only
home EV chargers
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Figure 5.14: Slack apparent power magnitudes - boxplot over all NUM_SIM simulations -
home-and-POIs EV chargers
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* Voltage magnitude constraint violations occur mostly at night when there is no P-V. Indeed,

the violations are more likely to happen in the winter when heating electricity demands are
increased compared to the summer. The nodes at the end of the feeder are more likely to
experience violations compared to the ones next to slack node. This is in accordance with the
radiality of the network topology, the principle of voltage drops along electrical branches and
EV load placement. More than one node suffers from potential voltage magnitude constraint
violations.

With the exception of the branch connecting nodes 2 and 7, the amapacity limits of the Rolle-
Gare grid branches are high enough to sustain the extra EV loads. However, it is clear from
Fig. 5.22a that, during winter nights, there’s a 80-90% chance that the branch connecting nodes
2 to 7 experiences branch current violations. This suggests that in grids such as this one, even
though uncontrolled night charging at home is acceptable most of the year, in the winter it
can have severe consequences that call for dedicated controlled charging strategies or grid
reinforcements.



5.2 Two Motivating Simulations & Experiments

Spring - WeekDay - Pr (E; < Eiuin)

Time []
g8z
[T

< 4 5 5 & 3 o 5 & §
= pring - WeekEnd - Pr (E; < B nin)
|
£ 00 m——m - - = ST 5 =
& & 5 &

= & 5 5 S &
W

IS 5 &
Summer - WeekDay - Pr (E; < E; i)

£ 08
& - = = = < 3 =
& 5 & <] 5 = B
_ Summer - WeekEnd - Pr (E; < E, i)
g 5 & & 5 Bl = :

< 5] 5 o
Fall - WeekDay - Pr (E; < B, i)

Time [h]

Time [h]
885
T
I
I
I
I

< S g o &§ &
- Winter - WeekDay - Pr (E; < Ejin)
.
& g : § § g & §
o Winter - WeekEnd - Pr (E; < E; nin)
216
g us%
805 0 = 5 ) o ) < ERRE] 2 =
§ S 5 5 & & 5 B o & & B
(a) 50% EV penetration
o Spring - WeekDay - Pr (E; < E;uin)
=, . .« e
£ 08
£ 0E_ = & = = = 2 2 3 3
b b S < & 5 < < < & ]
. Spring - WeekEnd - Pr (E; < Eimin)
o m%
208
£ 0E_ - = = = = = P 2 B = =
B Ll 9 & & & & = = Ll Ll
o Summer - WeekDay - Pr (E; < E, i)
= 00
Sheae = S 2 = = 2 &
5 5 5 5 5 < &

S

& B
ummer - WeekEnd - Pr (E; < E, i)

Fall - WeekDay - Pr (E; < By i)
. . 0
4 5 & § < 5 5 N §
Fall - WeekEnd - Pr(E; < Ey )
& 5 & & £ 5 5 § § £ & &
Winter - WeekDay - Pr (E; < Ei in)
o e .
& § 0 4 § & J < & &
Winter - WeekEnd - Pr (E; < E i)
g & & & & & & § 7 & £ 7 & &

(b) 75% EV penetration

Spring - WeekDay - Pr(E; < E; i)
R R RE R R R RN R

=
Spring - Wecl

E
E
By
E;

B,
B,
E
E,

I 5
ind - Pr(E; < Eipin)

= 4 5 < & & < Sl o & &
. Fall - WeekEnd - Pr (E; < E; in)
216 :
] mE
£ 00E = = 5 B 2 5
5 o 5 = E & & o
- Winter - WeekDay - Pr (E; < Ej uin)
216 * .
&%
5 B 5 5 & o o « = Bl &
= Winter - WeekEnd - Pr (E; < Ej i)
Z o ces e
208
= 00
£ 00E S = A A = = 3 2 g
bl Ll J 5 & & 5 g & o 5 B

(c) 100% EV penetration

oo~ oo~ Sso -~ oo~ o~

o~

o~ o~ so -~ So -~ o~

oo~

o~ oo~ oo~ oo~ oo~

oo~

(m [[m [ (w (W (. (. E |

Figure 5.15: Probability to violate nodal voltage magnitudes - Only home EV chargers
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Figure 5.16: Probability to violate nodal voltage magnitudes - home-and-POIs EV chargers
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Figure 5.17: Probability to violate nodal voltage magnitude of the grid bus with highest viola-
tions - only home EV chargers
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Figure 5.18: Probability to violate nodal voltage magnitude of the grid bus with highest viola-
tions - home-and-POIs EV chargers
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Figure 5.19: Probability to violate nodal voltage magnitude of the grid bus with most violations
- only home EV chargers
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Figure 5.20: Probability to violate nodal voltage magnitude of the grid bus with most violations
- home-and-POIs EV chargers
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Figure 5.21: Probability to violate branch current magnitudes
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Figure 5.22: Probability to violate branch current magnitude of the grid branch with highest &
most violations
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Figure 5.23: Probability to violate slack apparent power magnitude - only home EV charging -
100% EV penetration
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Rolle - Hopital The network map, topology and real resource location are shown in Figs. 5.25a-5.25b
and Tab. 5.2. We recall that the EVCSs were added artificially as a controlled numerical simulation.
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(a) Network graph. Slack (green) is the slack node, black (b) Network Map
nodes are zero-injection nodes and blue nodes are re-
source nodes (see Tab. 5.2 for allocation).

Figure 5.25: Rolle Hopital grid - network topology

The simulation setup, i.e. input data, data synthesis and general assumptions, is similar as the one of
the previous simulation. For the sake of space, only the qualitative results are listed hereinafter for this
grid*. Indeed, unlike the previous grid, without EV injections the Rolle-Hopital grid suffers from minor
nodal voltage magnitude constraints violations. Furthermore, with only home and home-and-POlIs
charging, the grid suffers from voltage, branch current and slack apparent power constraints violations.
After analysing all the results, including the sensitivity analysis vis-a-vis the percentage of the users
fleet car electrification, one can conclude that:

* Without EV charging there are minor nodal voltage magnitude constraints violations.

¢ With only home charging, at 100%, 75% and 50% EV penetration all grid operational constraints
are violated. However, at 25% EV penetration there are no branch current magnitudes violations
and only minor slack apparent power constraints violations.

¢ With home and POI charging, at 100%, 75% and 50% EV penetration all grid operational con-
straints are violated. However, at 25% EV penetration there are no slack apparent power con-
straints violations and only minor branch current magnitudes violations.

¢ Asin the other considered grid, the more EV injections the more likely (i.e. higher probability)
the grid operational constraints are to be be violated.

¢ Compared to the previous grid, there are more risks of violating voltage magnitude security
constraints during more seasons and hours of the day.

40The interested reader is referred to [95], where the graphical results can be found in Sec. 6.3.2 of the collabora-
tive report entitled Electricity-based Mobility: Analysis of greenhouse gas emissions in the context of an evolving
energy system. Note that, the access to the report is restricted, however, contact details can be found on the
web-page.
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Table 5.2: Rolle Hopital grid - resource nodes with description and peak injections

Node Type Load-Peak [kW] | Generation-Peak [kW]
10 Residential Home 0.8 0
15 Residential Home 1.6 0
19 Residential Home 14.4 0
25 Company 7.2 0
26 Residential Home 2.4 0
27 Residential Home 2.4 0
31 Residential Home 4 0
34 Residential Home 4.8 0
35 Residential Home 3.2 0
40 Residential Home 2.4 0
41 Residential Home 0.8 0
42 Residential Home 8 0
43 Residential Home 9.6 0
44 Restaurant 11.2 0
45 Restaurant 12 0
46 Gas Station 2.4 0
50 Residential Home 2.4 10.98
51 Residential Home 4.8 10.98
53 Residential Home 4 3.66
57 Residential Home 4 0
58 Residential Home 6.4 0
61 Residential Home 0.8 0
62 Residential Home 4.8 0
63 Residential Home 3.2 0
64 Residential Home 2.4 0
70 Residential Home 4 7.32
71 Residential Home 5.6 0
72 Residential Home 4 0
77 Residential Home 2.4 0
79 Residential Home 0.8 0
81 Residential Home 4.8 0
82 Residential Home 5.6 10.98
86 Hospital 27.2 0
87 Residential Home 0.8 0
90 Residential Home 4 0
91 Residential Home 2.4 0
92 Residential Home 1.6 0
93 Residential Home 0.8 0
94 Residential Home 0.8 0
96 Residential Home 14.4 0
97 Residential Home 1.6 0
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* Similarly to the previous grid, the risk of incurring grid operational constraints violations is at
its highest during winter nights. However, in this grid, it is clear that the problem occurs also
during other seasons and during other periods of the day.

» This grid is weaker compared to the previous one and it is evident that, satisfying EV user needs
without a dedicated control infrastructure or major grid reinforcements, is quasi-impossible.

Summary

Both simulations revealed that tools like the LFMCSs should be used to quantify the impact of EVCSs on
distribution power-grids. Indeed, both simulations showed that EV loads put at risk the grid operational
security. Even though the Rolle-Gare network had less issues than the Rolle-Hopital network, both
simulations showcased that non-negligible control actions are needed if a full electrification of private
transport is reached. In the first analysed LV grid (i.e. Rolle-Gare) only minor branch ampacity
issues and mostly under-voltages have been quantified. Therefore, one can conclude that minor
grid reinforcement, coupled with suitable voltage regulation, are enough to handle the private mobility
full electrification in that grid. On the other hand, the Rolle-Hopital network presented major branch
ampacity violations, under-voltages and transformer overloads (i.e. slack apparent power larger than 1
p-u.), thus, needed grid reinforcements might implicate major economical expenses. Therefore, in such
cases, a smart charging algorithm can be used to satisfy EV user needs while steering the electrical grid
to operate in a safe state (c.f. Sec.6). As a final note, it is clear that every grid will behave differently and
simulations using the presented tool can give insights on the strategy to be adopted in order to prepare
the grid for 100% electrification of private transport.
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5.2.2 Adeeper look into EVs: Controllability and Local effects on the grid

In this subsection two sets of experiments are performed to showcase the controllability of an EV and
its local loading effects on low-voltage grids. In the following, first, the experimental setup is described,
then, the results are shown.

Experimental Setup

The experiments were preformed on the EPFL-DESL microgrid described in Sec. 3.5.1. The main
hardware used for the experiments is the L2 EV block shown in Fig. 3.3 connected to bus 14. All other
resources were disconnected from the microgrid. The L2 EV resource consists in an EVCS with 3 plugs
(see Fig. 5.26). More specifically, it consists in two non-commercial unidirectional Type-2 plugs and one
commercial bidirectional CHAdeMO plug. The plugs’ technical characteristics are in Tab. 5.3. Finally,
it is worth noting that each plug is monitored - in terms of three-phase voltage and current phasor
measurements — leveraging sensors that feed a NI cRIO-9068 [96] — equipped with NI 9215 Al Modules —
that runs the phasor-extraction algorithm presented in Sec. 3.4.2.

Figure 5.26: The EPFL-DESL microgrid EVCS
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Table 5.3: EPFL-DESL microgrid EVCS technical characteristics

Plug 1 - Type-2

Plug 2 - Type-2

Plug 3 - CHAdeMO

DCMS - proprietary pro-

Protocol | IEC-61851 [97] IEC-61851 [97] tocol of EvTec [98]
* Based on an analog * Based on an analog
pulsed control pilot pulsed control pilot
signal signal
* Logic imple- * Logic imple- e Based on a TCP/IP-
mented using NI mented using NI based websockets
CompactRio and CompactRio and communication
Protocol AI/AO Modules AI/AO Modules
Notes * Explicit active
* The maximum per- e The maximum per- power  setpoint
phase current that phase current that control
the car can con- the car can con-
sume is set by mod- sume is set by mod-
ulating the control ulating the control
pilot’s duty cycle pilot’s duty cycle
e Circuit breaker - e Circuit breaker - e Circuit breaker -
A9F84432 - 32A [99] A9F84432 - 32A [99] A9F84432 - 32A [99]
Protection ¢ Differential breaker * Differential breaker * Differential breaker
with earth-leakage with earth-leakage with earth-leakage
Type B protection - Type B protection - Type B protection -
A9761440 [100] A9761440 [100] A9761440 [100]
» IEC-61851 protocol » IEC-61851 protocol
limited 80A per limited 80A per
phase phase
. ¢ EPFL-DESL Micro- ¢ EPFL-DESL Micro-
Rating grid branch amapc- grid branch amapc- 10kvA
ity is 82A ity is 82A
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Experimental Results

Load unbalances resulting from single-phase charging This experiment was performed on a
Jaguar I-Pace. The peculiarity of this EV is that it has a Type-2 plug, i.e. an AC three-phase connector,
yet, its on-board charger is a single-phase device (the rated power of the on-board charger is 7kW).
The goal of the experiment was to send the EV time varying setpoints — in the form of maximum
allowable per-phase charging current — and monitor the behavior of the nodal voltages at the EVCS.
More specifically, as we want to showcase the worst-case unbalances, we perform two minimum to
maximum charging current step-responses where the second-one is done in two-stages. Note that, as
per the IEC-81851 protocol [97] the lowest setpoint that could be sent to an EV is 6A. The results are
shown in Fig. 5.27. The figures show that, when the car is at full-power consumption, i.e. 32A on phase
a, the load unbalance pushes the grid operational constraints to their limits. Indeed, one can see in
Fig. 5.27a that (i) the nodal voltage magnitude constraint is violated in the form of an undervoltage,
and (ii) the negative- over positive- sequence nodal voltage magnitudes ratio is close to the limit set by
the EN-50160 standard [48]. Furthermore, one can see an oscillatory ladder behavior together with
a ramping effect when the setpoint is increased. The latter is further investigated in the next set of
experiments. Finally, it is worth noting that after the first few seconds — ~ 10s — needed by the EV’s
on-board controller to initialising the charge, the power factor remains unitary practically over the
whole charging session despite the little bursts of reactive power injections.

EV on-board controller response times This set of experiments was performed on both a Jaguar
I-Pace and a Tesla Model S 90D. The Model S has a Type-2 plug, i.e. an AC three-phase connector, with
an on-board three-phase charger (the rated power of the on-board charger is 16.6kW). The goal of the
experiment was to send the EVs time varying setpoints — in the form of maximum allowable per-phase
charging current - and, this time, monitor the reactivity of the on-board controller to alter the EV’s
charging power. More specifically, the experiments consists in subsequent pulses from the minimum
setpoint of 6A to a user-defined setpoint then back to 6A. The pulses’ duration are long enough for the
on-board controllers to stably reach the desired setpoint. Between each subsequent pulse, the desired
setpoint is increase by 1A. The experiment ends when the last pulse reaches the maximum allowable
per-phase charging current of the tested EV (32A for the Jaguar I-Pace and 24A for the Tesla Model S).

The results are shown in Fig. 5.28. The figures show that, as observed in the previous experiment, the
on-board controllers exhibit ramping effects when trying to increase their consumption following a
setpoint increase. Furthermore, Fig. 5.28b shows that the on-board Tesla Model S controller has a
couple of behaviors that the on-board Jaguar I-Pace controller does not have. More specifically, first, as
seen in Fig. 5.28b, the Tesla’s controller exhibits a constant deadband of 2.5seconds. Indeed, as soon as
the setpoint changes the controller increases its consumption by about 1A then pauses for 2.5seconds
before starting the setpoint ramp. Second, as seen in Fig. 5.28b, sometimes the current consumption
exhibits an oscillatory behavior before reaching its final intended target setpoint. This can be explained
by a potential second-order response that the on-board controller on the Tesla Model S exhibits as a
function of its battery DC-voltage dynamics.

The response times for both experiments are reported in Tab. 5.4. Response times are defined as the
time-differences between setpoint changes and when the consumed currents start to stabilise. The
reporting time, i.e. time-resolution accuracy, of the experiments was set to 100ms. As the communica-
tion and sensing infrastructures are either wired or based on analog signals, the latter response times
are dominated by the EVs’ on-board controllers’ reaction times and logic (i.e. communication delays
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Figure 5.27: Results of the load unbalances experiment performed using the Jaguar I-Pace
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are quasi-nonexistent). From Tab. 5.4 it seems that with the increase of the user-defined setpoint,
the response-times of both EVs’ on-board chargers linearly increase. This linear trend is very evident
in the case of the Jaguar I-Pace while, for the Tesla Model S, the trend is sometimes disrupted by
the sporadic second order oscillations that were previously evoked. Oppositely, as in the previous
experiment, all setpoint decreases lead to quasi-instantaneous consumption decreases with no ramp
limitations. Indeed, independently of user-defined setpoint, the Jaguar I-pace and Tesla Models S’s
on-board controllers take less than 400 milliseconds to decrease their consumption to 6A per-phase.

Finally, it is worth mentioning that, the Jaguar’s on-board controller seems to perfectly reach the desired
setpoint while the Tesla’s controller exhibits a behavior where the absorbed phase current is around
1A less than the setpoint. This behavior was well documented in the literature [101]*! and explains
why, for the Tesla Model S, the desired setpoint in Tab. 5.4 goes up to 25A even though its maximum
allowable per-phase charging current is 24A.

Summary

Both sets of experiments revealed that (i) EVs have non-negligible local effects on distribution grids’
operational constraints, and (ii) EVs’ on-board chargers cannot be controlled in sub-second time-scales.
More specifically, even though an individual single-phase charging EV does not heavily violate the
local power-quality grid operational constraints, as soon as a few EVs simultaneously charge at full-
power on the same grid node, the EN-50160 [48] negative sequence constraint would not be satisfied.
Furthermore, by combining the results of both experiments and the LFMCSs, a distribution grid’s
voltage magnitude constraints are also at risk when single-phase EVs charge simultaneously. Generally
speaking, it seems that each car manufacturer designs its EV to safely charge in case it is the only grid-
connected resource. However, since in practice multiple other resources and EVs are simultaneously
grid-connected, their real impact on grid operational constraints is expected to be way higher. In terms
of controllability, the experiments revealed that: (i) not all cars behave exactly the same way when it
comes to setpoint tracking, and (ii) independently of the EV, on-board chargers have response-times in
the order of seconds or tens of seconds. Therefore, as in the previous section, it is clear that there is a
need for different real-time (i.e. seconds-to-minutes scales) smart charging control frameworks if EVs
will be used in time-deterministic real-time controls (e.g. frequency containment reserve or local grid
voltage/line congestion controls).

41For the interested reader, we refer to [102] where authors dealt with the phenomena by pre-computing power-
to-current look-up tables in order to explicitly control Type-2 EVs in terms of active power consumption (c.f.
Sec.7.5.2).
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Table 5.4: Response times of the on-board controllers of the Jaguar I-Pace and Tesla Models S
for setpoint variation starting from 6A — the minimum per-phase setpoint an EV can receive as
per the IEC-61851 communication protocol — to a desired setpoint

Desired Setpoint [A] | Setpoint Variation [A] | Jaguar [-Pace [s] | Tesla Model S [s]
7 1 0.9 0.6
8 2 0.8 4.5
9 3 0.8 3.7
10 4 0.9 4.3
11 5 0.8 4.5
12 6 1.1 4.9
13 7 1.1 5.2
14 8 1.3 5.7
15 9 1.3 6
16 10 1.7 11.1
17 11 1.8 11.9
18 12 1.8 12.3
19 13 2.1 12.7
20 14 2.2 13.2
21 15 2.4 11.9
22 16 2.8 14.1
23 17 2.8 11.4
24 18 2.6 11.4
25 19 2.6 10.4
26 20 3.3 N/A
27 21 3.8 N/A
28 22 3.8 N/A
29 23 3.9 N/A
30 24 4.2 N/A
31 25 4.2 N/A
32 26 4.2 N/A
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5.3 Contributions of the next chapters of Part II

The second part of this thesis contains two original contributions addressing the main observations
of the previous motivational section namely: (i) uncontrolled EV charging could lead to (local) grid
operational constraints violations, (ii) simultaneous single-phase EV charging could lead to non-
negligible load unbalances that could violate the power quality operational constraints, and (iii) EVs
on-board controllers respond within seconds to setpoint variations. Each contribution constitutes an
upcoming chapter. In the following, a summary of the latter is given.

1. Chapter 6 As previously mentioned, the penetration of EVCSs, along with the progressive
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connection of stochastic distributed generation, is increasing the probability of violating the
power distribution grid operational constraints and deteriorate the quality of power supply.
To this end, the first contribution [103] consists in a real-time control scheme for allocating
power set-points to EVCSs while accounting for the grid operational requirements. In the
proposed problem formulation the grid and the power injections are modelled accounting
for their unbalanced 3-phase nature, thus enabling to formulate the problem objective and its
constraints adopting the sequence decomposition. The EVs’ users need, along with the stochastic
nature of other uncontrollable injections (e.g. loads and generation from P-V generation units),
are also taken into account. A distributed control scheme, with a minute-scale control horizon, is
proposed where local controllers, operating at EV aggregation level, compute EV battery-secure
power set-points. These controllers send their set-points to a central controller operating at
the grid aggregation level. The central controller solves a scenario-based linearized OPF that,
by leveraging SCs (c.f. Sec.2.3), accounts for grid operational (i.e. static and power quality)
constraints. Then, it sends back its solution to the respective local controllers. The obtained
iterative algorithm is efficiently solved until convergence. We analyse the performance of the
proposed control scheme via a simulation ran on the IEEE-34 test distribution feeder augmented
with EVCSs. Comparisons with two other control algorithms, a grid-unaware local controller and
a myopic maximum power controller, are included to benchmark the proposed control scheme.

Chapter 7 The second contribution consists in an extension to the work presented in [6]. Indeed,
since the power consumed by EVs adds extra uncertainties on aggregate load/generation im-
balances at the PCC of an ADN, this contribution extends the grid-aware algorithms presented
in [6] by accounting for EVCSs power and energy demands in the day-ahead planning stage and,
by leveraging the other contribution of this part, considers EVs as controllable resources in the
real-time control stage. More specifically, in the day-ahead stage, forecasted EV-user behaviours
and needs are included in the computation of a grid-aware DP. In the real-time stage, as done
for other resources in [6], a modified version of the grid-unaware local controller, presented in
the previous contribution, is included in the problem statement in order satisfy inputted EV
user needs within user-defined constraints. EVCSs of all types are considered in the context
of this contribution, i.e. uni- or bi-directional AC or DC charging. The proposed algorithm
is first simulated on MATLAB on a benchmark distribution grid to showcase the advantages
of considering EVCSs as controllable entities in the day-ahead stage. Then, an experiment is
performed on the EPFL-DESL microgrid, showcasing the ability of the real-time controller to
follow the day-ahead EV-aware optimally computed DP.



Grid-aware Distributed Control of
Electric Vehicle Charging Stations in
Active Distribution Grids

Keywords— Electric Vehicles Charging Stations, Real-Time, i.e. seconds-to-minute scale, Distributed
Control, Grid Operational Constraints and Power Quality.

6.1 Introduction & Literature Review

As previously mentioned, the electrification of the private transportation sector, along with a move
towards distributed renewable generation, are being proposed as early solutions to reduce CO; emis-
sions. Due to their high-power demand, the deployment of EVCSs is increasing the probability of
violating static distribution grid operational constraints (i.e., exceeding branch ampacity limits, nodal
under/over-voltages and substation transformers overloads) [104]. Furthermore, with the increased
penetration of single-phase EV chargers, the risk of voltage unbalances, and consequently the dete-
rioration of ADNs’ power quality, is high. The complexity behind developing control schemes that
deal with the latter originates from several factors: (i) the stochastic behaviour of EV users, (ii) the
high EV power demand, (iii) the stochasticity of renewable DG that might not coincide with EV peak
load demands, and (iv) the scalability of centralized charge management control frameworks. In this
regard, this chapter proposes a real-time, i.e. seconds to minutes scale, distributed EV power allocation
algorithm that takes into account (i) EV users’ needs, (ii) ADNs’ operational constraints, and (iii) the
stochastic nature of non-controllable power generation units and loads that need to be forecasted.

Centralised and distributed real-time algorithms for EV scheduling and optimal charging that account
for grid constraints has been the object of comprehensive literature. In, [105], a distributed locally
optimal scheduling algorithm for EVCSs that determines optimal charging/discharging powers is
proposed. The local algorithms take into account EV user needs, battery lifetime and local energy
balances using grid forecasts sent by a centralized grid observer. In [106] and [107], two centralised grid-
aware EV power allocation algorithms are developed. In [106], authors develop an iterative algorithm
that first computes EV power allocations that satisfy user demands based on priority schemes. Then,
it verifies through LF calculus whether the allocations satisfy the static grid voltage constraints; in
case they do not, charging is postponed to the next time-step. In [107], the proposed algorithm
assumes that grids are balanced three-phase, linearizes the power-flow equations and accounts for
substation transformer maximum power capacity and voltage magnitude violations at nodes where
EVCSs are connected. In [108] and [109], two decentralised grid-aware EV power allocation algorithms
are developed. In [108], assuming that the grid is radial and balanced, a lossless LinDistFlow power-flow
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linearization is used to develop a decentralised EV charging control scheme that maximizes (i) EV
energy demands, and (ii) peak-load shaving. In [109], assuming that grids are radial, "roughly balanced"
and that losses are "relatively small", a three-phase power-flow linearization using the branch-flow
model is used to develop a decentralised EV charging protocol. Both algorithms in [108] and [109]
incorporate EV user needs, however, although battery degradation is considered in [108], they both do
not consider non-EV load and generation stochasticity. With the exception of [109], all these works
assume balanced three-phase grids thus neglecting the impact that single-phase EV charging may have
on voltage unbalance.

Unlike all the presented works, we propose a real-time decentralised control scheme to allocate active
(charging) and reactive power setpoints to EVCSs. We directly account in the problem for the ADN'’s
static and power-quality operational constraints without specific assumptions on grid-radiality and
losses. To do so, we use a three-phase OPF modelled by power-flow linearization leveraging SCs (c.f.
Sec. 2.2). Furthermore, uncontrollable and stochastic loads and generation are taken into account by
leveraging scenario-based optimisation (c.f. Sec. 4.1.2). Additionally, (i) EV user needs, i.e. reaching
target SoCs at specified departure times, (ii) EV battery wearing, and (iii) EV charging modes, i.e.
three-phase, single-phase and DC charging, are all considered and/or accounted for in the problem
formulation. Finally, to guarantee scalability, the problem is formulated in a separable form enabling
the use of the ADMM to decompose and solve the problem in a distributed manner. ADMM guarantees
to converge to the solution of the non-distributed version of the proposed problem as power-flow
equations are linearized and the centralised OPF objective is convex. As known, the ADMM splits
the non-distributed problem into local problems and a central aggregator problem. In the proposed
method, local problems satisfy EV user needs and are solved at the level of EV aggregators of nodes
where there are EVCSs. As a result, they do not require any knowledge of the grid model. The central
aggregator problem is solved at the level of a grid aggregator, e.g. a DSO. In practice, the goal of the
grid aggregator is to coordinate with all EV aggregators to guarantee the satisfaction of grid operational
constraints under injection uncertainty while accounting for EV user needs. It is therefore assumed
that the developed method is aimed to be used by DSOs to ensure secure EV charging within their ADN.

In summary, the main contributions of this chapter are: i) a formulation of a real-time control scheme
that accounts for grid static and power-quality operational constraints ii) a formulation of a gener-
alized control scheme addressing the unbalanced nature of EV chargers, iii) to propose a separable
formulation of the problem that decouples the grid and EVCSs aggregators’ objectives and constraints,
thus, enabling a distributed scalable formulation of the proposed control scheme, and iv) numerically
benchmark the proposed method against two controllers that do not account for the grid constraints:
(a) grid-unaware local controller (GULC) that only does local EV charge management at the EV ag-
gregator level, and (b) myopic maximum power controller (MMPC) that performs maximum-power
EV charging. The numerical simulations are performed on MATLAB using a modified IEEE-34 test
distribution feeder [9].

The rest of the chapter is organised as follows. In Sec. 6.2, we first recall the nomenclature and grid
modelling, then, we present the mathematical formulation of the problem. In Sec. 6.3 the ADMM
technique used to distribute the problem is briefly recalled with respect to its application to the
proposed control framework. In Sec. 6.4, numerical simulation results are shown. Finally, Sec. 6.5
concludes the chapter.
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6.2 Problem Formulation

As previously, in this chapter, we consider generic 3-phase distribution networks with either meshed
or radial topologies, where the neutral is available and distributed*?. Similarly, they contain |./|
buses, where ./ is the set of bus indexes, and | Z| branches, with £ being the set of network branches.
Z < P2 is the set of resource nodes. € < Z is the set of nodes to which EVCSs are connected.
Z c P2\ R is the set of zero-injection nodes. All resources (i.e. generation, loads and zero-injection
nodes) are modelled as PQ nodes*3. {s} . is the slack node*3. Asin the previous chapters, network
branches are represented by 3-phase I1-circuit equivalents with known parameters that already embed
the neutral conductor [110]. Thus, the network is described by the so-called compound admittance
matrix [19] denoted by Y= [Yiﬁld’z], with, i, j € A and ¢y, 2 € {a, b, c}. The phase-to-neutral nodal

voltages and nodal injected currents are respectively denoted by E; = [E?t] and I; = [f?t], with ¢

being the time-step, i € A and ¢ € {a,b,c}. The phase-to-neutral nodal positive-, negative- and
zero- sequence voltages are denoted by E;*! = [Efetq], with i € 4 and seq € {pos, neg, zero}. As
previously explained (c.f. Sec. 2.2.4) sequence voltages can be directly computed by multiplying the

phase-to-ground nodal voltages with the transformation matrix H2°¢~%¢d = diag (H?bcﬁseq), where

Hfbcﬁseq = % [1,1,@;1, k2, h;1, h, h?|, with h = /2"'3. The branch currents are denoted by Iij,= [f;/; t],

with (i, j) € £. The apparent power injections are denoted by §; = P; + jQ; = [S?t] = 5;+ 8, gy, with

i,EV,t}] being the nodal
aggregate injections of all EVCSs. The apparent power injections at the slack node (s) are denoted
by 8, = [Sft] = [E‘p o4 ] with ¢ € {a,b,c}. Furthermore, as in the previous chapters, we adopt

5;= |lien {S?t}] being the nodal injections of all resources, §;gv = []].,'Ecg {Ed)

S,t=8,t
the convention where negative nodal injections are absorptions while positive injections are actual

injections into the grid. Note that aggregate active nodal power injections of EVCSs, p; v = R {5:8v},
are non-positive as we only consider EV charging in the scope of this contribution. However, the
aggregate reactive nodal power injections of EVCSs, q; gy = ‘\‘s{S‘t,Ev}, are considered bi-directional
when one or more EVCSs connected to a node i € € support bi-directional reactive power-flows (e.g.
mode 4 - DC chargers).

The goal of the proposed method is to solve an OB, at every time-step ¢, that determines §; gy. The OP
objectives and constraints can be grouped into two sub-problems. The first, referred to as grid sub-
problem, guarantees the safe operation of the grid by solving an OPF that considers the stochastic nature
of non-EV nodal injections (c.f. 6.2.1) while accounting for grid operational constraints. The second,
referred to as EV sub-problem, satisfies EV user requirements while minimizing EV-battery wearing
(c.f. 6.2.2). In the following we present the objectives and constraints of each of the sub-problems
separately.

6.2.1 Grid sub-problem

The grid sub-problem is a real-time, i.e. seconds-to-minute scale, stochastic security-constrained
OPE As previously explained, OPF problems are non-convex due to the nature of the power-flow
equations. Thus, to make it tractable and efficiently solvable, we linearize the power flow equations to

42This is assumption is needed as the developed algorithms account for the presence of single-phase EV chargers.
43As in the previous chapters, these assumptions are not strict as it is straightforward to extend the proposed
algorithms to account for either (i) all node-types, or (ii) multi-slack grids (c.f. Sec. 2).
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express the grid operational constraints** (see Sec. 6.2.1). The control time-step is chosen to be in the
seconds-to-minutes scale to match the EV controllability results presented in Sec. 5.2.2. Therefore, to
deal with the stochasticity of non-EV injections during minute-scale periods, we use scenario-based
optimization (c.f. Sec. 4.1.2). Note that, even though we linearize the power-flow equations, we did not
use chance-constrained optimization since our linearization model is dependent on the (stochastic)
state of the grid and is not static (see [71] and c.f. Sec. 4.1.2). Each scenario contains a collection of
nodal power injections for resource nodes sampled from pre-computed PDFs (c.f. Sec. 5.2.1). In the
following, we first recall the method to create the latter PDFs. Then, we explain the formulation of the
security constraints and, finally, present the grid sub-problem objective.

Constructing PDFs for resources’ nodal power injections

As explained in Sec. 5.2.1, the PDFs are created using historical data in the form of active and reactive
nodal injection profiles for every resource connected to a given node. Each of these profiles is first
clustered into 4 seasons (i.e. winter, spring, summer and autumn), then, sub-clustered into day-type (i.e.
working days, weekend or vacation days), then, finally sub-sub-clustered into the fixed time resolution
of the control algorithm. For every sub-cluster, a Gaussian mixture model (i.e. a sum of multivariate
Gaussian normal distributions) is fitted to the data using MATLAB’s function £itgmdist. This is done
to account for the time correlation between the different time-steps for each specific sub-clusters. At
the end, we obtain multivariate (the random variables here are all the time-steps of a given day) PDFs
for each nodal injection pertaining to a season and day-type.

Constraints

They are the static operational constraints of an ADN, i.e., the branch currents magnitudes, the nodal
voltages magnitudes, the ratios of nodal voltages negative- over positive- sequences and zero- over
positive- sequences, and the substation apparent power magnitudes, should all be within predefined
bounds. The negative- and zero- sequence voltage bounds are added to abide with the EN-50160
std. [48]*° and to mitigate the voltage unbalances created by single-phase EV chargers. As before, each
of the latter electrical quantities is linearized and expressed using their partial derivatives with respect
to active and reactive nodal injections, i.e., SCs computed using the approach presented in Sec. 2.3. As
we consider scenario-based optimization, each grid operational constraint needs to be verified for all
scenarios d =1,..., D. Recall that a scenario represents random realizations of resource injections that
assume the absence of EVCSs. The constraints are given by,

44We refer the interested reader to the work presented in [111] for details on the achievable performances one
can expect when linearizing the power-flow equations in security-constrained OPFs.

45We recall that, as in the first part of this thesis, all the above-mentioned ADN operational constraints are listed
in the international standard EN-50160 [48] as hard-constraints except the ratio of the zero- over positive-sequence
constraint. Indeed, as explained in the standard, verifying the negative- over -positive sequence constraint is
enough. However, as known, minimizing the zero-sequence injections leads to lower load unbalances. Therefore,
we decided here to add it as a hard constraint, but, in case a user considers this approach as too strict, the
hard-constraint can be transformed into a soft one by minimizing the zero-sequence injections in the problem
objective.
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|Et|d € [Emin» Emaxl, |Iij,t|d = Iij,max» iss,t|d = Ss,max

(6.1)
B26] < toleg B\, B2 = v | V|

where, Ej,in and Epqy are, again, the allowed extremes of the nodal voltage magnitudes, t0lyeg and
tol,er are, respectively, tolerances for the magnitudes of the negative- and zero- sequence nodal
voltages, I;j max, is the vector of branch ampacity limits, Ss.max = [S(f,ma x] is the vector of per phase
substation transformer apparent power limits and a superscript d refers to a scenario. |E;|, |I;, ¢, | s,
|E;°®|, |E?*"°| and | E’*"| are generically linearly approximated by,

or

aj 22t
t)+ oP;
oT;

+ —_—
0Q;

d &=d (€
rf~ré(s

(

(Pt,Ev - Pt—l,Ev)

gd
! 6.2)

(qt,Ev - qtfl,EV)

od
87

where, T € {|E¢|,|Tijc|,|Ss,c| | Ef 8|, |[EZ°|, | EP*° |}, T9 (3¢) is the electrical quantity resulting from
the system-state obtained from a LF computation with nodal injections Sf = §? + §;-1,Ev, Where §f are
the sampled scenarios and §;—; v the optimal EV injections of the previous control timestep. Recall that

the SCs 0T';/0P;| 5d and 0T’ ;/0Q;| ga are, respectively, the partial derivatives of the electrical quantity I’
t t

with respect to nodal active and reactive power injections, computed with the injections S? using the
method of Sec. 2.3. We recall that assuming that Y is invariant to nodal injections, all other auxiliary
SCs can be directly computed using (6.3).

4 o b
ass,t - aEs,t iz,b +E¢ Is,t
0{P or Q}; 3d d0{Por Q}, 3d St St 9{P or Q}; 5d
t t t
_ _ _ T _ . _ T (6.3)
pos pneg b
0 [Eizyim’Ei,t ’Ei.t _ rrabc—seq 0 [Egt’Ei:t’Ezt]
d1{P or Q}, S 0{P or Q},
3? St

Finally, note that the only variables in (6.2) for a control timestep ¢, i.e., p;gv and q; gy, do not have a
superscript d as we want these variables to satisfy the constraints for all scenarios, rendering the opti-
mal output robust to nodal injections stochasticity as D increases (c.f. Rem. 3 and [72] for information
about choosing an adequate number of scenarios).

Objective

From the grid operator perspective, since all the security constraints were added as hard constraints,
the objective is, in theory, free to be defined by the modeller. In practice, having branch currents close
to their ampacity limits can affect the cables’ lifetimes and increase network losses, thus, the simplest
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considered objective is to minimize

N

{1,
00, |-
Q: 5

(grev—gi-1ev) | @ | Tije]), (6.4)

where 1 is a vector of ones, @ is the Hadamard division (i.e. element-wise vector division) and the <, >
is the standard dot product. The latter objective minimises the per-unit-ampacity branch-current-
magnitudes by only exploiting EVCSs reactive power injections. Indeed, this allows the active power
to be fully optimised for the EV sub-problem objectives (see section 6.2.2), and, in case EVCSs have
unused apparent power, e.g. due to the absence of plugged EVs, a useful utilization of the remaining
flexibility.

6.2.2 EV sub-problem

An EVCS sub-problem aims, for every time-step, to compute the power allocations given to the different
EVs connected to the different EVCSs k, with k = 1,...,K;, where K; is the total number of EVCSs
connected to node i € €. Indeed, we assume that at every node i € ¢, there is an aggregator that
can send active and reactive power setpoints to all EVCSs (or EV plugs) k = 1, ..., K;. For simplicity,
and without loss of generality, each EVCS is assumed to have a fixed charging mode, i.e. three-phase
(3ph), single-phase (1ph) or direct current charging (DC). Furthermore, we assume that (i) three-phase
chargers are balanced, (ii) DC chargers are connected to all three phases through a balanced inverter
(i.e. balanced in active and reactive powers), and (iii) single-phase chargers can be connected to any
phase. Additionally, only EVCSs with DC charging are assumed to have controllable bidirectional
reactive power flow as this is the situation in practice*®. However, in the future, if other charger types
start supporting bidirectional power flow, little change needs to be done to the problem formulation as
it remains fundamentally the same?”.

To formulate the problem, we assume that every time an EV is plugged to a CS, the user will input five
quantities: (i) the initial SoC of the vehicle in percentage (SoC to,x.0,k 1 with 7y . ; being the arrival time
of the car at the k-th CS of node i), (ii) the estimated departure time (tf,,), (iii) the desired SoC at
departure (SoC tkis ki), (iv) the car model, and, (v) whether or not the user would like the k-th CS to
continue providing charging power if the time ¢ exceeds ff,; (T; ki € 10,1}). Note that, in practice, the
departure time can be chosen by the user if they actually have a time-constraint, otherwise, the charging
duration can be translated to the user as an equivalent charging price. Finally, it is worth mentioning
that the car model provides crucial information on the EV, namely (i) the maximum charging powers
(PEX>0), (ii) the battery capacity (E}’®™), (iii) the charging efficiency®® (nx,;) and (iv) whether or not
the SoC is measured and sent by the vehicle to the CS. In the following we will present the constraints

46Indeed, for the moment, the 1ISO-15118 [112] communication standard for DC chargers is the only EV com-
munication standard that accepts reactive power setpoints. However, it is worth mentioning that, in its present
form, the protocol only accepts unidirectional reactive power injections. This was ignored in the scope of this
contribution as it is only natural that in the future expansions of the standards will accommodate bidirectional
reactive power injection setpoints.

47Extending the method to support vehicle-to-grid functionality, i.e. EV discharging, is straight-forward using
the techniques presented in [61] (c.f. Sec. 7.3.2).

48This thesis assumes that charging efficiencies are inputted constants that do not depend the internal variables
of the plugged EV (e.g. SoC). In practice, charging and discharging efficiencies can be modelled in multiple fashions
(e.g. [113]). If known, convex-versions of the latter models can be incorporated in the problem formulation.
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and objectives pertaining to the EVCSs sub-problem.

Constraints

The constraints of each EV aggregator of node i € € ensure three aspects: (i) the SoC of each EV
connected to the k-th CS of node i will remain below the target SoC; (ii) the per-phase nodal injections
correspond to the charging mode of each connected EV, and, (iii) charging powers are all within EV
inverter limitations. The constraints are described here below.

SoC lower than target after application of optimal EV power setpoint

Nk,iPr ki At

Soct,k,i - Fmax = Soctf‘k'i,k,i (65)
k,i

EV power setpoint limitations

2
e <(spr) pz-ppr) o=

(Pt,k,ier,k,i) € (6.6)
{(0,0)} a)t,k,i = 0
Translation of EV power setpoint to phase powers
Popim Pl i+ P,k +Pl ke 3phorDC
7 pY, k € 1ph,¢ € {a, b,c}
Qupi= feit Qi tQhy keDC
o 0 k € 1ph or 3ph (6.7)
b
P?k: Ptbkz P?kl P‘fk‘is() k € 3ph or DC
ll;kl:thl t,k,l keDC
PP =P =0, P! <0 k € 1ph
Link to Grid sub-problem Variables
zEVr ZPtk,"‘ijk'i, V¢ eia,b,c} (6.8)

where, At is the fixed control time-step resolution. A subscript ¢ represents time-step . P, ; and

Qy ki are variables representing respectively the active and reactive total power at the k-th CS. P? T

Pg ki’ t) ki’ Q? T QP Lk, an nd Q ; are variables representing the active and reactive per phase nodal
injections at the k-th CS. w k ; € {0, 1} is a Boolean constant equal to 1 if an EV is plugged at time-step ¢
to the k-th CS of node i € 6. Indeed, the latter Boolean is known at every time-step. This simplifies
the problem as it does not introduce the non-convexity usually associated with integer variables
representing EV arrival and departure times. SmaX is the maximum supported apparent power of the
k-th CS of node i that is here assumed to be 1ndependent of the AC and DC-side voltages of each CS.
Furthermore, for simplicity, the maximum charging power P per EV and associated efficiency are
assumed independent of the SoC which, in practice, may not be true as some EVs reduce their charging

powers when their SoC gets close to 1. However, if known, these dependencies can easily be added to

119



Chapter 6. Grid-aware Distributed Control of Electric Vehicle Charging Stations in Active
Distribution Grids

the problem formation.

Finally, if the SoC of the present time-step ¢ (SoC; ;) is measured then we directly have access to it,
otherwise, it is estimated as:

Wi k,iMk,iPr-1,k,i AL
max
ELS

SoCy¢ ki =S0C;—1 ki —

Objective
The objective of the EV sub-problem is twofold.

The first objective aims to fairly*® achieve the target SoC for every connected EV in the shortest amount
of time possible. This is given by,

Ki
Ni,i Prk,iAt
Z Kt,k,i Soclf,k,i»k,i —S0C; ki + pmax (6.9)
k=1 ki
where x; k ; is given by
Mt ki Tiki =00 ;=1
: I — —
0.1vy ki G Ui Trki =Ty = Wk, = 1

Kiki = Klrip,i=0 X : 6.10)

0 Trki=Wrki =17/, ,=0

0 Wtki=0

where 7, 1 ; is a Boolean constant that is true if the present time-step ¢ exceeds the k" EV’s scheduled-
inputted-departure time (tf,k,i)s Hek,i € 10,1] is given by,

e, {tr -t} [S0C1, 1~ S0C 1] o
L 6.11

Hek,i= PR
fiki™ max {Soth,k/,i —SoCt,kr',-}
k’ht.k’,izo

and v, ; € [0,1] is given by,

491n the scope of this thesis, fairness in terms of available grid capacity is omitted. In other words, we do not
treat differently an EVCSs connected to the end of a feeder compared to one connected close to the PCC. This was
done as we believe that this type of fairness should be accounted for in the planning phase when EVCSs are placed.
However, as presented in [114], by leveraging SCs for instance, one can account for this type of fairness in the grid
subproblem objective using multi-objective weight tuning.
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)SOth,k,i - SOC[,le'

(6.12)

Viki= .
max {Soth,kr,i —SoCt,kr,l-}
KT =1

The weighting factor k x ; gives: (i) more weight to plugged EVs with SoCs that are far from their target
SoCs (SOC tr.ki) and with little remaining time before their specified departure times (¢ ;) [k, (ii)
ten times less weight than the least weighted plugged EV that has not surpassed its #f . ;, to plugged EVs
that have surpassed their ¢ ; [0.1 | min Y ;], and (iii) more weight, within plugged EVs that have

Tik,i=

surpassed their 7 ¢ ;, to plugged EVs with SoCs that are far from their target SoC (SOC, i) Vil

The second objective is to minimize EV battery wearing. As suggested in [115], the latter can be achieved
by avoiding frequent variations in EV charging power. This is given by,

K; At
Y ki i |Peki = Pe-1ki] —mam 6.13)
k=1 Ek,i

where the scaling factor 1, ;. ; € [0,0.5], given by,

-1
Lo Y |Pogi—Proiki
t'=ty ki +1
Aiki=75 p— (6.14)
max
L X P
l‘:[()‘k,ﬁ-l

gives more weight to, i.e. penalizes more, EVs whose charging powers have changed several times since
being plugged. In the worst case where the charging power varies between each consecutive time-steps
between 0 and P since the EV was plugged, A, x; will be equal to 0.5.

As a final note, observe that both (6.9) and (6.13) are of the same nature, i.e. they are all in percentages,
and, are scaled by «; ;. This is done to ensure that for any EV, its battery ageing objective can be
weighted, thanks to A, ;, from zero to half its SoC objective.

6.2.3 Centralised Full Optimization Problem

The centralised full OP is given by,
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min  0gq ((6.4)) + Opv Z ((6.9) + (6.13))

PtEV gt EV ice
S.t.
(6.15)
(6.1), Vd=1,..,.D
(6.5)—(6.7), Vk=1,..,K;, Vie¥
(6.8), Vpela, b ch,Vie€

where 0gq and o gy are weights. Note that, minimizing (6.13) smooths the EV active power CPs but also
renders the constraints (6.1) less prone to approximation errors. This is because the less nodal injection
changes there are between successive iterations, the more the linearizations in (6.1) are accurate.

6.3 Distributed Optimization

Solving the centralized problem (6.15) requires user information from local EV aggregators, which might
not be easily accessible due to privacy and security concerns among the EV owners. Also, the centralized
approach might not be easily scalable, i.e. solvable in seconds-to-minute scales, with respect to the
increase of number of grid-connected EVCSs. Thus, following the approach in [116], we reformulate
the centralized OP (6.15) by introducing a set of auxiliary variables E;?EV’ p Voedia, b,c}, Vi € €, which

mimic the behaviour of original variables §?Ev o Voeia, b,c}, Vi € €. The augmented problem is
given by,
mir} . Ogid ((6.4)) + oy Z ((6.9) + (6.13))
PLEV:4rEV-P gy 9, v i€€
s.t.

(6.1), vd=1,...D (6.16)

(6.5) —(6.7), Vk=1,..,K;,Vie¥

$'  =yK p? L0 | Veelabc,Vie€

Sievie = Lxm Prgi TIQk» VoEla bl Vie

StEv = yt,EV

The problem in (6.16) is a standard sharing problem that is separable in each component 5114;3\, p Voe
{a,b,c}, Yie €. Using a sequence of Lagrangian multipliers y; and the scaled Lagrangian multipliers
u; = y;/p, the last constraint of (6.16) can be moved into the objective and the reformulated problem

can be solved using Algorithm 6 that exploits the iterative scaled-ADMM sharing problem [117].

Algorithm 6 is iterative, with each iteration v composed of three steps. First, each EV aggregator
associated to node i € € solves, separately and in parallel, (6.17), then sends its solutions to the grid
aggregator. Once the grid aggregator receives the solutions of all EV aggregators, it solves (6.18) and
updates the dual variables with (6.19). Finally, the grid aggregator sends back to the distributed EV
aggregators the corresponding dual variables and its optimal solution (i.e. 5?1;/ » Vo efa, b, ct where
the superscript v entails a value at the v-th iteration). The procedure is repeated until the convergence
criteria are met, i.e. the primal ( (6.20) ) and dual ( (6.21) ) residual norms are below, respective,
tolerance limits P and e9@, Additionally, the tuning parameter p? is adaptively updated using the
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Algorithm 6 ADMM to solve (6.16)

STOP=0,v=1,8,,=8%,=u’=0
while ~STOP do
1. Solve EV Aggregator Problems (i.e. for each i € €)

EV ~

§’¢’v = argmin
LEV,E = %b
§i,EV,[

V¢e{a,b,c}

S

2

ogy ((6.9) + (6.13)) +
{ T U

¢,H“2
2

Siev,e ~ SiEV,:

(6.17)
s.t.

(6.5) — (6.7) Vk=1,..K;
Jo _vKk ¢ N
Siev,e = Lker Prii Qg

2. Send all § l(pE; , to Grid Aggregator

3. Solve Grid Aggregator Problem

v _ .
st,EV = argmln 2| s
St,EV

5 - S't,EV"‘ u

{ CTgrid((6~4)) +

e’ | <v 1;—1“2
2

LRV (6.18)
S.L.

(6.1) vd=1,..,D

4. Update Dual Variable u”

v_ v-1, v _ v
w=u " +8 =5y (6.19)

5. Check Convergence

STOP = {3y~ ey, = €™} (6.20)
STOP = STOP and {375, - 5151, <e®} (6.21)

6. Send back 5", to EV Aggregators

i,EV,t
7. Update p’*' andv — v+1
end while
ol
return §
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technique presented in chapters 3.3-3.4 in [117]. Finally, as (6.16) is linear, Algorithm 6 is guaranteed,
in principle, to converge to the optimal solution of (6.16) [117].

124



6.4 Comparative Simulation

6.4 Comparative Simulation

In order to illustrate the proposed method, a performance comparison between three distributed
control algorithms is done. The first controller is the grid-aware distributed controller (GADC) that uses
all the steps of Algorithm 6 with ogjq = 0.1 and ogy = 10. The second is a grid-unaware local controller
(GULQC) that only solves the EV aggregator local control problems (EV sub-problem) developed in
this contribution, i.e. for each EV aggregator, Vi € €, (6.17) is solved locally without the augmented
Lagrangian term in the objective (i.e. with objectives (6.9) + (6.13) subject to the same constraints).
The third is a myopic maximum power controller (MMPC) that simply chargers any plugged EVs at
maximum power until they reach their target SoCs. Note that both grid-unaware controllers only find
nodal active power EV injections and set reactive power EV injections to zero as they do not have
any incentive to inject/absorb reactive power. The performance comparison consists in finding first
the optimal EV injections computed by each controller. Then, post-OPF Monte-Carlo simulations
(c.f. Sec. 5.2.1 and Remark 3 for more information) using the latter optimal injections and scenarios
generated from the non-EV injections CDFs (c.f. Sec. 6.2.1), are performed for each controller separately.
This is done to statistically quantify the output performance of each controller by computing the
probabilities to violate grid operational constraints with the optimally computed EVCSs injections.
More specifically, the simulation consists in performing a 24 hour (from 8:00AM to 7:55AM the next
day) control run with a 5 minute control resolution (i.e. At = 5 mins) for a summer weekday®. At every
time-step, the three controllers first solve their EV power allocation problems (i.e. find §; gy) using the
same inputs, i.e. initial EV SoC, arrival/departure times and car model for all three controllers, and
non-EV nodal power injections scenarios for the GADC controller). Then, for the same time-step, for
each controller, LFMCSs are performed with EV injections fixed to the controller optimum. All three
LFMCSs pertaining to the same time-step use the same newly (i.e. different than the input scenarios
used to solve the GADC problem of the same time-step) randomly sampled scenarios for non-EV nodal
power injections. Recall that, MCLEFS consists in carrying out a large number of LF computations with
different nodal power injections and outputs CDFs of the grid state variables. The number of LEFMCSs
scenarios was set using the method presented in Remark 3. To recap: the output of the simulation
for each controller is, therefore, the optimal EV power allocations for all EV aggregators along with
their performances vis-a-vis (i) grid operational static and power quality constraints violations under
stochastic non-EV injections, and (ii) meeting EV user needs (i.e. reaching target SoC at EV unplugging).

6.4.1 Grid model and data used in the simulation

The simulation is done the on the IEEE34 feeder [9], where (i) the voltage regulators are omitted in order
to worsen voltage control problems, and (ii) the single-phase branches, i.e the two-conductor configu-
rations 302, 303 and 304 in [9], were replaced by four-conductor three-phase-equivalent configurations
(see Tab. 6.1). The line geometries, remaining branch parameters and per-configuration-neutral-
statuses can be found in [9]. Fig. 6.1 shows the network topology and resource allocation. It is worth
mentioning that in this simulation 50%, 25% and 25% of single-phase EV chargers are respectively
connected to phases a,b and c of the electrical grid. The base voltage and power are respectively set to
24.9kV and 1 MVA. The grid security bounds are set to Ej,;;, = 0.95 p.u., Epax = 1.05 p.u., 6iny = 0.5%,
Ohom = 0.75%, Sg‘ax = 1.5 p.u. and the amapacity limits found in [9] scaled by a factor of 6. Note that,

50The choice of the season and day-type was not random. Firstly, as the summer season is less cloudy than the
others, it was chosen to minimize the risk of uncertainty modeling errors that could lead to extreme P-V generation
scenarios. Secondly, as people’s habits present more routine-like behavior during weekdays, it was chosen to
accurately and comprehensively synthesize EV user charging needs.
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as in the previous part of this thesis, the latter security bounds are all set to stricter bounds than the
ones found in the EN-50160 standard [48] as the idea of this simulation is to stress-test the proposed
algorithms. Fig. 6.2 shows all the aggregated (i.e. summed over all nodes and phases) non-EV load
(negative) and generation (in the form of positive P-V injections) daily active power profiles already
sub-clustered for a summer weekday. Each aggregated profile is first disaggregated to different nodes
by scaling the profiles in Fig. 6.2 using the maximum active nodal power injection limits shown in
Tab. 6.2. With all the disaggregated profiles, for every node, for every time-step, a multivariate PDF
is computed using the technique explained in 6.2.1. These PDFs are used to generate the non-EV
active power injection scenarios for the GADC controller and the post-OPF LFMCSs. Indeed, using
the scenario-reduction technique presented in [72], the number of scenarios D used by the GADC
controller at every time-step is set to 75. The number of LF computations used in each post-OPF LFM-
CSs is set to 350 as per the design choices explained in Remark 3. Note that, reactive power injection
scenarios are inferred from the active power injection scenarios using power factors randomly sampled
from the typical ranges ([c0S(¢)) min, COS())max]) given in Tab. 6.2. Furthermore, to get the injections per
phase, the total three phase nodal sampled active and inferred reactive injection scenarios are split
pseudo-equally with an intra-phase unbalance randomly chosen between 0 and 20%. This is done
since, as previously explained, ADNs usually are in unbalanced states due to load unbalances. Finally,
note that the values in Tab. 6.2 were chosen in a way to create no grid operational constraint violations
when EV injections are null.

Table 6.1: IEEE-34 branch parameters - Original vs. Used in simulation

Longitudinal Impedance [Q2 per mile] Shunt Admittance [pS per mile]
Configuration Original Used Original Used

[2.80 + j1.49 [2.80 + j1.49 [4.23] [4.23]

302 diag 0 diag| [2.80+ j1.49 diag 0 diag| (4.23
0 2.80+ j1.49 [ 0 | [4.23 ]

0 [2.80 + j1.49 [ 0 ] [4.23]

303 diag| [2.80+ j1.49 diag| [2.80+ j1.49 diag| (4.23 diag| (4.23
0 2.80+ j1.49 [ 0 | [4.23 ]

0 [1.92+ j1.42 [ 0 ] [4.36]

304 diag| [1.92+ j1.42 diag| [1.92+ j1.42 diag| |4.36 diag| (4.36
0 [1.92+ j1.42 | 0 | 4.36 ]

6.4.2 EV users model and data used in the simulation

Even though the method is built to accommodate any random EV user behaviours (i.e. random
arrival/departure time, target SoC and car model), in this simulation, they are synthesized to stress test
the algorithm. Building on that, we categorize all EVCSs connected to a node i € € into three groups:
home, work and roadside. Home chargers are considered as EVCSs placed in residential buildings/areas
that only support AC charging (i.e. three-phase (AC 3ph) and/or single-phase (1ph)). Work chargers are
considered as EVCSs placed in industrial buildings/areas that, also, only support AC charging. Roadside
chargers, however, are considered to only support DC charging. We assume that, all vehicles connected
to single-phase AC chargers are Jaguar i-Pace, all vehicles connected to three-phase AC chargers are
Tesla Model S, and, all vehicles connected to DC chargers are Nissan Leaf Plus. This is done to include
real EV charging efficiencies, maximum powers and battery energy capacities in the simulation (see
Tab. 6.3a for values). Depending on the group, the synthesized EV user behaviours are different. Namely,
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24 29.
25\0 30\8

Figure 6.1: Network graph with resource placement. & is a resource node. Z is a zero-injection
node. € is a resource node containing EVCSs.
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Figure 6.2: Aggregated PV (positive) and load (negative) active power profiles for the simulated
summer weekday.
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Table 6.2: Maximum three phase nodal injections and power factor range per non-EV resource.

(a) PV Generation Nodes

Node | Max [kW] | cos(®)min | €OS(P)max
7 112.500 + 0.800 + 0.867
15 262.500 + 0.800 + 0.867
18 337.500 + 0.800 + 0.867
23 262.500 + 0.800 + 0.867
25 187.500 + 0.800 + 0.867

(b) Load Nodes
Node | Max [kW] | cos(¢)min | €0S(®)max
10 157.500 0.930 1.000
11 315.000 0.930 1.000
20 472.500 0.930 1.000
26 525.000 0.930 1.000
29 288.750 0.930 1.000

we assume that (i) home chargers are only active at night from 5:00PM to 7:55AM the next day, (ii) a
quarter of the work chargers are active from 8:30AM to 7:00PM as they are considered reserved for
company employees while the rest are active from 9:00AM to 5:30PM as they are considered reserved for
visitors, and (iii) roadside chargers have two charging sessions, respectively, from 8:00AM to 10:00AM
(i.e. fast charging before arriving at work) and 12:00PM to 7:00PM (i.e. afternoon fast charging). The
number of EVCSs per node, the charging modes, the exact arrival and departure EV times and, the
initial and target EV battery SoCs are all randomly sampled from the ranges given in Tabs. 6.3b-6.3d. In
Tabs. 6.3c-6.3d we distinguish between planned departure time (7 t,;) and actual departure time to
account for users that keep their EVs plugged after their announced departure times; we assume that
this behaviour is only present for work and roadside chargers as users charging at home usually leave
punctually to go to work every morning during a weekday.

6.4.3 Results of the simulation

From the grid perspective

Figs. 6.3 and 6.4 show the post-LFMCSs probabilities to violate, respectively, the grid operational static
and power quality constraints for all time steps and control algorithms used in the simulation. It can be
observed that the GADC algorithm guarantees close-to-no violations. Indeed, minor violations arise as
power-flow equations are linearized which entails discrepancies between the linearized state and the
real one. On the other hand, the GULC and MMPC optimal EV nodal power injections create several
grid constraints violations. When it comes to grid static operational constraints, Fig. 6.3a, Fig. 6.3b
and Fig. 6.3c show that, respectively, nodal voltage magnitudes, branches currents magnitudes and
slack node apparent powers violations are practically guaranteed for both grid-unaware controllers
during night-time home charging. When it comes to power quality, for both grid-unaware controllers,
the negative- and zero-sequence components constraints are also violated mostly at night. This is
explained by the presence of a large number of users that plug their single-phase EVs into the grid and
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Table 6.3: EV simulated environment

(a) EV considered car models

Charging Mode Car Model P;Cnlax (kW] E;Cnfx (kWh] | ng,;
AC 1ph Jaguar iPace 7.4 84.7 0.92
AC 3ph Tesla Model S 17 100 0.85
DC Nissan Leaf Plus 50 64 0.95
(b) EV user synthesized behaviour
Nodes Category | Charging Mode Srknfx [kVA] K;
{30,28,25} Home | AClphorAC3ph | 3.30r7.4 | [60;120]
{16,12} RoadSide DC 50 [40; 60]
{4,18} Work AClphorAC3ph | 7.4or17 [50; 100]

(c) EV user synthesized behaviour - continued

Nodes o, k,i Lf ki
{30, 28, 25} [5:00PM; 11:00PM] [6:00AM; 7:55AM]
(16,12} Session 1 - [8:05AM; 10:00AM] [8:35AM; 11:00AM]
' Session 2 - [12:00PM; 7:00PM] [12:35PM; 8:00PM]
4.18) Visitors— [9:00AM; 5:30PM] fo ki + [30-90] mins
' Employees— [8:30AM; 11:00AM] [5:00PM; 7:00PM]
(d) EV user synthesized behaviour - continued
Nodes Actual Departure Time | SOCy, . ki SOCy,, ki
{30, 28, 25} Lf ki [0.15; 0.45] [0.95; 1.00]
. [0.15; 0.35]
{16,12} tf ki + [0-20] mins [0.60; 0.80]
[0.10; 0.35]
. [0.15; 0.50] [0.25; 0.80]
{4,18} Lr i+ [0-30] mins
[0.30; 0.55] [0.75; 0.9]

129



Chapter 6. Grid-aware Distributed Control of Electric Vehicle Charging Stations in Active
Distribution Grids

thus creating high voltage unbalances. Even though it still performs badly, it can be observed that the
GULC controller sometimes incurs lower constraint violation probabilities compared to the MMPC
controller. This can be explained by the smoothing effect of EV charging that arises due to the GULC’s
objectives. In summary, from Figs. 6.3 and 6.4, it is safe to conclude that, as was seen in Sec.5.2.1,
grid-unaware EV charging largely jeopardizes the safe operation of the grid.

From the EV users perspective

Fig. 6.5 shows, using boxplot representations, the difference between all target SoCs and the actual
ones at time of departure. Fig. 6.5a represents a base-case as the MMPC algorithm charges EVs at full
power. The reason why there are some unachieved charging targets is due to the fact that initial and
desired SoCs are randomly sampled. Thus, sometimes it is simply not possible to achieve the desired
SoC during the time window where the EV is plugged. Fig. 6.5b shows that the GULC controller behaves
similarly to the ideal MMPC control from the EV user perspective. However, their optimal EV injections
were different which explains why they incurred different grid constraint violations. This entails that
the GULC controller smooths the charging process while still achieving close-to-ideal outcomes for EV
users. Fig. 6.5¢, however, shows that the GADC does not give the same guarantees. This is especially true
for home chargers that on average provide EVs 10% to 20% less energy. This behaviour is in accordance
to the grid-constraints-probability-violations shown in Figs. 6.3-6.4 where it is clear that the GADC
had to decrease the EV charging powers to guarantee the grid’s safety around night-time. Furthermore,
the latter behavior can be physically explained by two factors: (i) the high-loading conditions that
happen at night-time when the simulated grid has no generating units, and (ii) the fact that in this
simulation EV node placement and maximum number of connected EVs per node were chosen at
random. This sheds light on the sub-optimal performance of the GADC controller from the EV user’s
perspective. Indeed, the grid is simply not designed for such simulated high power unbalanced EV load
demand. Therefore, as a final note, we believe that with proper CS placement planning together with
the deployment of our proposed method (i.e. the GADC controller), the network will remain safe and
the EV user needs would be better fulfilled.

6.5 Conclusion

This chapter proposed a grid-aware distributed controller (GADC) for EVCSs connected to electrical
grids of generic topologies. It uses the ADMM to distribute a separably formulated OPF problem into
local ones. The latters are solved at the EV aggregators level while a central grid aggregator problem
ensures the non-violation of the grid operational constraints while taking into account all the solutions
coming from the EV aggregators’. The grid aggregator problem takes into account the stochastic nature
of various resources by means of scenarios, it relies on a linearization of the power-flow equations and is
formulated for generic three phase ADNs. Therefore, it also takes into account voltage unbalances and
guarantees proper power quality subject to the EN-50160 std. bounds [48]. Furthermore, as previously
explained, as the control time-step is chosen to be in the seconds-to-minutes scale to match the results
presented in Sec. 5.2.2, scenario-based optimization was crucial to render the optimally computed
setpoints robust against the stochasticity of non-EV nodal power injections. The performance of
the method is numerically quantified on the IEEE-34 feeder by comparing it with two grid-unaware
controllers. It is shown that the grid-unaware controllers may provide a better service to EV users in
terms of matching the desired battery SoC levels. However, this is at the expense of severely violating
the grid’s static and power quality constraints. From the grid perspective, the proposed GADC kept
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the power grid within safe operational bounds and, in most cases, was capable to satisfy the needs
of EV users. It is clear that the developed method can help grid operators to manage weak grids
that accommodate heavy EV loads. In the next chapter, an MPC-augmented version of the GADC is
developed and used to experimentally validate an EV- and grid-aware day-ahead control algorithm
aiming at computing an optimal day-ahead DP.
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fd EV-aware Day-Ahead Power-Grid-
Dispatch: Theory and Experimental
Validation

Keywords— ADN Dispatch, Real-Time, i.e. seconds-to-minute scale, Distributed Control, Grid Opera-
tional Constraints and Power Quality, Electric Vehicle Charging Stations.

7.1 Introduction

As explained in [6]: "Day-ahead and intra-day scheduling of heterogeneous DERs has been advocated
in the literature as a way to minimize the effect of uncertainties. It consists in determining an average
power trajectory (dispatch plan (DP)) at a certain resolution before operations that is then followed
during real-time operation.". Even though the presented algorithms in [6] are aimed to work for
heterogeneous resources, EVCSs’ power and energy demands were not explicitly accounted for in the
proposed problem formulation, and, as hinted at in Sec. 5.2, with adequate control, EVCS can be turned
from given boundary conditions (i.e. demand satisfaction) to controllable assets for the control of
ADNS.

As a result, this contribution extends the work in [6] by accounting for EVCSs’ power and energy
demand flexibilities in both day-ahead and real-time stages. More specifically, in the scheduling
phase on the day before operations, the stochastic OP computing an aggregated DP at the PCC is
extended to account for EVCSs as controllable entities. We recall that the proposed day-ahead OP in [6],
accounts for (i) demand/generation forecasting errors using scenarios, (ii) resource constraints, and
(iii) grid operational constraints by leveraging SCs. In the real-time phase, the grid-aware MPC-based
distributed control algorithm proposed in [6] is extended with an MPC-augmented-version of the
EV-subproblem model presented in Sec. 6.2.2. We recall that the distributed real-time OP of [6] aims
to securely - i.e. while accounting for resource and grid operational constraints — compute active and
reactive power set-points for heterogeneous resources so that their aggregated contributions track the
day-ahead optimally computed DP. The distributed formulation leverages an ADMM algorithm similar
to the one presented in Sec. 6.3.

In summary, the main contributions of this chapter are: i) extending the day-ahead OP of [6] to account
for EVCSs as controllable entities by leveraging a developed EV user behavior forecasting tool, ii)
extending the distributed real-time control-algorithm of [6] with a MPC-augmented version of the
EVCS GULC of Sec. 6.2.2, iii) numerically illustrating the merits of considering EVCSs as controllable
entities in the day-ahead DP generation stage, and iv) experimentally validating on the EPFL-DESL

135



Chapter 7. EV-aware Day-Ahead Power-Grid-Dispatch: Theory and Experimental
Validation

microgrid the proposed real-time extension by safely tracking an optimally generated DP.

The rest of the chapter is organised as follows. In Sec. 7.2 the general assumptions, e.g. grid modelling,
and problem formulation are presented. In Sec. 7.3 the day-ahead problem extension is presented.
The latter also includes details on the developed EV user behavior forecasting tool and illustrative
numerical simulations to showcase the advantages of controlling EVCSs in the day-ahead stage. In
Sec. 7.4 the real-time problem extension is presented. In Sec. 7.5 an experimental validation, performed
on the EPFL-DESL microgrid, of all contributions of this chapter is shown. Finally, Sec. 7.6 concludes
the chapter.

7.2 Problem Statement & Overview

As in previous chapters, we target power grids whose states are evolving slowly enough such that they
can be modelled by phasors. Specifically, we focus on ADNs where the admittance matrix is known
and whose power equilibrium is described by the standard AC power-flow equations. Furthermore, we
consider that such grids contain uncontrollable and controllable resources. Hereinafter, controllable
resources are considered to be interfaced through grid-following CPCs, that can receive active and
reactive power setpoints®’. In this chapter, we focus on dispatching ADNs at their PCC according to an
optimally computed DP. To do so the process is split into two-stages as shown in Fig. 7.1.

Day-ahead (solved once every 24h) Real-time (solved every At € [30;90] secs)

Next-day 24h

) Ressources
Historical Forecast & N Dispatch PCC active Reat-time :Sensors
Scenario Generation lan i distributed control
data l P power profile [ Actuators |

Figure 7.1: Schematic overview of the proposed two-stage ADN dispatch

1. Day-ahead stage, in this stage the operator computes a DP in the form of an active power profile
to be followed at the PCC during next-day operation. The DP is generated by accounting for
ADNSs and controllable resources operational constraints by leveraging proper forecasting of
next-day grid status (i.e. injections of uncontrollable resources and EV user behaviors). As a
result, this stage is split into two processes, depicted as forecasting and dispatch plan in Fig. 7.1.
During the forecasting process, historical data is inputted to statistical engines that output
parametric probabilistic models (see Sec. 7.3.1). During the dispatch plan process, a security-
constrained scenario-based OP, leveraging the models created in the last process, is solved to
generate a 24h active power DP (see Sec. 7.3.2). Typically, the generated DPs are injection profiles
with time-resolutions of 30-600 seconds. The DP enters into effect at 00:00 of the next-day:.

2. Real-time stage, as explained in [6], in this stage the ADN resources are controlled in real-time
to compensate for power mismatches at the PCC between the optimal DP and actual realization.
As in the day-ahead stage, the control problem accounts for ADNs and controllable resources
operational constraints. Unlike the day-ahead stage, the resources’ states are assumed to be
known through proper sensing. The problem is expressed by leveraging a distributed MPC

51As in the previous chapters, these assumptions are not strict as it is straightforward to extend the proposed
algorithms to account for either (i) all node-types, or (ii) multi-slack grids (c.f. Sec. 2).
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formulation to (i) render the problem resolution efficient and scalable, and (ii) account for
potential uncertainties along the optimization horizon. Similarly to what was presented in
Sec. 6.3, the distributed formulation leverages the ADMM to decouple the ADN and resources
operational problems (see Sec. 7.4). This stage’s control algorithm starts and ends at, respectively,
00:00 and 23:59 of the day of operation.

As a final note, it is important to remind that, in view of the large uncertainties accompanying forecast-
ing next-day grid statuses, the day-ahead stage considers ADNs to be balanced and, as a result, only
the single-phase direct sequence equivalent of the ADN is considered. Hence, hereinafter, the phase
superscript is omitted in the symbols of this chapter.

7.3 Day-ahead stage

As previously mentioned, the main goal of the day-ahead stage is to compute a DP. Indeed, when proper
forecasting tools are used, building a 24h active power profile at the PCC for the next-day-real-time
controller to track promotes optimal next-day usage of controllable resources. For instance, as the OP
leverages a full-day MPC formulation, with proper next-day solar-irradiance forecasting, the controller
can anticipate the charge/discharge of a controllable BESS. Furthermore, as explained in [6], the grid
operator can practically assume knowledge of the next-day PCC active power consumption since (i)
the DP is generated through stochastic scenario-based security-constrained optimization and, (ii) the
real-time controller steers the controllable resources to guarantee that the PCC injection realization
matches the DP. As a result, the grid operator will have less potential risks of operation and financial
costs related to real-time balancing or reserve activation needs [118].

As previously explained, the contribution of this chapter extends the developed algorithms in [6] by
accounting for EV user needs and considering EVCSs as controllable resources in both day-ahead and
real-time stages. As EV user behaviours (e.g. arrival/departure times and energy needs), and associated
CPs, exhibit high stochasticity, including EVCSs in the problem formulation increases the prediction
and control complexities of the day-ahead stage. However, by adequately anticipating the latter, the
whole bulk power-grid would need less secondary and tertiary power reserves.

In summary, the DP is the optimal result of a stochastic MPC-based OP. As in [6], the OP (i) accounts
for next day-stochasticity of non-EV injections through scenarios (see Sec. 7.3.1), (ii) accounts for grid
operational constraints by leveraging SCs (see Sec. 7.3.2) and (iii) accounts for controllable resources’
operational constraints (e.g. PQ capability a,d state-of-energy constraints). Unlike in [6], the OP (i)
further accounts for next day-stochasticity of EV user behaviour through scenarios (see Sec. 7.3.1),
and (ii) is solved iteratively®? in order to alleviate the inaccuracies introduced by the linearizations of
the power-flow equations (see Sec. 7.3.3). In the following, first the details of the forecasting block of
Fig. 7.1 —i.e. the scenario generation block - are given, then the OP objective, constraints and solution
algorithm are presented. Finally, the advantages of considering EVCSs as controllable resources in the
day-ahead stage are showcased through numerical simulations.

52Gimilar to the technique adopted in Alg. 5 to deal with linearization inaccuracies.

137



Chapter 7. EV-aware Day-Ahead Power-Grid-Dispatch: Theory and Experimental
Validation

7.3.1 Scenario Generation

Since the day-ahead OP is solved before the realizations of the next-day, proper forecasting is needed to
predict different next-day quantities. The idea of the forecasting tool is to generate scenarios that can
be used to formulate the OP of the day-ahead stage. In the following, we first describe the techniques
used to create probabilistic models for different stochastic quantities. Then, we present how those
models were combined to generate scenarios.

Non-EV injection models

For non-EV injections, as previously explained, a model can be in the form of a PDF created from
historical data. Specifically, as detailed in Sec. 5.2.1, the PDFs are created using historical data in the
form of active and reactive nodal injection profiles for every resource connected to a given node. For
load resources, each of these profiles is first clustered into 4 seasons (i.e. winter, spring, summer and
autumn), then, sub-clustered into day-type (i.e. working days, weekend or vacation days), then, finally
sub-sub-clustered into the fixed time resolution of the control algorithm. For generation resources,
assumed to be in the form of P-V plants, each of these profiles is first clustered into 4 seasons (i.e.
winter, spring, summer and autumn), then, sub-clustered into sky-clearness (i.e. sunny, cloudy and
overcast), then, finally sub-sub-clustered into the fixed time resolution of the control algorithm. In
both cases, for every sub-cluster, a Gaussian mixture model (i.e. a sum of multivariate Gaussian normal
distributions) is fitted to the data using MATLAB’s function fitgmdist. This is done to account for
the time correlation between the different time-steps for each specific sub-clusters. At the end, we
obtain multivariate (the random variables here are all the time-steps of a given day) PDFs for each nodal
injection (i.e. uncontrollable generation or load) pertaining to a season and day-type or sky-clearness.
From those models, daily injection profiles can be inferred based on the features — i.e. season and
day-type for loads and season and sky-clearness for generation — of the day we wish to forecast.

EV user model

Since EVCSs are considered as controllable entities, i.e. the active and reactive power injections of
EVCSs are variables of the problem, the models developed here need to forecast EV user behaviour
rather than injections. By EV user behaviour, for a given EVCS, we refer to: (i) the number of EV charging
sessions per day, (ii) the EVs’ arrival and departure times, (iii) the initial and final, i.e. target, SoCs of EVs’
batteries, (iv) the EVs’ battery capacities, and (v) the minimum and maximum active power injections
(defined as, respectively, the maximum and minimum imposed by either the EVCSs’ converters limits
or the EV on-board controller).

In view of the large number of quantities that define EV user behaviour, we developed a data-agnostic
tool that uses any amount of data with as many features as an input, and, outputs the best PDF (or
PDFs) that would model the data. As the input data is multi-variate, the output PDFs can be anything
from several univariate distributions to a full GMM®>® that models all input variables (or features)
simultaneously. The algorithm’s idea is to fit the data with different functions then output the best-
performing-probabilistic-model. The flowchart of the developed toolbox is depicted in Fig. 7.2. As can
be seen, the input data is first filtered then fitted to: (i) one multi-variate GMM (Multivariate GMM-
approach, see Fig. 7.2), (ii) N univariate GMMs (Univariate GMM-approach, see Fig. 7.2), with N being

53The choice of GMMs as the baseline function for the data-agnostic forecasting tool lies behind its proven
performance to adequately model random/stochastic trends [89].
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the number of input features, and (iii) a mix of multi- and uni-variate GMMs (Mixed GMM-approach,
see Fig. 7.2). Once all three fittings converge, they are compared using accuracy, bias and correlation
metrics. Finally, the fitting with the overall best metrics is selected as the best-performing-probabilistic-
model, where from the latter, EV user behaviors can be inferred based on the features —i.e. season and
day-type - of the day we wish to forecast.

MATLAB Toolbox Flowchart

Matrix of historical Pre-selection of
N _ - —_—
‘observations (Z-by-N observations

Matrix of K
selected
observations
(K-by-N)

Mixed
GMM-approach

Univariate

Multivariate

GMM-approach GMM-approach

__ Selection of best _
model

—

Array of GMM Forecasting
distribution(s) | error structure

Figure 7.2: Flowchart of data-agnostic modelling toolbox

In the following, each sub-block of the flowchart in Fig. 7.2 is explained.

1. Pre-selection of observations. The Z x N —where Z is the number of measurements and N is the
number of features or variables — input matrix of measurement is automatically filtered based
on a set of control parameters specified by the user. Namely the user chooses the season and the
day-type (i.e. weekend or weekday). Indeed, this enables the user to create EV user behaviour
models that pertain to a specific season and day-type. The tool will automatically provide the
best model that statistically represents a subset of the historical data where only the desired
season and day-type are included. The block outputs a reduced measurement matrix with a
dimension of K x N, where K;;.4s is the number of selected measurements.

2. Multi-variate GMM approach. In this block, the built-in MATLAB function £itgmdist is used
together with K-fold cross-validation [119] to compute an optimal GMM model considering all
filtered inputted variables simultaneously. As previously explained in Sec. 5.2.1, the fitgmdist
function has many parameters that can alter the outputted model. Therefore, in the proposed
method, we loop over the number of components of the outputted GMM (from one to a user-
defined maximum GMM order). For each GMM order, cross-validation is used to avoid over-
fitting in cases where the GMM order gets too high (see Fig. 7.6). Namely, for each GMM order,
first, the filtered dataset is randomly divided into T groups (or folds) of the same size. Then,
for each fold, the training and testing process is repeated T times. The training and testing
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process consists in fitting a GMM to the training data using the order of the current iteration,
then, regenerate data using the GMM model and compute the mean absolute error between
the newly generated data and the test set. Every fitted GMM-distribution is saved during the
iterations. The model with the lowest mean absolute error at the loop exit is chosen. The general
scheme and details of the proposed method are shown in, respectively, Figs. 7.3 & 7.6.

3. Uni-variate GMM approach. In this block, in contrast to the Multi-variate GMM approach
that implicitly considers the input dataset variables or features to be correlated, the input data
is modelled separately, i.e. each variable (column of the filtered data matrix) is considered
independent of the others and, therefore, is fitted with its own GMM. Hence, the output of this
block is a set of N GMMs. A schematic diagram of the block is shown in Fig. 7.4.

4. Mixed GMM approach. This block, combines the functionalities of the two previous blocks.
Indeed, if the variables of the input dataset are split into correlated and uncorrelated subset
datasets, it is optimal to fit the correlated variables with the multivariate-GMM approach,
while, in contrast, the uncorrelated variables would be fit separately using the univariate-GMM
approach (see Fig. 7.5). In this approach, the correlation analysis block uses PLCC®*. The
correlation tolerance is user-configurable, with a default value set at 0.5%.

5. Select best GMM approach. A set of metric is used to select the best-fitted models between
the three approaches. The metrics aim to evaluate each approach based on (i) accuracy (A),
i.e. the average discrepancy between individual pairs of observation and forecast, (ii) bias (B),
i.e. the mean deviation from average observation and average forecast, (iii) correlation (R), i.e.
PLCC correlation of observation and forecast vectors, and (iv) goodness-of-fit, i.e. the result of
a P-value (Two-sample Kolmogorov-Smirnow) test on the null hypothesis of having the same
underlying distribution for the observation and forecast datasets. Tab. 7.1 enumerates all the
metrics used to quantify accuracy (Tab. 7.1a) and bias (Tab. 7.1b), where €} = yi — xi is the
forecast error and Qy = i—’;, with x and y being, respectively, the K-dimensional observation and
forecast vectors. The final selection relies on the global forecasting error defined as a weighted
sum of all the metrics. Formally, the forecasting error (FE) is defined as FE = w; A+ w2 B + wsR,
where wy, w,, &ws are user-defined weights, and, A, B and R are given by,

A 1 % IMAPE,| +|SMAPE,| +|MSA,|
N4 3
1 N |MPE,|+|SSPB
B:—Z| nl+1 n|, 7.1
N = 2
1 N
R=—= )Y [100(1-R
NZI ( )l

where each R, corresponds to the PLCC correlation of the observation and forecast vectors
for a feature n and the other metrics are defined in Tab. 7.1. The weights need to be assigned
by the user based on the application requirement. In our application, based on the observed
performances, we realised that setting all the weights to 1 lead to the best results as the obtained
models were not biased in favor of a specific metric rather than others. Note that in (7.1), the
absolute value is taken as we are not interested in evaluating the direction of bias, i.e. under
or over-estimation. Likewise, we are not interested in evaluating if the correlation is positive

54The interested reader is referred to [120] for more information about the PLCC.
55Recall that PLCC values range from -1 to +1, where -1 corresponds to negative correlation while +1 corresponds
to positive correlation.
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or negative. Finally, the best-fit is chosen as the set of models of the approach that leads to:
(i) the smallest FE, and (ii) a Two-sample Kolmogorov-Smirnow test result that is lower than a
user-defined critical value of 5% significance level®.

Multivariate GMM-approach

Matrix of K
selected

observations
(K-by-N)

Fit best GMM with
K-Fold

Cross-Validation

Sampled

matrix of
forecasted
observations
(K-by-N)

Sample GMM in

bounds
Compute
Forecast Error
A
1 GMM Faorecasting

distribution error structure

Figure 7.3: Flowchart of the multi-variate GMM approach block

Combining non-EV injections and EV user models into scenarios

Following the non-EV injections and EV user models presented above, it is natural to define a non-
EV injection scenario as a day-long power injection profile and, an EV user scenario as the set of all
charging sessions for a specific day, where each charging session is described by (i) the EV’s arrival
and departure times, (ii) initial and desired EV battery SoCs, (iii) the EV’s battery capacity and (iv)
minimum and maximum active power injection limits. Each uncontrollable resource would, therefore,
have at least two associated non-EV injection scenarios (active and reactive power injections) and each
EVCS would have one associated EV user scenario. The total number of scenarios would be the total
combinations of all generated scenarios for all uncontrollable resources and EVCSs. This, clearly, can
lead to a high complexity if the method of selecting the number of scenarios, presented in Rem. 3, is
used without any assumptions. Therefore, first, we conservatively assume that the non-EV load and
generation injection scenarios are all either at their 5 or 95% percentiles when inverse-sampling from
the constructed models. Namely, this would lead to the four non-EV injection scenarios described in

56We refer the interested reader to [121] for more information about the Two-sample Kolmogorov-Smirnow test.
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Figure 7.5: Flowchart of the mixed GMM approach block

Table 7.1: Metrics to compare different approaches and choose the best-fit

(a) Accuracy metrics

Metric Unit Formula
K
Mean absolute percentage error (MAPE) (%] %O Y ;—’;
k=1
K
Symmetric mean absolute percentage error (SMAPE) | [%] &KO EI m
Median symmetric accuracy (MSA) [%] | 100 (eMEPIAN(Iog, QiD _ 1)
(b) Bias metrics
Metric | Unit | Formula
K
Mean percentage error (MPE) [%] % > i—’;
k=1
Median log accuracy ratio (MdLQ) different MEDIAN (log, Qx)
Symmetric signed percentage bias (SSPB) (%] 100sign(Md1Q) (e™Md1Ql 1)
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Tab. 7.2. With this assumptions the total number of scenarios would be four times the total number of
considered EV user scenario.

Since that reduced number still led to an OP with high complexity, we went a step further by trying to
reduce the number of considered EV user scenarios. To do so, we leveraged the k—-means clustering
algorithm [122] together with the scenario number selection method explained in Rem. 3°7. Namely,
first the number of needed scenarios to achieve statistically meaningful results is computed. Then, after
generating the needed EV user scenarios, the scenarios are partitioned and stored into a user-defined
number of clusters (NUM_CLUSTERS) using the k-means clustering algorithm. Then, the medoid,
i.e. the original scenario with the lowest probability distance from the centroid of a cluster, of each
cluster is selected as a representative EV user scenario for the ones stored in that cluster. The reason
the medoid is selected rather than the centroid, i.e. cluster analytical center, is that the centroid of a
cluster is an artificial scenario that might not have any physical meaning. Finally, the output are the
representative EV user scenarios, i.e. the cluster medoids. Naturally, this means that the reduced total
number of considered EV user scenarios is equal to the user-defined number of desired clusters for the
k-means algorithm (i.e. NUM_CLUSTERS).

As a concluding note, it is important to note that, in their natural form, EV user scenarios are not easy
to input into the k-means clustering algorithm. This is due to the complexity of their forecasting
models, e.g. it is difficult to compare, for instance, a scenario that has 2 morning charging sessions
w.r.t a scenario that has 3 evening charging sessions. As a result, extra-features needed to be defined
to describe each EV user scenario. These features are listed in Tab. 7.3 and were used as input to the
k-means clustering algorithm.

Table 7.2: Considered non-EV injection scenarios

Scenario Percentile of all Percentile of all
number | uncontrollable loads [%] | uncontrollable generation (P-V plants) [%]
1 5 5
2 5 95
3 95 5
4 95 95

7.3.2 Optimization Problem

As previously explained, the second process of the day-ahead stage is to solve a stochastic scenario-
based security-constrained OP that outputs an optimal DP. Compared to the one in [6], the proposed
OP (i) accounts for EVCSs® as controllable resources with specific objectives and constraints, (ii) does
not include minimum PCC power factor hard-constraints but a minimization of the absolute reactive
power flow at the PCC in the OP objective, and (iii) is solved iteratively in order to reduce potential
power-flow linearization innaccuracies. In the following, the OP objective are first presented. Then, the
constraints are listed. Finally, the full OP formulation is given together with its resolution algorithm.

57For the interested reader, a similar yet more complex method of leveraging the k-means clustering algorithm
to reduce the number of needed scenarios in a stochastic OP can be found in [123].

58For a given time interval, the occupancy rate is defined as the ratio of the number of control time-steps where
a plug is used, over the total number of control time-steps.

591n the following, all types of three-phase EVCSs are considered, i.e. Type-2 AC plugs and DC plugs.
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Table 7.3: Considered extra-features to describe an EV user scenario

Feature number Description
1 Total number of charging sessions
2 Sum of all stay duration of all charging sessions
3 Sum of all energy demands of all charging sessions
4 Average maximum active power injection limits of all charging sessions
5 Occupancy rate>from 00:00 to 03:59
6 Occupancy rate®® from 04:00 to 07:59
7 Occupancy rate® from 08:00 to 11:59
8 Occupancy rate®® from 12:00 to 15:59
9 Occupancy rate®® from 16:00 to 19:59
10 Occupancy rate®® from 20:00 to 23:59
Objective
The OP objective is threefold. The first aim consists in minimizing the deviation between the active
power flow at the PCC for all scenarios d = 1,..., D and the optimally computed DP PdlSpatCh where
t=1,.., T is the timestep and s € . is the slack node index. Formally, this is given by,
L f i dlspatch ) 7.2)
DT ;=3

where the norm-1 operator was used instead of the euclidean norm to avoid quadratic terms and,
consequently, decrease computation times. The second aim consists in minimizing the absolute
reactive power flow at the PCC for all scenarios and timesteps. Formally, this is given by,

1 D T d
b7 & 2|l (7.3)
d=1t=1

The third objective consists in minimizing all resource-specific cost functions that, as explained in [6],
reflect the controllable resources’ willingness to provide regulating power. Tab. 7.4 lists the different
considered resources with their respective cost functions. As can be seen, for a BESS the cost function
tries to simply minimize its usage, i.e. absolute injections (IPl BEss,:|)» tO prevent its ageing due to
cycling. On the other hand, for EVCSs the cost functions aims are twofold. First, they try to guarantee
that each EV’s departure SoC (SoCL,eia"ed, for plug k € K;%° node i € € and scenario d = 1,...,D) is

close to its desired SoC (SoCTarget for plug k € K;, node i € ¥ and scenario d = 1,...,D). The max

function is used in order to penalize EVs only until they reach their target SoC without limiting extra
charging/discharging when applicable (i.e. grid-secure). Second, they try to minimize EV battery
wearing by avoiding large deviations of EV injections (Pg ki for plug k € K;, node i € ¢ and scenario
d=1,..,D attimestep f = 1,..., T) between subsequent time-steps [115]. All the factors scaling all the
presented cost functions, e.g. A:St%]l()(i where At is the DP time-resolution, are included in order to render
all objective terms of the same nature (i.e. here, powers). The final OP objective is a weighted sum of all

presented cost functions.

60Recall that K; is the total number of plugs of the EVCS connected to node i € €. Furthermore, at each node
i € 6, there’s an EV aggregator that can send active and reactive power setpoints to all EVCSs (or plugs).
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Table 7.4: Cost functions of all considered controllable resources

Resource Objective
D T

. 1 d
BESS connected at node i € A BT dgl tzl P; 'BESS, t‘ (7.4)

. 3600 D K Target L d
EVCS connected atnode i €6 | xpr X X ax{S C, -So C cave 0}+

' d=1k=1
D K; 4
m}lz |Pm P kil (79

Constraints

The OP constraints are twofold. The first set of constraints are the ADN operational constraints. As the
ADN is assumed balanced in the day-ahead stage, the operational constraints are, formally, given by

|Et| [Emin» Emax!, |Iljt| <Iz]maxrlsst| < Ss,max (7.6)

where, E;,i,, and Epqy are, again, the allowed extremes of the nodal voltage magnitudes, I; j,max, is the
vector of branch ampacity limits, S .4y is the substation transformer apparent power limit and the
superscript d refers to a given scenario. |E;|, |1;;,,| and |S;,| are generically linearly approximated by,

-7 (= or v v—1
d .. td[od 3 61(,,d d
rt ~ rt (st ) + 6_1),; = (pt,Control - pt,Control )
7.7
BI} 61 d v d v-1 ( )
aQt (qt,Control ~ 49 control )

where, I' € {|E;|, |T;j |, |Ss.¢|}

Fd (s ) is the electrical quantity resulting from the system-state obtained
2d | od

. . V-1
from a LF computation with nodal injections §4=515 where 5% are the sampled non-
t t 7 ®t,Control ¢
v-1 _ 4 . d d v-1 d -1
EV injection scenarios and st Control = PtControl +tJ qt,Comrol SBESS t SEV t are the
. od _ d .
optimal injections of all controllable resources (i.e. $7gps ; = P;'ppss ; +J Qi,BESS, , for a BESS connected

tonode i € £ and Sl BVt P?,Ev, (I Q?,EV, , for the EVCSs aggregator of node i € €) at the previous
resolution iteration v — 1.

The second set of constraints are the controllable resources operational constraints. Tab. 7.5 lists the
different considered resources with their respective constraints. The BESS constraints consist in: (i) SoC
energy bounds (c.f. (7.8)), where E;nax is the BESS’s maximum energy capacity, and (ii) apparent power
limits (c.f. (7.9)). The EVCS constraints consist in: (i) per EV SoC evolution constraints (c.f. (7.10)62), (ii)
per EV SoC bounds (c.f. (7.11)), (iii) per EV definitions of the SoCs at departure SoCkf’l?“’ed (c.f. (7.12)8%),

61Recall that the SCs T +10Pg| 5d and oI';/0Qy| §d are respectively, the partial derivatives of the electrical
t t

quantity I' with respect to nodal active and reactive power injections, computed with the injections g? using the
method of Sec. 2.3.
62Recall that tgk is the arrival time of an EV at plug k = 1, ..., K; and node i € €6 for scenario d = 1,..., D. Also,

EZ lmax were defined as the battery capacity of the EV connected to plug k =1, ..., K; and node i € € for scenario

d=1,..., D. In the day-ahead stage, the arrival times and EV battery capacities are forecasted.
63Recall that tf ki is the departure time of an EV at plug k = 1,...,K; and node i € 6 for scenariod =1,...,D. In
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(iv) per plug maximum/minimum active®* (c.f. (7.13)), reactive®® (c.f. (7.14)) and apparent (c.f. (7.15))
power constraints, and (v) constraints linking the per plug variables to the per node aggregate EVCSs
injections (c.f. (7.16)).

As a final note, observe that in the SoC constraints (i.e. (7.8) and (7.10)) the efficiency is assumed
unitary. However, since in practice this is not true for both BESSs and EVs, we account for power losses
by integrating the latter’s equivalent series resistance into the network admittance matrix as explained

in [6].
Table 7.5: Constraints of all considered controllable resources
Resource Constraint
] PidBESS tAt
BESS connected at node i € % SoC; min < SoCt Li fT <SoCimax (7.8)
2
d
(Pz BESS, x) (Qz BESS, t) = Si,max  (7.9)
d —d

SoC ki if t = 0k
EVCS connected atnode i € € Sonki = J Topd Ay (7.10)

o SoCY_ | .~ "j‘r’nax otherwise

ki gl
0= SoC¢, ;<1 (7.11)
SOCLeave = SOCd e 712
fkl

d d, mln d d d,max
d”“Pd Ptkl ékiPd. (7.13)

mm ,max
tle thl ) tlek,i ) (7.14)

d d max

(Ptkl) (thl) ( ki ) (7.15)
lEVt Zptkl+]thl (7.16)

7.3.3 Recap & Problem Resolution

The final OP of the day ahead-stage is given by (7.17). The variables of the OP are all the apparent power
injections of all controllable resources together with the optimal DP (PgiSpatCh). The different a. are
user-tunable weights. Finally, for clarity and completeness, Alg. 7 summarises all the needed steps
for both processes of the day-ahead stage, where 1, and 1, are, respectively, maximum tolerances for

the day-ahead stage, the departure times are forecasted.

64Recall that w? Tk is a known Boolean expressing whether, or not, an EV is connected to plug k = 1,..., Kj.

65As explained in Sec. 6.2.2, reactive power limits depend on the plug type. Namely, if the EV plugs are DC-
Typed plugs, the reactive power injections are non-null and are only limited by the plug’s apparent power bound,
otherwise, they are null.
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control variable and cost function variations between consecutive OP resolutions.

PPt — aromin apisp(7.2) + app(7.3) + Y aipess(7.4)+ Y a;pv(7.5)
ieX €€
where BESS is connected
S.t. (7.17)

(7.6), vd=1,..,.D,Vt=1,..,T
(7.8)—-(79), d=1,..DVt=1,..,TViex where a BESS is connected
(7.10)-(7.16), VYd=1,..,.D,¥Vt=1,..,T,Vie€,Vk=1,...,K(i)

Algorithm 7 Day-ahead stage
1. Create forecasting models using historical data;
2. Generate next-day scenarios;
3 Do: starting from v = 1, with p‘t{COHtrolo = qfc(mm)lo =0;
3.a Solve (7.17);
3.b Store pf’Comrolv and Final objective” = Objective of (7.17);

d v d v-1
pt,Control _pt,COmrol

d v—-1
14 t,Control

Final objective’ —Final objective” ! )} <t
Final objective’ ! - o

} <tpand max{

Until: max {

4. Store final iteration optimal DP (P15P3tch).
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7.3.4 Numerical Simulations

In order to showcase the advantages of considering EVCSs as controllable resources in the day-ahead
stage, two sets of numerical simulations are performed. All simulations were performed on MATLAB
using the same electrical grid that contains one BESS and two EVCSs aggregators (see Sec. 7.3.4). The
main difference between the two sets of simulations is that the second set of simulations performs a
sensitivity analysis w.r.t. to the BESS’s energy and apparent power capacities. In the following, first the
simulation setup is described, then, both sets of simulations are presented.

Simulation Setup

All simulations were performed using a virtual twin (single-phase equivalent) of the low-voltage
electrical-grid of the ELL building at the EPFL Lausanne campus. A schematic depiction of the grid can
be found in Fig. 7.7 where the greyed-out resources were not used for the simulations and node B01
corresponds to the unique slack node. EVCS2 corresponds to the CS described in Tab. 5.3. EVCS1 is a
commercial EV fast-charger whose photographic depiction and technical specifications can be found
in Fig. 7.8. B1 is a commercial BESS whose photographic depiction and technical specifications can be
found in Fig. 7.9. Tabs. 7.6,7.7 & 7.8 give, respectively, the branch, nodes and transformers parameters
of the network in Fig. 7.7. The latter parameters were used as is in all the simulations of this section.
Tab. 7.9 lists the used resource parameters. Tab 7.10 lay-out the used simulation parameters. Finally,
Tab 7.11 describes the origin of the historical data used for every resource in the forecast & scenario
generation block of Fig. 7.1.
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Figure 7.7: Low-Voltage ADN of the ELL building at the EPFL Lausanne campus.
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Technical Specifications

(a) EPFL-Lausanne Campus GoFast EVCS

Input AC Grid connection AC 3 - phase + N + PE
Input voltage range 400V +/- 10%
Nominal input current 3 x 32A 3 x32Apc-3x300A
Input frequency 45 - 65Hz
AC Output AC Plug IEC 62196 Mode 3, Type 2
CGonnector Plug Nominal AC output power 43kW
Nominal AC output voltage 400V
Nominal AC output current 3 X 63Axc
Safety - Residual current operated device (type B)
- Overcurrent circuit protection
- Earth monitoring
AC Output AC Socket IEC 62196 Mode 3, Type 2
Socket Socket Nominal AC output power 22kW
(option) Nominal AC output voltage 400Vpc
Nominal AC output current 3 x 32Axc
Safety - Residual current operated device (type B)
- Overcurrent circuit protection
- Earth monitoring
DC Output DC Plug Plug 1 Plug 2 Plug 3
4k e
CSs CHAdeMO Type 2 DC
IEC 62196-3 JEVS G105 IEC 62196
Maximum DC Output power 20kW - 150kW
DC Output voltage range 170 - 940V (under load: 50 - 940 V pg
Maximum DC Output current 50 - 400A ¢
Power factor (50% load) >0.99
Efficiency 93% at full load
Safety - Short circuit protected output - Low-voltage protection
- Overcurrent circuit breaker - Insulation protection
- Overvoltage protection - Grounding protection
General Operating temperature -20°C to +45°C

Storage temperature
Relative humidity
Protection

Dimensions (B x Hx T)

Mass

-40°C to +85°C

5% t0 95% (without condensation)
IP 54 (indoor / outdoor use)

1000 x 870 x 2000mm

350 - 500kg (depending on version)

(b) Technical hardware specifications [124]

Figure 7.8: EVCS1
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§ §

(a) EPFL-Lausanne Campus Leclanché BESS

Parameter Value Unit
Rated Power 720 kVA
Energy Capacity 560 kWh
Voltage at the AC connection point 20 kv
Number of racks 9 in parallel

Number of modules per rack 15 in series

Cells configuration per module 20s3p -
Total number of cells 8100 -
Cell minimum voltage 1.7 \Y%
Cell nominal voltage 2.3 \Y%
Cell maximum voltage 2.7 \Y%
16 Ah

Cell nominal capacity
Cell chemistry
(b) Technical hardware specifications (Re-adapted from [125])

Lithium-titanate

Figure 7.9: B1
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Table 7.6: Day-ahead numerical simulation: branch parameters.
(a) Branches parameters: line data
From | To | Length [km] | Configuration | Ampacity (from-to) [A] | Ampacity (to-from) [A]
B01 | B02 1.000 10 17.32 866.03
B01 | B03 1.000 9 17.32 866.03
BO1 B04 1.000 8 17.32 1212.44
B02 | B05 0.037 6 300.00 300.00
B03 | B06 0.037 7 250.00 250.00
B06 | BO7 0.070 5 207.00 207.00
B07 | B08 0.030 1 44.00 44.00
B07 | B09 0.035 5 207.00 207.00
B09 | B10 0.030 3 108.00 108.00
B09 | B11 0.105 2 82.00 82.00
B11 | B12 0.030 2 82.00 82.00
B09 | B13 0.070 4 135.00 135.00
B13 | B14 0.030 5 207.00 207.00
B13 | B15 0.105 2 82.00 82.00
B15 | B16 0.030 1 44.00 44.00
B15 | B17 0.035 2 82.00 82.00
B17 | B18 0.030 2 82.00 82.00
B12 | B19 0.038 3 108.00 108.00
B02 | B20 0.010 6 300.00 300.00
B03 | B21 0.010 7 250.00 250.00
(b) Branches parameters: configurations
Longitudinal Shunt Shunt admittance
Configuration impedance admittance (from-to) | admittance (to-from)
[Q/km] (uS/km] (uS/km]

1 3.300 + j0.141 0.000 + j23.562 0.000 + j23.562

2 1.210+ j0.132 0.000 + j36.128 0.000 + j36.128

3 0.780+ j0.126 0.000+ j32.987 0.000+ j32.987

4 0.554 + j0.123 0.000 + j40.841 0.000 + j40.841

5 0.272+4j0.119 0.000 + j50.266 0.000+ j50.266

6 0.225+ j0.070 0.000 + j27.332 0.000 + j27.332

7 0.146+ j0.070 0.000+ j27.332 0.000 + j27.332

8 7.944 + j43.877 3.923 + j5.884 0.000 + j0.000

9 5.027 + j40.358 1.383 + j1.445 0.000 + j0.000

10 5.004 + j40.290 1.365+ j1.652 0.000 + j0.000
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Table 7.7: Day-ahead numerical simulation: node parameters.

Base Power [MVA]

Node | Base Voltage [V]
BO1 21000
B02 420
B03 420
B04 300
B05 420
B06 420
B07 420
B08 420
B09 420
B10 420
B11 420
B12 420
B13 420
B14 420
B15 420
B16 420
B17 420
B18 420
B19 420
B20 420
B20 420

bt e et e e e e el ped pd e e ped ped e e e pd pd pd

Table 7.8: Day-ahead numerical simulation: transformer parameters.

Transformer A | Transformer B | Transformer BESS
MYV rated Voltage [kV] 21 21 21

LV rated Voltage [V] 420 420 300

Rated power [kVA] 630 630 630

Short-circuit voltage [% of MV rated voltage] 5.8 5.81 6.37
Winding losses [W] 4504 4524 7150

Core losses [W] 602 610 1730
Zero-load current [% of MV nominal current] 0.15 0.14 0.495

Table 7.9: Day-ahead numerical simulation: controllable resource parameters.

Name Parameters

B1 Sa,max = 200 kVA, S0Cy,min = 0.1, S0Cy, max = 0.9, EJ*** = 200kWh
EVCS1 K5 =6 (2 AC-Type-2 and 4 DC [unidirectional])
EVCS2 K3 =3 (2 AC-Type-2 and 1 DC [bidirectional])
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Table 7.10:

Day-ahead numerical simulation: simulation parameters.
Parameter ‘ Value ‘ Unit
Objective weights:
@Disp 100 -
apfr 1 -
(4,BESS 0.01 -
asEV 1 -
Q19,EV 1 -
Timing:
At \ 5 \ minutes
Scenarios:

Number of EV scenarios 20 -
Total number of scenarios D 80 -
ADN tolerances:

Ein 0.9 p-u.
Enax 1.1 p-u.
Ssmax 1 p-u.
Alg. 7 tolerances:
Iy %
tc 1 %

Table 7.11: Day-ahead numerical simulation: inputted historical data.

Resource Description
PV1 & PV2 Same as data used in [6].
L1-ELLA Measured data coming from PMU 11 of Fig. 7.7.

EVCS1 & EVCS2 | Combination of measured and public data coming from
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(i) Local back-end logger of EVCS1, and

(ii) a confidential dataset provided by GoFAST [126]

that contains information about many EV plugs situated
in different parts of Switzerland.




7.3 Day-ahead stage

Simulation 1: EVCSs as the only day-ahead controllable entities

The first set of simulations considers the case where the BESS is not connected to the grid of Fig. 7.7
(i.e. B1). Namely, the only controllable entities in the day-ahead stage are EVCS1 and EVCS2. Using
the same scenarios, the idea of these simulations is to compare the obtained DPs when (i) EVCSs
are not controlled and plugged EVs simply charge at their maximum rated power, and (ii) EVCSs are
considered controllable. It is clear that since there are no controllable entities in the latter case (i),
the resulting DP is nothing more than the average over all scenarios of the active power injections
at the PCC. In order to compare DPs, we define a set of metrics that are given in Tab. 7.12. First,
as defined in [127], the UEE* and UEE™ represent the cumulative worst-case, respectively upper-
and lower-bound of the energy discrepancy needed to merge all PCC nodal active power into the
unique DP (i.e. for the PCC active power injections for all scenarios to be equal to the DP). Then, as
previously explained, the MAE quantifies the maximum absolute error, in terms of power, between
the DP and the PCC active power injection realizations. Then, the MPP is equal to the maximum
absolute PCC active power injection realizations. Finally, the MEVUS metric represents the worst
ratio, over all charging sessions of all scenarios, of received over best feasible energies, where the best
feasible energy is the minimum between what the EV user requested, i.e. the forecasted quantity given
by E;Cl’efiredd = E,”jlmax Socz‘i.rgﬂd -SoC%,  |forie%,k=1,.,K; andd = 1,...D, and, the maximum

0,k,i"’00
energy an EV can receive if it was charging at its maximum power —i.e. no control - for its whole plugged

duration, i.e. the forecasted quantity given by Ezel.“d = PZ';nax(t}ik - tgk Jforie€, k=1,.,K; and
d=1,..D.

The results of the simulations are depicted in Figs.7.10 & 7.11 and Tab. 7.13. Figs. 7.10a & 7.10b
show, respectively, the active and reactive nodal power injections at the PCC. Fig. 7.11 shows the time
evolution of the UEE. All results lead to the same conclusion: controlling EVCSs in the day-ahead stage
(i) improves the merger of all PCC active power scenario realizations into a unique DB, (ii) reduces
the untracked energy error and (iii) shaves the peak PCC injections, without penalizing EV users
satisfaction. However, it is clear that, in practice, having only EVCSs as controllable entities in the
day-ahead stage is not enough to fully merge the PCC active power realizations into the DP as they
do not have enough bidirectional energy storage capabilities®®. Finally, note that, no voltage, branch
current or slack power plots are shown as there were no grid operational constraint violations for any
scenario in both simulations, i.e. with and without EVCSs control. Indeed, as the grid-awareness of the
developed method was already showcased in [6], our goal was not to stress-test Alg. 7 by tightening
the grid operational constraints tolerances, but to illustrate how EVCS can help merge the PCC active
power realizations into a unique DP.

66Indeed, this could change in the future with the potential penetration of large quantities of bidirectional
public chargers which would render the aggregate usable storage of plugged EVs comparable to BESSs used in
grid-applications.
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Figure 7.10: PCC nodal power injections
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Table 7.12: Metrics used to quantify the performance of the result of Alg. 7.

Metric Formula
t .
Uncovered Energy Error (UEE®) [kWh] UEE* (1) = 335 X max{P{} - pispaich
7=1
_ _ L. ispatch
Uncovered Energy Error (UEE™) [kWh] UEE™(1) = %5 P ngn{P;f,} — plipe
Maximum Absolute Error (MAE) [kW] MAE = n;ax{ pyrt—pd ||
s ’ ’
Maximum PCC Power (MPP) [kW] MPP = rr;ax|Pf ‘
s ’
Ede_siredd
Minimum EV User Satisfaction (MEVUS) [%] | MEVUS =100 gcn_ig { I;sle }
1, ki

Table 7.13: Simulation 1 - results

Metric without control | with EVCSs control
UEE" (¢t =T) [kWh] 1280.93 860.32
UEE™ (¢t = T) [KWh] -316.10 -284.26

MAE [kW] 214.09 188.59
MPP [kW] 240.64 208.94
MEVUS [%] 100 100

Without EVCS control
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Figure 7.11: UEE time evolution
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Simulation 2: EVCSs and BESSs as day-ahead controllable entities

In the second set of simulations, the BESS is considered connected to the grid of Fig. 7.7 (i.e. B1).
Namely, the controllable entities in the day-ahead stage are the BESS, EVCS1 and EVCS2. As in the
previous simulations, the same scenarios are used and the idea is to compare the obtained DPs when
(i) neither EVCSs nor the BESS are controlled, (ii) only the EVCSs are controlled and (iii) both EVCSs
and the BESS are controlled. The novelty, w.r.t Simulation 1, is that the comparison is done for different
sizes — in terms of maximum apparent power and energy capacity — of the BESS. All simulations assume
that for all scenarios the BESS’s beginning of day SoC is 0.5. Since the BESS is considered, two extra
metrics are introduced: the maximum BESS usage (MBU) and the Maximum absolute BESS injections
(MABI). The MBU is defined as the ratio of (i) the largest energy usage of the BESS over all scenarios,
m;x{m[axSoCﬁ—m[inSoC‘;zl} )
(SoCaman—SoCamm) EFoX The MABI is
defined as the absolute maximum BESS active power injections over all scenarios and timesteps. The
results of all simulations are summarized in Tabs. 7.14 & 7.15. In terms of merging the PCC active
power realizations into a unique DP, Tabs. 7.14a, 7.14b & 7.14c confirm that (i) the BESS decreases the
UEE more than EVCSs, (ii) increasing the BESS size decreases the UEE, (iii) controlling EVCSs always
further decreases the UEE, and (iv) the PCC active power realizations are only perfectly merged when
the BESS is sufficiently large and the EVCSs are controlled. As in the previous simulation, there were
no grid operational constraints violations. As a result, in terms of EV user satisfaction, all simulations
lead to perfect satisfaction (c.f. Tab. 7.15a). Tab. 7.15b shows the BESS’s MBU for different BESS sizes
and simulation configurations. It can be seen that increasing the BESS’s apparent power limit had
little-to-no influence as the maximum active power injections were practically all equal. This behavior
is due to: (i) the scenarios used for the simulations that did not require extra BESS injections, and (ii)
the lack of ADN operational constraints violations. Finally, Tab. 7.15c proves again the advantages of
controlling EVCSs as it always lead to less utilization of the BESS for the same EV user satisfaction (c.f.
Tab. 7.15a).

and, (ii) the total usable capacity of the BESS. It is given by 100
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Table 7.14: Simulation 2 - results

(@) UEE™ (¢=T) - kWh

S4,max [KVA] &
EMa& [kWh
e ] 200 & 200 | 300 & 300 | 500 & 500 | 1000 & 1000
Controllable
Entities
None -316.10 -316.10 -316.10 -316.10
EVCSs -284.26 -284.26 -284.26 -284.26
BESS -178.93 -145.35 -74.37 -5.73
EVCSs+BESS -136.48 -97.51 -20.95 -0.02
(b) UEE*(z=T) - kWh
S4,max [kVA] &
EMax [kWh
s | ] 200 & 200 | 300 & 300 | 500 & 500 | 1000 & 1000
Controllable
Entities
None 1280.93 1280.93 1280.93 1280.93
EVCSs 860.32 860.32 860.32 860.32
BESS 222.46 154.00 66.88 13.92
EVCSs+BESS 165.45 110.77 14.12 0.03
(c) MAE - kW
S4,max [kVA] &
EMa& [kWh
4 [ ] 200 & 200 | 300 & 300 | 500 & 500 | 1000 & 1000
Controllable
Entities
None 214.09 214.09 214.09 214.09
EVCSs 188.59 188.59 188.59 188.59
BESS 58.13 48.19 38.71 38.62
EVCSs+BESS 8.39 5.09 0.93 0.02
(d) MPP - kW
S4,max [kVA] &
EMax [kWh
. ] 200 & 200 | 300 & 300 | 500 & 500 | 1000 & 1000
Controllable
Entities
None 240.64 240.64 240.64 240.64
EVCSs 208.94 208.94 208.94 208.94
BESS 117.27 119.12 115.55 109.64
EVCSs+BESS 57.24 50.83 48.59 50.26
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Table 7.15: Simulation 2 - results - continued
(a) MEVUS - %
S4,max [kVA] &
EMaX [kWh
ra ] 200 & 200 | 300 & 300 | 500 & 500 | 1000 & 1000
Controllable
Entities
None 100 100 100 100
EVCSs 100 100 100 100
BESS 100 100 100 100
EVCSs+BESS 100 100 100 100
(b) MBU - %
S4,max [kVA] &
EMax [kWh
. ] 200 & 200 | 300 & 300 | 500 & 500 | 1000 & 1000
Controllable
Entities
None N/A N/A N/A N/A
EVCSs N/A N/A N/A N/A
BESS 100 99.60 92.71 67.57
EVCSs+BESS 98.73 76.22 84.06 43.69
(c) MABI - kKW
S4,max [KVA] &
EMaX [kWh
ra ] 200 & 200 | 300 & 300 | 500 & 500 | 1000 & 1000
Controllable
Entities
None N/A N/A N/A N/A
EVCSs N/A N/A N/A N/A
BESS 178.72 178.07 172.45 164.05
EVCSs+BESS 198.88 206.42 197.50 198.14
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7.4 Real-time stage

As previously mentioned, the main goal of the real-time stage is to track the optimal DP determined
by the day-ahead stage. To do so we use the same problem formulation and distributed solution
method®” described in [6]. However, since we consider EVCSs as controllable entities, extra objectives
and constraints are added to the centralised OPF (11) of [6]. Indeed, we leverage the EV-subproblem
objectives and constraints presented in Sec. 6.2.2. However, as the OP in [6] is expressed as an MPC
problem, the latter are expanded for a given time horizon (denoted by ¢ as in [6]). Furthermore, as
the real-time controller developed in [6] assumes balanced operation for the ADN, the unbalanced
constraints are here omitted. In practice, as explained in Sec. 3.5.1, this assumption also matches the
experimental setup used to validate the algorithms of this chapter (c.f. Sec. 7.5). This leads to the
objectives and constraints described in Tab. 7.16. As previously explained, the objective is twofold (c.f.
Sec. 6.2.2). The first one tries to reach the target EVs SoCs as soon as possible (c.f. (7.18)). The second
minimizes the EV battery wearing by penalising large setpoint variations (c.f. (7.19)). All objectives
are weighted®® in a way to favor plugged EVs with shorter remaining connection times and higher
remaining energy demands. In terms of constraints, the first set of constraints guarantee that an EVs’
SoCs5? do not surpass users requested target (c.f. (7.20)). The second set of constraints guarantee that
the computed setpoints are within the EVCS and plugged EVs operational constraints (c.f. (7.21)). Note
that, compared to the constraints presented Sec. 6.2.2, there is a minimum charging power constraint
that is explicitly added. This is because, in practice, the IEC-61851 [97] protocol does not allow EV
charging with currents below 6A per phase. Additionally, we consider the maximum and minimum
EV power limitations as time-dependent and known at time ¢. Finally, compared to Sec. 6.2.2, the last
set of constraints (c.f. (7.22)) were added to guarantee the knowledge of the inputted data at time ¢
over the MPC time horizon (i.e. from 7 to ty). Indeed, as the problem is formulated using MPC, proper
forecasting is required to predict the evolution of the inputted EV user behavior, e.g. the Boolean wy i ;
expressing whether, or not, an EV is plugged to plug k = 1, ..., K; of node i € € at timestep ¢. As a result,
the constraints impose persistent forecast of the latter over the considered horizon. This is acceptable
as the horizon is usually selected to be in the order of minutes and the EV user behavior usually does
not drastically change during these time-scales.

67¢.f. Sec. IV-b of [6] for more details about the ADMM-based solution algorithm.

685ee Sec. 6.2.2 for weights definitions.

69Recall that the present SoC is assumed known by either direct measurement or estimation as explained in
Sec. 6.2.2.
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Table 7.16: Real-time stage objectives and constraints of an EVCS aggregator connected to

nodei€ %
(a) Objectives
Description Equation
tH Ki T]k i P. k, it
Reach Target SoC Y Y Kok (Soth,“.,k,i —SoCr ki + lErlr-léaxl) (7.18)
T=tk=1 " k,i
th K; A
Minimize EV battery wearing Y X ArkiKe ki |PT,k,,- —PT_Lk,,-| En—fax (7.19)
T=tk=1 ki
(b) Constraints
Description Equation
PR Nk,i Pr ki At
SoC Limitations S0Cq i — —gmm— = S0C;,,  k,iVT =1,....,tg  (7.20)
ki T
{RYI Wk, =1
2
o P24 Q2 < (smx),
Power Limitations (Pr.k,i» Qr ki) €4 . : NT=t,.,tg  (7.21)
min max
—PryizPz ‘Pr,k,i}
{(0,0)} Wi =0
Wy ki = Wr-1,k,i
Kz, k,i = Kr-1,k,i
Persistent Forecasting ] Avki = Ar-1 ki NVt=t+1,.,tg (7.22)
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7.5 Experimental Validation

This section presents an experimental validation of both the day-ahead and real-time stages. More
specifically, first an optimal day-ahead DP is calculated. Then, the real-time controller is used in
order to track the DP while accounting for ADN and resources operational constraints. The goal of
the experiment is twofold. First, we show that the integration of EVCSs in both the day-ahead and
real-time stages improves the tracking of an optimally computed DP. Second, we experimentally prove
the aptness of the proposed real-time EVCS controller to best satisfy EV user demands. In the following,
first the experimental setup is described. Then, some notes on the experiment are given. Finally, the
results of the experiment are shown.

7.5.1 Experimental Setup: EPFL-DESL microgrid

The experimental validation of the proposed algorithms is performed on the EPFL-DESL microgrid.
The experiment uses: (i) the same IT infrastructure described in Sec. 3.5.1, (ii) the branch and node
parameters listed, respectively, in Tabs. 7.6 & 7.7, and (iii) the PMU-aided monitoring infrastructure
shown in Fig. 7.7 (see Sec. 3.5.1). As explained in [6], the microgrid interfaces several resources, however,
for the purpose of this experiment, only a subset is considered. More specifically, a load emulator
(L3 (Zenone) of Fig. 7.7) is used to reproduce daily demand profile, two controllable P-V plants (PV1
(Perrun) and PV2 (SolarMax) of Fig. 7.7), a controllable battery (B2 of Fig. 7.7) and a controllable EVCS
(EVCS2 of Fig. 7.7). The resource parameters are given in Tab. 7.17.

7.5.2 Experimental Notes

As the goal of the experiment was not to stress test the algorithms in terms of ADN and resources
operational constraints, all resources were used at full-capacity and the ADN operational limits were set
to the values in the EN-50160 standard [48]. However, as in the simulations of Sec. 7.3.4, the maximum
and minimum allowable SoCs for the BESS are limited to 0.9 and 0.1 respectively.

Furthermore, as explained in Sec. III-C of [102], power-to-current lookup tables are needed to enable
explicit active power control of Type-2 plugs’®. As a result, power-to-current lookup tables were
precomputed for every available Type-2-EV at the DESL. The tables are shown in graphical format in
Fig. 7.12. It can be seen that, for the Renault Zoe, when the setpoint —i.e. per-phase current maximum
allowable current — is lower than 7A, the car does not consume any active power. This, in practice,
means that the EVCS controller could ask this car to not consume power while remaining plugged. This
is not the case for the Tesla Model S as it consumes power even when setpoint is set to the IEC-61851
standard’s [97] minimum allowable setpoint of 6A. As a result, a plugged Tesla Model S will always
consume around 3kW'!,

Additionally, as discussed in Sec. 3.5.2 and to match the hypothesis of [6], the experiment assumes

7ORecall that Type-2 plugs are controlled through an analog pulsed signal that dictates to the EV the RMS value
of the maximum per-phase current it can consume.

“INote that, in practice, the Tesla Model S's power could be reduced to zero if, as explained in the IEC-61851
standard, the duty-cycle of the control pilot signal is set to a value higher than 95%. However, through testing,
it was observed that this created issues for the EV’s on-board controller as the car was constantly locking and
unlocking its plug. As a result, the look-up table was deliberately started from a minimum three-phase power of
3kW.
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Table 7.17: Experiment: resource parameters
‘ Value \ Unit
B2
Rated Power 25 kVA
Maximum Energy Capacity 25 kWh
Number of racks 1 -
Number of modules per rack 13 in series -
Cells configuration per module 20s3p -
Total number of cells 780 -
Cell minimum voltage 1.7 \Y%
Cell nominal voltage 2.3 \Y
Cell maximum voltage 2.7 \Y%
Cell nominal capacity 16 Ah
Cell chemistry Lithium-titanate -
Active power flow bi-directional -
Reactive power flow bi-directional -
L3 (Zenone)
Rated power per phase 10 kVA
Active power flow uni-directional (load) -
Reactive power flow bi-directional -
PV1 (Perrun)
Rated Power of P-V cells 13 kWp
Active power flow | uni-directional (generator) -
Reactive power flow bi-directional -
PV2 (SolarMax)
Rated Power of P-V cells 16 kWp
Active power flow | uni-directional (generator) -
Reactive power flow none/not allowed -

EVCS2

Miscellaneous

See Tab. 5.3
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balanced operation of the EPFL-DESL microgrid. Consequently, the phase superscript is omitted for
the remainder of this chapter. Furthermore, the control time-step is set to lmin with an MPC-horizon
the real-time controller of 5mins.

Moreover, as our goal was not to test the validity of our forecasting tools, the models developed in [6]
to forecast the P-V generation and L3 (Zenone) load were reused as is. Furthermore, the same EV
user behaviour model developed for the day-ahead stage was used to compute a random next-day
realization —i.e. an EV day-long scenario with several charging sessions — for the EVCS’?. The EV-user
behaviour scenario is described in Tab. 7.18, where, as previously explained, power-to-current lookup
tables are leveraged to control EVs connected to the Type-2 plug, while explicit power setpoints are
leveraged to control EVs connected to the CHAdeMO plug.

Finally, even though the DP is day-long, the real-time controller is deployed on a portion of the day,
specifically from £ exp = 10:30: 00 to ff,¢xp = 18:40: 30. This is due to the facts that: (i) the real-time
realizations were inferred from the forecasting tools used in the day-ahead stage, (ii) our main focus
is the addition of EVCSs in both control stages, and, as seen in the next subsection, the next-day EV
scenario realization contains EV charging sessions only from around 11:30:00 to 18:38:00, and (iii) the
UEE evolution of the day-ahead optimal DB, shown in Fig. 7.13, shows that most the energy uncertainty
is concentrated around the time of the experiment. In this respect, for the sake of fairness, the BESS’s
initial SoC was set to 0.46, representing the average day-ahead SoC realization over all scenarios at
10:30:00.

Table 7.18: Day-long EV-scenario used for the experiment

Charging Session 1 | Charging Session 2
Used EV [-] Peugeot Ion Renault Zoe
Plug Type [-] CHAdeMO Type-2
Initial SoC [%] 29 20
Target SoC [%] 91 55
UsableEV Battery Capacity [kWh] 14 45
Arrival Time [hh:mm:ss] 11:35:00 15:45:00
Scheduled Departure Time [hh:mm:ss] 13:15:00 18:35:00
Actual Departure Time [hh:mm:ss] 13:15:00 18:40:00

72In practice, the generated scenario was adapted to an equivalent scenario that matches the battery capacities
of the EVs available at the DESL.
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Figure 7.13: Experimental validation: day-ahead UEE time evolution over 24 hours

169



Chapter 7. EV-aware Day-Ahead Power-Grid-Dispatch: Theory and Experimental
Validation

7.5.3 Results

The results of the experiment are shown in Figs. 7.14, 7.15 and 7.16 and Tab. 7.19. As in the numerical
simulations section, neither nodal voltages nor branch currents are shown as there were no ADN
operational constraints violations. In the following, the shaded green rectangles in the plots represent
the time of the day when the experiment was running, i.e. the real-time controller, with the DP tracking
functionality, was active.

Fig. 7.14 shows the day-ahead vs. real-time nodal active power injections of all non-slack resources. It
can be seen that all next-day realization were within their forecasted intervals with the exception of
two unforeseen passing-clouds for the P-V resources.

Fig. 7.15 shows the evolution the nodal active power slack injections (Realized (instantaneous) or
Py ;) w.r.t. the optimal DP (Day-Ahead DP or P?iw awh). It also shows the nodal active power slack
injections averaged over blocks of 5 minutes (Realized - mean over 5 mins). The plot shows that in
terms tracking the real-time controller generally tracks the day-ahead optimal DP with a ~1kW error.
More specifically, from 11:12:00 to 11:18:00 and from 17:39:00 to 17:47:30 the BMS of B2, i.e. the BESS
used in the experiment, went into error due to unforeseen reasons and the BESS got disconnected
from the microgrid. As the disconnection was not planned, the real-time controller tries to follow as
best as it can the DP. At 11:37:30, the Peugeot Ion is connected and the CHAdeMO charger decides
to start charging even though it was not instructed to. As a result, for one control-period, there’s a
discrepancy between the DP and the nodal slack power injection. From 12:54:00 to 13:13:00, as the
Peugeot-Ion’s SoC reaches 85%, its on-board controller decides to decrease its consumption due to
internal constraints of the EV BESS. As a result, the EV consumes less than the sent setpoint and that
discrepancy leads to a loss in DP tracking. From 13:46:30 to 13:54:00 and 14:52:30 to 15:06:00 there were
day-ahead unforeseen passing clouds that further led to erroneous real-time solar irradiance forecast.
Consequently, the real-time controller sent setpoints to both P-V resources that were not compatible
with the available maximum power of the P-V plants. From 13:54:00 to 14:13:00 the PV2 (SolarMax)’s
controller started acting erroneously by injecting only half its potential capacity even when asked by
the real-time controller to inject at full-capacity. The time it took to restart the converters led to a
temporary loss in dispatch tracking. From 17:48:00 to 18:00:00, the Renault Zoe’s on-board controller
stopped implementing setpoints which led to tracking issues during the period when the problem was
spotted and the EV was unplugged then re-plugged.

Fig. 7.16 shows the evolution of the UEE for both the day-ahead and real-time stages for the duration
of the experiment. For the day-ahead plot, the UEE is referred to the one at the starting time of the
experiment. For the real-time plot, the UEE is computed directly using the realization measured at
the microgrid PCC. The Figure shows that, even with the unforeseen failures listed in the previous
paragraph, the real-time UEE remains within the bounds of the day-ahead stage. Furthermore, after
further investigation, the previously mentioned resource and forecasting failures account for 25% of
the UEE. Additionally, part of the remaining UEE was due to setpoint implementation errors. Indeed,
the previously mentioned ~1kW error offset between the nodal active power injections at the slack
and the optimal DP is due to setpoint-implementation errors, where each resource implemented on
average a power that was ~250W different than the requested one. For instance, the Type-2 power-
to-current lookup table of the Renault Zoe exhibits discrete steps of 500W leading to a discrepancy of
around 200-300W between the requested active power setpoint and its implementation. Finally, the
rest of the remaining UEE is due to two reasons. The first being that the real-time controller fails from
time-to-time to converge to a solution that would satisfy both EV users and the DP tracking objective.
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This is due to the fact that after a few’? iterations the tracking objective weight is reduced w.r.t to the EV
objective to favour EV user satisfaction and guarantee convergence within the control time-step. The
second being that the BESS (B2)’s BMS was unexpectedly limiting the usage of the full battery capacity
which led to discrepancies between the day-ahead foreseen BESS energy capacity and the effective one

available in the real-time stage.

Tab. 7.19 shows the KPI metrics — used to evaluate the performance of the day-ahead stage in the
numerical simulations of Sec. 7.3.4 — applied to both day-ahead and real-time stages. The most
interesting aspect to note is that the real-time controller fully satisfies the requested EV user needs
even though, as can be seen in Fig. 7.14, it rarely charged the EV at full-power.

In summary, the real-time controller was able to successfully track the day-ahead DP even with un-
foreseen resource hiccups. It is clear that: (i) without the resource hiccups, and (ii) by accounting for
resources’ setpoint-implementation-inaccuracies in the controller decision-making process, one could

achieve a better tracking performance.
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Figure 7.14: Experimental validation results - non-slack active power injections: forecast
(day-ahead) vs. realization (real-time)

731n this experiment we set that number to 15.
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Table 7.19: Experimental Validation Results: KPI metrics

Day-Ahead Stage Real-Time Stage
(with BESS and EVCS control)
UEE™ (£ = t,exp) — UEE™ (1 = fg,exp) [KWh] 78.83" 50.89
UEE™ (£ = tf,exp) — UEE™ (£ = fg,exp) [KWh] -39.147 -2.63
MAE [kW] 14.64 9.85
MPP [kW] 26.99 13.97
MEVUS [%)] 100.00 94.55
MBU [%] 100.00 100.00
MABI [kW] 25.00 13.45

7.6 Conclusion

This chapter proposed an extension to the work presented in [6] by accounting for EVCSs’ power and
energy demand flexibilities in both day-ahead and real-time stages. More specifically, in the day before
scheduling, the stochastic OP, computing an aggregated DP at the PCC, is extended to account for EVCSs
as controllable entities. The OP in the day-ahead stage accounts for: (i) demand/generation forecasting
errors using scenarios, (ii) resource constraints, (iii) grid operational constraints by leveraging SCs, and
(iv) next-day EV user behaviour through forecasted scenarios. The advantages of considering EVCSs as
controllable entities in the day-ahead stage were showcased through a set of numerical simulations.
The simulations revealed that, in terms of UEE, it is always advantageous to control EV charging. In the
real-time phase, the grid-aware MPC-based distributed control algorithm proposed in [6] was extended
with an MPC-augmented-version of the EV-subproblem model presented in Sec. 6.2.2. The controller
accounts for resource and grid operational constraints and aims to compute active and reactive power
set-points for heterogeneous resources so that their aggregated contributions track the day-ahead
optimally computed DP. Both day-ahead and real-time controllers were experimentally validated using
the EPFL-DESL-microgrid. The results of the experiment showed that, even with hardware issues, the
DP tracking was within the day-ahead UEE bounds and EV user needs were satisfied. Furthermore, if
resources’ setpoint-implementation inaccuracies are accounted for in the real-time controller, the DP
tracking would have been even better. Future works will focus on the latter by means of experimental
validations using the full ELL grid shown in Fig. 7.7.

7The values are referenced to the UEE at the starting time of the experiment (i.e. £y exp).
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This thesis numerically and experimentally validated real-time ADN control methodologies accounting
for resources and grid operational constraints. The thesis is split in two parts. Part I focused on a
general, i.e. resource-agnostic, methodology to linearize the power-flow equations and showcased its
real-time control-enabling advantages through realistic sub-second control examples. Then, part IT
focused on the operational challenges raised by the large presence of EVCSs in ADNSs. In the following,
the main findings, limitations and future works associated to each chapter are listed.

Chapter 2 This chapter illustrated an analytical method to compute all-node type (i.e. PQ, PV and slack)
nodal voltage SCs w.r.t. to all possible control variables in a power grid (i.e. nodal active and reactive
power injections at PQ nodes, nodal voltage magnitudes and nodal active power injections at PV nodes
and nodal voltage magnitudes and phase-angles at slack nodes). The proposed method relies on the
knowledge of the grid model and state and the solution of a linear system of equations to determine
nodal voltage SCs w.r.t a user-defined control variable. Furthermore, since the grid model is assumed to
be known, the user can directly infer other (c.f. section 2.2.4) SCs. The chapter also included numerical
benchmarks (performed on the IEEE-34 feeder), a complexity analysis and a MATLAB implementation
of the proposed method. Results confirmed that the proposed method is accurate, scalable and easy to
implement. Investigations on the needed accuracy for grid model were not discussed in the chapter,
however, the interested reader is invited to read the work in [18] where the propagation of grid model
uncertainties to the computation of SCs was investigated. As a final note, future works will involve
investigating the properties of the matrix A (see Sec. 2.11) in order to: (i) explore matrix factorization
to potentially increase computational speeds, and, (ii) find the conditions (if any) that guarantee the
uniqueness of the solutions of the linear systems of equations in step 4.ii of Alg. 1 (i.e. conditions that
Ais full-rank).

Chapter 3 This chapter tackled the problem of actively resynchronizing (i.e. reconnecting) an islanded
ADN to its upstream grid. More specifically, it proposed: (i) a centralised PCC-control in the form
of an algorithm that approximately solves a three-phase-unbalanced linearized OPF aiming to steer
an ADN’s downstream PCC nodal voltages towards their upstream counterparts while guaranteeing
ADN and resources’ operational constraints, and (ii) a synchrocheck algorithm relying on e-IpDFT
phasor extraction to determine whether two three-phase phasors are aligned or not. Both contributions
were experimentally validated on the EPFL-DESL microgrid. The proposed synchrocheck was further
benchmarked against the Schneider Electric Micom P143 grid-relay with synchronism check [43].
Unlike the proposed methods, the Micom P143 is designed to only detect synchronization between the
islanded and external grid without any resources’ control. Furthermore, it relies on the assumption
that the PCC upstream nodal voltages are perfectly balanced. The experimental validation showed that
within 1.5 s the resynchronization of PCC nodal-voltages was achieved by the proposed algorithm even
if the process was launched when the islanded-microgrid was in an infeasible state. Furthermore, due
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to its present configuration, the tested microgrid was operating in a balanced three-phase condition,
lacking the possibility to showcase the ability of the proposed PCC-control algorithm to deal with
unbalances. As a result, future works will involve experimental validations to showcase the ability
to securely resynchronize an ADN to its upstream grid in case both systems operate in unbalanced
conditions.

Chapter 4 In this chapter, methods accounting for the uncertainty of the implementation of setpoints
at resource controllers have been proposed. First, a tractable admissibility test checking whether a
control setpoint is admissible or not, was presented. Second, an iterative algorithm was presented with
the following features: (i) it accounts for the grid and resource operational constraints, (ii) it leverages
SCs to linearize the power-flow equations, and (iii) it is capable to determine the closest admissible
control setpoint to its input. At each algorithm iteration, an admissibility test is performed to verify the
validity of the OP’s output and, ergo, the validity of the approximations used to linearize the constraints
of the OP. The performed simulations show that the algorithms: (i) converge, (ii) satisfy the validity of
the posed assumptions and, (iii) are compliant with real-time, i.e. sub-second, control. Note that, even
though the performed simulations assumed balanced three-phase operation, the method is capable to
control grids operating in generic unbalanced conditions as all grid operational constraints are dealt
with in the same manner. Finally, as previously mentioned, no code optimization was performed at this
point. Therefore, future works are planned to: (i) optimize the code implementation and, (ii) perform
an experimental validation on the EPFL-DESL microgrid by integrating the developed algorithms into
areal-time control framework (e.g. COMMELEC [54]).

Chapter 5 presented two sub-contributions that motivate the focus on EVs in the second part of the
thesis.

The first sub-contribution leveraged LFMCSs to statically quantify the influence of uncontrolled EV
charging on low-voltage ADNSs’ operational constraints. Numerical simulations were performed on
two real low-voltage grids situated in the western part of Switzerland (denoted as Rolle-Gare and
Rolle-Hoptial). The input data was synthesized using real information concerning the infrastructure of
the grid (e.g. number of inhabitants, geographical location, etc.). Both sets of simulations revealed that
EVloads put at risk the grid operational security. Indeed, simulations showcased that non-negligible
control actions are needed if a full electrification of private transport is reached. In the first analysed LV
grid (i.e. Rolle-Gare), minor branch ampacity issues and mostly under-voltages have been quantified.
Therefore, one can conclude that minor grid reinforcement, coupled with suitable voltage regulation,
are enough to handle the private mobility full electrification in that grid. On the other hand, the
Rolle-Hopital network presented major branch ampacity violations, under-voltages and transformer
overloads, thus, needed grid reinforcements might implicate major economical expenses. Therefore, in
such cases, a smart charging algorithm can be used to satisfy EV user needs while steering the electrical
grid to operate in a safe state (c.f. Sec.6). As a final note, it is clear that every grid will behave differently
and simulations using the tool presented in this chapter can give insights on the strategy to be adopted
in order to prepare the grid for the 100% electrification of private transport. In terms of future works, a
large-scale, e.g. country-wide, simulation might be of interest using on approach inspired by [128].
The second sub-contribution is a set of two experiments performed using the EPFL-DESL-microgrid’s
EVCSs (c.f. Tab. 5.3 for technical specifications). Both sets of experiments revealed that (i) EVs have
non-negligible local effects on ADNs’ operational constraints, and (ii) EVs’ on-board chargers cannot
be controlled in sub-second time-scales. More specifically, even though an individual single-phase
charging EV does not heavily violate the local power-quality grid operational constraints, as soon as
a few EVs simultaneously charge at full-power on the same grid node, the EN-50160 [48] negative
sequence constraint would not be satisfied. Generally speaking, it seems that each car manufacturer
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designs its EV to safely charge in case it is the only grid-connected resource. However, since in prac-
tice multiple other resources and EVs are simultaneously grid-connected, their real impact on grid
operational constraints is expected to be way higher. In terms of controllability, the experiments
revealed that: (i) not all cars behave exactly the same way when it comes to setpoint tracking, and (ii)
independently of the EV, on-board chargers have response-times in the order of seconds or tens of
seconds. Therefore, again, it is clear that there is a need for different real-time (i.e. seconds-to-minutes
scales) smart charging control frameworks if EVs will be used in time-deterministic real-time controls
(e.g. frequency containment reserve or local grid voltage/line congestion controls). In terms of future
works, it would be interesting to test a fleet of different EV models and categorise their controllability in
terms of response times and setpoint implementation inaccuracies.

Chapter 6 This chapter proposed a grid-aware distributed controller (GADC) for EVCSs connected to
ADN:Ss of generic topologies. It uses the ADMM to distribute a separably formulated OPF problem into
local ones. The latters are solved at the EV aggregators level while a central grid aggregator problem
ensures the non-violation of the grid operational constraints while taking into account all the solutions
coming from the EV aggregators. The grid aggregator problem takes into account the stochastic nature
of various resources by means of scenarios, it relies on a linearization of the power-flow equations and is
formulated for generic three phase ADNs. Therefore, it also takes into account voltage unbalances and
guarantees proper power quality subject to the EN-50160 std. bounds [48]. Furthermore, as previously
explained, as the control time-step is chosen to be in the seconds-to-minutes scale to match the results
presented in Sec. 5.2.2, scenario-based optimization was crucial to render the optimally computed
setpoints robust against the stochasticity of non-EV nodal power injections. The performance of the
method was numerically quantified on the IEEE-34 feeder by comparing it with two grid-unaware
controllers. It is shown that the grid-unaware controllers may provide a better service to EV users in
terms of matching the desired battery SoC levels. However, this is at the expense of severely violating
the grid’s static and power quality constraints. From the grid perspective, the proposed GADC kept
the ADN within safe operational bounds and, in most cases, was capable to satisfy the needs of
EV users. It is clear that the developed method can help grid operators to manage weak grids that
accommodate heavy EV loads. Future works may involve the integration of more realistic EV models
into the problem formulation as this was not done in the presented algorithms. The latter models
can, for instance, encapsulate the dependency of charging power limits on the EVs’ SoC and/or the
setpoint-implementation innaccuracies of EVs’ on-board controllers. They can then be included in the
EV sub-problem of Sec. 6.2.2 to compute optimal setpoints that are more realistic.

Chapter 7 This chapter proposed an extension to the work presented in [6] by accounting for EVCSs’
power and energy demand flexibilities in both day-ahead and real-time stages. More specifically, in
the day before scheduling, the stochastic OP, computing an aggregated DP at the PCC, is extended to
account for EVCSs as controllable entities. The OP in the day-ahead stage accounts for: (i) demand/-
generation forecasting errors using scenarios, (ii) resource constraints, (iii) grid operational constraints
by leveraging SCs, and (iv) next-day EV user behaviour through forecasted scenarios. The advantages
of considering EVCSs as controllable entities in the day-ahead stage were showcased through a set
of numerical simulations. The simulations revealed that, in terms of UEE, it is always advantageous
to control EV charging. In the real-time phase, the grid-aware MPC-based distributed control algo-
rithm proposed in [6] was extended with an MPC-augmented-version of the EV-subproblem model
presented in Sec. 6.2.2. The controller accounts for resource and grid operational constraints and aims
to compute active and reactive power set-points for heterogeneous resources so that their aggregated
contributions track the day-ahead optimally computed DP. Both day-ahead and real-time controllers
were experimentally validated using the EPFL-DESL-microgrid. The results of the experiment showed
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that, even with hardware issues, the DP tracking was within the day-ahead UEE bounds and EV user
needs were satisfied. Furthermore, if resources’ setpoint-implementation inaccuracies are accounted
for in the real-time controller, the DP tracking would have been even better. Future works will focus on
the latter by means of experimental validations using the full ELL grid shown in Fig. 7.7.
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Appendix

A - Affine-Transformable-Functions

Affine transformable functions (ATFs) are non-affine mathematical functions that can be expressed as
affine functions if they are included in an OP. In other words, if within an OP there are many ATFs, they
can all be transformed into linear constraints and objectives in order to preserve the OP’s linearity. In
the following we give two examples.

A.1 - min{a, b}
Starting from m; = min{a, b} one can write an equivalent OP (7.23).
my =argmax{t} = argmin{—f}
t t

S.t. (7.23)

r<

t<b

It is clear that (7.23) is a linear OP.

A.2 - max{a, b}
Starting from my, = max{a, b} one can write an equivalent OP (7.24).
my =argmin{¢} = argmax{—f}
t t

S.t. (7.24)

t=b

It is clear that (7.24) is a linear OP.
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