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Abstract

The increasing expansion of local generation units, such as photovoltaic systems or wind
turbines, within the electric power grid is leading to a prevalence of inverter-based re-
sources. This change is motivating the establishment of microgrids, which are inverter-
based local distribution systems in which storage units allow local demand and local
generation to be matched as a degree of freedom. To make optimal use of local genera-
tion capabilities and ensure high-quality supply, high demands are placed on the control
engineering to provide fast reactions to transients. The requirements for accurate system
modeling, the effort involved in controller design, and the necessary human expertise make
conventional approaches such as PI control or optimal approaches such as model predic-
tive control disadvantageous when they need to be scaled to a large number of individual
systems. These challenges can be overcome by reinforcement learning, a data-driven op-
timal control approach. In reinforcement learning, a control is learned from interaction
experiences with the technical system — in this thesis an inverter. Benefiting from the
data-driven behavior, a model-free, self-adaptive, and largely automatic controller devel-
opment process with minimum human effort can be enabled.

In order to profit from the data-driven behavior, the experiences must be gained from
an interaction in a real-world application. This poses a challenge in terms of safety
during learning to protect the inverter from damage. To address this challenge, this thesis
extends a standard reinforcement learning algorithm with a safety component that allows
inverter control to be learned safely in a real-time, real-world application without a priori
parameter knowledge and human intervention. In such an experiment, safe learning of
voltage control via reinforcement learning is presented with a three-phase 250kVA-capable
inverter.

In a proof of concept, supplying a constant, resistive load, the safety extension is didacti-
cally introduced and validated. The reinforcement learning-based controller is compared
to model predictive controllers and PI-based controllers, highlighting the benefits regard-
ing transients, steady state, compensating for non-linearities and unbalances. Extending
the safety approach and the learning experiment to arbitrary loads, enables a general use
case in an electric grid application. Finally, this makes the developed data-driven volt-
age controller applicable in a decentralized, inverter-based microgrid. Based on learning
algorithms and general design rules, this setup enables fully automatic and model-free
commissioning of an inverter-based microgrid without human intervention, which is ex-
perimentally demonstrated in a 1.25 MVA-capable system.
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Zusammenfassung

Die zunehmende Verbreitung dezentraler Stromversorgung fiihrt zu einer starkeren Ver-
breitung umrichterbasierter Systeme. Diese Verdanderung motiviert die Etablierung von
Microgrids, bei denen es sich um umrichterbasierte, lokale Energienetze handelt, in de-
nen ein elektrischer Energiespeicher als Freiheitsgrad genutzt wird, um lokal Bedarf und
Erzeugung zu synchronisieren. Um die lokalen Erzeugungskapazitaten optimal zu nutzen
und eine hohe Versorgungsqualitit zu gewéahrleisten, muss das Regelverhalten hohen An-
forderungen gerecht werden. Die Anforderungen an eine genaue Systemmodellierung,
der Aufwand fiir die Regelungsauslegung und das erforderliche Fachwissen stellen Her-
ausforderungen bei herkémmlichen Ansitzen wie Proportional-Integral(PI)-Reglern oder
optimale Regelungsansitzen wie der modellpradiktive Regelung dar, wenn sie auf eine
grofle Anzahl einzelner Systeme skaliert werden miissen. Diese Herausforderungen kon-
nen durch Reinforcement Learning datenbasiert bewéltigt werden. Beim Reinforcement
Learning wird eine Regelung mit aus der Interaktion mit dem technischen System (hier
Wechselrichter) gewonnenen Daten trainiert. Durch das datenbasierte Verfahren wird ein
modellfreier, selbstadaptiver und weitgehend automatischer Reglerentwicklungsprozess
mit minimalem menschlichem Aufwand ermdoglicht.

Um vom datenbasierten Verfahren zu profitieren, miissen die Daten aus der Interaktion
mit einer realen Hardwareanwendung gewonnen werden. Dies stellt eine Herausforderung
hinsichtlich der Sicherheit des Wechselrichters wahrend des Lernprozesses dar. Um dieser
zu begegnen, wird in dieser Arbeit ein Standardalgorithmus fiir Reinforcement Learning
um eine Sicherheitskomponente erweitert, was es ermdoglicht, die Regelung eines Wechsel-
richters in einer Echtzeit-Anwendung in der realen Welt ohne vorherige Parameterkennt-
nisse und ohne menschliches Eingreifen sicher zu erlernen. In einem solchen Experiment
wird das sichere Erlernen der Spannungsregelung durch Reinforcement Learning mit einem
dreiphasigen 250-kVA-Wechselrichter vorgestellt.

Im Zuge eines Machbarkeitsnachweises, bei dem eine konstante ohmsche Last ver-
sorgt wird, wird die Sicherheitserweiterung erldutert und validiert. Der Reinforcement-
Learning-Regler wird mit modellpradiktiven und PI-Reglern verglichen, wobei die Vorteile
in Bezug auf Transiente, das stationédre Verhalten sowie die Kompensation von Nichtlin-
earitaten und Schieflasten hervorgehoben werden. Die Erweiterung von Sicherheitsansatz
und Lernexperiment auf beliebige Lasten ermoglicht eine allgemeine Anwendung in elek-
trischen Energienetzen, wodurch der datenbasierte Spannungsregler in einem dezentralen,
umrichterbasierten Microgrid anwendbar ist. Basierend auf Lernalgorithmen und allge-
meinen Auslegungsregeln ermoglicht dieser Aufbau eine vollautomatische und modellfreie
Inbetriebnahme, was experimentell in einem 1, 25-MVA-System demonstriert wird.
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1 Introduction

1.1 Motivation

The increased penetration of inverter-based resources (IBR), which enables the integration
of local, decentralized generation units (e.g., photovoltaic (PV) systems or wind turbines)
into the electrical energy grid, offers new possibilities and more flexibility, but also comes
along with new challenges. Forming local electrical energy grids, so-called microgrids
(MGs) consisting of sources, storage units and loads that can be operated coupled or
decoupled from the supply grid, makes it possible to match local demand and genera-
tion [1]. This, e.g, can help to relieve the transmission lines and can reduce the need
for grid expansion. Additionally, MGs permit increasing stability, improving the conti-
nuity of supply and can provide a broad scope of ancillary services, like, e.g., dispatch
services, black-start restoration, reactive power supply, and voltage and frequency control
[2]. A successful integration that optimally utilizes the IBR, places higher demands on
the control engineering at the component level to benefit from the component’s reaction
capability. Standard feedback controllers such as proportional integral (PI) controllers
or proportional resonant (PR) controllers often perform poorly when operated close to
the system’s limits, which becomes apparent in low responsiveness during transients and
controller wind-up-based overshoots [3]. Therefore, optimal utilization of IBRs in such
cases cannot be achieved with standard feedback controllers, as a controller design that
enables a fast response could lead to possible overshoots and cannot be guaranteed to not
violate the physical system constraints. These constraints result from physical system
limitations to avoid, e.g., overcurrents and overvoltages within the IBR’s power electronic
or filter components. The compliance with these constraints during the control task is
safety-critical, as exceeding the limits can lead to an emergency shutdown and thus to a
supply interruption or physical damage to the hardware.

Optimal control approaches, such as model predictive control (MPC), can directly take
such constraints into account [4]. Utilizing a model, MPC can directly consider these
limitations during the system input calculation and allows operation at the system lim-
its without further safety margins, resulting in maximized plant performance [3]. How-
ever, highly specialized engineers and a lot of working time are required to achieve this
level of performance, since it requires accurate measurements and modelling as well as
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computationally efficient implementation. When applied to a real system, deriving an
accurate model becomes challenging. Real-world implementation poses several general
challenges:

« model inaccuracy (e.g., with regard to data sheet specifications or aging effects),
e measurement noise,

e sensor calibration mismatch,

e limited sensor bandwidth,

e inverter non-linearities,

e computational time demand, and

o the prevention of safety-critical system states.

While safety-critical system states can be handled by MPC, the previous points can be
a challenge for such a model-based control approach. Since MPC uses a model to pre-
dict future system trajectories to calculate the next optimal control action based on a
real-time solver solution, model inaccuracy or measurement deviations can result in sub-
optimal control behavior. This is especially the case during non-linear behavior of the
plant system, since MPCs are typically based on a linear model, as they must be con-
figured in real-time applications taking into account the trade-off between computational
effort, model complexity and prediction horizon. Therefore, in addition to deviations in
terms of model parameter accuracy, prediction errors may also arise from (knowingly or
unknowingly) omitted system dynamics.

Instead, data-driven methods such as reinforcement learning (RL) utilize interaction data
to learn the optimal control behavior. This results in several advantages over conventional,
solver-based optimal control schemes such as MPC, specifically in terms of computational
efficiency and independence from model availability [5, 6]. Thereby, RL learns an explicit
optimal control policy, whereby only the learned policy, but not the learning process, must
be capable of real-time execution. Accordingly, MPC and RL follow different solution
concepts, but both strive for optimal control performance [7]. As a result, RL enables
a model-free, self-adaptive control approach that paves the way for non-linear control
and enables a fast and largely automatic controller development process with minimum
human effort [8, 9]. These attributes render RL promising for evolving plants such as
the electrical power grid [10]. The advantages allow resolving some of the issues listed
above when transferring to a hardware application, e.g., non-linearities, model inaccuracy
or sensor calibration mismatch. However, the advantages are offset by the challenge of
safety while training control applications on technical systems such as in a power-electronic
grid applications [11].

2
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1.2 State of the Art

The utilization of RL in the concept of MGs is not completely new. However, publica-
tions mostly document applications at a higher control level with a significantly larger
step size in simulative investigations. These focus mainly on economic optimization, plan-
ning or power flow control, rather than control on component level, such as current or
voltage control, where fast reactions on transients are required [12]. E.g., in [13], RL is
used for energy management in an MG to maximize economic benefits depending on a
local storage system, while considering operational constraints. In [14], RL is applied for
scheduling flexible loads in an MG, while balancing the interests of multiple stakeholders
on a monetary basis. Both areas are combined in [15], whereby RL is utilized to adjust the
control parameters at the power flow level in order to optimize the MG’s operating costs.
Furthermore, there exist several investigations on applications of RL at the power-control
level to adjust the grid frequency and voltage amplitude. E.g., [16] applies RL to optimize
the voltage magnitude in consideration of the reactive power in a simulative power flow
scenario.

In [17], RL is used for adapting the coefficients of a classic controller on power flow
level, while the subordinate controllers on component level are realized via classic PI
controllers. Accordingly, RL already shows advantages over conventional methods at the
higher control levels, whereas the lower-level controls are still mapped by standard feed-
back control methods, such as PI controllers. For optimal operation of an MG, however,
fast-responding controls are required at component level, as can be achieved by optimal
controllers such as RL. Most investigations of applying RL-based control in power elec-
tronic and grid applications are based on simulation, while the transfer to a real-time
capable hardware application is focus of current research [18]. Learning directly on the
real-world system is one of the current challenges of RL-based control for power elec-
tronic systems and is not covered in literature so far. Merely, the completely simulative
pre-trained controller is applied to actual hardware [19]. This is shown in [20], where an
RL-based approach is initially trained in offline simulation for a voltage control appli-
cation for power electronic converters. Later on, this pre-trained agent is presented to
be applicable on the corresponding hardware. However, the advantage of self-adaptation
is lost when not training directly on the hardware, since the simulation model used for
training does not normally reflect the challenging effects (e.g., calibration mismatch or
non-linearities). Only interacting with the hardware to be controlled enables RL to over-
come such challenges.

Safety is becoming increasingly important, especially when transferring to real-world ap-
plications and training in a hardware experiment [5, 21]. Here, the concept of safety is
defined as compliance with constraints of the plant system. Depending on the applica-
tion, these can be physically determined constraints, e.g., current and voltage limits of
electrical components in an inverter control task, or power limits in a grid control task,
or financially determined constraints in an economic optimization. The former represent
safety-relevant constraints, the violation of which can result in damage to the system,
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in contrast to financial constraints overruns. For the sake of completeness, all categories
are covered in the following literature review. In order to examine compliance with these
safety-relevant constraints of RL in electric grid applications in the existing literature,
safety is categorized as follows:

1. No safety concept is considered in the investigation.

2. Safety is promoted by structural changes to the learning algorithm, whereby safety
cannot be guaranteed. This can be achieved through several approaches:

o Incorporating safety factors or constraint penalty terms within the feedback
during training, e.g., [Ownb, 22-24].

o Embedding safety considerations within the policy via extending the cost func-
tion of the learning algorithm, e.g., [25-28].

3. Structural changes are made to the RL-framework by extending the control struc-
ture, e.g., [24, 29-34] where safety and compliance with physical constraints are
enforced.

Tab. 1.1 summarizes the state-of-the-art literature of RL in electric grid applications,
classified into three categories. They cover economic optimization, grid control at power
level, such as droop control under power flow considerations and, lastly, the inverter
control at component level, the current and voltage control regarding the filter components
(inductors and capacitors). Economic considerations are usually examined on the basis
of simulation calculations, since there are no issues such as non-linearities, modeling
inaccuracies, or sensor calibration deviations. Therefore, the transfer to hardware is not
considered in the table.

Tab. 1.1: Reinforcement learning-based control in electric grid applications

Training: Simulation Simulation Hardware
Application: Simulation Hardware Hardware
Safety: No Promoted Enforced No Promoted Enforced Enforced
Economic [13-15] [29, 30]
operation [35] [27, 28] [36] B ) ) B
Grid [16-18] [44-49] [31, 32] [54, 55]
control [37-43] [23-26] [50-53] ’
Invert, 56-59 [Ownl]
nverter (56-59] [Owns] [Own6] [66, 67] [20] [Own3]
control [60-65] [Own2]
[Own4]
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As can be derived from Tab. 1.1, a lot of applications focus on the economic and power
control level. In order to enable optimal use of the IBR, safe and fast control is required
at the component level, enabling optimal operation up to the limits of the system, as
made possible by RL. In order to learn how to deal with, e.g., non-linearities, modeling
inaccuracies, or sensor calibration deviations, training must be carried out directly on
the hardware. As can be seen in Tab. 1.1, no literature (apart from the author’s own
publications forming this work) covers training on the hardware plant, which highlights
the research gap that will be addressed by this work.

1.3 Contribution

The goal of this work is the investigation of a toolchain to train an RL-based controller
for a control task at component level. The considered application is a grid-forming volt-
age control task in an MG hardware application without prior simulative training. The
constraints have to be taken into account to adhere to physical system limits of the plant
inverter. For this purpose, a standard RL algorithm is extended by a real-time capable
safety layer that allows the application in a hardware experiment in an MG and, hence,
enables a fast and largely automatic controller development process with minimum hu-
man effort. The resulting RL-based control framework does not require any prior system
parameter knowledge regarding the specific inverter. To determine the best configuration
and architecture for the RL algorithm, a hyperparameter optimization (HPO) framework
is proposed that exploits the real-time simulation capabilities of rapid control prototyp-
ing (RCP) hardware. The steady-state and transient behavior of the trained RL-based
controller is experimentally validated on a 250kVA industrial-grade three-level four-wire
inverter and compared with classic PI controllers, predictive dead-beat controllers and
MPC. In a follow-up experiment, a model-free droop control layer for active and reac-
tive power sharing is added to the RL-based voltage controller trained directly on the
hardware without simulative prior training. By doing so, a fully automated control de-
sign for MGs is achieved, which does not require any prior parametrization knowledge of

the plant system, enabling an automatic and model-free commissioning of inverter-based
MGs.

The main contributions of this work are:

» Real-time capable implementation of an RL-based voltage controller at component
level within a system in the three-digit kVA range, rendering this investigation highly
relevant for industrial applications.

o Introduction of an edge learning toolchain to outsource the training of the embedded
RL-based controller from real-time hardware to high-performance workstations.

o Empirical proof for the safe application of the RL-based controller with special re-
spect to its data-driven artificial neural network (ANN)-based premise. Hence, cor-
responding measurements are retrieved without prior assumptions about the plant
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dynamics, but by initializing the required safeguarding technique on the basis of
identified plant behavior [68].

e Setup of an HPO framework, executable with hardware-in-the-loop (HIL) exper-
iments and RCP units, which allow to conduct real-time simulation experiments
while searching for the corresponding hyperparameters (HPs) instead of using se-
quential simulations on computer clusters to reduce the simulation-reality gap.

o Direct comparison of steady-state and transient behavior of the developed RL-based
controller to another optimal control method — MPC — and to classic PI controllers
and predictive dead-beat controllers in real-world experiments.

o Extension beyond a proof-of-concept application with constant load to an appli-
cation with arbitrary loads, ultimately validating the feasibility of the developed
RL-based approach as a subordinate voltage controller in an MG application.



2 Fundamentals

As motivated in Sec. 1, this thesis targets to investigate whether RL can be used for
voltage control of an inverter at component level in order to establish a self-adaptive
control approach with minimum human effort. For this purpose, the necessary basics are
introduced in the following along with the consideration of superimposed control levels
regarding inverter-based MGs. Thereby, the latter are required to show the applicability
of the RL-based voltage controller in a decentralized MG.

2.1 Optimal Control for Voltage-Forming Inverters

Given a dynamical system with the system state @, system input w, disturbance d and
system output y, the goal of optimal control is to find a control input for the system which
is optimal with regard to a certain cost function [69]. In the following, the general control
task is defined as a reference tracking problem with disturbance rejection and the system
input is to be calculated in such a way that the output y follows a certain reference y*
without violating the system boundaries. These boundaries define the state, action and
output space X, U, Y, respectively, while D defines the disturbance space. The optimal
control problem for a dynamic, discrete-time system can be defined as follows:

o0
rgkin Z Y Viriv1(Yr, Yk, Ur),
i=0

Lo = T=0,

Lp+1 = fk(wkvuk7dk)7 (21)
Y = ’wk(il?k,uk,dk),
x, EXCR" u, cUCR™, y,yi € YCR d, €D CR°.

Here, the function f:X x U x D — X defines the state transition over time and
w: X X UxD—Y the output function, composing the available measurement signals.
V:Y xY xU— R defines the stage costs, the sum of which must be minimized.
Thereby, the discount factor v € [0,1[ can be used to set whether future costs should
be weighted more heavily or less heavily. Moreover, k denotes the discrete-time index
and x( is the initial state of the system. To formulate an optimal tracking problem for
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a voltage-forming inverter, the stage costs V(||v; — vil|,) are defined depending on the
deviation between the measured voltage v and the targeted reference voltage v*, while
the corresponding dynamic system is introduced in the next section.

2.2 Voltage Source Inverter

The three-phase voltage source inverter (VSI) with LC-filter, presented in Fig. 2.1, is
a common topology as an interface between a DC-link and an electrical power grid,
especially in the case of decentralized MGs. The depicted three-level topology, which
is used in the subsequent application, offers advantages compared to a standard two-level
inverter, such as lower component voltage stress, decreased total harmonic distortion
(THD) and reduced losses at industry-grade switching frequency, which leads to lower
operational temperature and failure rates. Thus, it provides higher reliability and a
possible reduction in filter size, weight and costs [70-72]. Thereby, in both three-level
and two-level architectures, the phase voltage v; at the filter input can be modulated
via a pulse width modulation (PWM) to enable a continuous control set (CCS). It is
assumed that the pulse frequency components in the signals resulting from the switching
behavior of the power electronic device are smoothed by a suitable filter design with a
cutoff frequency significantly below the switching frequency. The controller should not
compensate for this switching behavior, but rather for the error in the dynamic averaging
model [73]. Therefore, regular sampling is applied (cf. Sec. 3.1). Thus, a continuously
selectable voltage for the following control task can be assumed via PWM. More details
can be found in, e.g., [74].
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Fig. 2.1: Three-phase VSI with LC-filter, while one phase is labeled for the plant com-
ponents with the index p € {a,b, c}.

As depicted in Fig. 2.1, the considered topology is a three-level neutral-point-clamped
(NPC) inverter, which consists of three equivalent phases with a common neutral point
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N that is connected to the DC center potential. Therefore, the plant for the investigated
voltage control task can be inferred from a single-phase representation. The current iy,
through the filter inductor Ly and the voltage vc across the filter capacitor Ct change
depending on the filter input voltage v; and the load current ¢, which acts as disturbance.
One phase of the VSI in Fig. 2.1 can be modeled by a set of continuous-time ordinary
differential equations (ODEs):

C(litms(t) = Agx(t) + byus(t) + hgds(t),
ys(t) - Csws(t) + gsds(t)a
(2.2)
where
. ’LL(t) o -iL<t) _
ws(t) - [Uc(t)] ) ys(t) - _U(t)] ) us(t) - Ul(t)a
- I e T 7 _ |z
ds(t) = i(t), AS—_ c% 0 1, bs_[0]7
B (10 0

With the continuous-time state-space model (2.2) being linear, this ODE is approachable
by means of exact discretization, which allows discrete-time analysis in the following
without consideration of discretization errors (cf., e.g., [75]):

A= eASTS7 b= (A—I)A;le’ h = (A—I)A;th, C = Csa g = gs, (23)

where T; is the sampling time of the discrete-time system. The resulting discrete linear
time-invariant (LTI) state-space model has the form:

T 1 = Axy + buy + hdy
yr = Czp, + gdy.

~—~
N

However, the discrete-time system state &y = [iL, vc,k]T at time step k cannot be directly
measured because of the internal series resistance Ryc of the filter capacitor (cf. Fig. 2.1),
i.e., the internal capacitor voltage v is not directly accessible. To depict the dynamics
of the measured output yyi, (2.5) is shifted by one time step k + 1 into the future and
X1 from (2.4) is inserted:

Y1 = CAx; + Cbuy, +Chdy, + gdy.. 1. (26)
However, the state xy is still included. Therefore, (2.5) is rearranged as
x, = C 'y, — C'gdy, (2.7)

9
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and inserted into (2.6):

Yri1 =CAC 'y + Cbuy + (Ch — CAC™'g) dy + gdi1. (2.8)

This reformulation is possible for the considered system from Fig. 2.1, since the output
matrix C' is structurally invertible, i.e., the output and state variables can be transformed
into each other without a loss of information. As a generalization of (2.8),

Y1 = I (Yr, g, dig, diei1) (2.9)

directly describes the output dynamics with the transformed model f/: Y x U x D — Y.
Assuming predictability of the disturbance variable, (2.8) can be condensed as fol-
lows:

yr1 = CAC yi + Chuy, + (Ch—CAC g +gly) d. (2.10)
Ay by
9y

Here, [, : D — D defines the assumed disturbance dynamic, i.e., d\k_i_l = lpd,. The
necessity, validity and implementation of this assumption depend on the application and
will be discussed accordingly at a later stage.

2.3 Reinforcement Learning Fundamentals
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Fig. 2.2: Reinforcement learning agent in the interaction with the environment (deriva-
tive of [76]).
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RL is a subdomain of machine learning where an artificial intelligence (AI) — the agent —
learns a task by interacting with its surroundings — the environment. For this purpose,
the RL agent applies an action u; at time step k to the environment, which is determined
on the basis of the momentary measurement y,. In the following, the environment to
interact with is the VSI introduced in Sec. 2.2. As depicted in Fig. 2.2, the action is
evolved within the environment, leading to the next system state @xj,;, which can be
measured by sensors delivering the measurement y; ;. To learn from this interaction, the
action is rated by the reward 7,1, which defines the extent to which the control goal has
been reached.

In the following derivation of the theoretical principles, it is assumed that the system
behaves deterministically. Consequently, the aim is to find a deterministic control policy
for the technical system, since stochastic behavior is undesirable in this context. Never-
theless, the complete theory part is also valid for the stochastic case considering expected
values, as it would be useful, for example, when learning a policy in the context of games
such as poker, where predictable behavior — unlike in the control of technical systems —
can be a disadvantage [77].

In the RL framework, the environment is abstracted by a Markov decision process (MDP),
where the history of a state is fully condensed in the momentary sample. This is expressed
in the Markov property:

:Aa:,a:_,...,u,u_,...,d,d_,...
;(k k—1 k> Wk—1 ko di—1, ... (2.11)

(wkauka dk)7

Lr41

which clarifies that the next state is only dependent on the information from the pre-
vious time step [78]. As can be seen in (2.9), this does not apply to the system under
consideration here, since the next state also depends on future values. Additionally, xy
cannot be measured directly, but as described in Sec. 2.2, the dynamics of the system
can be reformulated to represent the dynamic behavior regarding the system output y
without loss of information. Therefore, the Markov property can be approximated by
corresponding feature engineering:

Ui = DYk Yk—1, Yh—25 o, Wp—1, .., A, Ajp—1), (2.12)

with ¢ : YxUxD — Y C R. Extending the measurement vector y;, by making
past measurements available to the agent, an attempt is made to reproduce the Markov
property by introducing time lag features for some observables, cf. [79]. This is not
exclusive to measurements, but may also be applied to, e.g., past actions. Additionally,
expert knowledge can be used here to add or extract additional information in order to
improve the learning process. According to (2.12), a prediction of the disturbance variable
is required for the system described in (2.9). This can be understood from the perspective
of expert knowledge and will be discussed in detail at the relevant points of the specific
applications. As a control task is to be learned in the following, the reference values, e.g.,
v* for the voltage control task introduced in Sec. 2.1, can be made available to the agent
via feature engineering, too.
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In the context of closed-loop control, the goal of RL is to find an explicit policy uy, = p(y,)
(with  : Y — U) that maps each measurement to an action which is supposed to
maximize the return g, which is defined by the cumulative, discounted reward:

Gk = Tt + V2 + VThgs + oo = Z’Virk+i+1 = ZVi(l — Viyita)- (2.13)
i=0 i=0

Based on the definition of optimal control in (2.1), the return to be maximized can be
linked to the cost function as defined above. Herein, it can also be seen that the return
maximization problem can be equivalently translated to a cost minimization problem as
it is introduced in Sec. 2.1 and typically used within MPC [4, 80]. This highlights the
close relation between RL and MPC, which both are disciplines of optimal control [7].
Consequently, the reward design defines the task to be learned and thus represents one of
the most important degrees of freedom for RL-based controller design.

In an approximate MDP, the value of an action with regard to the expected return
q:Y x U — R is determined by the Bellman equation:

Yk, ui) = gk = Tk1 + 7 Q(Grt1, Wit1)- (2.14)

The learning goal in RL-based control is to find an optimal policy p* which maps the
momentary measurement to the action that maximizes the return:

u; = p*(yx) = arg max q(gg, ug). (2.15)

U

2.3.1 Function Approximation in Reinforcement Learning

As introduced in Sec. 2.2, the state space according to (2.12) and the action chosen ugy,
by the agent are continuous, so that the control task under investigation takes place in
a continuous state-action space. In contrast to a finite state-action space, where tabular
methods (cf. [78]) can be used to determine the value of an action in a state, the first
challenge in the continuous state-action space application is to determine the g-value
defined in (2.14). Covering that by a tabular-based approach would require infeasible to
infinite memory, time and data demand [78, 81]. Therefore, the g-function is approximated
by a parametrizable function approximator g, with parameters p. The second challenge is
to solve the maximization problem in (2.15). While it is possible in finite-control-set (FCS)
applications to evaluate the limited number of possibilities according to (2.15) and select
the best one, this becomes infeasible in CCS applications. For this purpose, a second
function approximator fis, with parameters &, defines the approximate optimal policy.
Thereby, the number of parameters of the function approximators is much smaller than
the number of possible states and actions. Consequently, changing a parameter affects not
only one state, but many, which is called generalization. Suitable function approximators
are required, which must be selected depending on the task to be solved. In the following
applications, deep, state-less feedforward ANNs are utilized as function approximators.
For their training, the deep deterministic policy gradient (DDPG) algorithm is utilized,
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which yields a deterministic policy for the control problem defined in Sec. 2.1 [82]. The
training of the parameters is based on the state transition experience:

&k = (b, URL K, Thet 15 Yht1, Lt (2.16)

that is gathered from interaction with the environment. Here, t;,; is set to 1 if yg,q is
terminal (e.g., in case of an emergency shutdown triggered by a limit violation), otherwise
txr1 = 0. While general information about the structure and training of ANNs can be
found, e.g., in [78, 83, 84] the most important details about DDPG are described in
Sec. A.1 for the sake of completeness and for the convenience of the reader.

2.3.2 Exploration vs. Exploitation

As introduced in (2.15), during training, the optimal action is chosen based on the mo-
mentary policy and the momentary policy is trained based on the experience gained in
historic interactions. To achieve optimality of the policy, a complete coverage of the en-
tire state-action space within that data is required. For this purpose, unknown state and
action pairs have to be explored, which contradicts the control task and, hence, would
not maximize the return (cf. (2.13) and (2.15)). Adequate exploration must be guar-
anteed during training. Since the trained policy is deterministic, exploration during the
training is realized by an additional random signal v,. In the following a discrete-time
Ornstein-Uhlenbeck (OU) noise with zero mean (cf. Sec. A.1 and [82]) is used, which
is superimposed on the action determined by the policy and is therefore called action
noise:

U = ﬂg(gk) + vy (2.17)

This results in random voltages applied to the filter in order to yield previously unseen
state transitions and state-action pairs. Over the course of the training, the action noise
is linearly scaled down. Full action noise in the early learning phase allows a proper
exploration, while to the end of the training the scaling puts the focuses more onto ex-
ploitation. After the training phase, the noise is completely turned off to enable the best
possible control performance during the specific application, learned based on appropri-
ate exploration during training. A complete exploration of the state-action space of a
technical system may result in safety-critical situations if limit violations are provoked.
This is critical when training directly on the real-world system, as will be discussed in
this thesis. In order to ensure compliance with the system limits while simultaneously
allowing sufficient exploration during training a safeguard algorithm will be introduced.
It is set up to cancel and overwrite control actions from the RL agent if they are expected
to violate systemic constraints.
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Fig. 2.3: Reinforcement learning framework extended by a safeguard component to
ensure safe interaction with the environment (derivative of [76]).

2.4 Safeguarding in Continuous State and Action
Space

In this chapter, the introduced RL framework is extended by a safety component — the
safeguard (cf. Fig. 2.3) — to enable training in direct interaction with the plant hardware.
The basics are derived from [85] and have been validated using a simple standard example
in [86].

2.4.1 Derivation of the Relevant Constraints

During interaction, the RL controller learns the physical limitations of the environment,
which must not be violated, via the reward feedback. These limitations are defined
according to (2.1) by the state-action space Fy = Y x U of the continuous, physical
quantities.! Therefore, especially in the early learning phase, the explorative behavior
required for the training (cf. Sec. 2.3.2) can cause hardware damage or may provoke
emergency shutdowns, if y; exceeds the permissible system limits. To avoid this, the RL
framework is extended by a safeguard, as depicted in Fig. 2.3. The safeguard’s task is to
change the action ugy,; selected by the agent if necessary, such that no constraints are
violated in future steps. According to [85], this is the case if the action is chosen so that
the point [y}, u)|" lies within the feasible set F,,_,o, whose computation is explained in

'For better readability and to align with the term commonly used in the literature, the term state
space is used, even though the calculations refer to the measured system output y, which, apart from
parasitic effects, corresponds to the states as already described in Sec. 2.2 (cf. (2.6)).
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the following. This feasible set can be calculated starting from (2.10) and streamlining
the one-step notation prediction and computation into a condensed form considering k¢
prediction steps into the future from time step k. This yields:

Ay b, 0 ...0 gy 0 ...0

A A,b b ... 0 A,g g
V= Plu+| 0 T we+ | T T T | Dy (218)

Al Ab=1b, AF%b, ... b, Ab—lg, Aki—2g, ... g,

———
A B G
with
T T T

Vi = |Ykt1 Ykpa - - ym , U =|up upy, - UZH] , Dr= [d{ dijy - zfﬂ}

For a single time step, the linear input and output constraints are defined as
Wouy, < Wy, Wy < wy, (2.19)

which form convex polytopes. A polytope Fy is defined as a finite set of intersections
of closed half-spaces, while Fy is convex if the connection line between any two points
{a,b} € Fy is contained in Fy [85]. An example of a three-dimensional, convex polytope
is a cube. Another example for a three-dimensional polytope is depicted in green in
Fig. 2.4, while a two-dimensional polytope is shown in yellow. Since the constraints
defined by the physical limits in (2.19) must be adhered to not only in the momentary
but also in future time steps, the condensed constraints can be defined as:

WU <, W, Y, <y, (2.20)
with
W, = diag [Wu Wu}, Q, = [wl ...wﬂT,
~— ——— ~——_— ————
k¢ times k¢ times
Wyzdiag[Wy...Wy}, Qy:[wz...wzr.
k¢ times k¢ times

Only the momentary measured value yj, is available. Therefore, (2.18) is inserted into
(2.20), resulting in a formulation of the limitations of future measured values depending
on the manipulated variables U} to be selected:

WyBL{k S Qy — Wy.Ayk — Wyng (2.21)

From (2.21) and (2.20) the matrices

o[ R e[ e
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Fig. 2.4: Example of the projection of the three-dimensional feasible state-action space
Fs_,0, while considering ky = 6 future time steps shown in green onto the corresponding
two-dimensional feasible state space Yg_,o shown in yellow. The corresponding application
example is presented in Sec. 2.4.2.

define the inequality conditions which can be used to calculate the polytope Fy,, consid-
ering the next k¢ actions [85]:

Wy

o ] } . (2.23)

Fy, = {lz?ikk

For the safeguard, only the immediately upcoming decision is to be affected by the mo-
mentary and future restrictions. According to [85], this is considered by projecting Fy,
onto the momentary time step:

c Rn—l—kfm S

WyO Yk
E G| Uy

Yk
f Gfeas

projg, (F;) = Freo = { lzk] e R < efeas} . (2.24)

Here, the notation [Fy,_,( highlights that the influence of k¢ future state-action restrictions
affect the momentary decision regarding the action u; to be evaluated. An example of the
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projection can be seen in Fig. 2.4. There, the three-dimensional feasible set shown in green
is projected onto the two-dimensional set shown in orange. The corresponding application
example is explained in detail in the next Sec. 2.4.2. As can be seen, this is a projection
of the feasible state-action space considering six prediction horizon steps Fg_,o onto the
corresponding feasible state space Y¢_0 = {yr € Y |IU, € R : GU, < Eyi, + e}. The
projection operation here is done utilizing computational geometry, cf. [85, 87|, with
toolboxes like Multi-Parametric Toolbox 3.0 [88] or Polytope [89].

The calculation of the feasible set presented above is repeated with an increasing predic-
tion horizon k¢ until future restrictions no longer have an effect on the feasible state-action
space of the momentary time step. This is indicated by no decreasing volume V (F,0)
of the projected feasible set for an increasing prediction horizon k¢. Then the projected
feasible set no longer changes and thus represents the sought, final feasible set Fo._,o. The
calculation of Fo o is summarized in algorithm 1. The matrices Gieas and ege,s result

Algorithm 1 Calculation of the feasible set Fo._

Input: Input and output constraints W, w,, Wy, w,
Init: Vold =0
for k; =1,2,... do

Calculate A and B based on (2.18)

W, = diag [Wu . Wu}

W, = diag [W, ... W, |

Q, = [wu . wur
Q, = {w; . wHT
Calculate G, e, E based on (2.22)
Calculate Fy, based on (2.23)
Calculate Fy,_,o = projg, (Fx,) according to [85]
if |%ld - V(ka_)()” S AVmin then

Fooso = ]Fk:f—>0

break
end if
Voia = V(Fr0)

end for

from the projection and can then be used within the safeguard to change the action ugy,
— if necessary — as little as possible to usg (cf. Fig. 2.3), such that it satisfies the sys-
tem constraints in the momentary and future time steps by minimizing the convex cost
function:

usc = argmin ||ugy — urp ||’
ug

(2.25)

Yk
s.t. Gfeas [ S €feas-
Uy,
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2.4.2 Example: Double Integrator

The following example application illustrates the derivation of the relevant constraints
described in Sec. 2.4.1 using the example of the fully measurable double integrator:

1 1 n 0
= U
Yr+1 01 Yk ] k> (2.26)
—— ~—~
A, by

subject to the input and output constraints

)

< <

—1<u, <1 and [ for all k& > 0. (2.27)

5

The linear constraints can be rewritten according to (2.19) in polytope form (cf.

[85]):

10 5
1 1 10 5
< d <17l
[1 e 1| Y= s (2.28)
Wy Wy, 0 1 5
T —~—

Representing the state-action space in a polytope according to (2.28) without considering
the dynamics in (2.26) results in a cube as depicted in Fig. 2.5a). This cube represents
all the state-action pairs which are technically possible regarding the defined system con-
straints. Considering the dynamics of the system may shrink the feasible set of state-action
pairs. This can be seen by starting from (2.18) and calculating the feasible set (2.24) for
the constraint double integrator described above for k; = 1. The resulting feasible set
Fy_0 is depicted in Fig. 2.5b) and Fig. 2.6. As can be seen, the cube is reduced and
additional linear constraints cutting the edges of Fy (cf. Fig. 2.5a)) have been added to
G0 and e;_,o. For k = 1, (2.22) results in the matrices:

0 5 11
0 5 1 -1
_ [w,B ~1 o] |5 [-w,A] | 0 1
G_[Wul_ 1] e_[ﬂj_ 5 E‘l o || o-1] @
-1 1 0 0
1] 1] 0 0
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= 144.667

b) V(Fi-0)

= 200.000

a) V(IFo)

= 78.389

)

d) V(]FBA)»O

=74.033

)

f) V(]F5—>0

= 74.167

)

e) V(Fiso

= T74.033

)

h) V(Fro

Fig. 2.5: State-action space F and feasible sets Fy,_,( for increasing k; with corresponding

volume for the double integrator described in (2.26) and (2.27).
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Since for kf = 1 the condensed matrices correspond to the non-condensed matrices,
e.g.:
W, = |W,.. . W,| =W,

| S S—
k=1

the matrices G1_ and e;_,g can be calculated without a projection operation, since no
influence of restrictions of future time steps on the momentary one is taken into account.
Accordingly, the feasible set is given by:

|

DO OO R P OO MK
|

OO == H= === OO

Yk
Uk

Yk
U

c Rn+m=3

IN

Flﬁ(} = (230)

— === O OO OO OO
= = Ot Ot Ot Ot Ot Ot Ot Ot

——
G150 €150

These additional restrictions can be explained with the dynamic equation (2.26) of the
double integrator in combination with the constraints in (2.27). The dynamics (2.26) in
outer areas of the cube can result in a movement of the system outputs ending outside
of the defined system boundaries. This must be counteracted by the system input uy.
However, according to (2.27), the input variable is limited to £1, which, e.g., at the point
yl =[-5 —4], is not sufficient to compensate for a limit violation in the next time step.
Hence, already the transition to y] = [—5 —4] must be prevented early on. An additional
difficulty of the system under consideration is that the system input can only indirectly
affect y; by first changing y,. Taking into account a single prediction horizon step is not
sufficient to calculate the final feasible set, which comprises the state-action pairs that are
feasible in order to not exceed the system boundaries on an infinite time horizon. This

is demonstrated in Fig. 2.6, where the blue point [y} w]T = [0 —5 1]" is located
inside Fy_,o. Substituting [y} wux]" into (2.26) yields the red point yi,, = [-5 — 4]

(ug+1 € U can be selected within the next time step and is chosen as —1 for graphical
representation), which still lies within the defined system state boundaries. I.e., the
feasible set F;_,, marked in green defines the space in which state-action pairs can be
selected so that the system limits are not exceeded in the next step kf = 1. However, for
this statement to hold true for all future time steps, every point in F;_,; must map to the
feasible state space Y;_,o to represent the final feasible set F.._,¢:

Ay +byup — Yoo o Y[yl ui]" € Foo o (2.31)

This does not hold for the [y} wu]" = [0 —5 1]7 in Fig. 2.6. If the calculation
described above is continued with y;. 1, it is apparent that there is no u;.; € U that
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Fig. 2.6: Feasible set ;.o of the double integrator considering ks = 1, with
[yt w,]" =10 —5 1] resulting in [y}, we1]' =[-5 —4 —1]7 (ugs1 € U can be
selected within the next time step and is chosen for graphical representation to be —1).

prevents yi,2 from exceeding the limits. Extending the calculations in (2.30) to take
further prediction steps into account adds a row per prediction step to G (while (2.29)
has to be extended accordingly). Since only the restrictions of the (future) limitations onto
the momentary chosen action u; to be applied are of interest, the projection operation
described in Sec. 2.4.1 has to be applied. Following algorithm 1, (2.31) holds when the
volume of the resulting feasible set V' (F;_,) does not decrease further for increasing k.
However, as can be seen in Fig. 2.5, the volume changes untill k& = 5, at which point the
algorithm converges. The sets depicted in Fig. 2.5 with ks = 5,6, 7 are identical feasible
sets Foos0, which satisfy (2.31).

2.4.3 Differential Constraints

To limit the rate of change of a variable, differential constraints are introduced in the
following. The matrices derived in Sec. 2.4.1 defining the constraints for the safeguard’s
optimizer have to be extended. This can be for example motivated if the capacitor current
i¢ of the system presented in Sec. 2.2 is to be limited to prevent thermal overloading of
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the capacitor. Since i¢ is not measured directly, this constraint can be indirectly realized
by limiting the rate of change:

B Vi = 22 (232
of the corresponding voltage v, resulting in the differential contraints:
Wa,yAryr < way, (2.33)
with
Apyr = - _Tsyk_l’ Way = [8 —H ’ WAy = A Vimaxloxi. (2.34)

Here, 1 denotes a matrix of ones with the specified size. To consider the change-rate
constraint for k¢ prediction steps, according to [Ownl] the condensed constraints can be
defined as:

Wy ArYx < Qays (2.35)

with
Ay = 7178 (Vi — KYr —Lys) (2.36)

and

Qp,y = [wgky wgkyr, W,y = diag [me WAky:| ;

0 _ 0 -
K= nxn(kg—1) nxn 7 LI 0. |
[In(kf_l)xn(kf_l) On(kf—l)Xn { X xn (ke 1)}

Inserting (2.36) into (2.35) leads to?:
Wa (I =K) Y — Lyi) < Qa,y 15 (2.37)

where inserting the condensed state-space model (2.18) yields

Way (I = K)BUy < QayTi = Wiy (I = K)GD — Wiy (I - K) A= L) ys.
(2.38)

The introduction of additional constraints also adds additional lines to the matrices G, e
and E (cf. (2.22)):

2The index denoting the size of the identity matrix I has been omitted below, as it has the same
dimension as K.
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w,B Qy —W,GD,
G=Wr,I-K)B| e=|Qa,yTs—War,I—-K)GD;
W e (2.39)
W, A ‘
E=|-Wu, (I-K)A-L)
0

These matrices can then be used in (2.23) to calculate Gieas and €y, defining the in-
equality conditions for a quadratic program (QP) solver within the safeguard to account
for the additional capacitor constraints.

2.4.4 System Identification

As introduced in Sec. 1.1, a main advantage of RL is its model-free and self-adaptive
behavior. To utilize the safeguarding strategy as described above, it is necessary to
equip it with a system model. To sustain the advantage of inherent adaptivity and still
allow operation without a priori parameter knowledge, these model parameters must be
identified. Prior parameter knowledge thereby refers to the system’s parameterization,
i.e., the physical plant parameters as well as the abstract mathematical prediction model
parameters. These are typically used in expert-driven controller designs (cf. [90-92]) but
are assumed to be unavailable in the given scenario. Since these parameters principally
vary from the data sheet values, there is an additional motivation for operating the plant
without prior knowledge of parameterization. A certain amount of system knowledge is
required, namely the type of topology and its physical limits must be clear in advance,
which is common for control tasks in technical systems.

For an exemplary, fully measurable model with a single input:

Yikt1| |Gk Gk |Yik n b1k u
— | A A~ 2 k>
Yo k+1 21k 22k | Y2,k ba (2.40)
—— 5,_/ ——  ——
Ye+1 A'y,k Yk Ey,k

the recursive least squares (RLS) algorithm can be utilized as follows. Defining the re-
gressor vector:

.
€p1 = [yl,kfl Y2, k—1 ukfl] , (2.41)
and the output measurements:
Cy1,k‘ == yl,k; Cyz,k = yQ,ka (242)

the model parameters searched for:

A N A~ 7 T A A ~ 7 T 2 43
Xy1,k = {all,k a2k bl,k} y Xyo,k = [a21,k a2 k b2,k ) ( . )
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can be determined according to [93] via:

P Ly_1€p1
k—1 — )
)\k + 6;_1Fk—1€k—1
Xyl/y%k = Xy1/y2,k71 + Ki—1 (gyl/yz,k‘ - 62_1>2y1/y2,k71> ) (244)
1
T.=— (I —kp1€, ) Th1.
k o ( K 1€k,1) k—1

Here, the parameter ¢, €10, 1] defines the forgetting factor. For values of ¢, < 1, the
estimation errors of the further past regressors are weighted lower than those of the
more recent ones. I' ~ Cov(x, X) defines the scaled covariance matrix of the momentary
parameter estimation. A priori knowledge can be included during the initialization of the
covariance matrix I'g and the parameter vectors xj.

2.5 Power Sharing

The goal of this thesis is the evaluation of the applicability of a data-driven controller for
a voltage control task at component level in MGs. For an MG application, superimposed
controllers are necessary for the construction of a decentralized MG, which will be briefly
introduced in this section. The development of the latter is not the focus of this work
and was adapted from preliminary work [94].

Droop control concepts are used to share the power demanded by the loads between the
sources in an MG. The basic idea is to mimic the behavior of a synchronous generator, in
order to share an increasing active power by decreasing frequency and increasing reactive
power by decreasing voltage amplitude based on their droop characteristic defined via
the control parameters Kp and Kq [95]. As shown in [96], droop control with additional
filtering of the power measurement is an approach to virtual inertia and can behave as a
virtual synchronous generator (VSG). The droop control concept, shown in Fig. 2.7, is
used in the following to calculate the voltage reference v}, ., for the underlying voltage

abc,

control. According to [46, 95, 97|, the filter time constant is selected so that the cut-

0
L?-_’ Kp 1= o s
A |
Q" 1 ,évg ,
a?_—» Kq > T /\/\/

Qx

*
Vabe,k

Fig. 2.7: Droop controller used to calculate the reference voltage per inverter (derived
from [94]).

off frequency is one-tenth of the grid frequency (7; = 0.2s), while the droop gains are
calculated as follows:
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Aw AV
=—%2 Kq= .

Pmax Qmax
Here, Aw, and AV define the selected frequency and voltage deviation at maximum active

or reactive power, respectively. Accordingly, no inverter or grid model is required for the
design of the droop controller.

Kp (2.45)

Independent control of active and reactive power is not possible if the reactance-to-
resistance ratio (X/R) of the grid is low, as is typically the case in low-voltage MGs
[98]. To counteract that, an inductive coupling between the inverters is realized by an
inductor L, located behind the LC filter in Fig. 2.1 (L, not depicted here), connecting
the inverter to the grid [94]. To form a stand-alone grid, a phase-locked loop (PLL)-based
synchronization is used in the experiments, which evaluates whether an existing grid volt-
age is available for synchronization with the inverter output voltage v before connecting
the inverter to the grid. If no grid voltage is available, the grid-forming inverter closes
the switch and serves as a reference bus.
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3 RL-Based Control of
Voltage-Forming Grid Inverters

The fundamentals presented in Sec. 2 are combined into an RL-based controller for
voltage-forming grid inverters, as shown in Fig. 3.1. As mentioned before, the RL agent
should be trained through direct interaction with the hardware without simulated pre-
training. Purely simulation-based investigations were conducted in [Own5, Own6, Co8,
Co9] and are not the focus of this work.

Edge Edge Computer Measurements /
Learning {Feasible Set] (Asynchronous) FPGA (T:rpca)
Calculation
(Sec' 3) = Control Plant CPU (T3)
feas Efcas

—Active During Identification

Fundamentals

(Sec. 2) — Permanently Active

l vo URL,k 1
v Featurization | ¥, RL Agent ] \ ( Safeguad ) usq
[ % ] l %: J @ ) Constant Load

3 - |:] Proof of Concept
e Tyk+1 21 (Sec.4)
Reward Identiﬁcatiol?
| 17 Unbalanced Load
(Sec.4)

] v

—Active During Training

v

7'y

i Arbitrary Loads
* 2L,abc,k ] a $
MA Vabek Experimental (Sec.5)
PWM et Setup
7 (Sec. 3)
Ly MG Application
. —_F . sl e I Sec. 6
—C

Fig. 3.1: Implemented reinforcement learning framework and structural overview of
various application scenarios.

In this section, an edge learning toolchain is introduced transferring the fundamentals to
allow a real-time capable application. The experimental setup is described beforehand,
which is used as the plant to transfer the data-driven controller from a proof of concept
with ohmic, passive loads in Sec. 4 to arbitrary loads in Sec. 5 in order to enable the appli-
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cation of the developed RL-based controller in a decentralized MG application described
in Sec. 6.

3.1 Experimental Setup

The experiments in this thesis are executed in the microgrid laboratory (MG-lab) at
Paderborn University, which consists of 16 flexible inverter nodes [Co7]. The MG-lab
can be used to emulate local energy grids, such as decentralized inverter-based MGs.
The utilized hardware infrastructure is depicted in Fig. 3.2, showing two grid nodes of
the MG-lab. Each node consists of a three-level, NPC inverter with a nominal power of
250 kVA per inverter with a configurable output filter taking either L-, LC- or LC' L-type
form. For the investigated control task, one inverter — source (cf. Fig. 3.2) — is used to
implement a voltage-forming grid inverter.

A !
dSPACE | e 4
SCALEXIO WG, '

Edge Computer

Fig. 3.2: Experimental setup in the MG-lab, showing two 250kVA industrial-grade
inverters connected back-to-back and a resistor, which can be used as a passive load.

In the following, an RL-based controller is to be trained on this hardware to supply the
shown passive, ohmic load, described in Sec. 4. The control concept is then extended
to arbitrary loads, where the other inverter shown in Fig. 3.2 serves as the active load,
starting in Sec. 5.
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The controllers under investigation are implemented on the DS6001 CPU-card of a
dSPACE SCALEXIO RCP unit and executed once per switching period with a switching
frequency of f; = 10kHz, resulting in a sampling time of Ty = 100 ps. The controller out-
put corresponds to the phase voltages at the filter input, which is realized via a three-level
PWM, implemented in the DS6601 field programmable gate array (FPGA) card of the
RCP unit. The PWM generates the switching commands for the insulated gate bipolar
transistors (IGBTs). The IGBT-stacks consist of three Infineon F3L300R07PE4 modules
per phase, connected in parallel. In order to avoid short circuits between the three volt-
age potentials, an interlock deadtime of 2us between the individual switching states is
ensured by the driver hardware. Further, due to the parallel connection of the IGBT
modules, their parasitic capacitances lead to significant charge and discharge durations
up to 1ps at low absolute current. These non-ideal switching effects are mostly com-
pensated by lookup-table-based repositioning of the edges of the switching signals inside
the PWM implementation in the FPGA, which was not part of this thesis and has been
implemented in preliminary work. Nevertheless, due to the decreased reliability of cur-
rent sensors when operated far from nominal operation, precise compensation of inverter
non-linearity at low current is hardly possible with analytic methods.

The measurements of the required currents and voltages are recorded by the RCP unit’s
analog-to-digital converters (ADCs) at a sampling rate of 5 MHz. In the following appli-
cations, the FPGA code triggers the controller implementation on the CPU synchronized
with the PWM once per switching period, handing over the measurement values to the
CPU. A regular sampling based on the inductor current 71, is used. The mathematical
fundamentals of the used inverter are described in Sec. 2.2, where the corresponding cir-
cuit diagram is shown in Fig. 2.1. The controllers used in the following are implemented
in MATLAB/Simulink and afterwards build on the RCP units. The ANNs for the RL-
based controller are implemented on the RCP unit’s CPU by means of standard blocks
such as sums and product blocks with the ANN’s weights, as well as the transfer function
by means of comparator blocks. Xilinx was used for the FPGA-based implementation of,
e.g., the PWM. All hardware specifications are listed in Tab. 3.1. Here, the maximum
values (e.g., Vinax) are used within the calculations of the feasible set since they define the
permanent operation range of the system. The limit values (e.g., Vi) refer to the physical
limitations, while exceeding them can cause hardware damage or may provoke emergency
shutdowns. Temporary operation between these two limits is generally possible. However,
to prevent this from leading to thermal overload of the system, for example, the proposed
safeguard concept would need to be expanded, as discussed in more detail in Sec. 7, while
the overload range will not be considered further in this thesis.
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Tab. 3.1: Specifications of test hardware, physical limitations and experiment setting

IGBT modules F3L300R0O7PE4
Number modules per phase 3
Topology 3-level NPC
Control hardware dSPACE SCALEXIO (DS6001, DS6601)
Edge computer AMD Ryzen Threadripper PRO 3955WX
Inductor current safety limit Liim 700 A
Maximum inductor current It, max 600 A
Capacitor voltage safety limit Viim 400V
Maximum capacitor voltage Vinax 365V
Maximum capacitor current I max 90 A
Vbe scaling maximum VD, max 410V
Vbc scaling minimum VDC,min 330V
Droop frequency deviation Awg 2rs ™1
Droop voltage deviation AV 1V
Maximum active power Prax 250 kW
Maximum reactive power Qmax 250 kVA
Switching frequency fs 10kHz
Grid frequency fe 50 Hz
DC supply voltage UDC 740V
Upper/lower DC supply voltage vpcy/— 370V
Filter inductance Ly 70nH
Inductor series resistance Ry, 1.1m®
Filter capacitance C 300 pF
Capacitor series resistance Ryc 7 m{?
Grid-side inductance Ly 70nH
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3.2 Digital Control Delay Compensation

The evaluation of a digital controller needs some amount of time when implemented on
a real-world control system. That means it is not possible to apply the controller output
uy, (cf. Fig. 3.1) to the plant within the same time step k. The execution of the controller
output towards the plant will happen with a delay of one sampling period, as depicted
in Fig. 3.3. Therefore, a control delay compensation is required during the safeguarding.
For this, a prediction of the state g is needed to evaluate the chosen action with regard
to safety. The identified system matrices A and b are utilized for that prediction, like
depicted in Fig. 3.1.

Controller Start Control Delay ’ Plant Reaction

at Timestep k > |
k—1 k+1 k42
Yk-1 Yk+1 Yk+2
N\ N Y]

——————————— USG,k

Control Delay

. L Prediction —>| Safeguard
Compensation

4

|
T URL,k :
|

Calculation Between Sampling Instants k& and & + 1

Fig. 3.3: Digital control delay compensation during the safeguarding (derived from
[Ownl]).

3.3 Reward Design

As introduced in Sec. 2.3, the control task is encoded within the reward function, rating
each action chosen by the agent and the resulting state. To learn the reference tracking
task in the presence of disturbance, the proposed reward (cf. Fig. 3.1) is maximized if the
deviation of the measured voltage from the reference is zero:

max( 3 (zpe{a,bvc} (1 N |;vm:Z| lum%usw)) 0, 1@ (3.1)

—1, otherwise,

r =
with
@ = |U{a,b7c}| S ‘/Iim A |Z.L7{a7b,c}| S Ilim' (32)

If there is no setpoint deviation, the agent receives the maximum, undiscounted reward
of r = 1 as feedback. In case of a setpoint deviation, the reward is reduced down to
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r = 0 if operated at the maximum allowed deviation (cf. Tab. 3.1). The mean root
error (MRE) is used, because this function is steeper near the targeted reference than, for
example, mean squared error (MSE). The system limits are taken into account within the
reward function via a penalty term in the reward design. If the current or voltage limit
is exceeded (cf. Tab. 3.1), rpy1 = —1 is returned. The undiscounted reward depicted in
Fig. 3.4 is therefore defined in a value range of r € [—1, 1] and defines the optimal control
task (cf. (2.1), (2.13) and (2.14)).

—1.0

Fig. 3.4: Graphical representation of the undiscounted, single-phase reward function
defined in (3.1) without taking the penalty of the safeguard intervention into account
(with p € {a,b,c}).

As described in Sec. A.1, one ANN (called the critic) is used during training to approx-
imate the state-action value defined by the Bellman equation (2.14). This estimation is
realized using ANNs (cf. Sec. 2.3.1), where it is advisable to normalize the inputs and
outputs such that all values have comparable magnitudes [99]. In order to normalize the
return to a range of g € [—1, 1], the reward design takes the discount factor gamma into
consideration, such that the maximum return over an infinite time horizon equals one
[22]. To enable a learned control policy without further safeguard interventions after the
training phase, a penalty term is defined for these safeguard interventions during training,

32



RL-Based Control of Voltage-Forming Grid Inverters

as shown in (3.1), which increases linearly with the difference between the action chosen
by the agent ugr, and the safe action determined via the safeguard usg.

3.4 Featurization

As depicted in Fig. 3.1 and defined in (3.3), the measurement y;, is augmented by addi-
tional feature engineering. This can improve the learning process and can be required to
approximate the Markov property, as described in Sec. 2.3. Here, expert knowledge can
be used to add or extract required or additional information, such as the reference values,
past measurement values or the tracking error. The featurized measurement vector gy is
then provided to the agent, on whose basis the next control output is determined [78]. In
the following application, the featurized measurement vector is defined as follows:

T T % T 1ALT T

L. dq0/abe,k Vdqo/abe,k (vqu/abc,k) QAvqu/abc,k U k1,
Ilim Viim Viim Viim VDC+/—,k
T

—1

Y =
. (3.3)
vl—qO/abc,k—l z-(Ii—QO/abc,k 2('UDC—l-/—,k - VDC,min)

‘/Iim Ilim VDC,maX - VDC,min

Here, the error between reference and measured voltages is defined by Av = (v* — v),
and all measurements are normalized to a range of [—1, 1] by their limit values, which is
recommended when using ANNs [99]. For the same reason, a min-max scaling is applied
to normalize the measured voltage vpc, of the upper and vpc_ of the lower DC-capacitor
for a voltage deviation of £40V (cf. Tab. 3.1). The DC-link voltage limits (e.g., Vbc max)
are not to be understood as physical limits here, but serve for normalization purposes.
Their selection is based on the maximum observed DC-link voltage deviation during train-
ing. It should be noted that the specific form of the observation vector in (3.3) has been
found via heuristic feature engineering during pre-investigations. Although this configu-
ration leads to favorable control performance results, as will be shown in the upcoming
applications, other observation vector compositions might result in an even better out-
come. The selection of a holistically optimized feature set for the considered and related
converter control applications is, however, not within the scope of this investigation.

Depending on the experiment, the measured variables are provided either in the fixed
abc reference frame or in the rotating dq0 reference frame [91]. Therefore, the magnitude
invariant transformation and the corresponding back-transformation with the phase angle
of the grid voltage # is considered:

W~

ar
cos (0 3
T

)
—sin (9 — ?) ) (3.4)

cos(f) cos (9 -
2

Taqo(0) = 3 —sin(f) —sin (9

W~

|y
DI e

1

2
which defines the relation between physical abc quantities in a fixed reference frame, and
virtual dq0 quantities in a rotating reference frame:
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Ldq0 = quO(e)mabca Labec = Td_(l%)(e)wqu' (35)

Here, x can be, e.g., the measured currents or voltages.

3.5 Training via Edge Computing

The training of the RL agent is not executed on the RCP unit’s CPU, where only the
actor’s ANN fi5 and the action noise need to be implemented for the control application.
The tuning of the controller parameters defined by the actor’s weights & is outsourced
to an external workstation via edge computing. Therefore, a toolchain that is oriented
at [100] is set up, where the experience & defined in (2.16) is sent to the edge device
via Ethernet at each control cycle step (cf. Fig. 3.1). The communication is realized via
User Datagram Protocol (UDP) to minimize latencies. The DDPG training algorithm
described in Sec. A.1 runs on the workstation based on the received experiences. After
each training step, the updated actor parameters d are sent back to the RCP unit. Hence,
only the forward path of fis has to be real-time capable (cf. Sec. 3.1), while the parameter
updates during training can be conducted asynchronously on the edge device. To decouple
the tasks of communicating parameters and measurements from the training of the ANNs
on the edge device, they are separated into different threads. This enables asynchronous
execution, which is desirable because a training cycle usually lasts longer than a controller
cycle of the RCP unit. In this thesis, the DDPG implementation of the Stable Baselines3
Python library [101] is utilized in the training processes.

3.6 Hyperparameter Optimization in Real-Time Ap-
plication

In order to train the RL agent for the task defined in Sec. 2.1, it must first be configured.
Since, as described in Sec. 2.3.1, ANNs are used as function approximators. The number
of layers that make up the respective ANN and the number of neurons per layer must
first be selected. As described in [78, 83, 84], each neuron is defined not only by the
network weights of the inputs but also by an activation function for the summed inputs,
which represents another important degree of freedom. The neural network used for the
real-time control task should be trained based on experiences (2.16) so that it delivers
the best action for the current measurement according to (2.15). During the training
process, a numerical optimizer is used to change the network weights in such a way that
the cost function (A.3) is maximized. As introduced in Sec. 2.3.1, this requires another
ANN-based function approximator for the g-values to approximate (2.14). This ANN is
also trained using an optimizer, which aims to minimize the cost function (A.1) based on
the experiences (2.16). The step sizes — the learning rates — of these optimizers are further
important degrees of freedom that must be parameterized before training. In addition
to the most important parameters already described, there are many others that must
be configured before training. A list of all parameters is provided in Tab. A.1. These
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parameters are referred to as hyperparameters (HPs), because they must be selected
before optimizing the ANNs for the task encoded by the reward. Since selecting these
parameters is a task-dependent, non-linear task, a superordinate optimization process
called hyperparameter optimization (HPO) is used to determine these parameters.

Within the HPO, the experiment — training the RL agent for voltage control — is carried
out several times with different HP settings. The experiments during the HPO are real-
time simulations on the RCP units that replicate the targeted real-world experiment for
selecting the best HPs. After completing the training process in one of the experiments,
the HP set (chosen number of neurons, learning rate, ...) is validated using a central
performance metric. To do so, the trained controller is evaluated using a standardized
test scenario. The metric used for this is the averaged, undiscounted return gi.s; according
to (2.13). The return depends on the reward design according to Sec. 3.3. The reward
can take on a maximum value of 1, which means that for the experiment considered here,
there is no deviation between the controlled voltage and the reference value. Thus, a
value of gyt = 1 means that the trained controller parameterized with the chosen HP
set always reached the required voltage in the test case. Since this is not always possible
for physical reasons in the event of load or reference steps, giest = 1 often cannot be
achieved depending on the test case. This rating via g is then used in the top level
hyperparameter optimizer to select the next set of HPs.

ﬂ O PyTorCh [ Optuna Hyperparameter Optimizer ] Workstation

IT 7 |1...

HP, Gtest,1 HP, |9zcsm,2 HP; Gtest,J HP.1+11 Grest,J+1 HP ;o Gtest,J+2

[ Training Process 1 ] [ Training Process 2 ] [ ] [ Training Process J ] [Training Process J + 1] [Training Process J + 2] [ ]
Jtest,1 Ytest,2 Gtest,J Gtest,J+1 Gtest,J+2
HIL HIL HIL HIL HIL
RL Control Loop RL Control Loop . a RL Control Loop RL Control Loop RL Control Loop . an
gF CPU Core 1 CPU Core 2 CPU Core J CPU Core J + 1 CPU Core J +2

SCALEXIO 1 dSPACE SCALEXIO 2 dSPACE

Fig. 3.5: Distributed HPO framework: utilizing parallelized HIL environments for real-
time hyperparameter tuning on ten RCP units with more than fifty cores in total. Only
the communication needed for the HPO is shown, while the training communication (cf.
Fig. 3.1) is omitted for clarity.

In a sequential simulation framework, which is the established approach to HPO (cf.
[Ownb]), a training step is performed after each control cycle. In such a case, both the
simulation of the environment and the training of the RL-based controller’s ANNs take
place on the same computing hardware. This often involves high-performance computing
(HPC) clusters, where the calculations benefit from both the performance and high po-
tential for parallelization of the hardware. This assumption does not hold in the targeted
real-time application, since the learning process runs asynchronously from the control
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cycle executed on the RCP unit (cf. Sec. 3.5). Therefore, a new HPO framework based
on a distributed, real-time HIL environment is presented in the following. This approach
takes the asynchronous fashion of edge learning into account. The basic framework has
originally been published in [Ownl] and is depicted in Fig. 3.5.

Here, three different levels are visible. The top level contains the HP optimizer, which
is executed on a workstation — in this thesis, this will be the edge computer depicted in
Fig. 3.2 (cf. Tab. 3.1). Here, the HPO framework Optuna [102] is utilized to suggest the
next HPs. The determined HPs are used to configure the individual training processes.
The training, i.e., the execution of the learning algorithm, takes place on the edge com-
puter, while the actual control routine runs on the real-time capable embedded hardware.
The training process introduced in Sec. 3.5 communicates with a HIL real-time control
loop implemented on a single core of one SCALEXIO RCP unit. Each experiment is iden-
tical to a real-time HIL environment utilizing the model introduced in Sec. 2.2. Thereby,
the details of the training and the communication required for the individual training are
omitted in Fig. 3.5 in favor of readability, but are similar to the stand-alone deployment
in Fig. 3.1. The only difference is that the control plant is simulated on the RCP units.
After the first training process with the first chosen set of HPs (HPy, cf. Fig. 3.5) is
started, the next training process starts with the next set of HPs (HP3) determined by
the Optuna optimizer. The experiment for the second training process is executed on the
second CPU core of the same SCALEXIO RCP unit (CPU core 2, cf. Fig. 3.5). If there
are no further free CPU cores on the RCP unit available, the next SCALEXIO system
of the MG-lab is utilized. This can be continued until either no more free RCP unit
with free cores is available or until a capacity limit of the edge computer (e.g., CPU or
RAM) is reached.! When a training is completed, the above mentioned, deterministic test
case is rolled out, and the undiscounted, average return g. is sent back to the Optuna
optimizer to rate the corresponding HP sample. Based on this performance metric, the
optimizer then chooses the next HPs to start the next training process and experiment
on the freed-up CPU core.

In order to run the training on the RCP unit with different HPs, additional attention
must be paid to the implementation of the ANN on the RCP unit used for control, which
was realized to allow a variable architecture (i.e., parameterizable number of hidden layers
and number of neurons per layer) without recompilation of the real-time software. The
communication depicted in Fig. 3.5 is realized via Ethernet utilizing UDP, comparable to
the edge learning toolchain described in Sec. 3.5. To allow parallelization of the different
training processes, each training is executed in a new Python process utilizing multi-
processing. Since further details such as test case and search space for the respective HPO
are application-dependent, they are described in the respective application chapters.

IThe data from the Optuna optimizer is stored in an SQL-based database. In such cases, it is possible
to use another edge computer that has access to the MG-lab’s Ethernet and the database to train
additional RL agents for the HPO. However, only one edge computer was used in the following.
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4 Application: Constant, Resistive
Load

In order to prove the concept of the methods presented in Sec. 2, the RL-based controller as
shown in Fig. 4.1 is utilized to learn a voltage control task for a grid-forming inverter using
the reward defined in (3.1). For this purpose, the passive, resistive load shown in Fig. 3.2
is used. The given setup is to be utilized for both the investigation of the safeguarding
concept and the performance comparison of the developed RL-based controller with a
related optimal control method — MPC. The passive load ensures a fair head-to-head
comparison, excluding the influence of active loads and their control on the grid.
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Fig. 4.1: Control plant and control structure of the investigated RL-based controller and
the MPC, derived from [Ownl].
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The results were originally published in [Ownl|, where the MPC was developed and
implemented by Dominik Schmies and the MPC experiments were performed on the same
hardware as the RL experiments. The theory and design of MPC are not within the scope
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of this work and the results from [Ownl] are herein merely considered as a comparison
benchmark.

4.1 State-Space Representation of the Plant

The experiment examined in this chapter is shown in Fig. 4.1. The hardware specifications
according to Tab. 3.1 apply, except for the limitation regarding the inductor current. The
current limits were reduced to iy, = 300 A and Ij, max = 250 A for this proof of concept.
The load resistor was configured to R, = 2 phase to neutral, with p € {a,b,c}. Since
the load resistance is constant in the following, the resulting load current, which would
normally be considered as a disturbance variable, can be taken into account by considering
the load resistance as part of the state space description. Thus, the disturbance variable
depends directly on the measured output voltage, resulting in a simplified, single-phase
model according to (2.2):

d

&ws(t) = A.xs(t) + bsus(t), ys(t) = Cyzs(t), (4.1)

where
fL‘S = ZL , ys — ZL , AS — a’ll a12 7 bs — b]_ 7 CS — C]_l Cl2 ,
Ve v Q21 A22 by C21 C22

with

RSL RSCR 1 + RSC
a1 = — — 9= —— 4+ —— "
U7 L Li(Re +R) P77 Lt L(Rc +R)
R 1
21 = 57> 22 = — >
Ct(Rsc + R) Ci(Rsc + R)
1
bl - ff7 b2 - Oa
e = 1, cia2 =0,
R R R
Co1 = #, €= "5

Accordingly, the measurable state-action space is three-dimensional, which allows a clear
graphical representation of the safeguard for validation purposes. The required time-
discrete model can be calculated according to (2.3) — without a disturbance variable —
using:

A=erT b=(A-DNA'd, C=C. (4.2)
The resulting discrete LTT state-space model has the form:
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When deriving the dynamic equation with respect to the measured variable, no prediction
regarding the disturbance variable is necessary:

_ -1
Yi+1 = Cz4AC Yi + %leUk (45)
y y

4.2 Safeguard in Real Time

To derive the constraints necessary for the safeguard in the application depicted in Fig. 4.1,
the model established in (4.5) is used to calculate the matrices Gieas and eges. For this,
the theory presented in Sec. 2.4.1 starting from (2.18) is used. It should be noted that
the term for the disturbance variable is not used at this point, as explained above. To
calculate the feasible set, the extension regarding the capacitor current limit in (2.39)
introduced in Sec. 2.4.3 is used. Utilizing the data sheet values defined in Tab. 3.1 for
the state space model (4.1), algorithm 1 converges after two steps. The resulting feasible
state-action space for a single phase of the plant system is depicted in Fig. 4.2.
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Fig. 4.2: Feasible set F,_,o for the voltage-forming grid inverter with LC filter and

resistive load defined in (4.1) in green. A safeguard intervention is showcased for the case
of yf =[180A —20V].

As the chosen action ugy,; in Fig. 4.2 for the specific phase would lead to harmful system
states in future steps (red point), the action is altered to usg x (blue point) such that the
constraints are satisfied. Here, the red point represents the state-action tuple:
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[yp w]” = liLe ve we]" =[180A —20V 370V]". (4.6)

Utilizing the model defined in the previous section, the inductor current is predicted to
be ir, x+1 = 606 A in the next time step, which is more than twice the configured current
limit Ij;,, = 300 A. As introduced in Sec. 2.4.1, all state-action tuples lying inside the green
shaded feasible set avoid future limit violations. Since the momentary measurement in
Fig. 4.2 is fixed the only degree of freedom is the voltage at the filter input, which is the
control variable. The voltage ugry,j selected by the agent is too high in the exemplary
scenario. In order to change the RL agent’s choice as little as feasibly necessary, the
following convex cost function is to be minimized (cf. (2.25)):

usq,, = argmin (uy, — ugp)® + VU,

ug,
Gfeas _]—l><1 Efeas (47)
s.t. u | < .
01><(n+m) —1 9 0

If, e.g., due to measurement noise, sensor or model deviations, the measured state y
leaves the feasible state space Yoo (cf. Sec. 2.4.1), there is no feasible solution for wuy
to (4.7). To find the best possible trade-off in such a case, a slack variable 9 that may
soften the constraints, is introduced for each phase [103]. Here, ¢ > 0 is a punishment
factor that corresponds to softening the feasibility conditions (4.7) by means of the slack
variable 1. 1 denotes a vector of ones with the specified size and [ defines the number
of lines in G'e,s. Additionally, the matrices Gye.s and eg,s have to be extended to ensure
that the slack variable stays positive as shown in (4.7) (cf. [103]). In this way, a solution
for ugq i is defined even if the feasible state space is exited, e.g., due to measurement
noise. If the punishment factor ¢ is chosen to be higher than the maximum possible
feasible cost, safety can be ensured during the whole training process of the RL agent
as presented in the upcoming sections. Applying (4.7) to (4.6) results in the blue point
[yl wuscx]", which lies within the feasible set. By reducing the voltage applied to the
filter down to uggr = —128V, the overcurrent can be avoided and (2.31) is satisfied,
which allows a feasible solution in the following time steps. The optimization can be
calculated by means of a standard QP solver [4, 104]. If the feasible set does not change
during the experiment, it can be approximated by a look-up table (LUT) calculating the
intersection points with the surface of the feasible set for a specific state. Both variants
were successfully validated in the application examined later. For the application example
described in this chapter, while implicitly taking the disturbance variable into account,
using a LUT instead of a solver can result in computing time advantages. This depends
on the complexity of the problem defined in (4.7). In the task considered in the next
chapter, the variable load current adds another dimension to the required LUT, which in
turn makes its use unattractive for reasons of computing time.
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4.3 Data-Driven Safeguard

As introduced in Sec. 2.4.4, system identification is used to sustain the RL’s advantage of
inherent adaptivity and independence of any a priori system parameter knowledge. The
recursive least squares (RLS) (cf. (2.44)) is used in the following to identify the model
described in Sec. 4.1 which is required for the safeguard. As depicted in Fig. 4.3, an
excitation signal is fed into the plant in a real-world experiment before the training to
identify the required linear state-space model. Since no a priori parameter knowledge
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Fig. 4.3: Measured system excitation process in a real-world experiment with pulsating
noise inputs for phase a.

is assumed, no safeguard is available for the first excitation signal. It is assumed that a
modulation of 5 % of the control voltage can be applied for 50 steps with almost alternating

41



Application: Constant, Resistive Load

sign based on an amplitude-modified pseudorandom binary sequence (PRBS) (cf. zoom
in Fig. 4.3) without damaging the system. This assumption can be scaled down for
systems with higher safety requirements. The amplitude (first pulse: 5%) and length
(first pulse: 50 steps) of the pulse is scaled up linearly over the course of the identification
process. Similarly, the forgetting factor (cf. Sec. 2.4.4) is linearly scaled from 0.9 to
1 during the identification. The RLS to identify the LTI model is implemented on the
CPU of the RCP unit. As shown in Fig. 4.3, the calculation of the feasible set takes
more than half a second. Therefore, the identification and calculation of the safeguard
is performed prior to the start of training because otherwise, the exploratory behavior of
the RL-based controller could already cause an unstable system state within this time.
Since the model is not expected to change over time, this is sufficient. If that is not the
case, a continuous identification can be done in parallel to the learning process. To not
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Fig. 4.4: Feasible set F,,_,o based on the identified matrices in green and measurement
points in blue resulting from random control outputs to evaluate the functionality of the
safeguard.

take a priori system parameter knowledge into account, the initial model parameters are
set to zero as depicted for a;; (cf. (4.5)) in Fig. 4.3, where the parameter evaluation
during the identification process is visible. As shown in Fig. 4.1, the identified model
parameter estimates Ay and By are sent to the edge computer via Ethernet (UDP) after
the identification pulse has ended. On the edge device, they are then used to calculate
Gieos and ege,s, which define the feasible set (cf. Sec. 4.2). After the first excitation
pulse sequence, the safeguard is activated using the identified feasible set. It is updated
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with the newly acquired measurement data after each excitation pulse. In addition to
computing the constraint matrices, the identified system matrices A, and b,, are utilized
to compensate for the digital control delay (cf. Sec. 3.2).

To evaluate the data-driven safeguard without a priori parameter knowledge, Fig. 4.4
depicts the feasible set calculated with the identified system matrices and constraints
according to Tab. 3.1 (besides the constraints regarding i;, as described above), in green.
Measurement points recorded in an experiment to validate the safeguard are shown in blue.
The modulation index is drawn randomly to cover the entire permissible operation range
of the depicted phase. As can be seen, the resulting measurements overlap with the green
shaded feasible set. Only slight deviations in the boundary areas can be seen, which are
within the expected measurement uncertainty. This demonstrates the functionality of the
proposed safeguard without the use of prior knowledge and motivates utilizing this method
in the following experiments to safely train the data-driven RL-based controller.
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Fig. 4.5: Test case, showing the reference voltage vj, which is used to evaluate the
different HPs during the HPO after training (v}, = 0V over the entire course).

4.4 Hyperparameter Configuration

Before starting the learning process, the RL algorithm must be configured. As described
in Sec. 3.6, the size of the artificial neural networks (ANNs) (number of layers, number
of neurons, activation function,...) and the learning algorithm parameters (learning rate,
discount factor,...) must be selected. Since this is a task-dependent, nonlinear optimiza-
tion problem, the hyperparameter optimization (HPO) introduced in Sec. 3.6 is used. In
the following, the deep deterministic policy gradient (DDPG) algorithm (cf. Sec. A.1)
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is utilized to learn the voltage control task according to Sec. 2.1 to supply a constant,
resistive load within the experiment shown in Fig. 4.1. The edge learning toolchain pre-
sented in Sec. 3.5 is utilized for this purpose. As introduced in Sec. 3.6, this experiment
is executed during the HPO as real-time simulations on the RCP units.

In the application investigated here, the training takes place in the rotating dq0 refer-
ence frame (cf. Sec. 3.4), while the corresponding transformations in Fig. 4.1 have been
omitted for clarity. To provide sufficient exploration of the state space, the reference v* is
changed on the basis of a multivariate random walk during training. The load resistance
remains constant, so that different voltage setpoints result in different load currents. The
probability of a reference change is scaled over the course of the training. The magnitude
of v, ; is scaled down while the magnitude of v is scaled up accordingly. This is motivated
by the fact that, in the later application, the goal is to track a certain reference value in
vy = const. while, normally, the other two reference values are vy, = 0V. This should
provide sufficient exploration of the state space during the training. After each training
run, the agent trained with the drawn HPs is evaluated using the deterministic test case
shown in Fig. 4.5, which is excluded from any training run. The average, undiscounted
return gies; achieved by the trained agent on the test case serves as the performance met-
ric for the HPO. As described in Sec. 3.6, a trained RL agent can achieve a maximum
of giest = 1, which is not always possible due to physical reasons, e.g., during reference
steps.
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Fig. 4.6: HPO learning curve showing the undiscounted, average return of a deterministic
test case performed by a trained agent for each HP sample.

Within the presented HPO, more than 3 300 samples of different HP sets were evaluated.
The corresponding learning curve of the HP optimizer, represented by the achieved giest
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on the test case in Fig. 4.5, is depicted in Fig 4.6.! Here, one HP sample represents a
trained RL-based controller with one set of HP configuration chosen by the HPO. It can
be seen that a high return is already achieved after about 1000 samples, and does not
improve significantly with an increasing number of HP sets.
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Fig. 4.7: Relative importance of the ten most important HPs within the HPO.

The ten most important HPs during the HPO are depicted with their corresponding rel-
ative importance in Fig. 4.7. Here, the importance is a non-negative number, where a
higher value indicates that the parameter is more important to the HPO than a parameter
with a lower value [102]. The importance, calculated according to [105], of all parame-
ters together adds up to 100 %, with the ten most important parameters shown already
accounting for 90 %. The ten most important HPs depicted in Fig. 4.7 are:

1. Step size (learning rate) of the optimizer used during training of the ANN repre-
senting the critic o (cf. Sec. A.1),

2. number of neurons per hidden ANN layer 7, of the critic,

3. learning rate of the optimizer used during training of the ANN which is utilized
within the control loop to calculate the duty cycle — the actor «y,,

4. dropout T, a regularization parameter to stabilize the training,

!The return shown here was calculated using the function defined in (3.1) without the max(-) operator.
This was added after the HPO was finished and motivated by testing with different weighting factors for
the penalty term. The following experiments were nevertheless carried out with the parameter set found
here, as it delivers sufficiently good results. Furthermore, it can be expected that the return achieved
with (3.1) will yield a similar result to that achieved with the HP set used in Tab. A.1, since the max
operator only affects negative rewards, which mainly comes into play in the case of poor performance.
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number of layers of the critic ANN z,,
replay buffer size | M|, in which the experiences are stored on the edge computer,
action noise parameter stiffness A (cf. (A.4)),

action noise parameter diffusion o (cf. (A.4)),

L ® N o

parameter of the LeakyReLU activation function of the critic 8, (cf. Sec. A.1).
10. time step at which the reduction of the learning rate of the actor ends k,

The most important HPs are the step sizes of the optimizers for training the ANNs
— the learning rates — and the architectures of the ANNs (here, number of layers and
number of neurons per layer). However, the discount factor 7 does not appear among
the most important parameters, which could be explained by the dynamics of the control
plant. Furthermore, the dropout factor T is among the ten most important parameters.
This represents a regularization parameter to stabilize the training (cf. [106]). With
regard to the listed parameters, it should be noted that 75 % of the relative importance
is attributable to the first three parameters — the learning rates of the ANNs and number
of neurons per hidden layer of an ANN.
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Fig. 4.8: Performance gt achieved with the different values of the corresponding HP
during the HPO. Here, blue samples indicate early samples within the HPO, while green
samples indicate more recent ones.

Fig. 4.8 presents the four most important HPs with their respective drawn value of the
HP and the performance g achieved. The performance does not depend solely on
the parameter considered in Fig. 4.8, but depends on the whole parameter set. The
respective samples are highlighted in color, with dark blue representing the oldest HP
samples and light green representing the newest. This allows the development of the
HPO over time to be read in color. For the depicted parameters, a clear trend can be
seen as to how the parameter should be selected in order to achieve good performance.
Further samples within the scope of the HPO should improve this trend even further, but
the HP set determined by the present HPO can achieve sufficient controller performance in
comparison to benchmark controllers, as shown below. The HP set listed in Tab. A.1 was
used, which delivers sufficiently good results compared to other benchmark controllers, as
shown in the following.
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4.5 Training Behavior

Since the HPs were determined directly in the RCP framework, they are used without
further adaptation to train the RL agent by means of a hardware experiment. To inves-
tigate the learning behavior, five randomly initialized agents are trained for 20 000 steps
using the edge-learning framework from Sec. 3.5. Before each training run, the system
identification (ID) process according to Sec. 4.3 is executed to parameterize the safeguard.
Each training run takes roughly seven minutes and the corresponding learning curves are
depicted in Fig. 4.9. The fact that the dispersion of the blue curve decreases towards
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Fig. 4.9: Undiscounted, averaged mean reward per learning step of the five trained agents
per approach in blue. A moving average with window size 1000 is shown in red.

the end of the training indicates a good convergence and, therefore, a robust training
toolchain with low variance. It can be observed that, after seven minutes of training,
the RL controller reaches a high reward close to the theoretical unity maximum (which
is practically not achievable due to random reference changes during training). Longer
training could lead to even better tracking performance, but the following performance
analysis proves that the discussed training setup is sufficient to achieve results comparable
to those of MPC. In the following, the best of the five trained agents is used.

4.6 Steady-State Behavior

In order to investigate the trained RL-based controller with regard to the steady-state
behavior, the voltage tracking is evaluated for 50 equidistant voltage references in the
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Fig. 4.10: Comparison of RL’s, MPC’s and PI-PI steady-state behavior for different
setpoints.

range vj € [0V, 325 V] (with v} ; = 0V). The mean absolute error (MAE) of the measured
output voltage va,. and the respective THD, measured over a period of Tieas = 18, can
be seen in Fig. 4.10. The voltage is measured with a HIOKI PW6001 power analyzer,
while the MAE and THD are calculated according to:

Tmeas fS

MAE Tmeasfs Z Z |U;’k - Up7k|7

k=1 pe{abc}

THD, = TZ "1 PR s Ug”“”‘.

Tmeasfs pE{a b,c} vp,k,h:l

Here, h defines the harmonic order and H the maximum analysis order. For this analysis,
H = 100 is chosen. In order to compare the RL-based controller to another optimal
control method, the MPC developed in [Ownl] is used. Additionally, the experiment is
carried out with a PI controller with an outer voltage control loop and an inner current
control loop, implemented in a rotating reference frame. The PI controllers were designed
according to [90], to achieve a good trade-off between steady-state accuracy and tran-
sient performance. The focus was on the transient behaviour, resulting in the following
parameterization:

Ky = 0.499mV/A and  Kio = 1.139V/(As),
Ky =0.894A/V and K, = 1497.206 A /(Vs). (4.9)
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Tab. 4.1: Steady-state performance — MAE and THD — of different controllers for the
steady-state from the experiment shown in Fig. 4.10.

DAY MAE, / V THD, / %
MPC  RL PI.PI |MPC RL PI-PI
65522  1.90 281 |590  4.96 8.86
150 1.46 0.7 124|264  1.97 6.08
325 1.06  0.61 098 | 055 047 1.91

In Fig. 4.10, it can be seen that the RL controller achieves an MAE below 2V in the
whole operating range, which is slightly smaller than the MAE that is achieved by the
PI-PI and smaller than the error of the MPC, especially for small reference values. The
tracking errors of the MPC and the PI-PI controller can be explained by non-linearities
caused, e.g., by effects of the interlock time and non-linearities of the sensors, which could
not be fully compensated for (cf. Sec. 3.1). This effect is investigated in more detail in the
next section. For the THD, a similar trend can be seen. While for small reference values,
the RL controller achieves smaller THD values than the MPC, both optimal controllers
achieve a THD < 0.6% at a reference value of 325V. The PI-PI controller shows a
higher THD over the entire voltage range. While the steady-state performance of the
PI-PI controller could be enhanced by another parameterization (cf. (4.9)), its transient
behavior would deteriorate drastically. Since the goal, as motivated in Sec. 1, was to
have a controller that could respond as quickly as possible and therefore to achieve better
comparability concerning the transient behavior, a higher steady-state error was accepted.
For a quantitative comparison, Tab. 4.1 documents the performance (MAE and THD) of
the different controllers in steady state for partial and full load range.
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Fig. 4.11: Comparison of the step responses of the different control approaches.
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4.7 Transient Behavior

As shown in the previous section, the RL controller shows lower MAE in the steady
state than both MPC and PI-PI controller for low reference voltages. To investigate
this in addition to the transient behavior, a step starting from v3; = 50V to v; = 325V
is investigated. The other setpoints are set to v, = 0V. The results are depicted in
Fig. 4.11, with the reference change at t = 0s. The measurements were recorded with
dSPACE ControlDesk. It can be seen that the RL agent and the MPC reach the reference
in t,e = 1.2 ms without overshoot, while the PI-PI controller reaches the setpoint the first
time after ¢, = 2ms, followed by an overshoot, lasting 8 ms (not depicted in the figure).
The rise times t; achieved by the different controllers are provided in Tab. 4.2, while
trise 18 calculated according to [104] for the period of time after a reference step when the
new reference value is reached. The classic PI controller requires a settling time #gettie 5%
more than seven times that of the optimal controllers to reach the voltage setpoint, which
can be seen in Tab. 4.2. Here, the settling time fsette 5% is calculated according to [104]
with a 5% tolerance band. The rise time of RL and MPC is greater than the settling time
here because tgtt1e 5% 1S defined in a 5% tolerance band and neither controller overshoots.
The number of decimal places is limited by 7;. Additionally, Tab. 4.2 lists the error-time
integral [ MAE,dt of the MAE,,, = shown in Fig. 4.11 calculated over 10 ms after the step
at t = 0s.

Vdqo

Tab. 4.2: Transient performance of different controllers for the step response shown in
Fig. 4.11. Listed are the [ MAE,dt¢ / Vs measured over 10 ms after the step, the rise time
trise and the settling time tg e in a 5% tolerance band.

MPC RL PI-PI
[ MAE,dt / Vs 0.092 0.083 0.193
rice /TS 1.2 1.2 2.0
tsett]eé%/ms 1.1 1.1 84

The rise time can be reduced by lowering the constraints regarding the capacitor current
defined in (2.33) (cf. [Ownl]). However, the differential constraints are necessary to avoid
capacitor damage in the early learning phase of the RL agent, which can be caused by er-
ratic voltage changes due to exploration resulting in high currents which can cause thermal
overloading (cf. Sec. 2.4.3). Although acceptable for a short time period, safe operation
cannot be ensured during the training and must therefore be considered in the safeguard.?
A solution to this problem could be to introduce an [ i*tdt constraint instead of the hard

2Since the MPC does not need to be trained through exploration, this problem does not occur, allowing
to react more quickly during transients by reducing these constraints under the assumption that transients
only occur seldomly as otherwise the elevated capacitor current would also become problematic in the
MPC case.
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voltage change limit [107]. This would require sufficient changes both in the constraint
calculation for the MPC and in the implementation of the safeguard and would also affect
the finite computation time examined in Sec. 4.10, which is why this investigation will be
continued with the capacitor current limitations already introduced.

—0.2E | i i i i
=30 —25 —20 =15 —10 =5 0
t /ms

Fig. 4.12: Step response, from Fig. 4.11 in abc coordinates, performed by the MPC.

The reason for the significant deviation from the setpoint in case of MPC can be seen
in Fig. 4.12 for t < 0s. As illustrated in the zoom window, the current remains at zero
for very low modulation indices. These non-linearities do not align with the (idealized)
model assumptions and could be attributed to the interlock time combined with current
sensor non-linearities which are not taken into account within the prediction model (cf.
[Ownl]). As can be seen in the zoom window in Fig. 4.13, the RL controller has learned
to counteract that non-linear effect by alternately selecting a larger and a smaller action
such that the desired voltage is reached on average. Therefore, as already seen in Sec. 4.6,
when comparing the optimal controllers’ performance at the lower voltage reference (t <
0s) in Fig. 4.11, the RL controller achieves a lower MAE in the voltage reference tracking
task than the MPC controller.
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Fig. 4.13: Step response, as shown in Fig. 4.11 in abc coordinates, performed by the RL
controller.

4.8 Black-Start Capability

Fig. 4.14a) shows the ability of the RL-based controller to black-start a (micro-)grid un-
der load and perform an emergency shutdown. For comparability, the same experiment
utilizing MPC is depicted in Fig. 4.14b). Similar to the step response in Sec. 4.7, both
controllers perform the black-start at ¢ = 0s in about 1.2 ms without overshoot and in
compliance with the system constraints. The same can be observed for the emergency
shutdown at ¢ = 40ms. This demonstrates the ability of the developed RL-based con-
troller to cover the entire operating range of the grid-forming inverter with fast transients
and highly accurate stationary tracking performance, similar to the MPC. Thereby, the
RL-based controller does not hold the inductor current constantly at i, = 0 A when the
voltage reference is set to v = 0V. This could be explained by the design of the reward
function, which is only dependent on the voltage deviation and does not incorporate any
preferences for the inductor current. This could be improved by considering the current
ripple within the reward function. Another approach would be to extend the actor by
an according integral part as it has been studied in a simulative investigation in [Own5].
However, since the performance of the RL-based controller is already comparable to or
better than that of the reference optimal controller (MPC) in both transient and steady
state, these variants were not implemented. The effect could also be explained by how
the RL agent is compensating the inverter non-linearities.
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Fig. 4.14: Proof of the black-start and emergency stop capability with corresponding
comparison to MPC.
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4.9 Operation with Active Output Constraints

In order to show that the safeguard fulfills the requirements regarding the constraints,
an experiment is shown in Fig. 4.15a), where the RL-based controller is operated at
the current limit. For comparison, the same experiment is executed with the MPC in
Fig. 4.15b). For this purpose, the maximum current used within the calculation for
the feasible set and the limits of the MPC is temporarily set (from Iy, max = 250 A in
the previous experiments) down to Iy, m.x = 100 A for this experiment. This results in
the current amplitude iy, to exceed its boundary in the voltage control task defined in
Sec. 4.1. Nevertheless, the RL agent was trained for a safeguard limit of Ij, j.x = 250 A.
In order to keep the quantities i1, and v inside the defined constraints, MPC and the
safeguard follow strongly different approaches. The MPC is capable of predicting the
impact of an active constraint and accounts for this case foresightedly. It is able to
prevent a constraint violation by setting an appropriate plant input w. In contrast, in

a) RL

N

b) MPC

0 ) 10 15 20 25 30 35
t/ms

Fig. 4.15: Comparison of the current waveforms at active constraints with R = 2{) and
the maximum current set to Ip, max = 100 A for RL and MPC for v] = 325V.

the presented RL framework, the safeguard investigates the control command for each
phase individually and shifts the voltage u if necessary, such that both phase current and
voltage adhere to the constraints. Here, the RL agent only receives indirect feedback via
the reward about the post-processing of the input value w, which results in a cutoff in
case of an output value exceeding the limit, visible in Fig. 4.15 a). The RL controller
targets to compensate the manipulation caused by the safeguard, which results in some
oscillations. This effect is further amplified because the utilized policy was trained for
a safeguard limit of Iy, max = 250 A. Nevertheless, the safeguard allows compliance with
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the newly configured current limit, independently of the RL controller’s training. This
concludes the investigation and confirms the functionality of the safeguard already shown
in Fig. 4.4.

4.10 Computing Time Evaluation

Since the previous chapters have already demonstrated the advantages of the RL-based
controller compared to the Pl-based controller and MPC, the question of computational
effort remains. This chapter examines the required computing time in form of the
turnaround time Tra of the different control approaches. For RL, two time measure-
ments are provided. One after the training is completed and the training process is
stopped and a second, RLy,.in, where additional time-consuming processes are active, re-
quired during training, such as receiving and processing the weights of the ANNs. The
resulting computing times are listed in Tab. 4.3. The Intel Core i7-6820EQ @ 2.8 GHz
real-time processor of the DS6001 card of the dSPACE SCALEXIO is utilized for control
(cf. Tab. 3.1). The test case shown in Fig. 4.5 was used to determine the calculation
time. In addition, the MAE of the different controllers performing the test case is doc-
umented (cf. (4.8), with Tieas = 10s according to Fig. 4.5). Fig. 4.16 shows the range
of the computing time required in comparison to the available task turnaround time 7§
marked in red. The median, minimum and maximum are depicted, with the first and
third quartiles omitted for reasons of clarity, as the spread from the median is very small.
As can be seen, the computing efforts of RL and MPC are comparable, with MPC having
a smaller median task turnaround time. In the case of RL, this depends heavily on the
size of the actor’s ANNs implemented on the CPU, and in the case of MPC, it depends
on the selected prediction horizon (here, ks ypc = 2, ¢f. [Ownl]). The Pl-based controller
requires significantly less computing time. It should be noted that approximately 6 ps is
already required for the 1/O operations to communicate, e.g., the measurement values.
The MAE is higher for the Pl-based controller than for the optimal control approaches
(cf. Tab. 4.3). This depends on the form of the test case, which consists of many refer-
ence steps. As already shown in Sec. 4.7, the Pl-based controller performs worse during
transients than the RL-based controller and the MPC.

Tab. 4.3: Performance and required calculation time of different controllers on the test
case shown in Fig. 4.5.

MAE’U /V TTA,med/pS TTA,max/pS

MPC 3.02 17.48 39.22
RL 2.34 24.15 27.46
RLiain 2.34 30.80 34.25
PI-PI 15.74 9.18 11.04
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Fig. 4.16: Ranges of the turnaround time Ty for the different control algorithms deter-
mined using the test scenario depicted in Fig. 4.5. The median turnaround time 7ra med
is highlighted in blue.

4.11 Unbalanced Loads

The integration of renewable energy sources (RES) as well as single-phase connected loads
can create unbalances in the electrical energy grid and have a negative impact on grid
quality and stability in terms of frequency and voltage [108]. Classic PI controllers usually
operate in a rotating dq0 reference frame. With an imbalance, oscillations occur in that
reference frame which significantly impair the control performance of the PI controller
and have a negative impact on the grid quality. To control these oscillations, symmetrical
sequence decomposition (SSD) can be utilized, whereby an unbalanced system is repre-
sented as a linear combination of several balanced components [109]. As described in [110],
this technique can be used to overcome the challenges of PI controllers in combination
with unbalanced loads. However, it introduces a further delay into the control loop, which
may lead to poor control performance, especially during transients [110]. Proportional
resonant (PR) controllers can instead be used directly in the fixed reference frame and
do not require SSD or other transformations. This overcomes the disadvantage described
above [3, 108]. However, PR controllers are challenged when dealing with harmonics,
often requiring a control design for each harmonic [3]. There are many approaches to
combine PI and PR controllers with each other in order to combine their advantages,
but this requires a complex, iterative control design [111, 112]. Since the RL-based con-
troller under investigation has demonstrated good performance with the symmetrical load
already examined, it will be investigated whether it is possible to learn to supply an un-
balanced load without extensions of the control structure or feature engineering. The
RL-based controller was implemented so far in the rotating reference frame as described
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above and in addition it will be investigated in the following, whether it can also perform
in the fixed abc reference frame. For this purpose, the experiment is extended by a second
three-phase resistor in parallel to the one used above as shown in Fig. 4.17. The results
presented below were originally published in [Own2].

| | |
I’Dc.+l:—_‘— J J J Rap Lip iLp ip
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Fig. 4.17: Extension to an unbalanced, resistive load of the plant highlighted in yellow
shown in Fig. 4.1 by connecting a second resistor in parallel. The switch changes the
experiment between balanced and unbalanced load.

Four different experiments are investigated in the following:

1. dq0O,: Training an RL agent in the rotating dq0 reference frame to supply a balanced
load (RLoad,abc = 2 Q)

2. : Training an RL agent in the fixed abc reference frame to supply a balanced
load (RLoad,abc =2 Q)

3. dqO0yp: Training an RL agent in the rotating dq0 reference frame to supply an
unbalanced load (RLoad,a = 49, RLoad,bc =2 Q)

4. abcyp: Training an RL agent in the fixed abc reference frame to supply an unbal-
anced load (Rpoada =4, Ricadbe = 2§2).

The four cases listed here describe the different training scenarios. After the training, the
differently trained agents are tested in a balanced and unbalanced load case, both in abc
and dq0. Besides the load resistor, the experiment is parameterized similarly to the one
in Sec. 4.1. Especially, the maximum current is again configured to I, max = 250 A.
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Fig. 4.18: Undiscounted, average reward of 3 trained agents per approach with a moving
average with window size of 1s.

4.11.1 Learning Behavior

Three agents per setting have been trained using the framework introduced in Sec. 3.5.
Thereby, the same HPs, determined for the balanced load case in Sec. 4.5, are utilized
(cf. Tab. A.1) and no structural changes have been made to the RL-based controller.
Fig. 4.18 shows the resulting learning curves. Depicted is the undiscounted, average
reward of the three trained agents per approach with a moving average with window size
of 1s for better comparability. The learning curve dq0;, represents the same experiment
as in Sec. 4.5 and is comparable to the red learning curve in Fig. 4.9. This highlights the
reproducibility of the experiment. The upper subplot shows the training curves of the
balanced load experiment while in the lower subplot, the training curves of the unbalanced
load experiment are depicted. Indicated by the increasing reward, it can be concluded
that the RL agent can be trained to supply a balanced and an unbalanced load, since the
upper and lower subplots are similar in the respective learning curves and final reward
values. Showing different behavior between the abc and dq0 learning curves during the
training can be explained on the one hand by the increased excitation by the AC signals
and on the other hand by the fact that it is easier to track a DC signal. Toward the end of
training, all settings perform similarly well, with the trainings in dq0 having a marginal
lead. Accordingly, it is possible to control both a balanced and an unbalanced load by an
RL agent in both a fixed abc and a rotating dq0 reference frame with similar performance.
In order to compare the control performance between the different approaches in more
detail and to evaluate whether it is possible to control an unbalanced load with an agent
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trained in a balanced load setting (and vice versa), the transient and steady-state behavior
are further investigated below.

4.11.2 Transient Behavior

To investigate the transient behavior of the different approaches, the best agent per setting
is used to perform a reference step in vy from 50V to 325V while v7 ; = 0V, as already
investigated in Sec. 4.7. Fig. 4.19 shows the resulting performance of the four different
agents supplying a balanced load. Although two agents operate in the fixed abc frame, all
measurements are shown here in the rotating dq0 reference frame for better comparability.
All four agents are able to complete the reference step in about 1ms, with the agents
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Fig. 4.19: Best RL agent per setting performing a reference step in v4 in the balanced
load setup (cf. Fig. 4.17) plotted in the dq0 reference frame.

trained in abc being faster than those trained in dq0. This can again be explained by the
nature of the explorative behavior of the reference signals provided in the non-rotating abc
frame, as compared to those in the dq0 stationary frame. On the other hand, the agents
trained in dqO are slightly better in steady-state performance, as will be shown in the next
section. In addition, it can be observed that the agent trained in dq0 in an unbalanced
load setting (dq0yp) is also able to supply a balanced load with the demanded voltage and
performs similarly well to the agent trained in dq0 on the balanced load, while the agent
abcyp performs worst compared to all other agents. This can be explained because the
abcyp agent has to compensate for a learned offset in one phase caused by the unbalance
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during its training, while for the dq0yp agent this effect is presented as disturbances.
Fig. 4.20 shows the same experiment for the unbalanced load setting. Both controllers

........ vi —— dq0y —— dqOyp abcp abcyp
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Fig. 4.20: Best RL agent per setting performing a reference step in vq in the unbalanced
load setup (cf. Fig. 4.17) plotted in the dq0 reference frame.

trained in the unbalanced experiment setting perform well, while abcyg performing best.
With the dq0yp agent, slight, recurring oscillations can be recognized, which are due to
the oscillations in the rotating reference frame caused by unbalance, like described above.
This can be observed even more strongly with dq0g, which was not specifically trained
for an unbalanced load. This leads to the conclusion that it is possible to supply an
unbalanced load in the dq0 reference frame using an RL agent. Fig. 4.21 shows the
measurements of the same reference step in abc for the unbalanced load, while the abcyg
agent is used in the shown experiment. The unbalance in phase a (blue) is clearly visible in
the currents 21, 5., while it is not visible in the voltage curves as demanded. The imbalance
can also be seen in the zoomed subplot of vy, ape in Fig. 4.21. vy apc = UsGabe — Vabe 1S
thereby calculated from the difference of the measured filter output and input voltage and
low-pass filtered.
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4.11.3 Steady-State Behavior

To compare the four trained settings with regard to their steady-state behavior, similar to
Sec. 4.6, different voltage setpoints v (while v} , = 0V) are held in an experiment for two
seconds. The MAE between the setpoint v, and the measured voltage transformed into
dq0 during steady state is shown in the upper subplot of Fig. 4.22 for the balanced load
experiment. The lower subplot shows the THD of the output voltage v, measured with
a HIOKI PW6001 power analyzer. It can be seen that all agents perform well besides
abcyg, as already seen in the transient behavior experiment for a balanced load. The
THD results confirm the previous investigation results.

— dq0p abcp — dq0yp abcup

]

—_—

50 100 150 200 250 300
vy /V

Fig. 4.22: Best RL agent per approach performing in steady state for different setpoints
v} in the balanced load setting.

Fig. 4.23 shows the corresponding results for the steady-state behavior in the unbalanced
load experiment. It can be observed that the agents trained in the unbalanced setting
achieve better results in the MAE with regard to steady-state behavior with no recog-
nizable difference concerning whether the training took place in dq0 or abc. The agents
trained in the balanced setting show an increasing MAE as the reference increases. In
the THD measurement in the lower subplot, it can be observed that all agents perform
similarly well except for the agent trained in dq0 in the balanced load setting for high
reference values. This corresponds to the result presented in the transient behavior and is
caused by the oscillations in the rotating reference frame caused by the unbalance.
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Fig. 4.23: Best RL agent per approach performing in steady state for different setpoints
v} in the unbalanced load setting.
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5 Application: Arbitrary Loads

The preceding investigations featured a constant load to showcase the feasibility of online
training on a real-world system. Whereas the analyzed case with a purely resistive load
allows a particularly lightweight introduction of the safeguarding mechanism, it can only
be considered a proof of concept in the light of realistically arbitrary and, hence, unpre-
dictable load currents i. For a generally applicable use case in an electric grid application,
the developed toolchain is therefore enhanced within this chapter for safe training with
unknown, arbitrary loads, which can be either active or passive.
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Fig. 5.1: Control plant of the voltage controller with variable description for a single
phase, while the load is emulated by a current control MPC (with p € {a,b, c}).
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The safeguard and training concept presented is extended accordingly by interpreting
the load current as a disturbance that must be incorporated during evaluation of action
feasibility. The resulting RL-based control framework does not require any specific load
structure, which massively extends the application scope of RL-based inverter control for
islanded grid operation. The steady-state and transient behavior of the trained RL-based
controller is experimentally validated and compared to classic PI controllers, predictive
dead-beat controllers and a combination of both. As the RL-based solution outperforms
the established baseline controllers despite its disadvantage of lacking any parameter
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knowledge concerning filter hardware and load, this section is an important step towards
establishing an autonomous learning framework for heterogeneous inverter control appli-
cations with minimal human intervention and design effort. The results presented in the
following were originally published in [Own3].

The RL-based voltage controller according to Fig. 3.1 is used as a source (cf. Fig. 5.1). The
experimental investigation is performed on the two industrial-grade inverters connected
back-to-back, as per Fig. 3.2, while the hardware specifications per inverter are listed in
Tab. 3.1. Especially, the maximum current is now configured to Iy, max = 600 A. During
the following experiments, one inverter acts as a voltage-forming inverter to train the
RL agent, while the other inverter performs as arbitrary and variable load. This load
is implemented with an FCS current control MPC similar to [113]. The voltage-forming
inverter forms a decentralized stand-alone grid depending on an oscillator within the
control circuit, while the currents of the load inverter are selected depending on this
reference so that the desired active and reactive power can be realized.

5.1 Safeguard Extension

As can be seen in (2.21) and (2.38) the calculation of the feasible set is dependent on the
future disturbance. This requires a prediction of the disturbance d and a recalculation of
the feasible set for a changing disturbance behavior. Hence, possibly available informa-
tion regarding the future load behavior could be incorporated here (e.g., derived from a
load model). If such information is not available, the disturbance can be considered in
simplified form as an input with constant amplitude (cf. Sec. 2.2):

Ty = Az + By, (5.1)
yp, = Cxp + Eay, '

with @ = {uk ik}T cUCR™ B= {b h} and E = [0 g}. According to (2.10), (5.1)
can be reformulated to depict the dynamics of the measured output:

Ui

~ ~ 2 ~
Yrin =CAC 'y, + | CB + CAC'E + sin (ekH + p”) B | .

~ 3 (5.2)

By
Here, p € {0,1,2} enumerates the specific phase. If further expert knowledge about the
future load profile is available, this can be incorporated into the calculations via l. Using
(5.2) starting from (2.18) with the extension described in the Sec. 2.4.3 and extending the
input constraints according to:

i I T
~ v . v .
Wu = [ y Wy = |: ]%C 21, max 1;0 1L, max| > (53)
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results in a projected feasible set formulation as follows:

Since the load current is considered as a system input (cf. (5.1)), Foo_s results from the
projection of Fy,_,o onto the state-action space, represented by four dimensions, including
the load current. This has the advantage that the measured load current can be consid-
ered, while the influence of the future load current range is taken into account by the
projection. A one-step prediction of the load current is still necessary in order to com-
pensate for the control delay, as described in Sec. 3.2. The matrices éfeas’d and €ge,g ¢ Can
then be used in the safeguard to evaluate the action ugy,j chosen by the RL agent with
regard to safety and alter it into the safe action ugqy if necessary, such that no future
system constraints are violated:

= Yk
Gfeas,d ~

c Rner

S éfeas,d} . (54)

- 2
Usq,k = arg Tf,}ln (up — urLk)” + Y0,
Uk

[éfeas,d _1lX11 gz <
01><(n+m+o) -1 9 -

(5.5)
S.t.

éfeas,d
0 .

Note that the constraints are defined based on @y, while the minimized metric only
regards the system input uy. Therefore, the number of variables to be optimized here is
the same as in (4.7), but taking the load current into account leads to additional inequality
conditions in (5.5). This is insignificant in terms of the computational effort required for
the optimization while extending the usability to the entire application range required for
a voltage-forming inverter.

To sustain the advantage of inherent adaptivity and no requirement of any a priori pa-
rameter knowledge, the model parameters required are identified using the toolchain in-
troduced in Sec. 4.3. The identified matrices Ay and By are then used to calculate éfeas’d
and €feys4, defining the constraints required for the optimization within the safeguard.
Unlike in Sec. 4.2, the load is not part of the A, matrix here. In order to identify the cor-
responding components in By, sufficient excitation by the load current is required. This is
ensured in the following by a non-zero load current during the identification process.

5.2 Training Behavior

The learning task for the RL-based controller is encoded via the reward function (3.1),
which is universally applicable to voltage-forming inverters, regardless of filter order and
dimensioning, and has already been used in Sec. 4. Similar to Sec. 4.4, the HPs are
determined based on about 3300 samples using the HPO framework described in Sec. 3.6
with the experiment shown in Fig. 5.1. Again, a real-time simulation of that experiment
here is used for HPO. The determined HPs are listed in Tab. A.2, which are used for
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training in the following. Additionally, the learning curve of the HPO and further details
are shown in Sec. A.2.2.

Akiload = 250 A /ms

Akiload = 500 A/ms

Akiload = 1000 A/ms

0 1 2 3 4 5 6
t / min

Fig. 5.2: Learning curves for different load settings, represented by the undiscounted,
mean reward per learning step of the 3 agents trained per setting in blue. A moving
average with window size 1000 is shown in red.

Before each training run, the data-driven safeguard according to Sec. 5.1 is calculated,
with algorithm 1 converging after two steps. During the training, the active and reactive
power of the load is changed based on a random walk within the range Spoaq € [0, 250 kVA],
with ¢reaa € [0, 27|, defining the angle of the grid voltage relative to the load current.
The resulting load current amplitudes are scaled up stepwise every 1000 learning steps,
from 100 A at the beginning of the training to 500 A after 5000 learning steps. At the
same time, the probability of a reference change is scaled down over the course of the
training, as already introduced in Sec. 4.5. In the FCS-MPC used to implement the load
current, a changing reference in the internal control structure is limited by a rate limiter.
To investigate the effects of this limitation on learning, several experiments are conducted
with different limits Agi € {250,500,1000} £ for the rate limiter. Stable and successful
training was possible with all three settings, although with the last setting the possible
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Ay is greater than the permitted capacitor current at the LC filter. This can be seen
in the behavior of the learning curves of the RL controllers for the different Agz settings
in Fig. 5.2. The fact that the dispersion of all blue curves decreases towards the end of
training indicates good convergence and thus a robust training toolchain with low variance
for all Agi settings. This is also underlined by the fact that after 6 minutes of training,

2.00
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al A
e
é‘,_ 1.25
< 1.00
.
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—|n
I 0.50
3
i
0'000 3 4 5 6
t / min

Fig. 5.3: Average safeguard intervention magnitude of the RLggg over the course of one
training.

each RL-based controller achieves a high reward close to the theoretical maximum of
1 (which is practically unattainable due to random load changes during training). In
addition, the influence of Ai on the learning curve can be seen. As the permissible
load current slope increases, the dispersion of the blue curve increases. This is because
the learning problem becomes more difficult with larger Ayi. Furthermore, a drop in
grid voltage cannot always be avoided when the load current slope is large, which is
explained in detail in Sec. 5.4. Since the feasible set F.,_,o here contains the load current,
as explained in Sec. 5.1, a graphical interpretation of the functionality of the safeguard
comparable to that presented in Sec. 4.3 is not possible. Instead, Fig. 5.3 shows the effect
of the safeguard during a training run of the RLgg agent, corresponding to the best agent
from the bottom learning curve in Fig. 5.2. The figure shows the (average) magnitude of
safeguard intervention Au over the course of the training. It can be seen that very large
changes are necessary at the beginning of training, which decreases almost entirely towards
the end. This shows that the RL agent learns through the penalty term in the reward
function to operate the plant independently of superimposed safety measures.
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To demonstrate operation under full load variability, the best-performing agent RLjg
from the trainings with Agi = 1000 ﬁ is used for the following investigations, while
Api = 1000 ﬁ is applied as the limit for the load MPC.
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Fig. 5.4: Comparison of the steady-state behavior between three model-based, expert-
driven control approaches and an RL-based controller.

5.3 Steady-State Behavior

After training, the steady-state performance of the RL-based controller is compared to a
cascaded PI controller (PI-PI, with outer voltage control loop and inner current control
loop, implemented in a rotating reference frame, as already described in Sec. 4.6), a
predictive dead-beat controller (DB-DB) and a PID-voltage controller with a subordinate
dead-beat current controller (PID-DB). The PI-based controllers are designed according
to [90]. A more conservative tuning than in Sec. 4.6 was chosen, because the deliberately
aggressive tuning possible with the constant, resistive load would lead to errors in the
FPGA with the load MPC used here. Using the parameters defined in Tab. 3.1, the
following controller configuration results according to [90]:

Ky = 0.232mV /A and K. = 0.073V/(As), (5.6)
K,y =0.863A/V and K, = 1224.021 A/(Vs).

The predictive dead-beat controllers are implemented according to [91, 92], while the re-
quired state-space model is calculated on the basis of the parameters defined in Tab. 3.1.
The basic equations required for the implementation of the predictive dead-beat controller
are summarized in Sec. A.3. For further implementation details on the considered bench-
mark controllers, the reader is referred to [90-92]. In order to investigate the performance
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Tab. 5.1: Average steady-state performance MAE and THD over the full operation
range for different controllers. In case of RL control, three agents trained per setting,
additionally the best performaning agent’s result MAEg and THDg are listed.

PI-PI DB-DB PID-DB RLgsy  RLsoo  RLiooo

MAE/V 093 7.06 1.11 0.81 162 085
THD/% 412  2.68 1.89 321 3.06 276
MAEg/V 0.67 118 0.81
THDg /% 318 290  2.64

of the RL controller in the steady state, various operating points are approached in the
range of Spoad € [0, 250 kVA], with ¢reaq € [0,27]. The MAE of the measured voltages
Vape and the respective THD are calculated according to (4.8), measured over a period of
Tieas = 3s. On the right side of Fig. 5.4, it can be seen that the RL controller achieves
an average MAE of 0.81V and an average THD of 2.64 % over the whole operation range.
The achieved MAE of the RL agent is comparable to that of the PI-PI controller, which
performs slightly worse than the RL. The higher error of the PI controller is caused by
the high dynamic distortions from the FCS-MPC load controller. Tests showed that if
the load side is also implemented by a Pl-based controller, the MAE of the cascaded PI
controller shown in Fig. 5.4 is significantly reduced. Nevertheless, the FCS-MPC was
retained on the load side, as a load PI controller does not have the necessary transient
performance to ensure the desired training cases for the RL-based controller and to enable
the following transient tests. As depicted in Fig. 5.4, the DB-DB controller achieves a
better THD than the PI-PI controller, which is comparable to that of the RL controller,
but shows a higher MAE, which increases linearly with increasing power. This is likely
caused by mismatches between the model used in the controller and the plant. This can
be improved by the PID-DB controller, while this effect is not present in the error plot
of the RL controller, which benefits from the data-driven controller design (assuming safe
operation). To investigate the influence of the different Agi € {250,500, 1000} mﬁs, three
RLa,; agents per setting are trained and the average performance of the three agents over
the full operation range is listed in Tab. 5.1.
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Fig. 5.5: Transient control performance comparison of RLjggg and baseline controllers
for different consecutive load steps.
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5.4 Transient Behavior

To investigate the transient behavior of the developed RL-based controller and to compare
it to the expert-driven controllers introduced above, different scenarios are tested in the
following.

5.4.1 Active Load

To evaluate the performance of the RL controller during transients caused by an active
load, a test case with different load steps and load sheddings in the d-component of the
load current is used, while i ; = 0 A. The part of the test case with the rate of change
limit Apileaq = 1000 % is shown in the bottom subplot of Fig. 5.5, while the whole test
case investigated for comparison is repeated in a similar form for Az = 250% and
Api = 500 mis. Tab. 5.2 lists the average performance over the whole test case MAE of
the three RL controllers as well as the performance of the three expert-driven control
approaches. Additionally, MAEg and the rise time %, are provided for the best trained
agent per setting. The rise time is calculated according to [104] for the period of time after
a load step when 0.95% of the reference value is reached in order to take a steady-state
error into account.

Tab. 5.2: Average transient performance MAE of different controllers measured with the
test case. For RL control, three agents trained per setting, additionally, MAEg and ¢,
of the best performing agent on the test case is listed.

PI.PI  DB-DB PID-DB RLssy  RLsse  RlLiooo

MAE/V 1430  11.04  5.38 6.02 7.69 5.68
MAE/V 5.91 6.31 5.35
trise/ IS 11.50  2.12 2.71 0.70 0.72 0.87

Fig. 5.6 shows the RLjggg controller performing a load step of the d-current from 500 A
to —500A. As can be seen from the inconsistent slope of i10aq,4, physical constraints
limit the speed of the step response performed by the load FCS-MPC, while the RL
controller is able to perform the load step with an acceptable error. A load step in
the other direction is depicted in Fig. 5.7. Here, the load controller realizes the full
Ayi, resulting in a load change of 1kA within 1ms. A clear voltage drop can be seen
here, where the voltage in phase a is just at its maximum, which leaves less room to
supply the current required to maintain the capacitor voltage, when the load changes from
—500 A to 500 A. This corresponds to a load step from 98 % rated current to supplied to
98 % rated current absorbed. The prediction model in the safeguard within the control
structure assumes the load current amplitude to be constant. However, in this example
the amplitude of the load current changes by 100 A per time step, which is already above
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Fig. 5.6: RLggo controller performing a load step of the d-current from 500 A to —500 A
with Agi = 1000 A/ms.

the current limit I max = 90 A of the capacitor, resulting in a prediction error and non-
ideal optimization results within the safeguard. The same load step performed by the
other control approaches can be seen in Fig. 5.7, too. The DB-DB controller is able to
perform the load step with a similar voltage MAE as the RL controller, like depicted in
the lowest subplot, while the PI-based controllers show a higher error.
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Fig. 5.8: Virtual load impedance (experiment setting Fig. 5.9) and virtual passive rec-
tifier (experiment setting Fig. 5.10) approach for calculating the reference value for the
load MPC based on the measured grid voltage, so that the load behaves like a passive
variable load or a non-linear diode rectifier. For both scenarios, at ¢ = 0s a load step is
injected: experiment setting for Fig. 5.9: the capacitor disconnects (emulates a failure)
and the resistor is drastically reduced; experiment setting for Fig. 5.10: the resistive load
changes.

0

5.4.2 Passive Linear Time-Variant Load

The performance of the controllers supplying a passive variable load will be tested in the
following. The current setpoint for the load MPC is calculated below as a function of
the measured grid voltage in such a way that the load inverter emulates a passive load.
According to Fig. 5.8, the admittance of an LCR load:
) i(jw) . 1+ jwRC

H — e Y =

H(jw) v(jw) Yij) R — w?RLC + jwL’
delivers the transfer function on whose basis the current setpoint:

" = Re(u(jw) - Y(jw)), (5.8)

can be calculated. This setpoint is then used for the load MPC, which ensures that
the load behaves according to the LC'R parameterization. A corresponding experiment is
shown in Fig. 5.8. Until £ = 0s the LCR load for the setpoint calculation is parameterized
with L =4mH, C' = 10pF and R = 2€). At the time ¢t = 0s, the load changes to an LR
load with the parameters L = 4mH and R = 1€2. This could be caused, e.g., by a defect
of the capacitor. As can be seen in Fig. 5.9, this changes the load behavior and the load
current, respectively. In the grid voltage v,p,. provided by the RL-based controller, only
a marginal effect can be seen, which is also made clear by the low MAE in the lowest
subplot.

(5.7)
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performing a load step at ¢ = 0s caused by the impedance
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5.4.2.1 Passive Non-Linear Time-Variant Load

In order to prove its applicability to arbitrary loads, the controller should also be tested
in supplying non-linear loads. As shown in Fig. 5.8, analogous to the experiment with the
virtual impedance in the previous paragraph, the reference for the load MPC is calculated
on the basis of a diode rectifier with ohmic load, representing a non-linear load behavior.
At time t = 0s, a load step from R = 32 to R = 1.5 occurs. The resulting controller
performance of the RLjggg controller can be seen in Fig. 5.10. Compared to the virtual
load impedance, the MAE is higher in this case. This is because the load is no longer
sinusoidal, but changes steplike, as already seen in Sec. 5.4.1 for the corresponding load
steps. The MAE in the experiment shown here is within the range of the results shown
in Sec. 5.4.1. Thus, it can be concluded that the RL-based controller can supply the non-
linear load with the desired voltage, even though it has only been trained using sinusoidal
loads.
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Fig. 5.10: RLggg controller performing a non-linear load step at ¢ = 0s caused by the
load change depicted in Fig. 5.8.
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5.4.3 Black-Start and Emergency Shutdown Capability

To ensure the applicability of the RL-based controller for voltage-forming inverters for
grid operation, black-start and emergency shutdown capability is required. To this end,
it is first shown how the RLigoy controller performs a black-start under load on the left
in Fig. 5.11. Here, the active load according to Sec. 5.4.1 is used. As can be seen, the
desired grid voltage can be provided after a black-start under load within the millisecond
range without violating constraints. The same applies to the shutdown event shown on the
right side of Fig. 5.11, which is safely performed by the RLggg controller in the millisecond

range.
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Fig. 5.11: RLjggo controller performing a black start (left) and a shutdown (right) under
load.
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6 Decentralized Inverter-Based
Microgrid Application

So far, the applicability of RL for learning the voltage control' for a stand-alone, grid-
forming inverter trained directly on the hardware without prior simulation-based training
was successfully demonstrated. As depicted in Fig. 6.1, this concept is extended in this
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Fig. 6.1: Control structure of the proposed model-free droop and RL-based framework.

chapter by the model-free droop control layer for active and reactive power sharing, in-
troduced in Sec. 2.5, to evaluate the applicability of the developed RL-based voltage con-
troller in a decentralized inverter-based MG application. By doing so, a fully automated
control design on system level is achieved, which does not require any prior parameter

I'Note that the voltage control task performed by the RL-based controller here refers to the output
voltage of the LC filter at component level. The control which outputs the magnitude of the grid voltage
is performed by the introduced top-layer droop control concepts.
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knowledge of the plant system. Moreover, the interaction of heterogeneous converters
with different component-level controllers, such as MPC, is also evaluated empirically.

dSPACE
SCALEXIO |

ikl &

Z j\ AC Filter

Capacitors

Edge Computer

Fig. 6.2: Experiment MG setting with up to five 250 kVA industrial-grade inverters in
the MG-lab.

During the following experiments, up to five inverters in the MG-lab depicted in Fig. 6.2
are used. Four of them are utilized as grid-forming inverters — two RlL-based controlled
(RL1 and ), and two FCS-MPC voltage controlled (MPC1 and ) as introduced
in [3] — while the fifth inverter acts as active load operating in current control mode and
deployed as an FCS-MPC as already used in the experiments in Sec. 5. In the follow-
ing, the two RL-based controllers are individually trained online utilizing the toolchain
according Sec. 5. The droop and RL controllers are implemented on the CPU-card of the
RCP unit and executed once per switching period at a switching frequency f; = 10kHz,
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Fig. 6.3: Control plant of the voltage controllers (source) and grid configuration. The
control plant (L filter) of the load controller on inverter 5 is not depicted.
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as already introduced in the previous investigations. The FCS-MPCs are implemented on
the FPGA card and operate at a control frequency of fs ypc = 50kHz. While the control
plant of the grid-forming controllers, shown in Fig. 6.3, is an LC' filter, the load current
controller only utilizes an L filter (not depicted in Fig. 6.3). All hardware specifications
of the experiments are listed in Tab. 3.1.

During the black-start of the islanded MG, the switches (cf. Fig. 6.1 and Fig. 6.3) are
closed one after the other by means of PLL-based synchronization, while after synchro-
nization the PLL is no longer actively used for control. The PLL and droop controllers
are based on preliminary work [94]. Their development is outside the scope of this work.
Independent control of active and reactive power, e.g., with the concept introduced in
Sec. 2.5, is not possible if the reactance-to-resistance ratio (X /R) of the grid is low, as
is typically the case in low-voltage MGs [98]. To counteract that, an inductive coupling
between the inverters is realized by the inductor L, before the point of common coupling
(PCCQC) of each inverter as shown in Fig. 6.1 and Fig. 6.3 [94].
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Fig. 6.4: Undiscounted, mean reward per learning step of the 3 trained agents in blue.
A moving average with window size 1000 is shown in red.
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6.1 Training Behavior

To train an RIL-based controller for a voltage control task utilizing the toolchain described
in Sec. 5, RL1 and RL2 are trained individually one after the other. Thereby, the current-
controlled FCS-MPC on inverter 5 serves as load and ¢; and ¢ or ¢ and ¢ (cf. Fig. 6.3)
are closed over the course of the training. The RL-based controller serves as a reference
bus in each case, while the load current changes its amplitude and phase based on a
random process as introduced in Sec. 5. The HPs listed in Tab. A.2 are used for each
of the RL-based controllers. During training of the voltage control on component level,
the top-level droop control is deactivated and a fixed reference voltage amplitude and
frequency is used. The learning curves of the trained RL agents in Fig. 6.4 show that
after about 6 minutes of training, it is possible to roll out RL-based voltage controllers to
different inverters, indicated by a high reward close to the theoretical unity maximum. As
can be seen in Fig. 6.2, RL1 is trained on the inverter that was also used for the previous
experiments. However, RL2 is trained on a different inverter from the MG-lab, including
system identification and safeguard calculation without prior knowledge of system param-
eters. The comparability of the learning curves confirms the general applicability of the
developed toolchain. Three agents are trained per inverter and the best-performing agent
of these trainings per inverter is used for the following investigations.
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Fig. 6.5: Grid experiment for different active power loadings realized by the
load, while the setpoints are configured as follows: Fgp; = —150kW, Pz, = 150kW,

6.2 Islanded Grid Experiment

In order to investigate the functionality of the RL-based voltage controllers in an is-
landed MG, all five inverters are connected to form an islanded grid. For this purpose,
the switches ¢ 5 (cf. Fig. 6.3) are closed one after the other using the PLL-based syn-
chronization. In the following, ¢; is closed first and thus inverter 1 acts as a reference
bus.

6.2.1 P-Droop Evaluation

To evaluate the functionality of the droop controllers, different setpoints P* are ap-
proached. As shown in Fig. 6.5, two inverters act as power sources (Pg;, = 150kW
and PJipcs = 100kW) and two inverters act as power sinks, (Pi; = —150kW and
Pipc; = —100kW) such that a power balance is given at ¢ = 0s. Therefore, the mea-
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sured frequency at each inverter is 50 Hz initially. These setpoints were exemplary selected
to ensure better graphical comparability of the active power curves of the various con-
verters. Over the course of the shown experiment, the active load draws power from and
delivers power to the grid. According to the droop-based control concept, the grid-forming
inverters share the demanded load equally, regardless of whether they are controlled via
an MPC or an RL-based controller, with the frequency changing according to (2.45).
This can also be seen in the measured currents and voltages at the individual grid nodes,
which are shown in Fig. 6.6 for the step at 0.855s in Fig. 6.5. Prior to the load step,
there is a power balance in which all inverters provide their power setpoints, meaning
that two inverters act as a source and two inverters act as a load. During the load step
performed by the load MPC, it can be seen that the current waveforms of the other four
inverters change accordingly to share the demanded load. While RL2 and MPC2 reduce
their current amplitude, RL1 and MPC1 increase their current amplitude. This can also
be seen in Fig. 6.5. The voltage curves of all four grid-forming inverters do not feature
any steps and each inverter can provide the target voltage despite changing loads. The

allowed frequency deviation, which is used for power distribution, can be set according to
(2.45) and is defined in Tab. 3.1.
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Fig. 6.6: Measured currents and voltages at the individual grid nodes for the step at
0.855s in Fig. 6.5.
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6.2.2 Q-Droop Evaluation

To evaluate the share of reactive power between the inverters, different magnitudes of re-
active power are drawn from and provided to the grid by the load on inverter 5. Thereby,
the setpoints @* = 0 VA are chosen for all grid-forming inverters. As shown in Fig. 6.7,
the four inverters share the reactive power, while the voltage amplitude at the different
inverters changes according to (2.45). It does not matter whether the subordinate compo-
nent control was realized by means of expert-driven model-based optimal control methods
such as MPC or by means of data-driven control methods without prior knowledge of the
model parameters via RL-based control.
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Fig. 6.7: Grid experiment for different reactive-power loading realized by the load, while
Q* = 0 VA for all droop controllers was chosen.
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6.2.3 Non-Linear Load

To test the behavior of the controls with abnormal grid states, a current reference value
with 1000 A peak is requested from the load MPC. As this exceeds the current limitation
implemented within the load FCS-MPC, this results in a non-linear, trapezoidal load
current curve as depicted in Fig. 6.8. As can be seen, the desired sinusoidal voltage can
still be supplied by all inverters despite the non-sinusoidal load current. It can therefore
be concluded that both RL-based controllers and MPCs can cope with atypical, non-
sinusoidal loads in a grid application. This has already been demonstrated for a single
RL-based voltage controller in Sec. 5.4.2.1.

91



Decentralized Inverter-Based Microgrid Application

250

—250

500

=500

tLabe,RL1 /A Vaberil /V

250,

—-250
500 F

Ldq0,Load / A LabeMPC2 / A Vabempo2 / V inabempct / A Vabempc1 / Vo tLaberi2 /A Vaberrz / V

iabc,Load / A

—500

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
t/s

Fig. 6.8: Currents and voltages at the individual grid nodes during a trapezoidal load
current.
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6.2.4 Failure Event

An experiment with another MG configuration consisting of the two RL-based sources,
one MPC source and the load is shown in Fig. 6.9. At time ¢ = 0.035s, the MPC source
goes into an error mode, causing its inverter transistors to stop operating. As the switch
is still closed, the voltage at that grid node is determined by the grid and the RL-based
controllers jointly take over the load which was applied by the MPC without any noticeable
change in the grid voltage. This experiment shows that it is also possible to operate a
decentralized inverter-based MG in other grid configurations, even those consisting solely
of RL-based controllers.

This, together with the previously shown experiments in this chapter, demonstrates the
applicability of RL-based controllers in MG applications and enables the already men-
tioned advantages of a model-free, self-adaptive control approach, which opens up the
possibility of fast, non-linear control and enables a largely automatic controller develop-
ment process with minimum human effort.
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7 Conclusion and Outlook

7.1 Conclusion

The self-adaptive and model-free behavior of reinforcement learning (RL) represents a
candidate solution for the challenges arising from advancing decentralization of the elec-
tric power grid. This work demonstrated that RL-based control meets the higher demands
on the control engineering at the component level to benefit from the component’s tran-
sient capability to allow a successful integration that optimally utilizes the inverter-based
resources (IBR). In order to take advantage of the data-driven behavior of RL, the train-
ing should not be carried out in simulation, but in direct interaction with the hardware
system. To make this possible, a toolchain was investigated to outsource the numerical
optimization used to tune the artificial neural networks (ANNs) of the RL-based controller
to an edge computer, while the artificial neural network (ANN) utilized for control was im-
plemented on the real-time-capable rapid control prototyping (RCP) unit. Safe operation
during real-world online training was ensured by extending the RL control framework by
a proposed safeguard algorithm, which is based on optimal control concepts, and connects
the data-driven and model-driven domains. To achieve independence of system parame-
ter knowledge, system identification (ID) methods were used in the safeguard to ensure
compliance with the system limits during training. A hardware-in-the-loop (HIL)-based
hyperparameter optimization (HPO) framework was proposed to determine the best con-
figuration and architecture for the RL algorithm and reduce the simulation-reality gap in
terms of real-time capability.

The RL-based controller learned the voltage control task in less than 8 minutes and showed
comparable or even better performance than several benchmark controllers. The improved
performance is likely due to parasitic effects resulting from the interlock time, combined
with non-linearities of the current sensors, which the RL agent can learn to compensate for.
Taking these effects into account in a model of the expert-driven controller can become
difficult and computationally intensive. To expand the operating range, the safeguard
was extended for arbitrary loads, demonstrating the applicability of RL-based control for
grid-forming inverters in microgrid (MG) applications. To evaluate the functionality in
a decentralized inverter-based MG application, in a hardware experiment of an islanded
MG consisting of five inverters, it was shown that the data-driven RL-based controllers
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are applicable and can act as subordinate component controllers of superimposed, droop-
based controllers enabling a quick dynamic response.

The results presented in this work demonstrate the applicability of RL-based controllers
in MGs and enable the mentioned advantages of a self-adaptive control approach and
a largely automatic controller development process with minimum human effort, which
is promising for evolving plants such as the electric grid. This is the first milestone in
the training of an RL-based controller on hardware in electrical power grids. Although
high-performance hardware was utilized for computation, future developments in both
computing hardware and artificial intelligence (Al) are expected to make such systems
more affordable. Further points must be clarified before industrial integration can be
considered. For use in the electric power grid or other critical infrastructure, several key
requirements must be met. Most importantly, the contemporary formulation of grid codes
and the necessity of analytical stability proofs does not yet account for the availability of
exclusively or primarily data-driven approaches and, therefore, changes in legislation and
standardization would be needed prior to wide-scale distribution of RL-based control to
grid-forming applications.

7.2 Outlook

While the presented results provide the basis for the use of self-adaptive RL control meth-
ods at the component level in energy grids, enabling a fully automatic and model-free com-
missioning of inverter-based MGs, there are open challenges left for future research:

e In order to enable safe use in decentralized MGs in the event of externally caused
faults, such as the failure of a cable or inverter components, safe handling of those
failures should be subject of future investigations.

e Introducing an option for time- or temperature-variant limitations to make use
of components’ overloading capability could allow high currents for a limited time,
which enables even faster step responses but still protects the capacitor. This would
require changes and further investigations regarding the implementation of the safe-
guard and could be handled, e.g., via cumulative constraints (cf. [6, 24]).

o Investigating the possibilities and advantages of integrating the superimposed, cur-
rently droop-based control into the learning process of the RL control structure.
Such a direct droop control concept would reduce the cascaded control structure
even further, but would require further development not only of the reward func-
tion but also of the safeguard approach.

o The positive aspects of RL and MPC can be combined, e.g., by incorporating a
priori knowledge and inherent constraint-related safety from MPC as well as learning
from real-world feedback and fast explicit control policy inference from RL, e.g., by
differential predictive control (DPC) [114, 115].
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o In order to enable widespread use, it should be investigated whether the toolchain
can run on low-cost control hardware.
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Appendix

A.1 Deep Deterministic Policy Gradient Algorithm -
Basics

In the following, the most important details about the deep deterministic policy gradient
(DDPG) algorithm are described, which is introduced in [82] and learns a deterministic
policy function p in an off-policy fashion [116].

DDPG utilizes ANNs as function approximators for the policy fis - the actor — and for the
action value function g, — the critic —, which enables learning a control task in continuous
state and action spaces, like the application investigated. Here, § and p represent the
ANNS’ trainable parameters. In the following, it is assumed that the Markov property
(2.11) is satisfied or, if this is not the case, that this property is approximately satisfied
by sufficient feature engineering according to (3.3).

To learn the optimal policy, the action value approximator §, is adapted by training the
parameters p using the experience € (cf. (2.16)) to minimize the mean squared Bellman
error:

2

. ~ . o .

m’}nﬁ Z (qp<yk7 uk) - (rk+1 + ’)/(1 - tk+1> QPtarget (yk+17 l’l'(starget (yk+1)))> : (Al)
£eB

Here, B is a batch of experiences € taken from a replay buffer in which the experiences
from the interaction with the environment are stored after each step. The replay buffer
acts as a ring buffer of limited capacity, discarding the oldest data sample whenever an
overflow occurs by adding a new sample. As can be seen in (A.1), ¢ is used to estimate the
target of the cost function that is used for its own update, which is called bootstrapping.
To stabilize the learning process in that regard, DDPG makes use of target networks for
actor (fis,,,,..) and critic (p,,,,..) Which are updated in a low-pass fashion, based on the
trained actor and critic:

ptarget < (]- - T)ptarget + Tpv

A2
étarget — (1 - T)(starget + 7-57 ( )

wherein 7 € [0, 1] represents a damping parameter.

With ¢, being differentiable with respect to w, the policy network fi5 can be trained in
such a way that it maximizes the return (cf. (2.15)) approximated by g,:
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mng’é,’ > Qo (s, fos(Gr)). (A.3)

yrEB

Since a deterministic policy is learned by the DDPG algorithm, action noise has to be
added during the training process to enable exploration of the state and action space.
Therefore, a discrete-time Ornstein-Uhlenbeck noise [117]

1 | T
Vi, = Vi_1+ )\Vkillis +0 Ts DN(O, 1), (A4)

with zero mean is used, which is superimposed on the action determined by the policy
(cf. (2.17)). Herein, Ty is normalized for the sake of physical unit consistency, while A
and o define the stiffness and diffusion, respectively. Dy(0,1) denotes a realization from
a standard normal distribution. Any necessary action clipping to accommodate for the
limits of U is to be performed after this noise is added.

A.2 Hyperparameter Settings of the Used DDPG
Agents

In the following, the hyperparameters (HPs) used in the various experiments are listed. In
this thesis, the LeakyReLU function y = max(8, /2, ) is selected as activation function
within each hidden layer. The output layer activation function of the critic is linear
while the one of the actor can be chosen by the hyperparameter optimization (HPO) (cf.
Sec. 3.6) to be linear or hyperbolic tangent. In case of a linear actor output, an additional
clipping is defined at the actor’s output and the cost function utilized during the training
process is modified to increase the cost for actions much greater than one. A linear action
noise scheduler is applied, reducing the variance of the action noise ¢ during training. In
the same way, the learning rates of actor ¢, and critic o, are reduced during training
from step kg0 t0 Kpjg-

A.2.1 HPs for the Constant, Resistive Load Application

Tab. A.1 describes the HPs of the DDPG agent, which is trained in Sec. 4.5 to supply a
constant, resistive load with the desired voltage. To determine these parameters, the HPO

introduced in Sec. 3.6 was used, which was carried out with the experiment described in
Sec. 4.4.
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Tab. A.1: Hyperparameter optimization setting and resulting best configuration set for
the RL agent used to learn a voltage control task to supply a constant, resistive load. The

corresponding experiments are presented in Sec. 4.

Parameter Search space Best
Training steps 2-10%
Activation function parameter 3, [1- 1073, 0.5] 0.46
Activation function parameter 5, [1-107?,0.5] 0.299
Actor layers z, {1,...,4} 3
Neurons hidden layer actor n,, {10, ...,40} 39
Critic layers z, {3,...,10} 5
Neurons hidden layer critic 7, {20, ...,300} 29
Learning rate actor o, [1-107°,0.05] 2.68-1073
Learning rate critic ay [1-1075,0.05] 3.75-1073
a,, reduction start kg {0, ..., M} 13675
a, reduction start kg {0, ..., M} 13888
a,, reduction end kg {kpo, ... M} M
a, reduction end k£, {kag, ..., M} M
Final learning rate o, final [1-1071% ]  1.95-107*
Final learning rate o final [1-1071% ¢, 2.77-107*
Discount factor [0.5,0.999] 0.777
Replay buffer size | M| {200, ...,1-10%} 7.37-10°
Mini batch size |B| 2118} 8
Target update 7 [1-107%,0.5] 0.234
Action noise stiffness [1,1-10%] 7.07-103
Action noise diffusion o [0.01 5] 3.73
Dropout T 0, ...,0.5] 7.54-1073
Output activation function f, [hnear tanh] linear
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A.2.2 HPs for the Arbitrary Load Application
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Fig. A.1: Test case, showing the reference 7,4 4., Which is used to evaluate the different
HPs during the HPO after training (i = 0 A over the entire course).

To determine the HPs for the DDPG agent, which is trained to supply an arbitrary load,
the HPO introduced in Sec. 3.6 was used. The experiment is described in Sec. 5 and the
training process in Sec. 5.2. During the HPO, the experiments are real-time simulations
on the RCP units that replicate the targeted real-world experiment. After completing the
training process with one HP set the standardized test scenario depicted in Fig. A.1 is
used as central performance metric, which is excluded from any training.

The learning curve of the HPO is depicted in Fig. A.2. The lines that can be identified
can be explained by diverged training runs and poorly drawn HP samples. The RL agent
either outputs excessively large positive or negative actions, which results in the safeguard
being permanently active or the actions output by the agent approaching zero.
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Fig. A.2: HPO learning curve showing the undiscounted, average return of the deter-
ministic test case in Fig. A.1 performed by a trained agent for each HP sample.

Similar to the results shown in Sec. 4.4 for the constant load experiment, the HPO results
and the resulting parameters are investigated. Since the experiment here is changed to
an arbitrary load, the resulting parameters differ from the ones found in Sec. 4.4. The
ten most important HPs during the HPO are depicted with their corresponding relative
importance in Fig. A.3, which is calculated as introduced in Sec. 4.4. The ten most
important HPs listed in Fig. A.3 are:

1. The output layer activation function of the actor f,,

2. step size (learning rate) of the optimizer used for training the actor o,

3. learning rate of the optimizer used for training the critic oy,

4. Time step at which the reduction of the learning rate of the critic ends k,;
5. number of neurons per hidden ANN layer 7, of the critic,

6. number of layers of the critic ANN z,,

7. time step at which the reduction of the learning rate of the actor starts £,
8. action noise parameter o adjusting the exploration (cf. (A.4)),

9. the number of neurons per hidden ANN layer 7, of the actor,

10. final learning rate oy, sna of the actor’s optimizer.
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The learning rates are among the most important HPs of the optimizers for training the
ANNSs as already seen in Sec. 4.4. With regard to all parameters listed in Tab. A.2, 76 %
of the relative importance is attributable to these first ten parameters.
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Fig. A.3: Relative importance of the ten most important HPs within the HPO calculated
according to [105].

Fig. A.4 shows the four most important HPs with their respective drawn value of the HP
and the performance gt achieved. For the last three parameters, a clear trend can be
seen as to how the parameter should be selected in order to achieve good performance.
For the first parameter, this statement is not quite as clear. It can be seen that many
samples were drawn with f,, = tanh, which results in both good and poor performance.
In contrast, f, = linear was not drawn as frequently. More HPO samples would be
necessary to obtain a clearer picture, but good control performance can be achieved with
the best HP set obtained from the HPO examined. Therefore, this was not investigated
further. The best HP set listed in Tab. A.2 is used within the experiments presented in

Sec. 5.
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Fig. A.4: Performance gy achieved with the different values of the corresponding HP
during the HPO. Here, blue samples indicate early samples within the HPO, while green
samples indicate more recent ones.
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Tab. A.2: Hyperparameter optimization setting and resulting best configuration set
for the RL agent used to learn a voltage control task to supply an arbitrary load. The
corresponding experiments are presented in Sec. 5.

Parameter Search space Best
Training steps 2-10%
Activation function parameter 3, [1- 1073, 0.5] 0.33
Activation function parameter 5, [1-107?,0.5] 0.28
Actor layers z,, {1,...,4} 3
Neurons hidden layer actor n,, {10, ...,40} 22
Critic layers z, {3,...,10} 4
Neurons hidden layer critic n, {20, ...,300} 169
Learning rate actor ay, [1-107°,0.05] 2.2-1073
Learning rate critic ay [1-1075,0.05] 2.65-1073
o, reduction start ko {0, ..., M} 8763
a, reduction start kg {0, ..., M} 8638
a,, reduction end k,; {kuo,.... M} 14663
o, reduction end k£, {kag, ..., M} M
Final learning rate o final [1-1071% @]  4.41-107°
Final learning rate a final [1-1071% «,] 2.21-107*
Discount factor [0.5,0.999] 0.869
Replay buffer size | M| {200, ...,1-10%} 8.04-10°
Mini batch size |B| pACR 8
Target update 7 [1-107%,0.5] 0.376
Action noise stiffness A (1,110 25.33
Action noise diffusion o [0.01 5] 2.43
Dropout T [0, ...,0.5] 0.072
Output activation function f, [hnear tanh] tanh
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A.3 Predictive Dead-Beat Controller

In the following, the implementation of the predictive dead-beat (DB) controller is de-
scribed, which is used as a benchmark controller within this thesis. The detailed derivation
can be found in [91, 92]. The DB controller uses a model to calculate the required sys-
tem input to reach a certain reference in as few steps as possible. This model is derived
from (2.2), utilizing the parameters defined in Tab. 3.1. Utilizing the forward Euler dis-
cretization method according to [91, 92], while neglecting the parasitic resistances, the
discrete-time model from which the control laws are derived results in:

ILkt1| _ 1_% ULk n %f 0] v (A.5)
U1 %Sf L | vk 0—% i | '

From (A.5), the voltage v;x4+1 to be applied to the plant within the next time step
should be calculated as a function of a voltage reference v* and the measured quanti-
ties: Vi i1 = f(Vk, iLk, ik, v*). To compensate for the control delay introduced in Sec. 3.2,
the first line of (A.5) is shifted one time step into the future, resulting in:

15

7. (Uit = k1) (A.6)
f

UL k42 = ILk+1 T
Using the first line from (A.5) to replace iy, x41, results in the control law for the current
controller:
s
L
Assuming that the capacitor voltage does not change significantly within one step
Vg1 ~ vy (cf. [91]), the required voltage that must be applied to reach the current at
k + 2, which is equal to ], = i, g2, is:

iLkt2 = Lk + — (Vi1 + Uik — Vkp1 — V) - (A7)

L . .
Uikl = (i t2 — L) + 20K — Vi (A.8)
Here, if = ipx+2 can be interpreted as a reference value, while (A.8) calculates the

required voltage to reach the ¢7 within two time steps. Since the investigated application
is a voltage control task, ¢; has to be calculated based on the voltage reference value v*.
Following the same concept like above by taking the second row of (A.5) and compensating
for the control delay leads to:

T .. . . .
Ugyo2 = Uk + a (i, + Lk — Th1 — Gg) - (A.9)

Assuming the load current does not change significantly within one step g1 = i (cf.
[91]), the required current that must be applied to achieve the reference voltage at
Upso = U after two steps is:

(’U* — ’Uk) -+ 2Zk — ’L'ij. (AlO)
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Utilizing (A.10) and (A.8), the required voltage to be applied to the filter input for a
voltage reference v* can be calculated as a function of the measured quantities:

L¢ (C
Vik+1 = ?f (Tf (U* - Uk) + 2ik - 2iL,k) + 2Uk — Vik- (All)

For more details regarding the mathematical derivation, cf. [91, 92].

A.4 Artificial Intelligence use Declaration

To ensure transparency and uphold academic integrity, the following table outlines the
artificial intelligence (AI) tools utilized during the preparation of a thesis.

Tab. A.3: Al use declaration

Tool Use Case Scope

DeepL Translate Translation of text passages Entire manuscript
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