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Abstract

The integration of renewable energies and sector coupling advances lead to an in-
creasingly complex supply environment in distribution grids. Whereas active grid
monitoring and operational control were historically uncommon in distribution grids,
their significance is now markedly increasing. Recent research points, among oth-
ers, to supervised learning-based approaches as an effective solution for distribution
system state estimation. A fundamental limitation of those approaches is the re-
liance on synthetic training data for training and testing. This thesis models a
synthetic variant of a real distribution grid and investigates the transferability of a
synthetically trained model to the measurement data of the real grid. Real-world
measurement data inevitably contains errors and missing signals, presenting a sig-
nificant challenge for state estimation. Thus, the thesis investigates the detection
and reconstruction of anomalies within the measurement data. Furthermore, the
limited transparency of machine learning models hinders their adoption in the field.
Consequently, an extension of the supervised learning model to a stochastic state
estimation that quantifies estimation uncertainty and delivers estimation ranges is
proposed.
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Kurzfassung

Die Integration erneuerbarer Energien und Fortschritte der Sektorkopplung fithren
zu einer zunehmend komplexen Versorgungssituation in Verteilnetzen. Wahrend
aktive Netzliberwachung und Betriebsfithrung in Verteilnetzen historisch uniiblich
waren, nimmt ihre Bedeutung nun deutlich zu. Aktuelle Forschung verweist, unter
anderem, auf Anséitze basierend auf iiberwachtem Lernen als eine effektive Losung
fir die Verteilnetz-Zustandsschéitzung. FEine fundamentale Einschréankung dieser
Ansitze ist die Abhéngigkeit von synthetischen Trainingsdaten fiir das Training und
Testen der Modelle. Diese Arbeit modelliert eine synthetische Variante eines realen
Verteilnetzes und untersucht die Ubertragbarkeit eines synthetisch trainierten Mo-
dells auf die Messdaten des realen Netzes. Reale Messdaten enthalten unweigerlich
Fehler und fehlende Signale, was eine signifikante Herausforderung fiir die Zustands-
schitzung darstellt. Daher untersucht die Arbeit die Detektion und Rekonstruk-
tion von Anomalien in realen Messdaten. Dariiber hinaus behindert die begrenzte
Transparenz von Machine-Learning-Modellen ihre Anwendung in der Praxis. Fol-
glich wird eine Erweiterung des Modells des iiberwachten Lernens zu einer stochas-
tischen Zustandsschiatzung vorgeschlagen, die die Schétzunsicherheit quantifiziert
und Schétzbereiche liefert.
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1 Introduction

The ongoing energy transition is fundamentally transforming Distribution Grids
(DGs). In 2024, 58 % of all electricity in Germany was generated from renewable
energies [1]. Furthermore, advances in sector coupling lead to an increasing amount
of loads like electric vehicles and heat pumps [1] and energy management systems
are being deployed to control prosumer devices effectively [2]. A significant part of
these changes occur in DGs and can lead to unprecedented stress on the grid due
to high generation and load peaks and an overall increase in the complexity of the
grid [3].

These developments necessitate enhanced control mechanisms for distribution grids,
a need that has been acknowledged by regulatory measures. For instance, the Ger-
man Energy Industry Act (EnWGQG) § 14a explicitly obligates grid operators to control
specific loads in case of an observed or forecasted grid congestion [4]. However, a
fundamental challenge emerges: grid operators cannot address problems they can-
not detect. All grid operation and automation measures for DG are downstream
of reliable DG monitoring systems, which rely on a sufficient amount of measure-
ment infrastructure [5]. Despite long-standing awareness of the need for enhanced
measurement infrastructure, initiatives to increase measurement penetration in dis-
tribution grids, particularly the smart meter rollout, have not progressed as rapidly
as needed [6]. Consequently, distribution grids currently operate with limited mea-
surement infrastructure, resulting in largely unknown grid states across most distri-
bution grids.

State Estimation (SE) is the process of estimating the state of an electrical grid
based on available measurements. While conventional state estimation methods
require a mathematically observable grid, this requirement often cannot be met in
DGs due to their limited measurement infrastructure. To address this challenge,
Distribution System State Estimation (DSSE) approaches center around estimating
the state of unmeasured electrical buses using only a limited set of measurements [7].
While there are different approaches for DSSE, increasing attention is paid to the
usage of Machine Learning (ML) based supervised learning techniques [8].

Supervised Neural State Estimation

The fundamental principle of supervised learning-based DSSE is the usage of labeled
data samples to train a model for specific tasks [9]. In the context of DSSE, this
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means that a model is trained to estimate the states of unmeasured buses based on
the available measurements within the power system. During the training process,
these estimations are compared against the true states of the unmeasured buses, as
illustrated in Figure 1.1. The difference between the estimated and true states serves
as the basis for adjusting the model parameters, ultimately improving its estimation
performance. When using Artificial Neural Network (ANN) as the underlying model
for SE, the process can be refered to as Neural State Estimation (NSE). However,
this approach faces a fundamental challenge: by definition, the actual states of
unmeasured buses are unknown in real-world applications. Consequently, the very
data one tries to estimate with the algorithm, is the data that is needed to train the
DSSE model.

Model Training

Tr
ue Measured
Unmeasured Bus State
Bus State
Jr

(: Error Artificial
Neural Network
Estimated

Unmeasured
Bus State

!

Figure 1.1: Simplified process of supervised learning for DSSE.

To circumvent the problem, current literature approaches rely mostly on synthetic
data for model development and validation. Most publications in this field utilize
standardized IEEE test grids as their foundation, complemented by generated time
series data that simulate bus load and generation patterns [10]-[13]. By conducting
power flow calculations using these synthetic load and generation profiles mapped
onto the electrical grid topology, researchers can create comprehensive datasets con-
taining complete grid states suitable for model training. The general approach is



outlined in Figure 1.2. The validation of these models typically follows standard ma-
chine learning practices, where model performance is evaluated using a separate test
dataset that was explicitly excluded from the training process. While this approach
enables the development and testing of supervised learning methods for DSSE in
this artificial context, it raises important questions about the applicability of the
methodolgy for real world distribution grids.

An increase in digitization of distribution grid data can be observed. This trend
is reflected in the growing research into digital twins of power systems [14]. A suf-
ficiently precise digital representation of the actual system might be the missing
bridge between synthetic model training and real application, which is the general
context of this dissertation. If the digital representation of the model can be lever-
aged to produce a system state representation that is reasonably similar to the real
system behavior a synthetically trained system might be transferable to its field
application. Information on today’s distribution grids is mostly sparse, especially
with respect to information about the load and generation systems connected to
the grid. Thus, the approach should be evaluated with a realistic data set available
to grid operators. The main research question synthesizes these considerations and
is:

Research Question 1: Is a NSE model trained on a synthetic representation of a
real grid transferable to field operation given our limited information about real
distribution grids?

When dealing with real measurement data instead of synthetically generated signals,
data quality challenges arise. On top of measurement noise, measurements can for
example be corrupted or missing. Corrupted data can lead to a degradation of
estimation performance. Furthermore, missing signals pose a problem for models,
like ANNSs, that expect a fixed-size input vector. Thus, detecting anomalies and
reconstructing missing signals is of considerable importance for employing NSE in
the field and the theme for the second research question, which is:

Research Question 2: Can synthetically trained ANNs be leveraged for anomaly
detection and signal reconstruction of field measurements in the context of NSE?

The process of estimating system states that are not explicitly measured is inherently
imprecise. This is especially true when used in grids with very sparse measurement
infrastructure. Additionally, there is a common concern surrounding the limited
transparency of ANNs due to the difficulty of interpreting how the models arrive at
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Figure 1.2: Conceptual overview of NSE using synthetic data.



their specific solution. These challenges highlight the need for methods that not only
provide state estimates but also quantify the associated uncertainty. Given a method
for uncertainty quantification, the process of state estimation can be extended to
include prediction ranges in a stochastic DSSE. This leads to the third research

question:

Research Question 3: How can the estimation uncertainty of NSE models be
quantified and used for stochastic SE?

Outline and Contributions

This thesis is structured as follows: Chapter 2 describes the fundamentals of the
DSSE. The conventional SE approaches are outlined and the different types of
measurements available for a DSSE are described. Furthermore, the basics of su-
perverised ML are described and how these approaches are used in the context of a
DSSE. The DSSE has certain associated challenges. Some of them are specific to the
problem domain itself and some are specific to the application of supervised methods
in the DSSE context. Those are described and form the basis for implementation
decisions of the approach of this thesis.

Chapter 3 is centered around a real DG that forms the data basis for the following
chapters. The grid model itself and the corresponding measurements from the field
are investigated. Based on this model a synthetic grid model including the load and
generation systems is created. Using the synthetic grid model a complete synthetic
data set is simulated and validated against the measurements from the field. By
generating a synthetic complete data set supervised learning models can be trained
on a representation of an actual power system.

In summary, the contributions of Chapter 3 are
— an approach for modeling a distribution grid for synthetic data generation;

— a demonstration of its ability to generate similar data distributions to its real-
world counterpart;

Real measurement data can be missing or corrupted due to various reasons. Since
dealing with these cases is essential for a robust DSSE, Chapter 4 investigates the
usage of Autoencoders for anomaly detection. Furthermore, the same model is lever-
aged for reconstructing anomalous signals. The model for anomaly detection and
signal reconstruction is shown to be effective on the synthetic data set. Additionally,
the transferability of these models to the actual field measurements is analyzed.
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In summary, the contributions of Chapter 4 are

— a demonstration of supervised-learning based anomaly detection transferability
to field application;

— a supervised-learning based signal reconstruction approach for anomalous data
and its transferability to field application;

Chapter 5 investigates the actual NSE implementation and compares it to the more
conventional Weighted Least Squares (WLS) method. After training and evaluating
the methods on the synthetic data set, the field measurements are used to analyze
performance in a field setting. The robustness of the NSE is investigated and a
mechanism for fine tuning is proposed and evaluated. To increase the transparency
of the model estimation uncertainty the usage of dropout layers is proposed for
quantifying the model uncertainty. The technique is extended to incorporate es-
timation intervals given the historical model errors to deliver a probabilistic state
estimation.

In summary, the contributions of Chapter 5 are

NSE field application transferability analysis;

NSE fine-tuning technique for increased robustness against load and generation

changes;

Monte Carlo Dropout for DSSE uncertainty estimation;
— probabilistic DSSE based on Monte Carlo Dropout;

In Chapter 6 a structural overview of the resulting components and their integration
into an overall system is given. Furthermore practical implementation considera-
tions are outlined. Chapter 7 concludes the thesis by summarizing the results and
answering the research questions that are posed. Finally, future research directions
are stated in the corresponding outlook section.



2 Fundamentals

This chapter provides the fundamental concepts and theoretical background of con-
ventional state estimation approaches and modern neural network-based methods.
The chapter begins by examining grid monitoring in distribution systems, including
the essential aspects of Distribution System State Estimation (DSSE) use cases and
formalizes the state estimation problem. It then explores different types of mea-
surements and their accuracy definition. The second to last section introduces the
principles of supervised learning and neural networks and their application to the
DSSE, before concluding with a comprehensive overview of current challenges and
requirements in DSSE implementation.

2.1 Grid Monitoring in Distribution Systems

2.1.1 Congestion Management and DSSE Application

The DSSE is an operational monitoring tool. Its fundamental purpose is the es-
tablishment of grid observability, by estimating the system state given a set of field
measurements, enhanced by additional data sources. The system state is defined by
the complex bus voltages and the resulting current flows along the power lines [7].
As such it forms the basis for any operation and control mechanism in distribu-
tion grids [15]. One central operational task that builds upon the grid observability
established by the DSSE is congestion management.

During congestion management limit violation of the electrical infrastructure is mon-
itored and alleviation measures are activated to prevent equipment damage [16].
The two fundamental types of congestion include voltage and current congestions.
A voltage congestion occurs if a bus voltage falls outside the range of plus or minus
10% of nominal voltage as referenced in the applicable DIN EN 50160 norm [17].
Current congestions occur when power flows exceed the rated current capacity of
the power line. By monitoring the system state the DSSE can detect congestions
and trigger operational measures. One of the most common measures for voltage
control is the usage of on-load tap-changers. These can control voltage levels by ad-
justing the transformers tap position as shown in [18] and [19]. Grid reconfiguration
measures can be employed if switches are present in the Distribution Grid (DG),
as investigated in [20]. Furthermore, reactive power can be managed by leverag-
ing Renewable Energy Sources (RES) as shown in [21]. More active managing of
RES and controllable loads plays an incresing role in congestion management. The
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recent g 14a ENWG obligates DG operators to put a DSSE in place in the near
future to identify grid congestions. In case of a congestion certain types of load,
like heat pumps and non-public electric vehicle charging stations should be actively
controlled by the grid operator. More broadly a lot of publication investigate the
effectiveness of flexibilities, controllable load and generation, on grid congestion
management [22]-[24]. On a longer time horizon the detection of grid congestions
as well as an establishment of infrastructure utilization is essential for refined grid

extension planning.

2.1.2 State Estimation Problem Formulation
Physical State Description

The state of the power system can be described by the collection of all complex bus
voltages z; = [vi, d;], made up of the voltage magnitude v; and the voltage angle J;
of the indivdual buses ¢. Values in this section are given in p.u.. We can therefore
define the system state as a state vector © = [z1, x2, ..., xn] with ¢ = 1,2,...,n where
n is the number of buses.

The different types of measurement variables can be related to that state vector.
Active and reactive power can be described by the power injection equation
{ Pi = V; Z;L:l Yij U5 COS ((51 — 5]' — 0”) 5 Vi, (2‘1)

Qi =iy . yivisin (6 — 65 — 0i5), Vi

where P; and Q; are the active power and reactive power injections at bus i. v;(;)
is the bus voltage magnitude, J;(;) the voltage angle at bus i(j). y:;£0:; is the ijth
element of the admittance matrix of the system.

Likewise line currents can be expressed as a function of the system’s complex volt-
ages, given

I; = \/(gfj + bfj)(vf + vjz. — 20;v; cos 0;5) (2.2)

where I;; is the branch current magnitude between buses i and j and V;(;) the
voltage magnitude of bus i(j). gs;; is the conductance and b;; is the susceptance
with respect to the ijth entry of the systemes admittance matrix [7].
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Measurement Function

The previously described system state is never known but can only be observed by
measurement devices. All measurements of the system can be composed into a mea-
surement vector z = [z1, 22, . . . , Zm|, Where m is the number of measurements. Given
that all measurements contain some level of measurement noise, the measurement
vector can be represented by

z="h(z)+e (2.3)

The non-linear function h(z) expresses the measurements in terms of the grids state
variables using the grid equations and e describes the measurement noise. The
overall state estimation task is to estimate the state vector = that best satisfies
Equation 2.3 [7], [25].

Grid Obeservability

An important characteristic as it relates to grid calculations and their various algo-
rithms is the observability of the grid. The observability characterizes the amount
of measurements m in relation to the grids’ amount of buses n. Mathematically this
can be described using the measurement redundancy n where

m

= 2.4
2xn—1 (2.4)

n

Given the redundancy 7 the observability can be classified as overdetermined, ex-
actly determined and underdetermined as depicted in Figure 2.1.

n>1 n=1 n<l1

Overdetermined Exactly determined Underdetermined

Figure 2.1: Classification of grid observability based on measurement redun-
dancy [22].
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Conventional state estimation approaches rely on an 7 value that is greater than one
and oftentimes values greater than two are recommended [7], [25]. Due to the limited
measurement infrastructure in DG the challenge of DSSE is handling redundancies

smaller than one.

2.1.3 Conventional State Estimation
Weighted Least Squares

In transmission system the State Estimation (SE) is traditionally solved using the
Weighted Least Squares (WLS) algorithm. In order to run the algorithm, the system
needs to be observable so the measurement redundancy 7 needs to be greater or equal
to one. It uses an iterative approach to minimize the least square of the error e.
Given Equation 2.3 this results in the following objective function

min J(z) = (z — h(z))" W(z — h(z)) (2.5)

where W = R~ represents the measurement weight matrix with which the measure-
ments are weighted by the inverse of their variance. For the mathematical derivation
of the formula reference [25].

/e 0 .- 0
0 1/o5 - 0
W=1 . ) . : (2.6)
0 0 - 1/a2

The optimal solution can be found using the optimality condition of J(z):

aJ(z)

S = —2H" (2)W (2 — h(z)) =0 (2.7)

H(zx) represents the non-linear Jacobian matrix which constitutes the partial deriva-
tives of h(x) with respect to x. The resulting system of equations is typically solved
using iterative procedures. One common approach is to use Newton’s method, using
the first terms of the Taylor series [25]. Using this method the following gain matrix
G is obtained, which represents the sensitivity of the measurements to changes in
the state variables

10
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Gxp) = H" (2,)WH(z,) (2.8)

with z, being the estimated z for iteration p and the iteration step delta derived
as

A, = (G(a,) " H (,)W (2 - h(z,)) (2.9)

The iteration state is then updated by

ZTp+1 = Tp + Azp (2.10)

The iteration process terminates when the magnitude of the state update falls below
a predefined threshold, satisfying the convergence criterion:

|zpr1 —zp| <€ (2.11)

where ¢ is a small positive value that defines the required precision of the solu-
tion. This ensures that further iterations would not significantly improve the state
estimate. [15], [26]

Additional Conventional Algorithms

Although the WLS is among the most common conventional state estimation algo-
rithm, it is not the only one. The different algorithms can be divided into static and
dynamic SE algorithms [27]. While static SE algorithms determine the steady-state
of the system, dynamic SE algorithms aim to capture the dynamics of the system
state [28]. Next to the aforementioned WLS, static SE algorithms also include the
Least-Absolute-Value algorithm. The Least-Absolute-Value algorithm uses the ab-
solute difference instead of the squared differences as the optimization basis. As the
WLS can be susceptible to bigger measurement errors [29], the Least-Absolute-Value
algorithm can deliver more robust results [30]. Additionally, Hachtels’s-Augmented-
Matrix method was proposed to increase numerical stability of the state estimation
problem [7], [31]. The method has been applied recently for Low Voltage (LV)
distribution grids [32], [33]. A central algorithm for dynamic SE is the Extended
Kalman Filter, an extension of the Kalman Filter supporting non-linear equations.
The method uses a sequence of historical measurements instead of a state snapshot
to estimate the state of a process [34]. The algorithm has shown to increase esti-

11
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mation results compared to WLS in certain scenarios [35]. Recently the authors in
[36], [37] have had considerable success with tensor completion methods. In tensor
completion, missing or unobserved entries are imputed, utilizing signal sequences.

2.2 Measurement Types and Processing

Effective monitoring and operation of power grids rely heavily on accurate measure-
ment data. This data provides insights into the real-time state of the system and
forms the main data source of SE algorithms. This chapter details the common mea-
surement technologies employed in DGs. Furthermore, the concept and application
of pseudo-measurements are discussed as a means to augment system observabil-
ity. Finally, the chapter examines the standards and implications of measurement
accuracy.

2.2.1 Measurement Infrastucture

Grid monitoring and grid operation functionality are surfaced in a Supervisory Con-
trol and Data Acquisition (SCADA) system. All measurement data from devices
in the field are preprocessed and supplied in real-time. While measurement infras-
tructure in the higher voltage levels is comprehensive, the same can not be said for
distribution grids. The technical specifications of available measurements depend on
the specific type of measurement device and its technical implementation. Broadly,
the common categories of available measurements are those installed in intelligent
substations, Micro-Phasor Measurement Units (uPMUs) and Smart Meters.

2.2.2 Intelligent Substations

The digitization in Medium Voltage (MV) distribution grids is mostly driven by
the installation of intelligent MV /LV substations. In addition to the MV /LV trans-
former, they are equipped with measurement infrastructure, communication func-
tionality, and varying degrees of control and protection abilities. Current research
focuses on intelligent devices that combine control and protection functionalities
based on available decentralized measurements [38]. Measurements in those sub-
stations are mostly installed on the LV side of the transformer and the type of
measurements that are recorded depend on the specific hardware implementation.
Communication is typically implemented via protocol standards IEC 60870-5, IEC
60870-6 and IEC 61850 [5]. Synchronization is achieved by NPT, achieving syn-

12
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chronization accuracy within a few milliseconds [38]. While sufficient for many
applications, it is not accurate enough for synchronizing high-frequency signals like
voltage angles.

PMUs and yPMUs

Phasor Measurement Units (PMUs) measure voltage and phase angle simultaneously
across different locations of the power system while utilizing a shared time source
for synchronization. Synchronization across different locations is achieved through
precise timing signals provided by the Global Positioning System (GPS) [39], [40].
The synchronicity of measurements allows for a true simultaneous SE [40], [41].
The output of a PMU typically includes the magnitude and phase angle of voltage,
frequency, rate of change of frequency, and a timestamp [42].

PMUs are mostly employed in the transmission system as their limitations hinder
DG adoption. Firstly, their relatively high cost is unsuitable for broad application
in DG [42]. Secondly, due to shorter distances and less current magnitudes in DG,
power flows, angle differences are typically two orders of magnitude smaller. Addi-
tionally, the signal-to-noise ratio is lower due to generally smaller signal magnitudes.
Because of that, the precision requirements of the measurement device are higher
[43]. The pPMU has been developed to overcome those shortcomings. Not only
do they cost an order of magnitude less, but they also address the specific accu-
racy demands [43], [44]. Field application of uPMUs encompass a broad range of
monitoring and protection functions encompassing

DSSE

— Topology Detection

Phase identification

Event Detection
— Fault Location

among others [43].

Smart Meters

Traditional power meters are being replaced by smart meters. Due to the Smart-
Meter-Gateway communication interface, live measurements can be sent to a third-
party. Depending on the manufacturer and model, the measurement devices can
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measure voltage, current as well as active and reactive power in at least 15-minute
time intervals.

One significant difference between PMU-based and smart meter-based DSSE algo-
rithms is the availability of phase angle data. In systems with only smart meters,
many researchers have assumed that the nodal voltage phase angles are almost equal,
known as the “small phase angle difference” assumption [45]. However, the addition
of voltage phase data or flow measurements from PMUs can significantly improve
the performance of estimation and identification routines [46].

Different national political schemes and directives have been set to foster the smart
meter rollout. Furthermore, rules, and regulations apply to the potential usage
of the collected data, which are tied to European data protection laws [47]. In
Germany, the transmission of grid state information to the responsible grid operator
is currently only allowed under certain condition. Noted use cases include grid state
estimation and managing of grid congestions as part of the § 14a [4].

Pseudo-Measurement

Besides direct physical measurement of state variables, pseudo-measurements rep-
resent a class of representative values that substitute actual measurements. Given
the lack of observability in DGs, their use aims to augment the state information
of the system artificially. There are a wide variety of different kinds of pseudo-
measurements and many methods to obtain them. Common examples include stan-
dard load profiles or model calculations for substituting the power demand or gener-
ation of actual systems [48]. Given the inherent inaccuracy of pseudo-measurements
and the variability of RES, applying traditional WLS methods has been difficult [49].
In DSSE pilot field applications, a variety of pseudo-measurements are used. The
authors of [50] use the maximum historical bus load, current weather and bus gen-
eration capacity to distribute the measured load throughout the individual buses.
In [51], forecasted load and generation values are considered based on previous mea-
surements. To estimate reactive power values, in [52] a Q(V)-droop controller is
used. The authors of [53] use weather nowcasts to infer renewable energy produc-
tion to use as pseudo-measurements.

2.2.3 Measurement Accuracy

Measurement device accuracy is specified by their associated accuracy class. Typ-
ical accuracy classes are 1, 3, and 5, as well as 0.1, 0.2, and 0.5 for more precise
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measurements [54]. The numerical value of the accuracy class defines the maximum
permissible deviation under reference conditions. For a measurement device with ac-
curacy class 1, the maximum permissible deviation under reference condition would
be 1 % concerning the measured value. Requirements for smart meter accuracy have
been specified in a corresponding EU directive.! The directive defines measurement
accuracy classes A, B, and C. These correspond to numerical classes of 3.5, 2, and
0.7 for three-phase loads or 4, 2.5, and 1 for single phase load given a three-phase

measuring device.

2.3 Supervised Learning and Neural State Estimation

Artificial Neural Networks (ANNs) are powerful universal function approximators
capable of learning complex patterns from data. Their ability to model non-linear
relationships across diverse data sets makes them well-suited for a wide range of ap-
plications in electrical engineering, including distribution system state estimation.
Depending on the task and available data, there are different training modalities, in-
cluding unsupervised, semi-supervised, and supervised learning. This thesis focuses
on supervised learning techniques.

In supervised learning, the model is trained on a labeled dataset of input-output
pairs, where the output or labels serve as ground truth. Two fundamental ap-
plication areas for supervised learning are regression and classification tasks. In
regression tasks, the model learns to predict continuous values. For instance, esti-
mating nodal voltages in an electrical grid can be interpreted as a regression task.
In classification tasks, the model learns to assign inputs to discrete categories or
classes, such as identifying anomalous measurements.

2.3.1 Multilayer Perceptrons

Deep feedforward neural networks, also known as multilayer perceptrons (MLPs),
form the foundation of many modern neural network architectures. These networks
consist of multiple layers of interconnected neurons, where information flows unidi-
rectionally from the input layer through one or more hidden layers to the output

layer.

!Directive 2014/32/EU of the European Parliament and of the Council of 26 February 2014 on
the harmonisation of the laws of the Member States relating to the making available on the
market of measuring instruments
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The mathematical representation of a feedforward neural network can be expressed

as:

y = U(l)(W(l)U(l—l)(W(l—l) .. 0(1)(W(1)1: + b(l)) + b(l—l)) + b(l)) (2.12)

where x is the input vector, y is the output vector, [ is the number of layers, W;
and b; are the weight matrix and bias vector for layer i, respectively, and o; is the
activation function for layer ¢. A visual representation of a multilayer perceptron is

depicted in Figure 2.2.

Input Hidden Layers Output
Layer

Figure 2.2: Structure of a Multilayer-Perceptron with three hidden layers.

A detailed representation of how to calculate single neuronal output and the result-

ing layer output is represented in Figure 2.3.

2.3.2 Activation Functions

Activation functions introduce non-linearity into neural networks, enabling them to
learn complex patterns and relationships in the data. Without activation functions,
neural networks would be limited to learning linear transformations. The choice
of activation function significantly impacts the network’s learning capability and

performance [9)].
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Figure 2.3: Singular neuron and neural network layer output calculation.

Most commonly rectified linear units are recommended for hidden layers in neural
networks [55], [56]. The Rectified Linear Unit (ReLU) function depicted in Fig-
ure 2.4a and is computed as follows:

if 2 > 0
o(z) = max(0,z) = { = (2.13)
0 ifz<0

One practical concern is the so-called “dying ReLLUs” phenomenon, where neurons
end up outputting exclusively zero during training. To address this issue, several
ReLU variants have been introduced such as the leaky ReLU [57], the exponential
linear unit (ELU) [58] and the scaled exponential linear unit (SELU) [59].

The activation function used in the output layer depends on the task. For regres-
sion tasks, the identity function is commonly used. Classification tasks mostly use
the maximum likelihood method given a calculated set of probabilities for different
classes. The sigmoid function is a common choice to compute probabilities in the
output layer [9]. It is depicted in Figure 2.4b and calculated as follows:
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1
= 2.14
o) = 1 (214)
4 o(x) 1 o(x)
3
2 0.5
1
. x
_4 _9 2 4 —4 -2 2 4
a) ReLU Function b) Sigmoid Function

Figure 2.4: Visualization of ReLU and Sigmoid activation functions.

2.3.3 Training Neural Networks

For ANNs to calculate anything useful, they have to be trained. The following
description is based on [60]. Neural network training is the process of adjusting the
ANN parameters, the weights and biases, to minimize a predefined loss function L.
The loss function quantifies the models’ performance on the given input data. A
common loss function is the mean squared error:

n

Lyse = %Z(yz —4)° (2.15)

i=1
where y; is the true and §; the predicted value for training sample i.

Given a quantified loss, the training process is an optimization procedure that min-
imizes the loss by updating the trainable parameters. The most common opti-
mization method is the iterative gradient descent method. For each iteration, the
partial derivative of the loss function for each trainable parameter is calculated.
The resulting gradient of the loss function represents the direction that reduces the
loss function most rapidly. Each parameter is updated in gradient direction with
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a predefined step size called the learning rate. Given a loss function £(0), where 6
represents all trainable parameters of the network, the gradient descent update rule
is:

Opr1 =10, —nVeLl(6,) (2.16)

where 7 is the learning rate that controls the step size, and V¢£(6,) is the gradient
of the loss function with respect to the parameters at iteration p.

The computation of gradients over the entire training dataset is computationally
expensive. Instead, Mini-Batch Gradient Descent and Stochastic Gradient Descent
compute gradients on small random subsets of the data called mini-batches or sin-
gular training samples, respectively. In this way, they represent a trade-off between
computational efficiency and gradient accuracy.

2.3.4 Feature Scaling

ANN training features can have significantly different scales. While voltage mag-
nitude values, if noted in p.u., typically range from 0.9 to 1.1, the range of power
values is much wider. Due to the gradient-based optimization this can destabilize
training and reduce convergence speed. Feature scaling is a preprocessing step that
harmonizes the feature scales which alleviates that concern. Common feature scaling
techniques include:

— Min-Max Scaling: Scales features to a fixed range of typically [0, 1]:

Tscaled = m (217)

Tmax — Lmin

— Standardization: Transforms features to have zero mean and unit variance:

z—p
scaled = 2.18

where p is the mean and o is the standard deviation of the feature.

Scaling parameters, like Zmin/max, (¢ and o, should be computed only on the training
data and then applied to validation and test sets to prevent data leakage [60].
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2.3.5 Hyperparameters and Hyperparameter Tuning

Unlike the trainable parameters (weights and biases) hyperparameters are set before

training and control specifics like model size and the training process. Choosing a

proper set of hyperparameters significantly impacts training and model performance.

Some of the key hyperparameters, as mentioned in [9], include:

Network Architecture: The amount of hidden layers and neurons per layer.
Additional layers and neurons increases the model’s complexity but can lead

to overfitting.

Activation Function: The non-linear function that gets applied to neuron
outputs.

Weight Initialization: Method to set initial weights before training. Differ-

ences in weight initializations can influence convergence behavior.

Learning Rate: The step size during gradient descent optimization. While
too large values can cause unstable training, too small values hinder the con-
vergence of the model.

Number of Epochs: The number of complete passes through the training
dataset during training.

Batch Size: Controls the number of training samples in each batch during
Batch Gradient Descent. Larger batches can provide more stable gradients
but require more memory and might increase the overall training duration.
Optimizer Configuration: Algorithm specific parameters that control the
optimization process.

Regularization Parameters: Parameter settings to control overfitting pre-
vention, such as dropout rate or L1/L2 regularization strength.

Searching for the best combination of hyperparameters is called hyperparameter

tuning. Since evaluating a set of hyperparameters requires an entire model training

run, this search can become prohibitively computationally expensive. Some of the

standard procedures are listed in [61], [62] and include:

20

Grid Search: Evaluates all combinations from predefined sets of hyperpa-
rameter values. While comprehensive, this becomes computationally expensive
with many hyperparameters.

Random Search: Samples hyperparameter combinations randomly from pre-

defined ranges. It can be more efficient than grid search, particularly when
hyperparameters have varying levels of importance.
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— Bayesian Optimization: Uses probabilistic models to guide the search for
optimal hyperparameters. The optimizer learns from previous evaluations to
focus on promising regions of the hyperparameter space.

2.3.6 Neural Networks for State Estimation

Early applications of ANN for SE date back to 1991 in a transmission system con-
text [63]. The rise in distribution system complexity and advanced Machine Learn-
ing (ML) methods have lead to increased research in the field in recent years [64].
State-of-the-art DSSE methods utilizing neural networks can be categorized into
three primary approaches:

Purely data-driven approaches

These methods rely solely on neural networks to estimate the grid state from the
available measurements. The foundational architecture is the deep feed-forward
neural network. This model has been successfully trained and utilized given labeled
synthetic data [65]. In [66], Autoencoders were used as a basis for DSSE, utiliz-
ing two separate ANN for encoding and decoding measurement state vectors. An
Attention-Enhanced Recurrent Neural Network for modeling pseudo-measurements
was proposed in [67]. This method utilizes power series analysis at the source and
load in the time and frequency domains. It creates a period-dependent extrapolation
model that characterizes the power series in these domains.

Physics-Informed Neural Networks

These methods integrate the physical laws and topology of the power grid into the
architecture of the neural network. The authors in [13] integrate the grid parame-
ters into a physics-informed loss function for the neural network. The inclusion of
the grid topology can reduce the number of coefficients needed to parameterize the
mapping from measurements to the grid state. For example, a Physics-Aware Neu-
ral Network (PAWNN) was proposed in [68], exploiting the structure of the power
grid to reduce the number of coefficients required to realize the state estimation
mapping. It does so by exploiting the separability of the estimation problem, thus
preventing overfitting and reducing the complexity of the training stage. Unrolling
an iterative physics-based prox-linear solver was proposed in [69] as a physics-based
Neural State Estimation (NSE) approach. The methods outlined in [68], [69] and
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additional graph-based architectures from [70], [71] were compared in [P3]. It was
found that recurrent graph convolutional models performed comparably to more
specialized models at lower model complexity. GNN-based state estimators have
also been proposed in [12] that model the state estimation problem in distribu-
tion networks as node-level prediction problems on their graph representations with
state measurement matrices and tensors as input features. A Graph Convolutional
Network based approach for state estimation was presented in [72] that directly
integrates the graph structure of the network into the filter matrix of the GCN.

Hybrid approaches

These methods combine neural networks with traditional model-based state esti-
mators. For instance, neural networks can generate pseudo-measurements or pre-
initialize unknown measurements for conventional state estimators [73], [74]. A hy-
brid state estimator is presented in [73], which uses an ANN for topology identifica-
tion and a set of ANNs combined with a WLAV algorithm for state estimation. This
hybrid approach combines the strengths of data-driven and model-based approaches
to ensure robust estimation results given different time resolutions of measurements.
Given incomplete measurement data, a trained ANN estimates during limited ob-
servability states. A weighted least absolute value approach is used in case of full
observability of the network. The authors in [74] use a ANN to create an initial
state estimation that gets refined using conventional optimization methods. In [75],
neural networks estimate the bus injections from real-time measurements. These
estimated bus injections can then be used as pseudo-measurements to compensate
for the lack of real-time measurements.

2.4 Distribution System State Estimation Challenges

Implementing DSSE presents unique challenges distinguishing it from traditional
state estimation approaches used in transmission systems. These challenges arise
from the distinct characteristics of DGs and their environmental properties. Several
technical, operational, and implementation challenges must be addressed for success-
ful deployment of the DSSE. This section systematically examines these challenges
from two perspectives: general challenges inherent to DSSE and specific challenges
that emerge when applying supervised learning techniques to this domain. Un-
derstanding these challenges is essential for developing robust and practical DSSE
solutions that can meet the particular requirements.
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2.4.1 General Challenges
Distribution System Observability

The central challenge the DSSE has to handle is the DG’s limited observability due
to limited measuring infrastructure. Different advanced algorithms and estimation
techniques are developed to overcome this hurdle. While WLS-based approaches
tend to utilize pseudo-measurements as measurement replacements, other types of
algorithms and computational methods, such as ANNs, do not require full grid
observability [46].

Grid Topology Identification

One of the most influential factors on the voltage of individual nodes is their relative
position in the graph model. The topology identification problem can be classified
as a system configuration or a topology learning problem. Firstly, the system config-
uration identification problem deals with identifying the current operating topology
of the grid. The basic topology is known, but local events like switching, faults, and
line disconnections might not be registered [46]. Possible solutions include the anal-
ysis of voltage statistics [76], [77], a recursive Bayesian approach [78], [79], using an
Autoencoder [80], among others [81], [82]. Secondly, the topology learning problem
deals with the fact that the system operator might not have complete or even par-
tial knowledge of the basic grid topology. Given the bus and branch measurements,
the objective is the discovery of the underlying graph topology. [46] Using a sparse
graph recovery algorithm, authors in [83] leverage the DC power flow, while the
authors in [45] rely on the probabilistic relationships between different voltages.

Unbalanced Grid Operation

The transmission system is mostly symmetric, meaning there is little difference in
state between the phases other than their phase shift. In such cases, the SE problem
can be simplified to a single-phase SE [7]. The situation can be different in DGs,
particularly in low-voltage grids. One driver for increases in phase-imbalances is the
rise in RES. Since asymmetrical infeed to a maximal imbalance of 4.6 kVA is allowed
according to the applicable rule [84], a significant amount of Photovoltaic (PV)
plants are connected to a single phase [85]. Therefore, a three-phase estimation
model might be necessary to achieve satisfactory precision [15]. The authors in [86]
have investigated a three-phase low-voltage state estimation using the conventional
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WLS approach. When using ANNs for state estimation, the input of the models
can be extended to incorporate all individual three-phase measurements and output
results for all three phases accordingly. Alternatively, the model can be fed with the
input combination for the three phases individually [65].

Differing Measurement Time Resolutions

Given the diversity of measurement devices and their different technical implemen-
tation, measurement signals might have different resolutions. That leads to differing
measurement vectors that complicate the SE computation. To account for the dif-
ferent measurement combinations, the authors in [87] introduce a dynamic state
estimation. Each estimation is a function of the previous estimate, the variable
amount of gathered measurements, and inertia parameters. This approach is com-
pared to a WLS approach in [88]. Here, additional measurements are considered
pseudo-measurements with a finite time window.

Asynchronous Measurements

While PMUs and pPMUs are usually synchronized using a GPS signal, the same is
not true for smart meters. The resulting asynchronicity can lead to worse estimation
results [8]. In [89], the authors synchronize the measurements by maximizing the
temporal correlation between the different data signals.

Measurement Inaccuracies, Faults, and Missing Signals

Measurements contain some level of measurement inaccuracy (see Subsection 2.2.3).
The SE needs to be sufficiently robust to deal with the noise level. Furthermore,
measurement faults can occur due to device failure or failure of the communication
infrastructure, leading to faulty or missing data. Research at the intersection of
power systems and ICT investigates SE performance with respect to combined power
system and ICT requirements [90]. One solution to handle grave errors or missing
signals is to reconstruct such signals. In [80], the usage of Autoencoders for signal
reconstruction is proposed.

Cybersecurity Concerns

As more and more measurement and communication infrastructure is integrated
into the DSSE, and increasing monitoring and operational measures are introduced,
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the surface area for potential cyberattacks and, therefore, the associated risk in-
creases. Such attacks aim mainly to either manipulate data collection or disrupt
data communication [91]. Current research investigates the establishment of trust
values for physical measurements that capture not only possible cyberattacks but
also other sources of measurement errors and inaccuracies [92]. In [93], the authors
leverage the trustworthiness of input measurements to estimate the trustworthiness
of the SE state variables.

Low X/R Ratio

A common way to simplify the state estimation problem and improve computational
speed relies on the assumption of a low resistance-to-reactance ratio of transmissions
system lines. DG lines exhibit higher resistance [25]. Since this invalidates the basic
assumption of the simplification, these methods have become infeasible [94].

2.4.2 Supervised Learning Challenges

A supervised learning system uses labeled training data to learn a task given ap-
propriate model training. This specific modality raises certain practical challenges
and poses specific questions about their reliability that are not discussed much in
current research.

Training Data Generation

Most fundamentally, supervised learning techniques learn from labeled training data.
Ideally, this would be data from the actual system. Given the nature of the issue the
DSSE is trying to solve, the electrical grid for which the DSSE should be utilized is
only sparsely measured. In effect, no complete data set for training is available, and
different means of generating sufficient training data are necessary. Most literature
approaches solely rely on generated synthetic data. This approach, however, does
not apply to real-world systems where the DSSE would be employed. Actual training
data generation is, therefore, more complex [72].

Changes of Operation State

When training a supervised model, that model gets fitted to the particular under-
lying data distribution of the training data. Even if the training data is a realistic
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representation of the measurement distribution initially, the measurement distribu-
tion might change over time. This could be due to new consumers and generators
being added or removed from the grid. If enough of those changes occur, the training
and measurement distribution drift apart, leading to worse estimation results also
known as data drift [95]. Firstly, the sensitivity of trained models to those changes
in generation and consumption patterns should be analyzed. Secondly, a mechanism
that detects the mentioned changes and provides an appropriate response should be
in place.

Estimation Confidence

A common critique of ANN and other ML models is their black-box nature. Since
these models are not rule-based but are fitted to the data, it is hard to introspect
any given estimation. As the DSSE is a monitoring and operation tool for critical
infrastructure, trust concerning algorithm performance plays a central role. Thus,
any mechanism for increasing confidence in the model estimation or quantification
of the estimation error increases trustworthiness and facilitates potential field im-
plementation of the algorithm. Approaches in literature include using bayesian deep
unfolding [96] and a probabilistic approach, estimating states with confidence inter-
vals [97].

Model Estimation Validation

Since the DSSE model outputs estimation for unmeasured buses, the model’s output
lacks a means of result validation. Validation is possible when given a synthetic
dataset where the complete system state is known. When using an actual grid
model with limited observability, any estimation for unmeasured buses can not be
validated by comparison to a ground truth or measured value.

This thesis mainly focuses on the real-world applicability of supervised learning for
DSSE. As such, the focus lies, although not exclusively, on addressing the mentioned
specific supervised learning challenges. Figure 2.5 depicts an overview of where and
how the individual challenges are addressed.

2.5 Summary

This chapter establishes the fundamental concepts and theoretical background nec-
essary for understanding DSSE and its implementation using neural networks. It
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Figure 2.5: Overview of different supervised learning specific DSSE challenges in-
cluding how and where they are covered in this thesis.

begins by introducing the principles of grid monitoring in distribution systems, ex-
plaining how the DSSE serves as an operational monitoring tool for establishing grid
observability and managing congestions. The conventional state estimation problem
formulation is presented, including the mathematical foundations of the Weighted
Least Squares method and other traditional approaches.

The discussion of measurement types and processing highlights the various data
sources available for state estimation, from PMUs and smart meters to pseudo-
measurements, along with their respective characteristics and limitations. Addition-
ally, quantification of measurement accuracy due to specification of measurement
accuracy classes is discussed. The chapter then introduces the principles of su-
pervised learning and neural networks, covering essential concepts such as network
architectures, activation functions, and training procedures. The application of neu-
ral networks to state estimation is explored, presenting different approaches ranging
from purely data-driven methods to physics-informed and hybrid solutions.

Finally, the chapter concludes with a comprehensive examination of both general
DSSE challenges and specific issues related to supervised learning applications.
These challenges and various practical implementation concerns, especially those
related to supervised learning based DSSE form the foundation for understanding
the research problems addressed in subsequent chapters. Building on this founda-
tion, the following chapters aim to develop and analyze solutions that bridge the gap
between theoretical approaches and practical implementation in real-world DGs.
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In the literature, supervised learning approaches for DSSE are trained, evaluated,
and tested solely on synthetic data. The fundamental problem is that the model
training requires a complete training data set, which is only present for fully observ-
able grids. Since the problem the DSSE is trying to solve is estimating the state of
a not fully observed grid, a complete training data set is not available by definition.
Given the rising importance of synthetic grid models, exemplified by the ongoing
research into digital twins [98], a potential solution is to utilize synthetic models to
simulate the grid’s behavior. If the simulation is sufficiently accurate, the simulated
data set can be used for model training and transferred to field application.

To explore this approach, this chapter describes the grid modeling and simulation
for an existing MV grid. First, the real-world MV distribution grid is described in
Section 3.1. Section 3.2 describes the construction of a synthetic training data set,
based on that grid model. Finally, the synthetic data set is validated by evaluating
the simulation results with respect to the physical field measurements.

3.1 Grid Model Description

As part of the grid model description, the physical system and the measured system
state is analyzed. Given the limited digitalization seen in today’s distribution grids,
one central challenge is data quality. The available data is often extracted manually
from documents which is susceptible to human error. Furthermore, it can’t be
assumed that all of the information is up to date. Since a lot of the information
given by the grid operator cannot be verified, one can expect certain inaccuracies.
This is true for the electrical grid model but especially for supplemental details on
connected systems. The data set used here is no exception. While this makes some
evaluations more challenging, it is a realistic representation of implementing this
methodology in the field.

3.1.1 Electrical Grid Model

The electrical grid used to validate the real-world performance of the developed
models is a 20kV MV grid. The grid contains two branches. Only one of those
two branches is equipped with measurement devices. Since the unobservable branch
does not allow any validation, the model was reduced to the measured branch. This
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was possible since there is no electrical connection between both branches, making
them electrically independent.

The reduced model consists of 48 nodes and 46 lines with an aggregated line length
of about 30km. A graph model of the grid is depicted in Figure 3.1. While the
graph model presents the general graph structure, the graph was morphed to ensure
data protection. Of the overall 48 nodes, 19 nodes are equipped with measurement
devices.

e Unmeasured e Measured e HV/MYV Transformer (Slack Bus)

Figure 3.1: Schematic grid model diagram of the MV grid’s measured branch.

3.1.2 Measurement Devices

The installed measurement devices installed record the following values:
— Three-phase active power
— Line-to-ground voltage
— Voltage angle

— Active Power

Except for the three-phase active power, all values are recorded for all three phases
individually. All measurements are installed at the LV side of the MV /LV trans-
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former. The measurement devices have a specified accuracy class of 1, which means
the maximum error is expected to be 1 % of the measured value (see 2.2.3). Unfortu-
nately, the angle measurements are not precisely gps-synchronized. Given its 50 Hz
frequency, minor asynchronies make it unusable for validating angle estimations in
the SE.

3.1.3 Connected System Participants

Table 3.1 lists registered systems that are connected to the grid. The supplied area is
primarily residential. Therefore, household appliances and their respective heating
demand incur most of the load. Concerning distributed generation, a high share of
PV systems can be observed.

The quantities in Table 3.1 have some associated uncertainty. The numbers them-
selves might not be up to date, and several unregistered systems are expected.
Furthermore, no precise information about individual systems and their parameters

is known.

Table 3.1: Overview of registered systems within grid region

System Count Power kW]
Household 671 -
PV plant 219 3277
Night storage heating 112 1718
Direct heating 7 237
Heat pump 30 116
Storage 7 38
EV charging station 7 118
Other 87 270

3.1.4 Measurement Preprocessing

One of the major differences between synthetic and real data is the existence of
faulty measurements and measurement inaccuracies. Furthermore, voltage scaling
is necessary for comparing measured voltages due to varying transformation ratios
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of the transformers. This section outlines the corresponding preprocessing steps to
prepare the measurements for this thesis.

Voltage Scaling

Voltages in the context of the DSSE are mostly presented in p.u. units with respect
to the rated voltage of the grid level. Since the measurement devices measure
absolute values on the LV side of the MV/LV transformer the measurements are
scaled accordingly. To relate the LV side measurement to the MV side voltage, the
voltage is scaled using the voltage ratio of the respective transformers, taking into
VA(B)

account their set tap positions. If we consider V;',..2,

to be the nominal voltage of
the higher (lower) voltage side of the transformer 7, \; its’ tap position and dV; the
relative voltage magnitude increase per tap position, one can calculate the voltage

transformation ratio A; as follows:

VA
Ai = 22l o (14 N x dV;) (3.1)

i,rated

The voltage measurements v;(t) in p.u. can then be calculated as:

’U—;(t) = ‘/,(t) X A-; (3.2)

where V;(t) is the LV side voltage magnitude measurement. To get the precise
MV-side voltages, the respective voltage drops of the transformer would need to be
considered. As no technical specifications of the MV /LV transformers were available,
these were neglected.

Faulty Measurements

Measurements from field devices are subject to numerous potential influences that
can lead to wrong or missing signals. Potential sources of errors include unregis-
tered tap changes, signal loss, or technical errors of either the measurement device
or the communication infrastructure. Figure 3.2 shows two examples of potentially
faulty measurements from the data set. In both examples, the potentially faulty
measurement was contrasted alongside the electrically closest measurements. The
electrically closest measurements are those with least aggregated impedance between
the individual buses. Subplot a) clearly shows that a lost or faulty signal leads to
constant measurements throughout the day. Subplot b) becomes conspicuous when
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3.1 Grid Model Description

compared to the closest measurements. Given the tight correlation of close measure-
ments, a sudden jump in their relative differences is unlikely. The jump in voltage
is best explained by a unregistered tap change of the corresponding transformer.

—— Anomaly —— Closest

1.04
v/pu. T+

1.02

1.01 |

) Possible Signal Loss

1.04 |
v/p.u. T+
1.02
1.01 |

T T T T T T T
00:00 04:00 08:00 12:00 16:00 Time — 00:00
b) Possible Tap Change

Figure 3.2: Exemplary suspected anomalies of the measurement data. "Closest" de-
notes the electrically closest measurements to the suspected measure-
ment anomaly.

Filtered Measurements

As the measurements will be used to assess model performance throughout this
thesis, faulty measurements pose an evaluation problem. When the output of a
model is compared to a measurement, a faulty measurement as the expected value
will lead to incorrect assumptions about the model’s accuracy. For that reason, a
filtered data set was created. As referenced in Figure 3.2, while the signal loss can
be identified due to a constant signal, identifying other measurement faults is more
complex and can not be easily verified. Consequently, only constant signals were
extracted from the measurement data. A measurement is considered constant if its
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3 Grid Model and Training Data Generation

values do not change for at least three consecutive time steps. Chapter 4 deals with
detecting other anomalies.

Measurement Noise

Given the accuracy class of 1 of the measurement devices, raw measurements are
expected to have a maximum error of 1 % (see 2.2.3). Random measurement noise
is expected to be approximately normally distributed. If one assumes the maximum
error e of the true value z to not be exceeded within three standard distributions,
the standard deviation of the measurement o, of the random noise can be calculated
by:

IXe?

7 = 3% 100 (8:3)

A detailed explanation of the formula can be referenced in [99]. The same or a
similar procedure of modeling measurement error has been used in similar publica-
tions [22], [65]. Figure 3.3 depicts a synthetic voltage magnitude signal with noise,
sampled from a normal distribution, given the noise standard deviation as outlined
in Equation 3.3 for a measurement class of 1.

—— Noisy True
1.03
v/p.u. T
1.01
1.00 -
0:60 4:60 8:60 12:‘00 16;00 Tim‘e — 00:‘00

Figure 3.3: Synthetic measurement signal with generated measurement noise.

Figure 3.4a) depicts measurements of three nodes located directly next to each other.
One would expect the underlying true voltage to be very similar, so their relative
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3.1 Grid Model Description

difference indicates the level of measurement noise. Subplot b) shows a measured
signal with synthetically applied noise. Each time series has the same underlying
signal but independently sampled noise based on Equation 3.3. Given the specified
measurement accuracy, this represents the expected relative difference of similar
signals. The expected signal difference due to noise and the actual measurement
similarity of close measurements suggests that some measurement preprocessing or
averaging was applied. Unfortunately, no specific information thereof is known,
which complicates later analyses.

—— Measurement A —— Measurement B —— Measurement C

1.04
v/p.u. T
1.02
1.01

a) Electrically Close Measurements

Variation A

Variation B

Variation C —— True }

0:00 4:00 8:00 12:00 16:00 Time — 00:00
b) Signal with Synthetic Noise

Figure 3.4: Close measurements with actual noise and corresponding signal with
synthetically generated noise.

3.1.5 Measurement Evaluation

A base analysis of the measurements was performed to understand the overall grid
behavior. The analyzed values are measured throughout the year 2023.
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Table 3.2: Minimum, mean, and maximum spread

statistics of measured bus volt-

ages
Minimum Mean Maximum
in pu in pu in pu
Minima 0.9967 1.0013 1.0089
Means 1.0197 1.0240 1.0270
Maxima 1.0468 1.0642 1.0754

Voltage Evaluation

The bus voltage distribution is shown in Figure
1.0 p.u. and do not exceed 1.08 p.u..

3.5. Voltages rarely fall below

Given the formal voltage range of 0.9 to

1.1 p.u. no formal voltage congestions are measured. Furthermore, 90 % of all

measured voltages fall into the range of 1.01 to

1.04 p.u.. Minimum, mean and

maximum statistics are notated in Table 3.2. Each row represents the minima,

mean and maxima of all bus voltages and the column the mean, minimum and

maximum values of these respectively.

1.08 -
v/p.u. T
1.04 -
1.02 -

1.00 +

‘ \
@@@@@@@@@@@@

T
be fb\ qu' fz?’ R

PP P I I

Figure 3.5: Measured MV side bus voltage distributions.

Figure 3.6a depicts a histogram of the HV/MV
To calculate the voltage spread within the MV

transformer voltage magnitude.
grid, the deviation between the

individual bus voltages and the HV/MV transformer voltage was calculated. The
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3.1 Grid Model Description

voltage deviation histogram is shown in Figure 3.6b where f denotes the normalized
frequency. Most of the time, the voltage deviation is relatively small, with 90 % of
deviations between -0.40 and 1.36 %. The deviation is skewed positively indicating,
that higher deviations are caused by infeed rather than load. The long tails of the
histogram show that rare outlier events occur with deviations of up to -5 and 5 %.

0.15 | 0.30 |
f/=11 F=1
0.05 - 0.10 -
0.00 - 0.00 —+ \ \ T \
1 102 104 y/pu — 525 0 A% — 5
(a) HV/MV Voltage Distribution (b) MV Voltage Deviation

Figure 3.6: Relative frequencies for the MV-side voltage magnitude of the HV/MV
connection and the voltage deviations of all MV nodes with respct to
the MV-side HV/MV connection.

Power Evaluation

The measured bus power distribution is visualized in Figure 3.7. Positive values
indicate load and negative values net generation. Minimum, mean and maximum
statistics are notated in Table 3.3. The amount of load and generation differs widely
between the respective nodes. Most notably, Bus 14 contributes the highest load
and infeed. While load on average tends to be positive, most buses have considerable
PV generation resulting in high generation peaks, that oftentimes surpass the load
peaks. This indicates the challenge for distribution grids caused by high simultaneity
of renewable generation.
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Figure 3.7: MV side bus active power distribution for all measured buses.

Table 3.3: Minimum, mean, and maximum spread statistics of measured bus

power
Minimum Mean Maximum

in kW  in kW in kW

Minima -323.80 -97.14 -1.91

Means -26.82 7.12 34.66
Maxima 13.26 75.01 275.98

Measurement Asymmetries

To investigate the measurement asymmetry the individual phase voltage deviation
from the mean voltage is calculated. The mean voltage is calculated as follows

3(t) = v (t) +v ?,(t) + v°(t) (3.4)

Voltage deviations here and for the remainder of this thesis are given in percentage
deviation from 1 p.u.. This is chosen since voltage deviations are small overall.
Hence, deviations of 0.001 p.u. are harder to read than 0.1 %. The phase voltage
deviations for phase v € {a,b, ¢}, Av”(¢) follow:
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3.2 Synthetic Grid Model

AV (t) = (07 (8) — 5(t)) x 100 % (3.5)

and are shown in Figure 3.8.

Av/% 1 A :
. T
_9 |
'
A B c

Figure 3.8: Phase voltage deviation from mean voltage in %.

The IQR of all three plots is below 0.15 %, with the most extreme outliers ranging
from —3.00% to 3.32%. In total only 1.5 % of values exceed a deviation of 1% or
—1%. Some of those might be due to measurement errors rather than electrical
asymmetry. Given that the measurements are mostly symmetric a single-phase SE
is deemed sufficient for the context of this thesis.

3.2 Synthetic Grid Model

To create a synthetic data set that represents the usage patterns of the real grid, a
synthetic grid model is created. The model consists of the specific grid infrastruc-
ture, e.g. buses, lines and transformers, as well as the load and generation systems
connected to the grid. Using the energy system simulator SIMONA, a time-series
simulation of grid usage is performed. To assess the accuracy of the synthetic data
set, it is compared against the real-world measurements.

3.2.1 Grid Data Conversion

The grid model is converted via the openly accessible powerFactory2psdm?, devel-
oped to convert the available PowerFactory grid model to the PowerSystemDatamodel

2powerfactory2psdm on Github - https://github.com/ie3-institute/powerFactory2psdm
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(PSDM) data format. The PSDM is the data format used to specify the grid model
and system participants for SIMONA [100].

3.2.2 System Participant Conversion

Grid usage is driven by the grid’s load and generation systems, also called system
participants. While the conversion of the grid structure is conceptually straightfor-
ward, this does not hold for the conversion of the system participants. While the
electrical infrastructure is managed by the grid operators, generation and consump-
tion are not. Depending on the simulation environment, a detailed set of parameters
to configure system behavior is necessary. Since most of the time, not all physical
parameters needed to set the respective simulation model are available, those must
be modeled generically.

As noted in Table 3.1, almost all load and generation in this particular grid stems
from households, PV plants, and night storage heating systems. For that reason,
those systems are focused on for modeling. No information about the LV grids
was available. Furthermore modeling each LV grid explicitly would make the grid
simulation very expensive. For that reason, all participants of the synthetic grid
model are connected directly to the MV nodes.

Household Load

As the basis for modeling households, the number of households was equated to
the number of metering points. The average yearly household electricity demand in
2021 was 3383 kWh. The values ranged from 2105 kWh for a one-person household
to 5411 kWh for a household with at least three inhabitants [101]. For loads of the
synthetic grid model, values were sampled from a normal distribution with a mean of
3500 kWh and a standard deviation of 1000. The values slightly exceed the average
to err on the side of more load, given the positive trend of electricity consumption.
The chosen standard deviation represents the difference between different household
sizes. Each household demand is modeled stochastically within the simulation. The
power values are drawn from a parameterized distribution. As shown in Figure
3.9, individual households generate stochastic states for each time step, but the
aggregated load behavior resembles the household standard load profile. This has the
advantage of sampling realistic but random power values to generate more distinct
grid states. The specific implementation details are described in [102].
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Figure 3.9: Shows singular stochastic household load in the upper plot and the ag-
gregated household load in the lower plot.

Photovoltaics

Regarding PV plants, information about the aggregated amount of systems and the
aggregated PV power for each bus was available. Each system was modeled using the
mean power. The orientation and elevation angle of the PV systems were sampled
using the empirical distribution described in [103]. Around 95 % of all systems had
an orientation of either south, east/west, southwest, or southeast. Their relative
share is depicted in Figure 3.10. The mean elevation angle of the PV systems is
around 32° with 75 % of values within the range from 20° to 44°. When assuming
a normal distribution, the standard deviation can be calculated. A z-score table
lookup for a probability of 12.25 % results in a z-score of approximately 1.15. The
formula to calculate a z-score for a value x, given the standard deviation o is

p=2TH (3.6)

Using the upper interval boundary, one can solve for the standard deviation

_ 44-32

T~ 1043 (3.7)

The elevation angles for the PV systems are sampled from the resulting standard
deviation with a mean of 32 and a standard deviation of 10.43.
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Figure 3.10: Empirical relative share of the orientation of pv systems as described
in [103].

Night Storage Heating

Given each bus’s installed night storage heating capacity, the corresponding load was
modeled by leveraging the published temperature-dependent load profiles. [104].
Temperature-dependent load profiles estimate the load of temperature-dependent
systems like night storage heating systems or heat pumps based on ambient tem-
perature. Further information and guidelines for their application can be found in
[105]. Each grid provider publishes active power profiles 7""(#) of active power
consumption scaled to 1000 kWh per year, where 0 is the average ambient temper-
ature. To relate load profiles to specific devices, they are scaled according to the
yearly energy demand of the system. As no information about electricity demand
was available for the investigated grid section, the aggregated rated power of night
storage heating at the individual buses of the grid was utilized. 100 % of rated
power P2B . was assumed to be drawn during the time interval of maximum load
of profile ﬁ“Sh(Gmin), where Omin represents the coldest average temperature of the
year. Given the information the scaling factor for the Night Storage Heating (NSH)

was calculated as follows:

§™ = P /max (5" (Buin)) (3.8)

The NSH profile is then defined as:

PR (0) = ™" x 5" (0) (3.9)
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3.3 Simulation and Validation

Utilizing the converted grid model and system participants model from Section 3.2,
this chapter describes the power system simulation and validates the results against
field measurements from the real-world grid.

3.3.1 Power System Simulation using SIMONA

A representative usage profile of the grid infrastructure is necessary for subsequent
training of the ML models. The grid usage profile is the result of power draw and
generation from the grid’s system participants. Thus, the participant’s behavior
over a time interval needs to be simulated and the resulting power flows have to be
calculated. This is achieved by leveraging the bottom-up agent-based power system
simulator SIMONA [100]. An overview is depicted in 3.11. The simulation model of
simona comprises the physical grid topology and the physical system participants
models. Each physical system participant model is encapsulated by an agent within
the simulation context. The individual agents in turn simulate their behavior based
on the underlying physical model. The simplified process for a PV system is depicted
in Figure 3.12. During the simulation, each system participant gathers necessary
information from environment services, like weather from a dedicated weather ser-
vice, and then leverages its physical model to calculate its current power output.
The net power for each bus is calculated and a power flow analysis determines the
resulting bus voltages and line currents. Consequently, the resulting data set con-
sists of complex voltages of all buses, the line and transformer currents as well as
the active and reactive power generation or consumption of the system participants.
More details about the SIMONA simulation environment can be found in [106], [107].
Utilizing the developed model of the electrical grid infrastructure and the system
participants (see Section 3.2), a one-year simulation run is performed. This data
set is henceforth referred to as the synthetic data set, modeling the behavior of the
MYV grid and leveraged for supervised training of the ML models

3.3.2 Validation

To assess the validity of the simulated data set, the simulation are compared with
the corresponding measurements. No further fine tuning of load or generation pa-
rameters has been performed for two reasons. Firstly, most available data of the
DG operator about load and generation systems will be imprecise. Any individ-
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Figure 3.11: Overview of power system simulation based on [106].
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Figure 3.12: Exemplary PV model calculation within the SIMONA simulation envi-
ronment.
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ual tinkering with values can not be automated and is hard to reproduce. For the
supervised approach to be feasible, the model must be trainable with an imperfect
representation of the real data distribution. Secondly, manual adjustments based on
deviations during validation would only be possible for the measured buses. Since
the performance evaluation uses these measured buses as proxies for unmeasured
buses, any fine-tuning specific to measured buses could artificially improve results at
those locations. This improvement would not be reproducible for unmeasured buses,
potentially leading to an overestimation of the model’s overall performance.

A comparison of the respective voltage distributions is shown in Figure 3.13a. It can
be seen that the overall distributions are similar. The buses with higher numbers are
slightly skewed in the negative direction. As bus numbering starts at the slack bus,
these are buses deeper in the grid this indicates slightly higher load in the synthetic
data. Figure 3.13b depicts a comparison between bus active power distributions.
Given the limited amount of information available for configuring the load and
generation models, the active power distribution is reasonably similar in shape.
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Figure 3.13: Comparison of simulated and measured bus voltages.
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3.4 Summary

This chapter presents the development and validation of a synthetic grid model
intended for generating training data for data-driven DSSE approaches. Initially
the grid that forms the basis for the DSSE is described, and its graph structure
is presented. The grid primarily serves residential loads with a significant share of
distributed generation, predominantly from photovoltaic systems.

Examining of field measurements reveals several challenges regarding data qual-
ity that need to be considered. These include systematic measurement errors like
signal losses and unregistered tap changes, which require the development of appro-
priate filtering methods. Analysis of measurement noise suggests that some form of
measurement preprocessing was applied to the raw measurements, although specific
details are unavailable.

Based on the physical grid, a synthetic model is developed by establishing a con-
version workflow to transform the real grid model into a simulation-ready format.
The modeling of system participants focuses on the three dominant types present in
the grid: households, photovoltaic systems, and night storage heating. Individual
participants are modeled based on a data source provided by the grid operator that
denotes basic bus-specific power values and quantities for the different system types.
Households are modeled stochastically with an assumed yearly consumption drawn
from a standard distribution with a mean of 3.500 kWh of energy consumption per
year. PV systems are modeled based on known bus-specific power and quantity.
Additional parameters like elevation angle and orientation are sampled according to
an empiric distribution. Night storage heating is implemented using temperature-
dependent load profiles scaled to the rated power denoted for each bus.

The synthetic model forms the basis for a time series simulation of one year us-
ing the energy system simulator SIMONA. The validation of the simulation results
shows that it produces voltage distributions similar to the measured data, with a
slight negative skew for buses further from the slack bus. Bus-specific active power
distributions show reasonable alignment, considering the limited information about
load and generation systems. No special fine-tuning of load and generation systems
is performed to maintain generalizability and to reflect the realistic scenario where
precise system information is limited. This approach ensures that the subsequent
training of DSSE models reflects real-world conditions where a perfect representa-
tion of the underlying grid state cannot be assumed.
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The synthetic NSE approaches neither answer the question of how to employ the
model in the field, nor do they have to contend with the inconveniences of real mea-
surement data. Measurements by nature are imprecise to different degrees, which is
acknowledged by the existence of measurement accuracy classes as discussed in Sec-
tion 2.2. Additionally, there is no such thing as perfect reliability of the measurement
device or the signal transmission, leading to signal loss or faulty transmissions. Fur-
thermore, a mismatch between information about the system state, like unregistered
tap changes, can lead to voltage jumps that are not accounted for. Both scenarios
were found in the measurement data set used in this thesis and shown in Figure 3.2.
Those types of measurement errors can be categorized as measurement anomalies.
Any anomalous measurement in the context of grid operation means wrong values
are being displayed for the state of critical systems. If undetected, those anomalous
measurements can lead to a cascade of errors in downstream applications.

These issues can be alleviated through anomaly detection techniques and subse-
quent signal reconstruction, which are the focus of this chapter. For both tasks the
Autoencoder ANN architecture is leveraged. The model is trained on the synthetic
data set, and its transferability to the real measurement data is analyzed. Before
diving into the specific mechanisms of anomaly detection and signal reconstruction,
the general model training and ML-specific data preprocessing steps are described.

4.1 Model Training

The basic procedures of the model training process are outlined in Figure 4.1. The
data set is comprised of the entirety of the data that could be utilized in the train-
ing process. In the application case, this is represented by the simulated grid state.
Feature selection in the context of this thesis is defined by the selection of measure-
ment locations in the grid structure and the selection of electrical attributes that are
measured at the respective locations. During the training data split, the dataset is
divided into training, validation, and test data sets. The training data set is utilized
for actual model training. The validation data set is employed for model perfor-
mance evaluation during hyperparameter optimization, and the test set is reserved
for final model evaluation. The specifics of the data-splitting process are described
in Section 4.2. Since neural networks have been proven to learn most effectively
with input vectors containing values between zero and one [60], feature scaling is
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implemented. Min-max scaling is selected as the scaling procedure. Given the va-
riety of hyperparameters, such as number of layers, number of neurons, activation
function and optimizer among others, hyperparameter tuning is conducted to deter-
mine the optimal parameter configuration. The ASHA scheduler of RayTune [108]
is used for effective hyperparameter search, which is based on [109]. Early stopping
is implemented throughout model training to prevent overfitting.

Feat Trainin Feature Hyper-
i u
Data Set —| o8 u-re — g —> . — parameter
Selection Data Split Scaling Tuning

Figure 4.1: General model training pipeline.

4.2 Stratified Date Sampling

Power distribution networks exhibit strong temporal patterns that must be con-
sidered when preparing data for machine learning applications. Both electricity
consumption and renewable generation show significant variations across different
seasons and days of the week. For instance, PV generation is heavily influenced
by weather conditions throughout the year, while electricity consumption patterns
vary based on both weather conditions and weekday types. During colder months,
consumers typically use more electricity for heating and spend more time indoors,
leading to distinct consumption patterns. These types of seasonal and weekly dif-
ferences are also represented in the standard load profiles [110].

To develop robust machine learning models, it is crucial to ensure that the train-
ing, validation, and test datasets fairly represent these diverse temporal patterns.
A naive sequential split of the data shown in Figure 4.2a would not capture the
full range of seasonal variations in each dataset. Therefore, a stratified sampling
algorithm that accounts for seasonal and weekly patterns is implemented. A visu-
alization of the resulting split is depicted in Figure 4.2 b). The remainder of this
Section outlines the developed sampling algorithm.

Let D be the complete dataset of measurements. The sampling strat-
egy categorizes data points based on two key attributes: seasons s €
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S = {Spring, Summer, Autumn, Winter} and day types k € K =
{Weekday, Saturday, Sunday}. This categorization results in twelve distinct combi-
nations that capture the various temporal contexts present in the data. For each
combination (s, k), its relative frequency in the complete dataset is defined as:

[{z € D : season(z) = s A daytype(z) = k}|
o = ]

(4.1)

where | - | denotes the cardinality of a set. The sampling creates three disjoint sets:
training set Diraining, validation set Dyalia, and test set Diest, such that Diraining U
Dyatia U Diest = D and Deraining N Dvalid = Dvalid N Diest = Diraining N Dtest = 0.
The key feature of this sampling approach is that it maintains the relative distribu-
tion of the season-day type combinations across all three datasets. Mathematically,
the following is true for each combination (s, k):

[{z € Dtraining : season(z) = s A daytype(x) = k}|

~ Ns,k
|Dtraining|
Dyalia : = s A dayt, =k
[{ € Dyalid : season(z) = s A daytype(z) H ~ o (4.2)
|Dvalid|
[{z € Dyest : season(z) = s A daytype(z) = k}|
|Dtest| ~ Mlerk

For example, if saturdays in spring represent 10% of the total data, they will also
constitute approximately 10% of each data subset (Diraining,; Dvalid, and Dyest).

A downside of this approach is that the resulting samples of the different sets can
be non-consecutive. Since some ML models rely on input sequences like long short-
term memory ANNs this would be problematic. Therefore, instead of considering
each system state snapshot as a sample for the sampling approach, the considered
samples comprise all consecutive snapshots of the day. This allows model training
with sequence length of up to a whole day, while preserving the opportunity for
stratified sampling.

4.3 Anomaly Detection

In this chapter a model is presented to detect anomalous signals. The detection
mechanism can also be exploited to reconstruct the signal and improve the over-
all system state observation. The signal reconstruction will be discussed in Sec-
tion 4.4.
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Figure 4.2: Exemplary training (60 %), test (20 %), validation (20 %) data split for
the voltage magnitude.

4.3.1 Utilizing Autoencoders for Anomaly Detection

To perform anomaly detection, we leverage the autoencoder architecture. The un-
derlying assumption is that the autoencoder is able to reconstruct valid data well but
will produce larger reconstruction errors for anomalous data. Given that assump-
tion, the reconstruction error A, of feature x; can indicate the feature’s validity.
The reconstruction error is the delta between feature x; and its reconstruction Z;:

Ag; =2 — %y (4.3)

If A, exceeds a set threshold 7 the feature z; is considered an anomaly. The
process is visualized in Figure 4.3. The threshold 7 that determines whether a
sample is considered an anomaly is selected by choosing the highest F1 score across
different threshold values. The F1 score is the harmonic mean of precision and
recall. Precision measures the proportion of correctly identified anomalies among all
predicted anomalies. Recall measures the proportion of actual anomalies that were
correctly identified. Each individual reconstruction error A, serves as a potential
threshold candidate 7. For each candidate threshold, the F'1 score is calculated using
the precision and recall values obtained by classifying samples as anomalous when
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their reconstruction error exceeds the threshold. The optimal threshold 7 is then

selected as the one that maximizes the F1 score:

7" = argmax F1(7) (4.4)

This approach provides a balance between over-sensitive detection with excessive
false positives and under-sensitive detection that misses too many anomalies.

. Reconstruction Reconstruction Anomalies
X — Error Error -
L 1 - - - -
Threshold
Decoder
\4 N = _ @
T A Ay
A
r 1 N

Figure 4.3: Anomaly detection mechanism consisting of calculation of reconstruction
error (left) and threshold based detection of anomalies (right).

4.3.2 Training and Evaluation

The encoder and decoder architectures were implemented as symmetrical Multilayer
Perceptrons (MLPs). The general training procedure used was outlined in Section
4.1. The input and output vector of the model is made up of the voltage magnitudes
vector ¥ of all measured buses. For the hyperparameter tuning, 200 runs were per-
formed, resulting in the final hyperparameter configuration outlined in Table 4.1.
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Table 4.1: Resulting autoencoder hyperparameters after hyperparameter tuning.

Hyperparameter Setting
Number of MLP layers 4
Layer size 150
Activation Function ReLLU
Loss Function MSELoss
Learning Rate 1.54 x 1073
Optimizer Adam
Batch Size 32

To test and evaluate the model, anomalies are introduced into the synthetic data.
Anomalies are introduced by randomly adding a voltage deviation to the true voltage
¥ as outlined in Algorithm 1.

Algorithm 1: Introduce Synthetic Anomalies
RIBIXITT)

Input: Voltage matrix V € error rate ¢ € R
Output: Voltage matrix with anomalies V2™ ¢ RIBIXITI
for i € B do
for t € T do
if rand() < 0.05 then

0 < Vit X &

if rand() < 0.5 then

‘ vit" = vis + 65
else

anom

L Vit = Vi — 6

else
anom

L Vit ST Uit

An exemplary time series with an error rate of 0.05 and the corresponding anomaly
detection using a day of the synthetic test data is illustrated in Figure 4.4. Subplot
a) visualizes the original time series and one with synthetically added anomalies.
Each red dot constitutes a synthetic anomaly. In Subplot b), the reconstruction
error A, for each of the values of the anomalous signal is visualized. Given the

52



4.3 Anomaly Detection

calculated optimal threshold of about 0.07, visualized by the red striped line, all
anomalies can be separated from the valid values and are thereby correctly identified
as anomalies.

True © Anomalies

0.60 -

y/= T

0.20 +

0.00 -

a) Original and anomalous time series

Valid © Anomalies — — - Threshold

0.15 A

e/— 11

0.05 4

0.00 -

0:00 4:00 8:00 12:00 16:00 Time — 00:00

b) Reconstruction Error

Figure 4.4: Anomaly Detection on synthetical errors.

To assess the ability of the model to detect anomalies with different error magni-
tudes, tests were done using error rates between 0.3 % and 5 % and a step size of
0.1 %. Using Algorithm 1, for each error rate anomalies were introduced to the test
set. For each of the 47 resulting data sets, the respective recall and precision is
depicted in Figure 4.5. Even for the lowest error rates the recall exceeds 0.94 and
the precision 0.988 illustrating the model’s effectiveness for the synthetic data set.
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Figure 4.5: Precision versus recall scatter plot for different error rates.

4.3.3 Anomaly Detection on Measurement Data

Although the model showed promising results on synthetic data, transferability to
real-world application must be demonstrated. Therefore, the model’s performance
on actual measurement data is investigated in the following section.

Finding the best threshold previously was based on having labels for the data set.
However, the measurement data is unlabeled, with no information available to de-
termine whether or not any measurement is corrupt. Consequently, another method
for calculating the threshold is necessary.

The reconstruction error on the measurement data set was calculated and is visual-
ized in a box plot in Figure 4.6. The IQR of the reconstruction error is about 0.0015.
Given that the outliers get as large as 0.1562, which is about 100 times the IQR, this
indicates a clear distinction between those specific measurements and the rest of the
data set. This distinction can be assumed to be due to measurement errors which
hints at the general applicability of the model to the measurement distribution. To
balance sensitivity to anomalies and robustness against false positives, the threshold
was chosen to be the 99th percentile reconstruction error value. Thus, the 1 % of
measurements exceeding that threshhold are considered anomalous.
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Figure 4.6: Reconstruction errors of Deep Linear Autoencoder (DLAE) model out-
put, given the measurement data.

An exemplary application of anomaly detection using measurement data is depicted
in Figure 4.7. Since the ground truth of potentially anomalous measurements is
unknown, the analysis must be performed qualitatively. Similarly, as in Figure
3.2, the signal was plotted along with the closest surrounding measurements. The
investigated measurement shows a jump in voltage difference to the surrounding
measurements 0:00 and 03:00 and 12:30 to 17:30. This suggests a tap change of the
MV/LV transformer, which was not accounted for. As visualized in the subplot b),
the noticeable segments show a reconstruction error above the threshold and are,
therfore, labeled anomalous. The chosen threshold was effective for this data set.
In general more research needs to be done that evaluates different mechanisms by
which to choose threshold values for unlabeled data sets.

4.4 Measurement Reconstruction

Given the potential grave implications of anomalous measurements, and the demon-
strated ability to find those anomalies as discussed in Section 4.3, a way to deal with
anomalies is necessary. One option is to drop the anomalous data. This would leave
us with worse observability of the system, which is already subpar in today’s DGs.
A second option is the reconstruction of the anomalous signal, given the healthy
information about the system.
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Figure 4.7: Anomaly detection for exemplary day, including electrically close mea-
surements for reference.

For measurement reconstruction, the same DLAE model also employed for anomaly
detection can be utilized. The procedure is made up of two steps. First the anoma-
lous signals are substituted by pseudo-measurements which are generated on the ba-
sis of the remaining healthy signals Secondly, the pseudo-measurements are shifted
by utilizing the DLAE reconstruction. Both steps will be described in this chapter

in more detail.

4.4.1 Calculating Pseudo-Measurements

Due to the correlation of adjacent nodal voltages, the closest measurements of the
anomalous signal will generally be most similar to the anomalous signal. The pro-
posed algorithm traverses the graph and finds the closest valid measurements. The
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4.4 Measurement Reconstruction

pseudo-measurement is then made up of a weighted sum of those valid measure-
ments.

Given the anomalous signals bi, anomalous € Banomalous, the set of valid buses with
corresponding measurements is Byalid-

Bvalid = Bmeasured \ Banomalous (45)

For each missing signal, the graph is traversed in each direction. When visiting a
bus b;, and the bus is not part of Byalia, the traversal continues, visiting all of the
neighbors of b; that have not yet been visited. If b; € Byaiia or b; has no further
neighbors, the traversal stops. All buses found during graph traversal comprise
Bpscudo and are considered for calculating the pseudo-measurement. An exemplary
graph traversal is shown in Figure 4.8. The buses Bpseudo = {b1, b4, b5} are the basis
for pseudo-measurement generation in the given example.

Afterwards, the measurements of Bpseudo are weighted inversely with respect to
their distance from the anomalous bus. All buses in Bpseudo are categorized into
upstream buses Bupstream and downstream buses Bgownstream- 1he Djikstra shortest
path distance [111] between b; and b; is denoted as d(b;,b;). A bus is considered
upstream if its shortest path distance to the slack bus is shorter than the distance
of the anomalous bus to the slack bus.

Bupstream = {bz € Bvalid : d(bZ7 bslack) < d(banomalous, bslack)}

(4.6)
Bdownstream = {bz S Bvalid : d(b27 bslack) Z d(banomalou57 bslack)}

For the example shown in Figure 4.8, this categorization yields Bupstream = {b1}
and Bdownstream = {b4, b5 }. Both groups are weighted by the inverse of the shortest

distance of their respective buses to the anomalous bus. The distances are noted as

downstream upstream
dmin and d,;, .

The group’s weighting factors are then described as:

dupstream
_ min
Wdownstream = ddownstream dupstrcam
min + min (4 7)
ddqwnstrcam .
min
Wupstream =

downstream upstream
dmin + dmin

Within the groups Bupstream and Bdownstream, €ach measurement is additionally
inversely weighted by its minimal distance to the anomalous bus. If we define
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4 Handling of Missing and Anomalous Measurements

Start Step 1 End

Figure 4.8: Graph traversal illustration.

the inverse distance of bus b; to the bus with the anomalous signal banomalous as
—1

 anomalouss € weights can be calculated with

d; !
i, anomalous .
w; = ] , Vi:b; € By (4.8)
Zj:bjEBk j, anomalous

> wi=1 (4.9)

i:b; €EBy

where Bj; € {Bupstream, Bdownstream }- The final pseudo-measurement i pseudo Of
bus b; € Bpseudo can then be calculated as follows:

Ti, pseudo = E Wupstream X Wj X itj‘i‘

J:bj € Bupstream

(4.10)
Z Wdownstream X Wi X Iy

1:b; € Baownstream

Replacing the anomalous signals with calculated pesudo-measurements, as outlined
above, can work sufficiently well when measurements surround an anomalous sig-
nal. However, suppose there are only measurements in either the downstream or
upstream direction, and their distance to the anomalous signal is large. In that
case, the pseudo-measurement will have a large offset in either positive or negative
direction. This effect is particularly evident when the slack voltage signal is miss-
ing, as shown in Figure 4.9 for an exemplary day using the synthetic dataset. Since
there is, by definition, no measurement upstream of the slack voltage signal, and the
closest downstream measurements are not close to the slack bus (see Figure 3.1), a
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significant offset between the actual measurement and the pseudo-measurement is

expected.
True Pseudo
1.03 -
v/pu. T
1.02
1.01 A T T T T T T T
0:00 4:00 8:00 12:00 16:00 Time — 00:00

Figure 4.9: Pseudo-measurement for a missing slack voltage signal.

4.4.2 Utilizing Autoencoders

The performance of pseudo-measurement generation for signal reconstruction can
be enhanced by leveraging the DLAE model. The DLAFE’s ability to correct impre-
cise measurements stems from its training on reconstruction tasks, where it learns

underlying patterns in power system measurements.

The autoencoder-based reconstruction process is initiated by replacing the anoma-
lous signals with pseudo measurements generated using the method described in the
previous section. This initial replacement can be expressed as:

ifig A
=" ifi ¢ (4.11)
Tj,pseudos ificA

where A is defined as the set of indices corresponding to anomalous signals, and
Zi,pseudo 18 the pseudo-measurement for the i-th anomalous signal. The DLAE is
then applied to the adjusted input vector £. The DLAE can be represented as a
function D, such that:
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4 Handling of Missing and Anomalous Measurements

7= D(@) (4.12)

where y is defined as the output vector of the DLAE. The output y; for positions (i €
A) is considered the new measurement reconstruction. The pseudo-measurements
are effectively shifted towards more probable values based on the DLAE’s learned
representation of the system. The corresponding y of the model given the anomalous
slack bus example from Figure 4.9 is visualized in Figure 4.10.

— —- Pseudo True
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v/p.u. T+

1.02 4

1.01 +

T T T T T T T
0:00 4:00 8:00 12:00 16:00 Time — 00:00

Figure 4.10: Measurement reconstruction after DLAFE application.

While the model does reduce the error, a single pass through the model does not
sufficiently shift the pseudo-measurements. Therefore, a procedure is implemented
to iteratively update the input vector z. In each iteration the DLAE gets reapplied
to the updated input by replacing the values x; : i € A with the corresponding
outputs from the DLAE. Thus, the input in iteration 7 is:

Zi, lf’L¢A
y 7', ifie A

r
xTr; =

(4.13)

with y:_l being the model output of the iteration r — 1. To ensure convergence and
avoid unnecessary iterations, two stopping criteria are implemented:

Convergence criterion: The difference between the model’s output and the
model’s input at the anomalous signal positions is calculated:
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0 = max(|y; — x|) (4.14)
icA

The iterative procedure is stopped when:

§<107® (4.15)

Maximum iteration criterion: Given the iteration count ¢, an upper limit on
the number of iterations is set to prevent excessive computational time:

¢ <100 (4.16)

The updated measurement reconstruction using the previously described iterative
approach, applied to the exemplary scenario, is depicted in Figure 4.11. The sum-
marized reconstruction procedure is depicted in Figure 4.12.

[ ——-Pseudo ——-DLAE (one) —— DLAE (converged) —— True
\ /\ I;
B / 4 \
].03 //'\\-Au\\/,\\:\"/ “
v v \
v/p.u. T ‘\v?
Y V.
1.02 A
1.01 -

0:00 4:00 8:00 12:00 16:00 Time — 00:00

Figure 4.11: Measurement reconstruction with iterative DLAE application on syn-
thetic dataset.
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Figure 4.12
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4.4 Measurement Reconstruction

4.4.3 Performance Evaluation

To assess the real-world performance of the measurement reconstruction and the gen-
eralizability of the DLAE, its accuracy on the measurement data is investigated.

In order to evaluate the reconstruction accuracy, the measurement reconstruction
is run for a range of different numbers of missing measurements. Given the geo-
graphical distribution of measurements in the grid, not only the number of missing
measurements is expected to play a significant role in the reconstruction accuracy,
but also their location. To get a sense of the average performance of a certain num-
ber of missing measurements, the location of the missing measurements is resampled
every day. A flow chart on how the reconstruction is evaluated on the measurement
data is depicted in Figure 4.13.

Figure 4.14 visualizes the resulting reconstruction deviation. As expected, the volt-
age deviation increases as more signals have to be reconstructed, and simultaneously,
the number of valid signals off of which the signals can be reconstructed decreases.
As visible in Figure 4.14a, the average performance is still relatively accurate for
higher ranges of missing signals. This is partly explained by the relatively low
deviation between the different nodal voltages when load and generation in the sys-
tem are comparatively low. Since there is little current flowing in these situations,
the voltage drop across the lines is small. Thus, the measured signals and derived
pseudo measurements are similar in value, leading to little corrections by the DLAE
reconstruction and little deviations overall. For an increasing amount of missing
measurements, outliers become more frequent and more extreme, and there is a
relatively strong performance degradation when only two measurements are left.
While outliers for one missing signal are below a 1 % deviation, they exceed 2 %
and even 3 % deviation for higher numbers of missing signals. For practical purpose
a minimal performance characteristic is likely required. Accordingly a threshold of
0.5 % is set based on the more stringent DSSE success criterion defined in [65]. To
indicate the impact of the performance degradation with respect to the set thresh-
old, Figure 4.14b depicts the relative amount of reconstruction deviation exceeding
0.5 %. The amount of reconstructions exceeding the threshold is dented as the
failure rate FR. A roughly linear increase from 5 % to 9 % with a sudden jump
from 9 % to 16 % at 17 missing signals. Overall, the method proves effective in
reconstructing a variable amount of missing measurements. Specific evalutation of
the reconstruction performance has to be done with respect to the requirements of
the downstream application of the reconstructed measurements.
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Figure 4.13: Evaluation process for reconstruction on the measurement data set.
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Figure 4.14: Distribution of voltage deviation between measurement and recon-

structed signal across different numbers of missing signals.

4.5 Summary

Chapter 4 investigates approaches for handling missing and anomalous measure-
ments in power distribution grid monitoring, leveraging supervised learning. Ini-
tially the steps and procedure of model training is described. The general training
pipeline incorporates feature selection, data splitting, min-max scaling, and hyper-
parameter optimization. A stratified sampling approach is presented for data split-
ting, that accounts for the temporal characteristics of power systems, considering
both seasonal variations and weekly patterns. This sampling strategy categorizes
data points based on seasons and day types, maintaining their relative frequencies
across training, validation, and test sets. The implementation allows for consecutive
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daily samples, facilitating the training of sequence-based models while preserving
the benefits of stratified sampling.

The first step in handling anomalous data is their detection. For anomaly detec-
tion, an autoencoder-based architecture is investigated. The approach leverages the
autoencoder’s ability to reconstruct valid data with small errors while producing
larger reconstruction errors for anomalous data. Through hyperparameter tuning
involving 200 runs, an architecture with four MLP layers and 150 neurons per layer
is established. The model’s performance is evaluated on synthetic data with varying
error magnitudes ranging from 0.3 % to 5 %. The subsequent analysis shows recall
rates exceeding 0.94 and precision above 0.99 across all error ranges, indicating the
model’s capability to identify anomalies effectively. The transferability to real mea-
surement data is examined, requiring adaptation of the threshold selection process
due to the absence of ground truth labels. Analysis of the reconstruction error dis-
tribution on measurement data shows a narrow interquartile range. This indicates
an overall low reconstruction error with some outliers, indicating potential measure-
ment errors. The 99th percentile is selected as the detection threshold to balance
sensitivity and robustness. Previously suspected measurement anomalies were suc-
cessfully identified by the model, suggesting its applicability to the measurement
data.

Anomalous or missing data in the context of grid monitoring can be problematic
in downstream applications. Based on the anomaly detection model a signal re-
construction method is analyzed. The method is made up of two separate steps.
Firstly, pseudo-measurements are generated based on graph traversal and weighted
averaging of valid neighboring measurements. The method categorizes measure-
ments into upstream and downstream groups, applying distance-based weighting to
calculate replacement values. Afterwards, these initial estimates are refined through
iterative application of the autoencoder model used for anomaly detection until con-
vergence criteria are met. Performance evaluation of the reconstruction method is
conducted using measurement data with varying numbers of missing signals. The
analysis demonstrates the method’s capability to handle multiple simultaneous re-
constructions, though accuracy decreased with an increasing number of missing
measurements. On average the reconstruction performance was still good for higher
numbers of missing measurements, partially attributable to low deviations between
underlying bus voltages when current flows are low. Notably, outliers get more ex-
treme for higher numbers of missing measurements reaching deviations exceeding

3 %.
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Applying supervised learning techniques to the DSSE problem neccessitates a com-
plete data set not available in sparsely measured systems. While literature ap-
proaches relied on synthetic data sets, no research was done on how transferable
these models are to field applications. In this chapter, an NSE model is trained
on the synthetic data set created in Chapter 3. It is evaluated against a WLS im-
plementation enhanced by pseudo-measurements on synthetic data. Afterwards, its
expected performance in a real-world scenario is quantified by evaluating it with
respect to the field measurements of the grid. The model’s robustness to changes
in load and generation is evaluated and fine-tuning is proposed to improve its ro-
bustness. Furthermore, Monte Carlo (MC) Dropout is proposed for quantifying the
model’s estimation uncertainty.

5.1 WLS Reference Model

To better evaluate the performance of the NSE a benchmark model is necessary.
For that matter, a WLS-based SE is implemented. The process of retrieving the
measurements for the WLS DSSE is summarized in Figure 5.1. Given the retrieved
measurements, the process of executing the DSSE is depicted in Figure 5.2.

As the computational basis, the SE core of pandapower® is used. Hence, the grid
model is converted to a pandapower grid. Given the nature of the WLS algorithm,
pseudo-measurements are needed to make the grid model observable. For every
unobservable node, active, and reactive power values are generated. As the basis
for the generation the system participant models, described in Section 3.2.2, are
utilized. For the household load, the stochastic load model is replaced with standard
load profiles, scaled to the participants’ yearly energy consumption. For realistic
modeling of PV generation and night storage heating demand, weather data for the
specific time interval of the measurements is necessary. To that end, the ERA5
reanalysis data set for 2023 is utilized [112]. The input of the WLS state estimation
comprises the voltage magnitude and power values for each measured node, as well
as the active and reactive power of each unmeasured node. As for parametrization,
the maximum iteration count of the algorithm is set to ten, which is the default
value. Given that the algorithm might not converge for tight convergence criteria,
given the limited amount of data points and the potentially high error of pseudo-

3pandapower on Github - https://github.com/e2nIEE/pandapower
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Figure 5.1: Extraction and generation of measurements and pseudo-measurements
for the WLS DSSE. The procedures are separated into the measurement
and synthetic scenario.
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Figure 5.2: WLS DSSE procedure with proportional backoff.
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measurements, a proportional backoff is implemented for the criterion’s magnitude.
Starting with 1e~®, its magnitude gets doubled upon each unsuccesful iteration until
the algorithm converges.

While this methodology works for the generation of pseudo-measurements when
utilizing the measurement as inputs, it does not for the synthetic data set. As the
model calculations are the underlying ground truth values for the synthetic data
set, using them as pseudo-measurement would underestimate typical error distri-
butions of pseudo-measurements. To simulate the estimation error of the pseudo-
measurements, noise is added to the actual active and reactive power values. An
exemplary active power time series with synthetically generated noise is depicted in
Figure 5.3.

—— True Noisy
p/kW 1
0
—50 -
0:60 4:b0 8:60 121.0[) 16‘:00 Tim‘e — 00;00

Figure 5.3: Power time series and corresponding adjusted noisy time series for usage
as pseudo-measurement.

The noise is sampled from a Gaussian distribution that generates Relative Average
Deviation (RAD) of 20 %. Given the RAD, the Absolute Average Deviation (AAD)
of a value z; is calculated as:

AAD = RAD x* z; (5.1)

For normal distribution, the standard deviation and absolute average deviation are
correlated by a factor of rougly 0.7979. Hence, the standard deviation for the Gaus-
sian distribution is calculated as follows:
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AAD
seudo, i — 2
Fpsende. 1 = 57979 (5:2)

The resulting “pseudo-measurement” Zpseudo,i is:

Tpseudo,i = Li + N(07 Opseudo, i) (53)

where N (0, 0pseudo, i) is the Gaussian error distribution with zero mean.

5.2 Scenarios

To distinguish results concerning different models, data sets, and the data set’s vari-
ants, specific scenario abbreviations are introduced. The two fundamental models
are the [A]rtificial neural network (Section 5.3) and the [W]eighted least squares
model (Section 5.1). Furthermore, we differentiate between the [M]easured and
[S]ynthetic data set, where the measured data set is made up of the field measure-
ments and the synthetic data set constitutes the grid simulation. For noise effect
investigation, the original [C]lean data set is extended by a [N]oisy variant. While
measured data is inherently noisy, an additional noisy variant for the measurement
data is introduced due to the assumption that some of the measurement noise has
been cleaned, as discussed in Section 3.1.4. Each scenario is noted with its unique
combination of bracketed letters. An overview of the resulting scenarios is depicted
in Figure 5.4.

5.3 Model Architecture

When designing an ANN for a specific task, there are different design decisions
to be made. One is the fundamental architecture of the model, for example MLP,
Graph Neural Network (GNN), Long Short-Term Memory (LSTM), or any variation
and combination of those. An overview of different architectural approaches in the
literature was given in Subsection 2.3.6. A second design decision is choosing the
input and output features based on the available data.

The model chosen for this thesis is a MLP. This thesis aims at investigating the
underlying transferability of synthetically trained supervised learning approaches.
Since more complex model architectures build on top of the basic MLP components,
assessing MLP performance characteristics functions as a baseline. Furthermore, in
tests that were run, LSTMs and GNNs, as well as model ensembles including those
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Figure 5.4: Overview of different scenarios, consisting of the model, data set, and
noise level.

specialized models and a MLPs did not improve performance significantly. Although
more research needs to be done to validate these resutls.

The choice of input and output data, was oriented around the available measurement
data, as the overall goal is to assess the ability of a synthetically trained model to
be transfered to a real-world measurement environment. This is especially true
for the input signals, since otherwise parts of the model’s expected input vector
would be missing, when testing on measurement data. With respect to output data,
any evaluation of the model’s performance on measurement data is limited to the
available measurement signals. While more outputs can be generated, their validity
can only be assessed against the snythetic data set.

Given the available measurements, discussed in Subsection 3.1.2, the input data
is chosen to include the voltage magnitude z, and active power measurement x,.
Since the voltage angle is measured as it’s momentary value, it’s high frequency
and the lack of perfect synchronicity of the measurement devices render the values
uncomparable and thereby not usable in the context of the DSSE. The model output
is chosen to entail voltage magnitude y,,, voltage angle y,, and line utilisation y;, to
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monitor voltage, as well as current congestions. For time step ¢, the input #; and
output y: vectors are defined as follows:

— Lv,t
Tt = o
Tp,t

yit (5.4)
Ut = | Yart
Yt
The DSSE calculation of model M is defined as:
M%) = (5.5)

5.4 Model Evaluation

This chapter evaluates the performance of the proposed NSE model. The model’s
accuracy is compared against a conventional WLS algorithm. Initially, a perfor-
mance baseline is established using synthetic simulation data. Subsequently, the
model’s transferability is analysed by evaluating the synthetically trained model on
real measurement data.

5.4.1 Noise Scenarios

When training a model on synthetic data, the data is void of any measurement noise
that one would expect in its field application. In this subsection, the effect of the
introduction of synthetic noise during training is investigated. For that two questions
need to be answered. First of all, whether or not the introduction of measurement
errors to the model’s features during training, improves its ability to minimize noise.
And secondly, how the level of measurement error during training and a deviation
in training and testing error distributions affects the estimation performance. For
the investigation, multiple models are trained with a varying degree of noise levels
0% < ey, < 4 %. The noise for testing the model is generated with a maximum
error of ey = 1 %. The specific noise values are sampled according to Equation 3.3.
The model output vector comprises measured and unmeasured buses to analyze
its noise reduction capabilities on both sets. To assess the performance, the Root
Mean Square Error (RMSE) of the model estimation is calculated using the test set.
Results are split among measured and unmeasured buses and shown in Figure 5.5.
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It becomes apparent, that while the RMSE is lowest when the model is trained
on the same noise level as the test set, the difference is relatively small for values
below 2 %. Notably, the model with clean samples performs similarly to the model
with matching noise at 1 %. The difference between the RMSE of measured and
unmeasured buses is very low which signifies that most of the estimation error is
attributable to the noise rather than failing to estimate unmeasured nodes. The
estimation performance of the model gets significantly worse for ey, € {3,4}. In
those cases the model overcorrects for the high error magnitudes it has encountered

during training.

[ ) Measured Buses ([ Unmeasured Buses
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Training feature noise ey

Figure 5.5: RMSE of estimation for varying feature noise during training. Noise
during testing is kept constant at 1 %.

To estimate the amount of noise reduction of the model, the ratio between the RMSE
of the model prediction y; (RMSE,) and the RMSE between the noisy model input
Z; and the true value z¢ue (RSMSE,) is calculated. The relative noise reduction
NR is defined as:

RMSE,

NR =1- ¢SE,

(5.6)

The resulting noise reduction for the aforementioned scenarios is illustrated in Fig-
ure 5.6. All scenarios between 0 % and 2 % confirm very similar performances and
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show a noise reduction of close to 80 %. The achievable noise reduction gets worse
for higher noise percentages.

08 { —T— — —— ——

0.6 1

0.4

0.2 A

Relative noise reduction

0 0.25 0.5 1 2 3 4

Feature noise in percent

Figure 5.6: Relative noise reduction for varying feature noise during training. Noise
during testing is kept constant at 1 %.

Since the model is very effective in noise reduction without being trained on noisy
features and there is some uncertainty about the actual noise level in the measure-
ment data, as discussed in Section 3.1.4, no measurement noise is applied to the
training data for the NSE model.

5.4.2 Evaluation with Synthetic Data

Assessing the model performance is initially done using the synthetic simulated data
set. Since the simulated data set is complete, the state of the unmeasured buses
is known and can be used for calculating the estimation deviation. The estimation
deviation or error of the estimation for sample ¢ is described as

Nge =0t — 5" (5.7)

-

where A, ; represents the concatenated error vector comprising the deviations of
voltage magnitude A, :, voltage angle A, ;, and line utilization A;; such that:
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Ay = Aoy (5.8)

Additionally, success criteria are introduced that classify an estimation as successful
or unsuccessful based on the deviation magnitude. The criteria are based on [65].
While there are no official requirements for MV-DSSE, the accuracy can be con-
trasted against the recently suggested DSSE accuracy requirements by the Forum
Network Technology and Network Operation (FNN) of the Association for Elec-
trical, Electronic & Information Technologies (VDE). The report suggests a 99"
percentile maximum deviation of 2 % for voltage estimation and 10 % for current
estimation. Compared to the suggestion the C1 criteria the allowed voltage mag-
nitude deviation is more strict allowing maximum deviations of 1 %. Given the
overall tight voltage band of the grid (see Section 3.1.5), a stricter criterion is rea-
sonable. Furthermore, the MV-DSSE is expected to be more accurate due to an
overall smaller volatility of the power consumption. Thus, having a second stricter
C2 criterion helps evaluate the estimation performance [113].

Table 5.1: Success criteria for state estimation evaluation.

Criterion |A,| [%] |A] [%0]  |Aa] [F]
C1 <1.0 <10.0 <0.1
C2 <0.5 <5.0 < 0.05

The ANN performance is contrasted against the WLS performance using the model
described in Section 5.1. Additionally, models are evaluated using clean and noisy
input data. The resulting scenarios are ASC, ASN, WSC, and WSN with reference to
the scenario description in Section 5.2. Hyperparameters of the ANN were calculated
using hyperparameter tuning. The resulting hyperparameters of the model after
hyperparameter tuning are listed in Table 5.2.

Voltage Magnitude Estimation

The distribution of percentage voltage magnitude deviation across all scenarios, as
well as the individual success rates, are depicted in Figure 5.7, and Table 5.3 shows
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Table 5.2: Resulting MLP hyperparameters after hyperparameter tuning.

Hyperparameter Setting
Number of MLP layers 4
Layer size 150
Activation Function Leaky ReLU
Loss Function MSE-Loss
Learning Rate 7.30 x 1074
Optimizer Adam
Batch Size 32

relevant estimation deviation statistics. Pys is the 95th percentile. Given a clean
synthetic data set, the WLS model outperforms the ANN model. Overall, both
models perform very well, scoring 100 % for both success criteria. When analyzing
the performance on the noisy data sets, one can see that the ANN is better equipped
to handle the synthetic inaccuracies to the WLS model with a mean deviation that
is 70 % lower.

Table 5.3: Summary statistics of voltage magnitude estimation deviation using the
synthetic data set.

Scenario Mean Pos Max C1 C2

ASC 0.0079 0.0205 0.5297 1.00 1.00
WSC 0.0032 0.0151 0.3371 1.00 1.00
ASN 0.0628 0.1574 0.5370 1.00 1.00
WSN 0.2056 0.5223 1.4357 0.99 0.94

Voltage Angle Evaluation

The voltage angle estimation performance is depicted in Figure 5.8 and the corre-
sponding estimation deviation statistics are noted in Table 5.4. In comparison, the
ANN achieves much better performance. Interestingly the WLS’s estimation for
voltage magnitude is much more accurate than the voltage angle estimation. The
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Figure 5.7: Overview of voltage magnitude deviations for the synthetic data set.
Subplots show voltage magnitude deviation box plots with (left) and
without (middle) outliers, as well as the model’s success rate across
estimations (right).

WLS model fails a significant amount of estimations with respect to both success
criteria in both types of scenarios.

To investigate the performance difference further, the time series with median daily
deviation across all nodes of the WLS model is contrasted with the ANN prediction
for the same day. Figure 5.9 shows the corresponding time series. It can be seen that
the WLS estimation fluctuates around the true values. A reason for that might be a
higher convergence criteria, caused by the proportional backoff, which is depicted by
the dashed gray line with circular markers. Visually this seems to explain at least
some of the deviation. To further investigate the potential correlation, the Pearson
correlation between the average angle deviation across all nodes and the convergence
criterion for all samples was calculated. The resulting Pearson correlation of 0.44
suggests a moderate linear relationship. Although not a perfect measure, as the
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Figure 5.8: Overview of voltage angle deviations for the synthetic data set. Subplots
show voltage angle deviation box plots with (left) and without (middle)
outliers as well as the models success rate across estimations (right).

Table 5.4: Summary statistics of voltage angle estimation deviation using the syn-
thetic data set.

Model Mean Pos Max C1 C2
ASC 0.0037 0.0086 0.1481 1.00 1.00
WSC 0.1078 0.3601 1.3521 0.61 0.42
ASN 0.0049 0.0113 0.1587 1.00 1.00
WSN 0.2645 0.7152 2.2729 0.28 0.16
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convergence criterion is updated stepwise and is not a continuous value, it gives
some information about the interdependence. The results suggest that the WLS
struggles to converge, which loosens the convergence criterion, which leads to higher
deviations. While this explains some of the deviations, there are time steps in
which the convergence criterion is low that exhibit comparatively high deviations.
A possible way to improve WLS results would be to incorporate additional pseudo-
measurements or improve their accuracy.

| wLs ewLs ——True —ANN | g
- 1.00
0.00 |
L e/—
Ya/deg T |
- 0.50
~0.50 |
F0.25
~0.75 |
- 0.00

0:00 4:00 8:00 12:00 16:00 Time — 00:00

Figure 5.9: Exemplary day with a median average deviation of the voltage angle
estimation of the WLS model, with ANN model for reference.

Line Utilization Evaluation

Finally, both model’s line utilization estimation performance is shown in Figure 5.10
with summary statistics noted in Table 5.5. Similarly to the voltage angle estima-
tion, the ANN demonstrates superior performance.

In Figure 5.11, the time series with median average deviation for the line utilization
is depicted alongside the convergence criterion. We can see stark deviations between
the true line utilization and the model estimation in certain time steps. Differing
from the voltage angle estimation, there seems to be no correlation between the
estimation error and the convergence criteria. This is confirmed by a Pearson corre-
lation of -0.22 across all estimations. Since the WLS only actively estimates voltage
magnitude, the line utilization is determined physically given this system state. As
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Figure 5.10: Overview of line utilization deviations for the synthetic data set. Sub-
plots show line utilization deviation box plots with (left) and without

(middle) outliers, as well as the models success rate across estimations
(right)

Table 5.5: Summary statistics of model line utilization estimation deviation.

Model Mean Pos Max C1 C2
ASC 0.0208 0.0941 0.6751  1.0000 1.0000
WSC 1.8906 8.2639 134.0342 0.9566  0.9300
ASN 0.0216 0.0909 0.9282 1.0000 1.0000

WSN 53.8395  252.0738 1363.7538 0.4436  0.3750
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slight voltage magnitude and angle deviations can infer drastically different current
flows, higher line utilization deviations can be expected.
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Figure 5.11: Exemplary day with a median average deviation of the line utilization
estimation of the WLS model, with ANN model for reference.

Summary

The synthetic data evaluation demonstrates that both the ANN and WLS models
achieve good performance in estimating voltage magnitudes. The WLS outper-
formed the ANN model on the noiseless data set. However, the deviations of both
models were sufficiently small that the performance difference has negligible prac-
tical impact. When adding noise, the ANN model has shown improved capabilities
to reduce noise and overall better performance than the WLS model. For voltage
angle and line utilization, estimation the ANN has shown very good performance,
reaching 100 % across both success criteria regardless of noise. WLS performance
overall was unsatisfactory, failing with respect to both success criteria a significant
amount of times.

5.4.3 Evaluation with Measured Data

While approaches in the literature stop and deliver their assessment after check-
ing synthetic performance, this does not evaluate the model under real operating
conditions. The synthetically trained model must prove transferability to these op-
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erating conditions, which most importantly means the transfer from synthetical to
measurement data as this changes the underlying data distribution.

Round-Robin Training and Evaluation

One central challenge given the problem definition is the model performance evalu-
ation. Since measurements from monitored buses serve as input and estimated val-
ues for unmonitored buses serve as output, direct validation of predictions remains
impossible due to missing ground truth measurements at unmonitored locations.
Therefore, an estimation assessment is not possible. To circumvent this problem, a
round-robin training and evaluation approach is suggested.

The basic concept of round-robin training and evaluation involves sequentially ex-
cluding a measured node from the training data set while adding it to the set of
nodes to be estimated. For each configuration, the model trains with synthetic data
then tests against measurement data. Predictions for the measured node that was
hidden during training can be compared to actual measurements to assess model
performance. Repeating this procedure for each measured node creates a compre-
hensive data set with predictions for all measured buses, enabling thorough model
performance assessment. This approach assumes performance at measured buses
indicates performance at unmeasured buses throughout the grid. Figure 5.12 illus-
trates this procedure. The previously calculated hyperparameter settings are used
to parameterize the model (see Table 5.2).

Overall Evaluation

Before evaluation, the measurement data set is preprocessed as discussed in Sec-
tion 3.1.4. Furthermore, the previously trained min-max scalers are applied to
normalize the values between zero and one. Unfortunately, only voltage magnitude
predictions can be assessed, as line utilization measurements are unavailable, and
the measured angles are unsynchronized absolute values.

Figure 5.13 depicts the overall deviation distribution and the C1 and C2 success
rates for both models on measured data. Using the clean measurements depicted in
Figure 5.13a, the WLS model outperforms the ANN model slightly. While the WLS
only fails with respect to the C2 criterion on a few outlier estimations, the ANN
model achieves around 90 %. The performance evens out when adding synthetic
noise to the measurement data, as seen in Figure 5.13. The general error distribution
between both models is very similar, with the ANN model having more outliers. Due
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Figure 5.12: Round-robin training and evaluation to gauge model performance on

measurements.

83



5 Neural State Estimation

to the outliers, slightly worse performance across both criteria can be seen, while
both models still achieve upwards of 90 % across both criteria and close to 100 %
for C1.
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Figure 5.13: Overview of voltage magnitude deviations for the measured data set.
Subplots show voltage magnitude deviation box plot with (left) and
without (middle) outliers, as well as the model’s success rate across
estimations (right).

To get a sense of the actual predictions of both models, Figure 5.14 shows the true
value and predictions with different average daily deviations. The subplots a), b),
and c¢) show the maximum, median, and minimum daily average deviation time
series. While the minimum and median deviation cases illustrate comparably good

performance of both models, we can see an offset in the maximum deviation case.

Overall, the average deviation of both models increased drastically, illustrating that
performance on a synthetic data set is not necessarily indicative of performance
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Figure 5.14: Maximum, median, and minimum average daily deviation on clean mea-
surement data for ANN (AMC) and WLS (WMC) model
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on field measurements. It has to be noted that evaluation on field measurements
presents a challenge as some of the observed model ’error’ might actually be at-
tributable to measurement inaccuracies rather than model deficiencies. The WLS
model performed well on voltage magnitude estimation on the measured data set,
suggesting that the implemented pseudomeasurement strategy is effective for volt-
age magnitude estimation in real-world conditions. Although the neural network
model demonstrates adequate performance overall, it does not improve upon the
WLS performance. This discrepancy between synthetic and real-world performance
highlights the challenges of transferring models trained on simulated data to actual
field conditions. The ANN model’s inability to outperform the conventional WLS
approach on measured data suggests that either the synthetic training data does not
fully capture the complexities of real-world grid behavior, or that the neural network
architecture requires further refinement to better generalize to measurement data
distributions.

5.4.4 Bus-Specific Evaluation

While the previous investigations measured the model’s overall performance, the
following will focus on performance estimation across the different buses of the grid
on the measurement data set. Figure 5.15 shows the success rates with respect to
individual buses. It can be seen that there is a significant variation in estimation
performance for the ANN model. While approximately half of all buses achieve
100 % or close to 100 %, the worst-performing buses have a success rate around
70 %.

Model training is not deterministic. Due to different initialization values of the neu-
ron weights and shuffling of the input samples, the resulting model weights differ
across different training runs, leading to different model estimations. Twenty full
iterations of the round-robin training and testing were performed to analyze varia-
tions across training runs. The different estimation results for C2 performance and
differences in estimation deviation are plotted in Figure 5.16a and Figure 5.16b,
respectively. The buses have been sorted by maximum C2 count difference across
samples. It becomes evident that there is a noticeable variation in estimation per-
formance throughout all buses. This effect is especially pronounced for a subset
of the buses, with a mean deviation for the same bus that can be almost twice as
high for the same bus on different training runs and an absolute C2 rate difference
close to 30 %. For different training runs, the resulting weights of the ANN can
be different. While the resulting performance on the synthetic validation and test
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Figure 5.15: Bus-specific C1 and C2 success criterion for voltage estimation.

data is very small this is not true for the performance on the measurement data.
This discrepancy suggests a difference between the synthetic and measurement data
distributions. The neural network appears to find multiple local minima during
training that perform similarly well on synthetic data but generalize differently to

real measurements.

Figure 5.16 visualizes the position of the four nodes with the highest performance
variation. One would assume that performance decreases with distance to the near-
est measured buses. Looking at bus B44, this assumption does not hold up, given
that the estimation for the bus is among the worst-performing buses while being
directly connected to two measured buses where estimation accuracy is expected to
be very good.

Figure 5.18 shows the bus positions in more detail. Bus B44 is directly connected
to B42, which is connected to B32. In the model’s estimation, much of the error
stems from a prediction lower than the actual voltage.

A typical example is shown in Figure 5.19. As shown in Figure 5.19b, the active
power of all three buses is positive throughout all time steps. The current direction
indicates a voltage drop from B32 to B42 to B44. The voltages in Figure 5.19a
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Figure 5.16: Mean and 95th quartile voltage deviation on measurements of different
training iterations.
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Figure 5.17: Grid graph plot with marked nodes that contain the highest variation.
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Figure 5.18: Grid graph plot with marked nodes that contain the highest variation.

do not reflect this assumption as the voltage of B44 specifically is greater than
the voltages of the other buses throughout most of the time steps. A qualitative
assessment of the B44 model prediction shows that it better reflects this assumption.
This illustrates one of the central challenges when dealing with real measurement
data. Since we do not know the actual ground truth of the data points, we can only
take educated guesses when encountering anomalies. In this case the issue seems to
be the measurement. Given that the values are measured on the low voltage side of
the MV/LV transformers, a reason could be a mismatch between the transformer’s
real and assumed turns ratio.

In summary, the bus-specific evaluation revealed significant ANN performance vari-
ations across buses for different training runs. While multiple training outcomes
perform similarly on synthetic data, they generalize differently to real-world mea-
surement data. Analysis of specific buses, like B44, revealed instances where the
model’s prediction seemed more physically plausible than the actual measurement.
These discrepancies highlight the challenge in precise performance evaluations given
inaccurate measurement data or an imprecise grid model parameterization.

5.4.5 Computation Time

One of the advantages of many of the ML models is their superior computation times.
Most of the calculatory effort is shifted from the model calculation to the model
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Figure 5.19: Measurements and prediction for bus B44 and surrounding buses.

training. As such, the model inference is often magnitudes faster than conventional
methods, especially if those involve optimization procedures.

Multiple experiments were run to analyze differences in computation speeds between
the NSE and WLS models. Since the inference of a MLP comes down to matrix
multiplication, the exact input does not factor into the overall computation time.
For the WLS, they do, as the model can converge faster, given more precise measure-
ments. Hence, a comparison of the computational speed between the ASC scenario
and all WLS scenarios was performed. Given that proportional back off is used
in the WLS scenario if the calculation does not converge, a differentiation is made
between the time for a regular run and the time of all runs of the algorithm until

convergence. The latter scenario is noted by an additional BO suffix, for example,
WSC-BO.

The experiments were run on an M1 Macbook Pro with 16GB of RAM and an M1
Pro chip with eight performance and two efficiency cores. It is important to note
that this comparison does not only compare the theoretical algorithm speed but also
implicitly its specific implementation. So, while tremendous work has been done to
speed up ML model inference, the same can not be said for the specific WLS al-
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gorithm. Therefore, performance gains by improving the algorithm implementation
and better usage of concurrency can be expected.

Figure 5.20 depicts the duration of the different scenarios in seconds, and a summary
of the runtime statistics is shown in Table 5.6. A noticeable disparity between
the three algorithm groups can be observed. The neural state estimation exhibits
runtimes about three orders of magnitude smaller than those of the fastest WLS
scenario. A significant increase in runtime can be observed when comparing the
single iteration WLS time versus the complete runtime, including the backoff. The
mean iteration of the proportional backoff scenarios lie between roughly 10 and 30,
issueing a 10 to 30 times slowdown. The iteration amount depends on the backoff
factor chosen for the convergence. Across both WLS scenario groups, it becomes
visible that the introduction of noise significantly slows down the algorithm because
more iterations are needed to achieve the convergence criterion. This is especially
apparent when comparing the synthetic backoff scenarios WSC-BO and WSN-BO.
The runtimes of the measurement scenarios are similar to the WSN-BO scenario,
with a slight increase when additional noise is added.
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Figure 5.20: Comparison of compuational time of the different scenarios. Outliers
have been excluded for better readability.
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Table 5.6: Computation time statistics for the different scenarios.

Standard Mean

Min Mean Max Deviation Iterations
Algorithm [s] [s] [s] - -
ASC 6.00e-5 6.60e-5 5.55e-3 5.20e-5 -
WSC 0.017 0.038 0.543 0.011 -
WSN 0.017 0.042 0.589 0.016 -
WMC 0.017 0.045 0.559 0.015 -
WMN 0.017 0.043 0.569 0.018 -
WSC-BO 0.018 0.406 1.452 0.402 10.80
WSN-BO 0.035 1.172 1.785 0.108 27.93
WMC-BO 0.021 1.113 2.994 0.140 24.58
WMN-BO 0.841 1.233 2.617 0.155 28.40

5.5 Reduced Observability

Previous investigations evalued the algorithms on one specific measurement config-
uration and by extension one specific observability rate. To investigate the effect
varying observability rates have on estimation performance of the different algo-
rithms, additional scenarios with a reduced set of measurements are investigated.

5.5.1 Reduction Algorithm

The overall goal of the reduction algorithm is to reduce the grid observability by
removing the most insignificant measurements first. Given a fixed number of mea-
surements more information is gained from a sparse but even distribution of mea-
surements thorughout the grid as opposed to a dense measurement distribution in a
specific area of the gird. Thus, the measurements are removed in order of their least
distance to the next measurement. Given an initial observability of around 42 %
for each scenario, an observability rate o; € {0.3,0.2,0.1,0.05} is defined. Given the
observability, the amount of buses to remove equals

r= |_0i . |Bmeasured|J (59)
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For each bus to remove, the shortest path distance between all measured bus pairs
b; and b; where b;,b; € Brmeasured is searched.

(bl, b]) = argmin d(b,, bj) (510)

bi,bj € Bmeasured

From this bus pair, we find the node with greater distance to the slack node bgjack

bi if d biybsac >db',bsac
bremove—{ if d(bi, buack) > by, butack) (5.11)

b; otherwise

Bus bremove is subsequently removed from the set Bmeasured and added to Bremoved-
The process is repeated until |Bremoved| = r. Figure 5.21 summarizes the process.

To illustrate the results of the observability reduction, Figure 5.22 represents the
graph model given an observability rate of 10 %. The algorithm successfully reduces
close measurements, leaving the remaining measurements spread out.

5.5.2 Evaluation

Given the reduced measured buses for observability rates o; € {0.3,0.2,0.1,0.05} the
ANN and WLS model are evaluated. Rather than utilizing the round-robin eval-
uation approach discussed in Section 5.4.3 the model performance was established
using the measured but hidden buses. Although this compromises some degree of
exactness, this reduces the calculatory expense significantly. Since the approach is
taken for the ANN and WLS models and the difference in performance between
those models is most important, this approach is deemed sufficient.

Box plots of the resulting voltage magnitude deviations accross all buses and samples
for the different observability rates are depicted in Figure 5.23a and the correspond-
ing C2 scores in Figure 5.23b. Subplot (a) shows that while both models experience
increased voltage magnitude deviations as observability decreases from 30 % to 5 %,
the ANN model consistently maintains lower median deviations and less variability
(smaller IQR) compared to the WLS model (red). This difference becomes par-
ticularly evident at 10 % and 5 % observability, where the WLS error distribution
widens considerably. Subplot (b) complements this by showing the C2 success rate.
The NN model retains a high success rate (above 0.9 at 10 %, about 0.89 at 5 %),
whereas the WLS model’s success rate drops more sharply, falling below 0.8 at 10 %
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Figure 5.21: Reduction algorithm flowchart.
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Figure 5.22: Representation of the graph with reduced observability for an observ-
ability rate of 10 %.

and approaching 0.6 at 5 %. This demonstrates the NN’s superior robustness in

providing accurate estimations when measurement data is sparse.

5.6 Robustness against Utilization Changes

Training a model on a static data set, called offline training, results in a static model,
operated in a dynamic environment. The environment can be considered dynamic,
as its operation states morph over time. One can differentiate between two types
of changes in the grid environment, which are topological changes and utilization
changes. Topological changes consist of modifications to the grid topology, such as
adding new buses and line connections. These changes usually require retraining
of the model. Utilization changes involve adding or removing load or generation
units at existing buses. An example could be the installation of a new PV unit at
a specific bus. This chapter investigates the robustness of the model against such

utilization changes.

Two additional data sets are created for the following analysis by changing the
system participant models and running the corresponding simulations. The first is
the load scenario Dicaq that represents an increase in power consumption within
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Figure 5.23: Voltage magnitude deviation and corresponding C2 success rate for
different observability rates.

the grid. Here each household load consumption was scaled by a factor of two.
The second is the generation scenario Dgeneration, where all PV units were scaled
by a factor of two. Exemplary resulting bus voltage and power distributions are
depicted in Figure 5.24. Due to the shifted load and generation, a slight shift in
voltage magnitudes can be observed. Since more load than generation is present in
the original grid, the shift of the load shift of the active power and the resulting
negative shift in voltage magnitude is more pronounced.

To assess the model performance of the generated scenarios, the scenario data was
scaled using the scalers trained during model training. This way, the data is prepro-
cessed like actual measurement data would be preprocessed in a field application.
The distributions of the data seen in Figure 5.24 overlap but extend to include
higher voltages in the scaled generation scenario and lower voltages in the scaled
load scenario. It can be assumed that the model will perform better in the aver-
age cases with respect to voltage magnitudes than in the more extreme scenarios
that haven’t occurred during training. To investigate this assumption, the model
was tested on different subsets of the scenarios. In the base scenario, the model
deviation is evaluated on the entire synthetic data set. Furthermore, the estimation
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Figure 5.24: Nodal voltage and power distributions for the scaled load and genera-
tion scenarios.

error is calculated on the more extreme subsets of the data. The extreme samples
are defined as the samples with the highest or lowest average voltages, depending
on the scenario. Given all voltage magnitudes v;,; for node ¢ at time ¢, the average
voltage across all nodes is calculated as:

I
= > v (5.12)
i=1

where n is the total number of nodes in the network. Let 0 < o < 1 denote
the extreme sample fraction, which is defined as the relative amount of considered
samples. For each «, a subset Dq, genecration is defined containing the samples with
the highest average voltages:

Da,gcncration - {ZE S Dgcncration | 'ljt(.]j) 2 Uthreshold,generation(OC)} (513)
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where Vthreshold (@) is chosen such that |Dq, generation| = &I, with T being the total
number of time steps in the dataset. Similarly, for the load case Dq, 10ad is calculated
as follows

Da,load - {IE S Dload | Vg (.’E) S Uthreshold,load(a)} (514)

A Dbox plot of the model estimation deviation distribution for different extreme
sample fractions « is shown in Figure 5.25. The model was trained on Dreguiar and
all data sets were limited to the data set fraction reserved for testing. Outliers
have been omitted for better readability. The procedure for calculating the different
D egular subsets mirrors the procedure for Dgeneration (s€e Equation 5.13) and Digad
(see Equation 5.14) respectively. Accordingly, the upper box plot for « = 1%
includes the 1 % samples with the highest voltages for Dgeneration and Dyeguiar. The
lower box plot for a = 1% includes the 1 % samples with the lowest voltages for
Dioad and Dreguiar- A stark increase in the error rate of the model estimation can be
seen for higher values of a. If the model has not encountered the extreme samples
as part of its training set, its estimation performance is worse. On average, the
model tends to overestimate voltages for Dgeneration and underestimates voltages for
Dioaa. This is notable as one might expect the model to favor prediction ranges of
the training data set and thus underestimate the higher voltages of Dgeneration and
overestimate the lower voltages of Digad-

5.7 Fine-Tuning

As shown in the last section, the model struggles to estimate values it has not seen
as part of its training. A possible strategy to deal with that would be to extend
the regular training of the model with a fine-tuning phase. During the fine-tuning,
more extreme samples are fed to the model to extend its capabilities.

A common issue with fine-tuning a model to specific parts of a data distribution
is the risk of overfitting to those examples. To test this, two fine-tuning data sets
D59, generation and D5y 10aa Were generated. Each consists of the 5 % most extreme
samples according to Equation 5.13 and Equation 5.14 respectively. The resulting
distribution of those subsets are depicted in Figure 5.26.

The data was divided into 80% training, 10% validation, and 10% test samples.
Two models, Mgeneration and Mioad, were trained on the regular synthetic data set
and then fine-tuned. One was fine-tuned using the Ds ¢ generation training samples
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Figure 5.25: Voltage magnitude estimation error for different subsets of the scaled
load and generation scenarios.
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Figure 5.26: Fine-tuning distribution of scaled training data sets.
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and one using the Ds o 10aq training samples. For the training early stopping was
utilized, choosing the model that performs best on the respective validation set.
The models were then tested on the respective test sets as well as the test set
of the original data. Furthermore, the model solely trained on the original data,
M egular, Was tested on the extreme samples test sets. The resulting average error
of the different models on the different test sets is depicted in Figure 5.27. The fine-
tuned models Mgeneration and Mioaq reduce the average absolute estimation error of
Miegular 00 D5 generation and Dso 10aa by 99 % and 90 % respectively. However,
the performance of both fine-tuned models on Dreguiar degrades significantly.

@ Mregular @ Mgcncration ()] Mload

|A1,|/% T i
0.5
0.0 T T
Dregular DS%, generation D5%, load
Test Data

Figure 5.27: Average absolute voltage deviations of models on different test sets.
Mioaq and Mgeneration are fine-tuned on Dioaq and Dgeneration Samples
respectively.

To ensure that the models retain their performance on the original data distribution,
the fine-tuning training samples are mixed with training samples of the original data
set. Figure 5.28 visualizes the general idea.

While the depicted example shows an even distribution of the extreme and the
regular samples, different compositions can be used. In order to assess the effect of
different fine-tuning compositions, training runs with a varying amount of extreme
samples are run and evaluated. The amount of extreme samples is evenly split
between D5y, generation and Dsg 10a4. Performance is measured by evaluating the
trained models on the test sets of Drcgular; Ds%, generation and D5 10aq. Figure 5.29
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Figure 5.28: Mixed fine-tuning batch creation using samples from Dsy, 10ad,
DS%, generation and Dregular-

shows the corresponding results. Most notably, introducing just two fine-tuning
samples into the data set leads to a dramatic reduction in error on the fine-tuning
test sets. Adding four samples still shows a significant improvement in fine-tuning
performance with only a limited increase in the error on regular samples. Afterwards,
there is a roughly linear tradeoff between performance on the regular test set and
the fine-tuning test sets. Furthermore, a sharp increase in the error of the regular
test set can be seen when no regular data is present. Notably, only two regular
samples are sufficient to keep the error on regular samples relatively low. A tradeoff
between specificity and generality of the model can be seen. Widening the training
distribution by fine-tuning on more extreme samples leads to a better performance
on a wider set of data points, which is an increase in generality of the model. At the
same time, the performance on the specific original data distribution gets slightly
worse, indicating a loss of specificity.

Overall, fine-tuning the model is an effective way to increase estimation performance
on parts of the distribution that were not present in the training data. Including
samples from the original distribution prevents a performance degradation on the
original data set. The relation of regular to fine-tuning samples leads to trade-
off between performance on the regular versus the fine-tuning data. However, this
trade-off effect is relatively minor when compared to the substantial performance
gains achieved by including the first few fine-tuning samples or regular samples

respectively.
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Figure 5.29: Fine-tuned model error with respect to different quotas of fine-tuning
samples in 32-sample training batch.

5.8 Uncertainty Estimation

A common concern that hinders the adoption of ML methods, especially in the
context of critical infrastructure, is the model’s limited transparency. This refers
to the difficulty of understanding and interpreting how these models arrive at their
predictions. Given that the DSSE is likely to form the basis for operational decision
and monitors the health of the electrical components, this concern is well founded.
While Chapter 4 discussed methods to check and improve the incoming data for the
NSE model, we can not be certain that every error was detected and successfully
corrected. Furthermore, the model might encounter out-of-distribution data, which
it may not be able to generalize to. To improve the model’s transparency, the
usage of MC Dropout for uncertainty estimation is proposed and investigated in
the following Section. Extending on the MC Dropout estimation, a probabilistic
state estimation approach is developed that computes estimation ranges instead of
uncertain point predictions.

5.8.1 Monte Carlo Dropout for Neural State Estimation

Dropout is a widely used regularization technique in neural networks, introduced
to mitigate overfitting. During training a fraction of neurons is deactivated. This
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stochastic deactivation prevents neurons from developing strong co-dependencies,
thereby enhancing the model’s generalization capabilities. Originally, dropout was
designed to be exclusively activated in the training phase, during which each forward
pass utilizes a different subset of the model’s neurons to improve model training.
MC Dropout extends the concept of dropout from the training phase to the testing
phase. This approach was first proposed by Gal and Ghahramani in [114]. By ap-
plying dropout during both training and testing, multiple forward passes through
the network with different subsets of activated neurons can be performed. This pro-
cess effectively creates an ensemble of models within the same network architecture.
Each pass activates a different set of neurons, resulting in slightly different predic-
tions each time. By aggregating these predictions, one can gain insight into the
distribution of the network’s outputs. The variance or spread of these predictions
can then be interpreted as a measure of uncertainty. The procedure is depicted in
Figure 5.30.

X x
f2 fr
) Q [eNe)
o O 0] @)
m(x)

N S N

Figure 5.30: MC Dropout keeps dropout layers active during inference, resulting in
different model estimations for each forward pass.

5.8.2 Model Training and Evaluation

In order to leverage MC Dropout in the context of NSE, the model described in
Section 5.3 was extended by adding a dropout layer after each but the last hidden
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layer. The dropout layers were kept active during testing. The final prediction ¢ is
calculated as the mean of all forward passes:

Ql

G

. 1

y= E Yi (5.15)
=1

where G = 500 is the number of forward passes and y; is the prediction of the i-th
forward pass. The standard deviation of the predictions is calculated as:

(5.16)

This standard deviation ¢ might provide a measure of the model’s uncertainty in
its predictions.

Figure 5.31 visualizes the prediction with the highest daily average deviation, the
corresponding absolute voltage deviation |A,|, and the standard deviation o, of the
model predictions for voltage magnitude. The general shape of o, and |A,| visually
correlate. If higher o, values indicate a higher estimation error |A,|, the models o,
is a valid uncertainty estimator.

To formally assess the ability of the predicition’s standard deviation to indicate
model uncertainty, a statistical correlation between |A,| and o, needs to be shown.
An overall Pearson correlation of about 0.47 was found between the |A,| and o,
indicating a moderate positive correlation. Furthermore the |A,| for different per-
centiles of o, was calculated. Let P, be the p-th percentile of x. The set of all oy,
values above the p-th percentile, is defined as

Sp ={0v,ilov,i > Po, p} (5.17)
The corresponding set of voltage magnitude deviation can be defined as

Vp ={Avilov: € Sp} (5.18)

Figure 5.32 plots the voltage mean absolute deviation V, against the respective
standard deviations, where

_ 1
Vo= > ol (5.19)

veV)
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Figure 5.31: Prediction with the maximum daily average deviation (top), as well as
absolute deviation, and standard deviation of prediction (bottom).

The plot illustrates, that the mean voltage deviation increases for higher standard
deviation values, further underlining the uncertainty estimation capabilities of the
model’s standard deviation. Furthermore, the rate of change of the relation in-
creases. Thus, the standard deviation is an even better predictor of model uncer-
tainty for higher o, values.

Measured Evaluation

The synthetic application and evaluation have shown the potential of the dropout
layers to facilitate uncertainty estimation. To analyze transferability of the approach
the technique is applied using the measurement data.

The same round-robin procedure outlined in Section 5.4.3 was used to establish pre-
dictions for all measured buses. Figure 5.33 shows the worst-performing estimation
across all nodes measured by the daily average deviation. A very similar profile can
be seen when comparing the estimation deviation and the corresponding standard
deviation of the model estimations. This indicates that the standard deviation is a
valid indicator of the model error.

105



5 Neural State Estimation

0.15
Vp/% 1

0.05

0.2 0.4 0.6 Poyop/— — 1

1072

Figure 5.32: Mean voltage deviation for the set of predictions on synthetic data with
a greater standard deviation than Py, ;.
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Figure 5.33: Prediction of the model with dropout layer (top) as well as the predic-
tion error and the corresponding prediction standard deviation (bot-
tom).
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The overall Pearson correlation is about 0.65, indicating a moderate to strong posi-
tive correlation and an even higher overall correlation as for the synthetic data set.
Similarly as in Figure 5.32 for the synthetic data, the mean average deviation V,, for
the different standard deviation percentiles is depicted in Figure 5.34. The graph
clearly shwos the correlation between the estimation standard deviation and the av-
erage voltage deviation. Given the results it can be concluded that the methodology
is transferable to the measurement data.
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Figure 5.34: Mean voltage deviation for the set of predictions on measured data with
a greater standard deviation than Py, ;.

A subsequent analysis investigates wether the standard deviation is bus-specific or
input sample specific. In other words: Is the standard deviation high for each bus
simultaneously due to specifics of the input sample, or high for individual buses
and therefore localizable? Thus, the Pearson correlation of the standard deviation
between all bus pairs is calculated to investigate whether high standard deviation
values correlate across nodes. For two buses i and j, let 0,,;(t) and o, ;(t) repre-
sent their respective standard deviations at time step t. The Pearson correlation
coeflicient p; ; between their standard deviations is calculated as:

S (00,0 (t) = Goi) (0w () — Guj)
VL 00ilt) 0002 S (005(1) — 00,)2

where G,,; and 7,,; are the mean standard deviations for buses ¢ and j respectively

pij = (5.20)

across all time steps 1. The correlation matrix shown in Figure 5.35 visualizes these
coefficients for all bus pairs.
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Figure 5.35: Correlation matrix of standard deviations across different buses, show-
ing how uncertainty estimates are related between buses.
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Given that the lowest overall correlation value is 0.83, it can be concluded that stan-
dard deviation values are highly correlated. This shows that the standard deviation
is not bus-specific but input sample-specific. A high standard deviation, in turn,
can be used to classify uncertainty for all estimations of a given input sample and
can’t be localized to bus specific errors.

5.8.3 Probabilistic State Estimation

The previous analysis has demonstrated that MC Dropout provides valuable uncer-
tainty information for unmeasured bus voltage estimations. Building on this insight,
this section extends the approach from uncertainty detection to a probabilistic state
estimation framework. Instead of producing single-point predictions with separate
uncertainty indicators, a method is proposed that generates probability distributions
of possible voltage values.

The main approach is to associate the estimation standard deviation with a historical
error distribution. Overlaying the error distribution onto the model estimation
results in a probabilistic estimation. To generate the error distributions, we first
analyze the distribution of standard deviations across all buses and time steps. For
each time step ¢, the mean standard deviation across all buses is calculated:

G (t) = % S ouit) (5.21)

where N is the number of buses. These mean standard deviations are then grouped
into bins using a histogram approach:

Br = {5'1,(?5) | b < 6,,(75) < bk+1} (5.22)

where By represents the k-th bin and by, br+1 are its boundaries. The resulting
histogram is depicted in Figure 5.36, where F' represents the frequency of the bin.
The size of the bars depicts the number of input samples whose mean standard
deviation falls within the bin’s boundaries.

For each bin By, all corresponding estimation errors A, ;(t) where &,(t) € By are
collected. Bin-specific error distributions can thus be constructed that characterize
the relationship between the model’s uncertainty (represented by o) and its actual
estimation errors. The probability density histogram of the error distributions are
shown in Figure 5.37. The normalized frequencies of the histograms are denoted with
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Figure 5.36: Histogramm of the model’s standard deviation.
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F. The distributions are tilted to the right, showing a tendency to underestimate

the voltage magnitude. As expected, higher deviations can be seen in the higher
bins, representing higher model uncertainty.

Thus, each estimation can be associated to a bin and the bin to a historical error

distribution. The error distribution can be used to estimate prediction ranges for the

model estimation. Three confidence intervals for the individual error distributions

were calculated. The confidence intervals used are based on one, two and three

standard deviations. This results in percentile ranges from Pig to Psa, Po.5 to Po7.5

and Py.5 to Pygs.

have been calculated and are noted in Table 5.7.

For each error distribution the confidence interval boundaries

Table 5.7: Confidence intervals for error distributions by standard deviation bin

CI 68% CI 95% CI 99%

(P16 — Psa) (P25 — Pors) (Pos — Poos)

|A,] in % Ay in % A, in %

Bin1l (-0.12-026) (-0.39-0.47) (-0.55 - 0.66)
Bin 2 (-0.34- 0.56) (-0.81-1.02) (-0.96 - 1.41)
Bin 3 (-0.59-0.77) (-1.11-1.25) (-1.26 - 1.67)
Bin4 (-0.72- 1.10) (-1.32- 1.60) (-1.53 - 1.80)
Bin 5 (-0.76 - 1.50)  (-1.53 - 2.00)  (-1.69 - 2.20)
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Figure 5.37: Probability density histogram of estimation deviation grouped by the
model’s standard deviation.
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Given the confidence intervals derived from the error distributions, a complete pro-
cedure for probabilistic state estimation can be formulated. The process consists of
the following steps:

1. Model Execution: Run the neural network model with active dropout lay-
ers to obtain both the voltage estimation ¢ and the corresponding standard
deviation o, through multiple forward passes.

2. Uncertainty Classification: Calculate the mean standard deviation &,
across all buses for the current input sample and classify it into one of the
five predefined bins (as shown in Figure 5.36).

3. Confidence Interval Selection: Based on the assigned bin, retrieve the
corresponding error distribution parameters from Table 5.7.

4. Prediction Range Calculation: Apply the confidence interval boundaries
to the point estimation to generate the probabilistic prediction ranges:

Viower = 0 + ]Dlower (523)
Vupper = 0 + Puppe'r (524)

where Piower and Pyupper are the lower and upper percentile values from the
selected confidence interval.

This procedure transforms point predictions into probabilistic estimations with un-
certainty bounds. An exemplary probabilistic prediction is shown in Figure 5.38.
The colors indicate the result of the uncertainty classification of the estimation,
while the opacity represent the different confidence intervals. Compared to a simple
prediction line plot, the stochastic prediction visualization transports much more
information about the estimation ranges and historical associated probabilities.

The calculated error ranges are customized for the specific model and based on his-
torical measurements. Consequently, if the model changes, the error distribution and
resulting confidence intervals must be recalculated. Furthermore, if the underlying
load and consumption patterns change the error distribution is expected to change,
which should also trigger a reparameterization of the error distribution. Since chang-
ing the model is a known event, a subsequent reparameterization is straightforward.
Knowing when the underlying load and consumption patterns have changed signifi-
cantly enough to necessitate an error distribution update is not. Further research is
necessary. A possible approach is to monitor the model uncertainty over time and
use the information to trigger a reparameterization.
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Figure 5.38: Probabilistic prediction with uncertainty ranges with colors indicating
the different error distributions, based on the model uncertainty.

In summary, the proposed methodology gives system operators a more comprehen-
sive understanding of the possible network states. The uncertainty ranges could
be used to implement a traffic light system, indicating the likelihood of exceeding
voltage limits. Different severity levels (e.g. green, yellow, and red) could be de-
fined given the percentage chance of the voltage reaching levels outside of defined
voltage limits. Furthermore, the probabilistic voltage information can inform a set
of different operational measures based on the severity of the limit violations and
the respective likelihood.

5.9 Summary

This chapter investigates using neural networks for distribution system state estima-
tion, referred to as NSE. The NSE approach is benchmarked against a conventional
WLS state estimator. The ANN model is trained on the synthetic data set of the
real distribution grid discussed in Chapter 3.

Initially, the performance of both models is evaluated on the synthetic, clean dataset
and the synthetic dataset with added noise. While the ANN model performs slightly
worse on the clean synthetic dataset variant, it handles the introduction of noise sig-
nificantly better than the WLS model. Regarding voltage angle and line utilization
estimation the ANN model performs very well while the WLS model struggles.
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To investigate the transferability of the synthetically trained model to the field,
its performance using actual measurement data is evaluated. Round-robin training
and evaluation is proposed to assess the performance of the NSE model given the
limited set of real measurements. Due to the limited availability of measurement
data, only voltage magnitude estimations can be evaluated. Overall, both models
perform well on the measurement data set. While showing adequate performance
overall, noticeable performance degradation can be seen by comparing the deviation
levels to the synthetic evaluation scenario. This shows that while the synthetically
trained ANN model is transferable, the performance on synthetic data cannot be
used to gauge performance in a field environment.

Computational speed comparisons reveal that the NSE model’s inference is orders
of magnitude faster than the WLS algorithm’s execution. Analysis of the NSE
model’s performance across different buses highlights the variability of estimation
performance across different training runs. This is a challenge concerning repro-
ducibility and the interpretation of model estimation performance.

The chapter also examines the NSE model’s robustness to changes in grid utilization,
finding that the model’s accuracy degrades when encountering load or generation
levels outside the range seen during training. Fine-tuning the model on a mix of
regular and extreme data samples is proposed as a way to widen its applicability
while retaining performance on the original data distribution.

Finally, the use of MC Dropout is explored to quantify the NSE model’s uncer-
tainty. The model’s prediction variance, obtained through multiple forward passes
with dropout, correlates well with its estimation error, providing uncertainty in-
tervals alongside point predictions. Building on this approach, a way of using the
dropout layers for probabilistic state estimation is presented. Instead of simple point
predictions, the probabilistic state estimation delivers an estimation containing dif-
ferent estimation ranges based on the prediction variance and historical errors.
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During Chapter 3 to Chapter 5 a multitude of subsystems have been discussed and
developed that make up an exemplary NSE implementation. The subsystems include
synthetic data generation, measurement processing and, the stochastic NSE. This
chapter gives a summarizing overview of the role of each of the subsystems and their
integration into a larger system. Furthermore, some of the practical implementation
considerations are discussed.

6.1 System Components

As part of this thesis, multiple functional components have been developed and an-
alyzed to address the challenges of monitoring modern distribution grids. Practical
considerations like the specific API design of the components, the integration of
these components into a SCADA system, and field deployment are out of the scope
of this thesis. However, this section aims to give a summarizing overview of the
individual components implemented in this thesis, illustrating how they integrate
into a combined system. The components can be grouped into two main parts. The
first is the overall model training pipeline, depicted in Figure 6.1, which enables
the creation of supervised learning models. The second consists of the operational
DSSE modules, shown in Figure 6.2, which utilize these models for real-time grid
monitoring.

Foundational to the model training pipeline is the accurate representation of the
physical grid model. As the degree of digitization increases, more information about
the grid is readily available. However, the focus currently lies mostly on the phy-
sical grid infrastructure and related assets. For simulating grid usage, information
on connected load and generation systems is required to form an integrated digital
model of the current grid. The process of modeling a synthetic grid and simulating
grid usage is discussed in Chapter 3. Building on top of this integrated grid model, a
scenario generator can provide different simulation scenarios. A status quo scenario
relies on the current grid model and aims to simulate grid usage and by extension
grid states that represent typical operation conditions of the physical system. Ad-
ditional fine-tuning scenarios can be generated to increase the robustness of the
model. Within these scenarios, expected future changes in consumption and gener-
ation patterns can be modeled. Each scenario forms the basis for a simulation run,
which generates a labeled dataset representing the scenario-specific circumstances.
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6 System Overview

Agent-based power system simulators like SIMONA are best suited as the simulation
environment. These simulators are able to simulate not only the behavior of a vari-
ety of different assets but also the interaction between them. This gets increasingly
important as the penetration of energy management systems in modern distribution
grids increases. The resulting labeled data sets form the basis for ML model train-
ing. As part of the training pipeline, a defined preprocessing stage prepares the data
for subsequent model training. To make the trained models accessible, they can be
placed and versioned in a central model hub. Versioning the models would allow for
a rollback if unexpected behavior is observed and the possibility of tracking changes
in model performance over time.

Model Development Pipeline

Grid Model

Training Pipeline

Preprocessing Training

Model Hub

DSSE Anomaly Detection

H

Figure 6.1: Component overview of the model development pipeline.
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6.1 System Components

From an operational perspective, the DSSE process, depicted in Figure 6.2, starts
with raw, real-time field measurements recorded and transferred to the SCADA sys-
tem. To address inherent data quality issues present in field measurements, a mea-
surement preprocessing phase is employed. The measurement preprocessing phase
comprises the Anomaly Detection and Signal Reconstruction processes discussed in
Section 4.3 and Section 4.4. Both processes would utilize the respective models from
the Model Hub discussed earlier. The anomaly detection flags missing or anoma-
lous measurements. To enhance data quality, the signal reconstruction process then
utilizes healthy measurements to reconstruct the anomalous measurements. The
preprocessed input data forms the basis of the actual SE process. Using a prob-
abilistic state estimation method, discussed in Section 5.8, the current grid state
including estimation ranges is calculated. Given this calculated state, the grid’s
health can be monitored and visualized in the SCADA system, supporting opera-
tional use cases like congestion management. If available, short-term operational

measures can be taken to alleviate potential grid congestions.

[

|
|

|
!

|
|

!
|
| |

|
: Anomaly Signal |
| Detection Reconstruction }
|

|
|

|
|

State Estimation

I

|

|

|

!

| |

! Monitoring \ Probabilistic
: System M/\v State Estimation
|

|

\

Figure 6.2: Component overview of the DSSE process.
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6 System Overview

6.2 Practical Considerations

This section discusses some of the practical considerations for the implementation of
the NSE model. While not exhaustive it touches on some of the important challenges
on setting up and operating the NSE.

Digital Infrastructure

The state of digitization and the lack of experience of most distribution grid opera-
tors with data-driven methods pose a challenge for their implementation. Consider-
able amounts of effort have to be expended for setting up the general infrastructure
and training staff on ML techniques as well as software development to implement
the functionality from the ground up. Given the considerable effort and the compa-
rable performance of classical methods the supervised ML methods might not seem
like the most effective choice. Instead, the implementation of data-driven methods
should be viewed as part of a more foundational shift in grid operation paradigms.
This shift should move towards increased digitization, particularly through the im-
plementation of digital twin-like systems. Such systems would serve as a central hub,
providing a continuously updated and readily accessible source for all grid-related
information. The development of standardized APIs for these systems would enable
the creation of standardized data-driven solutions. However, standardization efforts
should not be limited to the overall data source. They should also encompass the
interfaces of all functional components discussed in the previous section. This en-
sures that each component remains modular and interchangeable, facilitating future
upgrades and improvements to the system. Furthermore, specialized software can
be built by software-focused companies alleviating the need for grid operators for
extended in-house software development. If a suitable data platform exists, each
application case becomes merely a plugin of a broader system.

Automated Retraining

As the training of a model represents a set of operation conditions and a network
configuration that might change over time, effectively retraining or subsequently
fine-tuning a model is an important consideration. To ease the operation of such
a system a high degree of automation is desirable and achievable. Specific changes
within a central database, like the installation of a new line, could automatically
trigger a model training workflow. After retraining the model a streamlined way of
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6.2 Practical Considerations

testing and deploying the model is needed. To ensure operational security of tests
need to be developed and employed that test the models under all operating condi-
tions. Only after succesfully passing the tests, the model can then be operated.

Handling Different Time Resolutions

One of the challenges mentioned in Section 2.4 is the diversity of time resolutions due
to differences in the deployed measurement infrastructure. One possible option for
dealing with that is to ignore the missing measurements of the devices with a coarser
resolution and reconstruct them with the signal reconstruction model. A second
option would be to train multiple DSSE models with different input configurations,
corresponding to the availability of measurements.

Topology Changes

The DSSE model is specific to the grid topology it was trained on. When the
topology changes, the model is likely not viable anymore. A simple solution is to
initiate a retraining process. For planned grid extensions this solution is feasible.
If the topology changes frequently due to switching operations different models
corresponding to the different topologies can be stored in a central repository. The
model to be used can then be selected based on the current topology.
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7 Summary and Outlook

By addressing the research questions that were posed in Chapter 1, the results of
this thesis are summarized in Section 7.1. Building upon this summary, Section 7.2
then outlines promising and specific directions for future research.

7.1 Summary

The integration of renewable energies and sector coupling advances necessitate ad-
vancements in active grid monitoring and operational control in DGs. All op-
erational measures build upon a functional DSSE to establish grid observability.
Among DSSE approaches, supervised learning methods using ANN, termed NSE,
have gained traction. These methods learn a mapping from available measurements
to the complete grid state. The fundamental challenge lies in training these su-
pervised models: they require complete grid state data (including the unmeasured
parts) for learning, precisely what is unavailable in real-world operation. Current
research predominantly circumvents this by training and validating NSE models
using purely synthetic data generated from standardized test grids and simulated
load/generation profiles. While useful for algorithmic development, this raises cru-
cial questions about the practical applicability of such models in real distribution
grids. This thesis is situated within this context, exploring the potential of leveraging
digital representations of real grids. It investigates whether an NSE model trained
on data synthesized from a digital representation of a specific, real grid is trans-
ferable to field application. Furthermore, practical hurdles concerning data quality
issues present in field measurements are investigated. Finally, acknowledging the
inherent imprecision in estimating unmeasured states and the lack of transparency
in ANN models, the thesis addresses the need for uncertainty quantification and
proposes an ANN based stochastic DSSE.

Research Question 1: Is a NSE model trained on a synthetic representation of a
real grid transferable to field operation given our limited information about real
distribution grids?

To investigate a synthetic grid model of a real MV distribution grid is developed.
Based on this synthetic grid model, the grid behavior is simulated using an energy
system simulator (see Chapter 3). In Chapter 5, the resulting synthetic data set
is used to train an ANN and benchmarked against a conventional WLS model.
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To evaluate transferability the estimation performance of the ANN using real field
measurements is analyzed. Due to the limited availability of measurement data,
only voltage magnitude estimations can be evaluated. The ANN shows adequate
performance on the measurement data set establishing a general transferability of
the model. Importantly, the performance on the measurement data is significantly
worse than on the synthetic data set. This performance degradation shows that
model performance on synthetic data is not necessarily indicative of performance
during field application. The ANN struggles to outperform the WLS model although
overall performance is similar. This investigation shows general transferability to
the current state grid usage. To increase the model’s robustness to changes in grid
usage fine-tuning has shown promising results. By adding samples that widen the
training data distribution, the model shows better estimation results in a wider data
range.

Research Question 2: Can synthetically trained ANNs be leveraged for anomaly
detection and signal reconstruction of field measurements in the context of NSE?

Unlike synthetic signals, real-world measurement data suffers from quality issues like
corruption and missing values. These problems degrade estimation performance and
challenge fixed-input models like ANN and are addressed in Chapter 4. To detect
anomalies, an DLAE model is developed. The approach leverages the autoencoder’s
ability to reconstruct valid data with small errors while producing larger reconstruc-
tion errors for anomalous data. Upon exceeding a reconstruction error threshold a
signal is considered anomalous. The model was trained on the synthetic data set
and showed very good performance on the synthetic data set. Evaluating the model
on the field measurements proves more challenging since the measurement data is
unlabeled so anomalies can only be assumed. Upon qualitative assessment of the
detection mechanism on assumed anomalies, the model proves successful.

Anomalous or missing data in the context of grid monitoring can be problematic
in downstream applications. Based on the anomaly detection model a signal recon-
struction method for field measurements is analyzed. The method first generates
pseudo-measurements by weighted averaging valid neighbors identified via graph
traversal. An autoencoder then iteratively refines these values. The method proved
succesful in reconstructing identified anomalies within the field measurement set.
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Research Question 3: How can the estimation uncertainty of NSE models be
quantified and used for stochastic SE?

Limited transparency, the difficulty in understanding ML model decision-making,
impedes their use in critical infrastructure. This is a well-founded concern for appli-
cations like DSSE, which informs operational actions and monitors electrical equip-
ment status. Section 5.8 addresses the associated research question. Uncertainty
estimation of the ANN is demonstrated with the usage of MC Dropout. The variance
of multiple dropout passes is shown to quantify the estimation error and therefore
estimation uncertainty. The MC Droput approach is extended to a stochastic SE.
Instead of outputting only point predictions, this method uses the dropout variance
and historical error data to provide estimates with associated uncertainty ranges.

7.2 Outlook

Grid Models and Generalization: The developed models and their performance
characteristics are assessed based on the specific MV grid that was available. To
validate and generalize the results different grid models with different topologies
and different load and consumer compositions should be investigated. Especially
potential differences in performance characteristics between smaller and larger grids
should be investigated. Furthermore, the effect of meshed grids should be ana-
lyzed.

Model Architectures and Physics Integration: With respect to model archi-
tectures, MLPs have been used for the DSSE and the encoder and decoder modules
of the autoencoder. Although some other model architectures like long short-term
memory and graph neural networks have not improved upon the MLP performance
for this data set, more research should be done to confirm these results. Since the
DSSE model is not bound by power flow equations, it can output physically infea-
sible states. This can be improved by integrating the power flow equations into the

cost function during training.

Measurement Data Limitations and Validation: The evaluation of model
performance on real-world data was constrained by the available measurements,
notably the lack of synchronized voltage angle and direct line current measure-
ments. Although the ANN demonstrated superior performance compared to WLS
for estimating these quantities on synthetic data, these improvements could not be
empirically validated. Future research necessitates access to richer datasets incorpo-
rating detailed, synchronized measurements (e.g., from yPMU or line sensors). This
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will allow for the validation of whether the synthetically trained models maintain
their superior performance for angle and line utilization estimation when applied to
real measurement data. Field tests should be designed to capture diverse operating
conditions, including those where accurate angle and current data are vital (e.g.,
near congestion limits, during high renewables fluctuations).

Fine-Tuning Validation and Automation: It was shown that fine-tuning could
improve the model’s robustness to changes in the distribution of the synthetic data.
However, these results should be confirmed using real-world field measurements. For
this investigation, datasets that encompass significant, quantifiable shifts in load or
generation patterns are necessary. Examples include the commissioning of large in-
dustrial loads, significant integration of renewable energy resources, or widespread
adoption of new technologies like electric vehicles or heat pumps. As more mea-
surement infrastructure is installed in the distribution grid and the adoption speed
increases, more data will be available to initiate the specific research. Furthermore,
practical implementation requires investigating the optimal frequency for fine-tuning
and developing methods for detecting significant changes in the underlying statis-
tical properties of the measurement data that would trigger model retraining or
fine-tuning processes.

Anomaly Detection Extension: While anomaly detection and signal reconstruc-
tion have worked well for voltage magnitude it might not work as effectively for
detecting anomalous power values. As there is much less correlation between power
values as opposed to voltage magnitudes of surrounding nodes, anomalies can be
harder to detect. The effectiveness of the anomaly detection and signal reconstruc-
tion for other signals should be analyzed.

Adapting to Grid Topology Changes: A significant limitation of the currently
trained NSE models is their specificity to the grid topology they were trained on.
Performance is expected to degrade substantially if the topology changes due to
events like switching operations, line maintenance, or faults. Addressing topology
changes requires dedicated research. Promising research areas include retraining
upon detected topology changes, pretraining different models for likely switch po-
sitions, including switch positions in the NSE model, or leveraging the inherent
topology representation of graph neural networks.

Addressing Performance Variability: A notable challenge identified is the vari-
ability in NSE performance across different training runs. Models achieving similar
performance metrics on the synthetic validation data can demonstrate significantly
different accuracy when applied to real measurement data. Most likely, slight dif-
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ferences in the local minima found by the optimizer generalize differently to the
measurement data. Future research should investigate methods to promote con-
vergence towards minima that generalize better. Different regularization methods,
for example including a loss term penalizing power flow inconsistencies, could al-
leviate the issue. Furthermore, improved validation strategies that better predict
real-world generalization during the training phase might help decrease model per-

formance variance.
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