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This work addresses the monitoring and state estimation of 
electrical grids, especially at the distribution level. For economic 
and  technical reasons, grid monitoring cannot be implemented with 
a similarly high measurement density as in transmission grids. Two 
new monitoring methods, which are designed for low measurement 
density, are therefore presented for use in real-time grid operation. 
First, a heuristic monitoring method is presented, which does not 
require pseudo-measurements and estimates voltage magnitudes 
and line loadings. Second, a monitoring method based on  artificial 
neural networks is presented. With appropriate training, the method 
can estimate grid variables, e.g., voltage magnitudes or line load-
ings, with high accuracy. The methods are tested on thousands 
of test scenarios using a comprehensive evaluation methodology. 
For measurement infrastructure planning, a concept is presented 
to  determine suitable measurement locations for the use of one of 
the monitoring methods. After optimization, several possible meas-
urement configurations are presented with their average and maxi-
mum errors and the projected capital expenditures.
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Abstract

This work addresses the monitoring and state estimation of electrical grids, especially

at the distribution grid level. This topic becomes relevant because today’s distribution

grids are not always designed for the current expansion of decentralized feed-in, which

can lead to congestion within the grid. If congestion is detected by suitable monitoring,

it can be resolved by measures, e.g., adjustment of generator power. For economic and

technical reasons, however, grid monitoring cannot be implemented with a similarly high

measurement density as in transmission grids.

Two new monitoring methods, which are designed for low measurement density, are

therefore presented for use in real-time grid operation. First, a heuristic monitoring method

(HMM) is presented, which does not require pseudo-measurements and estimates voltage

magnitudes and line loadings. Second, a monitoring method based on artificial neural

networks (ANN) is presented. With appropriate training, the method can estimate grid

variables, e.g., voltage magnitudes or line loadings, with high accuracy. Various extensions

of the method allow the estimation of the complete grid state.

The methods are tested on thousands of test scenarios using a comprehensive evaluation

methodology. A reference state estimation algorithm, the HMM, and three variants of the

ANN-based monitoring are compared for different measurement locations with typical

measurement errors, extreme measurement errors, and topology errors. Each method is

classified according to the most appropriate application.

For measurement infrastructure planning, a concept is presented to determine suitable

measurement locations for the use of one of the monitoring methods. A user defines

the required accuracy of the monitoring. Using the current grid model and information

about potential measurements, heuristic optimizers or a rule-based strategy can identify

additional measurement points that fulfill multiple requirements: the relevant estimation

errors should be below a certain threshold. At the same time, capital expenditures for the

installation and operation of the measuring equipment should be minimal. After completion

of the optimization, several possible measurement configurations are presented with their

average and maximum errors and the projected capital expenditures. To this end, a web

application is developed.
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Kurzfassung

Diese Arbeit beschäftigt sich mit dem Monitoring und der Zustandsschätzung von Strom-

netzen, insbesondere auf Ebene der Verteilnetze. Relevant wird dieses Thema, da heutige

Verteilnetze nicht immer für den aktuell stattfindenden Zubau der dezentralen Einspeiser

ausgelegt sind, wodurch es zu Überlastungen innerhalb des Netzes kommen kann. Wer-

den Überlastungen durch geeignetes Monitoring erkannt, können diese mit Maßnahmen,

z.B. Abregelung von Anlagen, behoben werden. Aus ökonomischen und technischen

Gründen kann ein Netzmonitoring jedoch nicht mit einer ähnlich hohen Messdichte wie

auf Übertragungsnetzebene implementiert werden.

Zur Verwendung im Echtzeit-Netzbetrieb werden daher zwei neue Monitoring-Verfahren

vorgestellt, die für eine geringen Messdichte ausgelegt sind. Erstens wird eine heuristis-

che Monitoring-Methode (HMM) vorgestellt, die keine Pseudomessungen erfordert und

Spannungsbeträge sowie Leitungsauslastungen schätzt. Zweitens wird ein Monitoring-

Verfahren vorgestellt, das auf künstlichen neuronalen Netzen (ANN) basiert. Mit geeignetem

Training kann das Verfahren Netzvariablen, z.B. Spannungsbeträge oder Leitungsaus-

lastungen, mit hoher Genauigkeit schätzen. Verschiedene Erweiterungen der Methode

ermöglichen eine vollständige Netzzustandschätzung.

Die Methoden werden über eine umfangreiche Bewertungsmethodik an Tausenden von

Testszenarien getestet. Die Referenz-Zustandsschätzung, die HMM und drei Varianten

des ANN-basierten Monitorings werden für unterschiedliche Messstellen mit typischen

Messfehlern, extremen Messfehlern und Topologiefehlern verglichen. Jede Methode wird

nach dem für sie am besten geeigneten Anwendungsfall klassifiziert.

Zur Planung der Messinfrastruktur wird ein Konzept vorgestellt, um optimale Messstellen

für die vorgestellten Monitoring-Methoden zu ermitteln. Ein Nutzer definiert die erforder-

liche Genauigkeit des Monitorings. Über das aktuelle Netzmodell und Informationen über

potenzielle Messungen können heuristische Optimierer oder ein regelbasierter Algorith-

mus (zusätzliche) Messstellen identifizieren, die mehrere Anforderungen erfüllen: Die

relevanten Schätzfehler sollten unter einem bestimmten Grenzwert liegen. Gleichzeitig

sollen Investitionsausgaben für die Installation und den Betrieb der Messgeräte minimiert

werden. Nach Abschluss der Optimierung werden mehrere mögliche Messkonfiguratio-

nen mit ihren durchschnittlichen und höchsten Schätzfehlern und den prognostizierten

Investitionsausgaben dargestellt. Hierzu wird ein Web-Interface entwickelt.
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Chapter 1

Introduction

1.1 Monitoring and State Estimation

1.1.1 Introduction to Grids and Measurement Infrastructure

With millions of customers and dozens of large power plants connected, the synchronous

grid of continental Europe1 has become one of the most extensive synchronous electrical

networks on Earth. It is operated on the extra high voltage level at mainly 380 kV. The

majority of power is fed into the transmission grid by large power plants. Underlying grids

at lower voltage levels distribute the power to consumers. Transmission grids exhibit lower

losses compared to distribution grids due to their high voltage and can transport energy

efficiently over distances of several hundred kilometers [10], which is not possible for

distribution grids with a lower spatial extent and higher losses due to a lower voltage.

In a grid’s normal state, all loads are supplied by power and all operational constraints

are met. Operational constraints are (among others) lower and upper limits for voltage,

frequency deviations relating to the target frequency of 50 Hz, but also limits regarding line

loadings and power flows, and provision of short circuit currents. A strongly meshed topo-

logy makes transmission grids more resilient to failing assets as energy can be transferred

over several parallel routes. A secure grid in a normal state remains in a normal state even

for expected contingencies like a failure of lines or short-circuit faults. If contingencies

result in violations of the operational constraints, the grid is insecure. In that case, optimal

power flow calculations determine ways to reenter a secure state.

1https://www.entsoe.eu/data/map/ Accessed: 19th July 2019
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2 Chapter 1. Introduction

The occurrence of contingencies can only be detected by possessing knowledge about

the current state of the grid. To this end, an extensive array of measuring devices gathers

information at various parts of the grid (substations, power plants, etc.). The measured

information can be binary (e.g., switch status open / closed) or continuous (e.g., voltage

magnitude measurement). Measurements are gathered at different sampling rates, e.g.,

milliseconds for phasor measurement units [100], or minutes for other measurement

devices, depending on the device and its settings. Measurements can also be gathered

infrequently based on changes in the observed measurement value [116]. Measurement

devices exhibit measurement errors, which are often categorized into accuracy classes

(ACC) that define which error to expect from a device [2]. Remote terminal units (RTU)

are network-connected devices that receive the measurements from the measuring device

and transfer them via a communication channel (e.g., powerline communication, general

packet radio service, fiber optic cables inside lightning protection cables, etc.) to a control

center for further use [34]. The control center can delegate actions back to RTU, e.g., to

open a switch. This scheme is called supervisory control and data acquisition (SCADA)

[10].

1.1.2 Energy Management Systems

The control center contains an energy management system (EMS), which is made up of

different functions, one of them being an on-line state estimator [37]. In transmission grid

control centers, a state estimator works in conjunction with several modules: a topology

processor uses the information about switching states and circuit breakers to generate the

current grid topology. The observability analysis determines if the measurement density is

sufficient to calculate a valid state estimation (SE) solution for the entire grid. An algorithm

uses the measurements and information about measurement inaccuracies to calculate the

grid state for the observable parts of the grid [111, 112, 113]. Bad data is identified and

processed both for measurements and asset data.

The result of the state estimator is a clean set of data that can be used for further calculations,

e.g., the aforementioned optimal power flow scheme. State estimation is therefore critical

to keep transmission systems in a normal and secure state. Figure 1.1 shows the process

flows of energy management systems on the transmission level.

There is a difference between monitoring and state estimation, i.e., the estimation of all

complex bus voltages from which all power flows in the grid can be derived. Monitoring,

as defined in this thesis, does not necessarily require an estimate of the full grid state.
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emergency conrol

measurements

contingency analysis

state?

restorative control

state estimation

normal

emergency

restorative

load and distributed
generation forecasts

topology processor

external grid
equivalents

secure secure grid state

security constrained
OPF

preventive action

yes

not secure

Figure 1.1: Energy management system at the transmission grid level. State estimation is the basis

for many subsequent functions. Figure adapted from [10]

For example, a subset of variables like voltage magnitudes and line loadings may be

enough to detect limit violations. Therefore, monitoring is defined as the estimation of

only some of the grid variables.

1.2 Characteristics of Monitoring and State Estimation
in Distribution Grids

1.2.1 Motivation for Distribution Grid Monitoring

In the 20th century, the distribution level was far less critical for system stability and

security than the transmission level. The majority of grid forming generators are connected

directly at the transmission level, and distribution grids were designed to handle the
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connected load without violating operational constraints. This is one of the reasons why it

is not modeled as accurately as the transmission level in control center software.

Between 2007 and 2017, the share of renewable feed-in of electrical power increased

from 14.3 % to 36.2 % in Germany and is now the largest component of electrical power

generation ahead of coal [120]. At the end of 2016, assets remunerated due to the Renew-

able Energy Sources Act in Germany had a combined peak power of 100 GW. Changing

the supply task from providing power to loads to bidirectional power flows can lead to

congestion or even violations of operating limits in distribution grids or higher-level grids.

Distribution system monitoring can help to deal with several effects of the changing tasks

of distribution grids:

1. Regulatory: The System Operation Guideline, a European commission regulation

from 2017 [38] defines certain tasks of transmission system operators (TSO) with

“the purpose of safeguarding operational security, frequency quality and the efficient

use of the interconnected system and resources” [38]. From these tasks, the four

German TSOs derive which data they need from distribution system operators (DSO)

in [6]. Among the relevant information is real-time data of grid assets, e.g., active

and reactive infeed of renewable generators with a minimum power of 1 MW. The

requirement can encompass grids on the medium voltage level if they contain a

considerable amount of distributed generation. In turn, providing such data will

force underlying DSOs to gather more real-time information. Distribution system

monitoring could provide the necessary information, ideally using a low number of

real measurements.

2. Grid operation: The grid operator has to provide several services, e.g., a specific

voltage and frequency at the grid connection point of customers [3]. However, if

the installation of new distributed generators like photovoltaic generators or loads

like electric vehicle charging stations exceeds the prognoses considerably and if the

installation is not subject to regulatory approval, operational constraints in a grid can

be violated [136].

A more precise knowledge of the real-time state of distribution grids will allow grid

operators to better choose measures in critical grid situations [145] and to increase

the overall efficiency of grid operation. Active operation of the grid with dynamic

power control, reactive power control, or distributed energy storages benefit strongly

from accurate information of the grid’s current and near-future states.
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Off-limit conditions could be avoided more cheaply by using these dynamic control

strategies compared to static operation strategies like x % curtailment for distributed

generators [45].

A problematic situation is shown as an example in Figure 1.2. On the distribution

level, a large wind energy converter (WEC) overloads a connected line. Measure-

ments traditionally exist only at the substation to the higher voltage level (shown in

purple). However, the feeder end at the grid connection point is not overloaded, so

that the state estimation at the HV level cannot detect the issue.

If real-time monitoring was available on the distribution level, active curtailment,

use of energy storages, etc. [109] could alleviate the critical situation. (Autonomous)

distribution management systems, for example, as proposed in [87], could be im-

plemented so that congestion is automatically handled. With such measures, grid

reinforcement, a process which takes months to years to complete, could be de-

layed or avoided altogether. This is in line with the German NOVA principle of

grid planning [22], in which grid optimization is preferential to reinforcement or

extension.

Figure 1.2: Example of an MV grid that is overloaded due to decentral feed-in, not at the connection

to the external network (HV/MV substation). The decentral feed-in, a wind turbine, provides power

to the surrounding loads, which overloads the connecting line (red color). The line at the HV/MV

substation is, on the other hand, not overloaded. Gathering measurements only at the HV/MV

substation would therefore not disclose the situation in more remote parts of the grid
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3. Grid planning: Factoring available monitoring into the grid planning process could

also be beneficial. European yardstick regulation necessitates grid operators to

become more efficient over time [23]. Distribution grids are still designed mainly by

using two extreme scenarios: a high load case and a high distributed generation (DG)

case [13, p. 98]. In reality, these cases could only appear in some small fraction of

the year if at all. Therefore, it may be more efficient to design a grid with a lower

safety margin and try to remediate limit violations by actively controlling the grid.

While some methods like static curtailment of power based on previous power time

series exist [45], control based on live information is likely to be more efficient [13,

Section 7.4][69]. Such control strategies could reduce the number or sizing of assets

that would otherwise be used in the planned grid.

4. Balance responsible parties: In addition to advantages for grid operators and

grid planners, balance responsible parties can benefit from real-time data about

distribution grids. In the liberalized energy market, energy generation and grid

operation are technically and legally separated (“unbundled”) [24]. Forecasted or

cleared unit commitment in an electricity market may be imprecise at times, e.g.,

due to weather events or outages of power plants, so that redispatch of units must

take place. Grid operators can use the grid state to make decisions about where the

redispatch should take place and which units are affected. Due to DGs often being

connected at the MV level, redispatch could extend to distribution grids in the future

[142]. Monitoring on lower voltage levels could enable or improve market-based

services, e.g., price discovery, by providing real-time information.

5. Energy accounting: Monitoring is not only useful for real-time grid operation,

but also the accounting of the energy balances between different grid operators

and energy producers. Especially the energy flowing through the grid connection

points between two different grid operators is essential and should be measured.

More precise knowledge enables more accurate accounting and planning between

accounting grids.

Figure 1.3 shows a distribution management system as envisioned in [48] with possible

applications, both real-time and off-line.
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Figure 1.3: Schema of a distribution management system. Figure adapted from [48]

1.2.2 Challenges to Implementing Distribution Grid Monitoring

The implementation of distribution grid monitoring, however, is not a trivial task and

actively researched. Transferring the same methods that are used for state estimation

on the transmission level to the distribution level would be challenging due to economic

considerations alone. The HV/EHV grids of Germany represent only 7.2% of the total

line length of all voltage levels [121]. First, achieving a similar measurement density for

the other 92.8% of the power grids would place an enormous economic burden on the grid

operators. Second, even if a sufficient number of measurement devices could be installed,

transferring the measurements on time either requires setting up or expanding communica-

tion infrastructure along power lines specifically for this purpose (e.g., extending power

line communication) or using the capacity of the different commercial communication

networks available. There are options like cellular wireless networks for mobile commu-

nication, commercial wifi networks in urban regions, or wired connections to the public

internet. Data security is a concern, especially when using available commercial networks.

For these reasons, research on methods that provide an estimate of a grid’s state with

a low number of measurements has been performed in the last decade. An overview

of published research is found in the following Chapter 2. While the first approaches

tried to adopt the state estimation method from [113] to function with a high number of

pseudo-measurements and a low number of real measurements, heuristics or learning-

based approaches can also be used for the task of grid monitoring. For distribution

system monitoring (DSM), the target metrics are not identical: instead of focusing on the

estimation of the complete grid state, namely voltage magnitudes and angles, overloading

could be detected by estimating different variables instead. Observability analysis is not

applicable since there are likely no islands of a distribution grid that are fully observed to
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begin with. Due to the low number of measurements, the target accuracy of the estimation

is necessarily lower than achievable for a fully observed grid. Apart from that, it is crucial

how such a method deals with bad data. Bad data analysis techniques for measurements like

the normalized residual test are only applicable for fully observable grids [26]. Methods

have to be evaluated carefully for unusual measurement errors since the relative importance

of a single measurement is higher than for a redundant set of measurements. Feasibility of

a particular set of measurements for grid monitoring is often tested on a limited number

of scenarios and with static topologies. Since an algorithm has to make guesses as to the

complete grid state from little information, it needs to be validated on a large number of

scenarios and common grid topologies to assert its effectiveness.

1.3 Objectives of the Thesis

The previous section introduced challenges that grid operators currently face and gave

reasons why the implementation of grid monitoring on the distribution level can be ad-

vantageous for grid operators, for grid planners, and balance responsible parties. It also

gave reasons why it is hard to transfer the same methods used for state estimation in

transmission grids to the distribution grid level. This thesis seeks to advance the state of

the art in distribution grid monitoring, summarized in Chapter 2, by fulfilling the following

objectives:

1. Development of Methods for Distribution Grid Monitoring

An objective of this thesis is the development of methods for providing real-time infor-

mation about distribution grids. These methods, which are used in grid operation, should

be able to estimate the required grid variables. The methods should function with a low

number of measurements (compared to transmission system state estimation schemes) and

with typical measurement errors. The methods should not require pseudo-measurements,

which are generated by using separate algorithms and data sources. They should function

for typical European distribution system topologies (as introduced in Appendix A), which

have a high penetration of distributed generators. The runtime of the estimation process

should be on the order of seconds or less so that data is provided to subsequent calculation

schemes on time. Dynamic stability on the distribution level, which would require a much

higher frequency of measurement processing, is not part of this thesis.
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2. Development of a Test Framework for Comparing Monitoring Methods

Due to the non-redundant number of measurements, mathematical procedures for identi-

fying bad data cannot be transferred directly from transmission system state estimators.

This increases the importance of evaluation and benchmarking of monitoring methods,

including their behavior with bad data. Therefore, another objective of this thesis is the

development of a test framework to determine expected errors, strengths, and weaknesses

of a monitoring method. It should be modular so that the tested method can be easily

swapped out with another method. Since different methods are compared by the same

criteria, they can be directly compared based upon their results in the tests.

3. Development of a Planning Method to Integrate Monitoring in Distribution Grids

For economic reasons, the number of measurements gathered in a distribution grid should

be minimal. However, the accuracy of estimation increases with a higher number of

measurements. Additionally, the location and type of measurements are significant if only

a limited number can be gathered. Finding an approach that satisfies the conflicting goals

of minimizing capital expenditures while maximizing accuracy by placing measurement

devices is an objective of this thesis. Compared to the state of the art, the evaluation

of measurement configurations should not be limited to some selected scenarios, but

include a high number of test scenarios and potentially different switching states of a grid.

This requirement ensures that the optimization results are more significant compared to

measurement configurations that deliver accurate results in selected cases and for a static

grid topology.

The final objective of this thesis is to combine the innovations into a comprehensive

process for grid planners so that they can plan a suitable measurement infrastructure for the

required monitoring or state estimation accuracy ahead of time. The grid and information

about the accuracy requirements should be provided to the process, which then optimizes

and selects results autonomously.

1.4 Structure and Contributions of the Thesis

This thesis consists of different contributions. Some of the contributions are primarily

targeted at grid operators, others towards grid planners. Figure 1.4 details the different

chapters of the thesis and groups them to the most relevant field. Each contribution will be

introduced shortly in this section. As a basis for further work, the industry standard WLS
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Distribution Grid Monitoring

Chapter 3: 
Heuristic Monitoring Method

Chapter 4:
ANN-based Monitoring Method

Chapter 5: Classification of
Monitoring Methods

Grid Operation

Chapter 6: Identification of
Feasible Measurements

Chapter 7: Process For The
Implementation of Monitoring

Grid Planning (for Monitoring)

Appendix: Graphical User
Interface

Figure 1.4: Overview of the different chapters of this thesis and their categorization to grid operation

or grid planning

SE was implemented and published as open-source code in the pandapower [128] software

library. Researchers and educators around the world use the library. All contributed new

methods from this thesis are summarized in Table 1.1.

Heuristic Monitoring Method

The first scientific contribution is a new heuristic monitoring method (HMM) for moni-

toring of distribution grids with a low number of measurements. It makes use of radial

grid topologies to estimate the voltage profile of a network. Additionally, line loadings

can be estimated. The method functions with only a few voltage measurements and can

make use of any additional line flow and bus injection measurements. It outperforms the

classical state estimation method under a variety of different scenarios and for various test

grids with considerable DG penetration. Accompanying the HMM is a new power flow

formulation, which can calculate the power flows of a radial grid by analyzing the grid

topology and recursively calculating bus voltages in a single iteration. For meshed grids,

the proposed power flow method can be exchanged by the Newton-Raphson method [134].

ANN-based Monitoring Method

The second contribution is a monitoring method, which uses artificial neural networks

(ANN) to estimate the desired grid variables. It can make use of any existing measure-

ments and is not limited to radial topologies or voltage levels. Additionally, multiple

switching states and tap-controlled transformers are supported. Tests are performed on a

real distribution grid and a benchmark grid. An application example, performed with the

co-simulation framework OpSim [68], determines that the monitoring method can be used
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Chapter / Section Contribution
2 Open-sourced WLS SE implementation

3 Heuristic monitoring method

3 Branch-based power flow method

3.6.2 & 5 Test framework to evaluate and benchmark monitoring methods

4 Artificial neural network-based monitoring method

4 Algorithm to error-correct bad data in voltage measurements

6 Method to determine feasible measurement configurations

7 Planning process to implement the contributions in a power system

Table 1.1: Short summary of the contributed methods from this thesis

to control a grid’s voltage profile automatically. The method is additionally compared to a

real control center software under actual operating conditions. The ANN-based scheme

and the extensive tests are presented in Chapter 4. As a minor contribution, a simple

method to error-correct bad data in voltage magnitude measurements is presented.

Test Framework for Evaluating Monitoring Methods

With the use of a test framework, both presented methods are additionally tested on the

CIGRE MV benchmark grid [123] with high DG penetration and multiple switching

states in Chapter 5. Different measurement configurations, including different types of

measurements, are evaluated. Both normal operation and a variety of errors (topology

errors, measurement errors) are checked for. A number of similar test cases for two

different distribution grids confirm the results further.

Method to Determine Feasible Measurement Configurations

The next contribution is the implementation and evaluation of a variety of methods to

determine suitable measurement configurations for a grid which should be monitored. The

problem of determining feasible measurements is formulated mathematically for use in

optimization algorithms. Both an intuitive approach and various heuristic optimization

algorithms are implemented to determine which number of measurements, which types

of measurements, and at which locations measurements should be gathered for accurate

monitoring results.

During the optimization, each measurement configuration is evaluated on thousands of

test scenarios and, optionally, multiple switching states. The optimization takes a grid and

suitable measurement locations as inputs and is performed automatically.
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Grid Planning Process to Implement Distribution System Monitoring

The final contribution is the integration of the monitoring methods, the evaluation process,

and the automatic optimization of measurement configurations into a comprehensive

process, which can be performed using a web-based graphical user interface. Potential

users are grid planners who want to enable monitoring in their grid. They supply their

system in the pandapower format, enter information about existing measurement devices

and potential measurements. The result is an overview of the ideal measurement locations

for the required accuracy and which monitoring method is most suited for the user’s

needs. The method for the identification of suitable measurements and the user process are

detailed in Chapters 6 and 7.

1.5 Publications Used in the Thesis

Among the original material, this thesis interpolates material from three papers [75, 76, 77]

by the author. Chapter 3 uses material from [76], co-authored with Jan Hegemann, Stefan

Gehler, and Martin Braun. Meanwhile, Chapter 4 is based on [75], co-authored by Nils

Bornhorst and Martin Braun, and [77], Florian Schäfer and Martin Braun being co-authors.

The material from [75, 76] is copyrighted © 2018-2019 by Elsevier B.V. The portions used

from [77] are under copyright © 2018-2019 by IEEE. Use of the published material in this

dissertation is granted.



Chapter 2

State of the Art

Regardless of the method, monitoring of power grids can be seen as an optimization prob-

lem. A nonlinear function f (x) : RM �→R
N , x ∈R

M with M measurements is minimized to

determine the N outputs which have the maximum likelihood for the given measurements.

Outputs could be the bus voltages, line loadings, or other relevant grid variables which

depend on the measurements.

Approaches to solving this optimization problem can be classified in different ways: SE

methods in the context of power systems seek to solve the optimization problem analytically

by using mathematical models. A requirement for SE is an over-determined system of

equations [14]. If the number of available measurements is too low, pseudo-measurements

may be used to supplement the measurement set so that SE can be performed (for example,

see [12, 96]).

Heuristic optimization techniques, on the other hand, may not require an over-determined

system of equations, and can, therefore, approximate the desired variables from few

measurements. They try to match the existing measurements with measurements derived

from the current best solution, which changes over multiple iterations.

This subsection contains an introduction to WLS SE, the industry standard solution for

power grids with a redundant number of measurements. Different ways of generating

pseudo-measurements, as published in the literature, are reviewed. Additionally, a second

literature review examines the existing monitoring solutions for distribution grids with a

low number of measurements.

13
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2.1 Industry Standard: WLS SE

The state of a power grid is described fully by the topological information and the complex

voltages Ve j δ of all buses [10]. For a static grid topology with n buses, the grid state can

be defined as xT = [δ2 ..δn V1 ..Vn], x ∈ R
(2n−1), where δ2 ..δn are the voltage angles of

all buses except for the slack bus 1 (δ1 = 0) and V1 ..Vn are the voltage magnitudes of all

buses.

All power flows can be derived from the grid state. SCADA systems make use of the grid

state to make decisions regarding the operation of the power grid. It is, therefore, crucial

to know the grid state as exactly as possible. To this end, Schweppe et al. [111, 112, 113]

developed the basic SE method which is still used in control centers today. A redundant set

of real measurements z with certain measurement inaccuracies (e.g., given through device

tolerances determined by the manufacturer) are used. The ideal measurements h(x) as a

function of the grid state can be described as z = h(x)+ v∗, where v∗ is the measurement

error. The uncertainty Ri of measurement i is set as a function of the measurement’s

variance σ2, so that Ri = f (σ2). The goal of the WLS SE is to identify an estimated grid

state x̂, which minimizes the measurement error v∗ = z−h(x̂) and therefore maximizes the

likelihood of being the correct grid state for the given measurements and tolerances.

For a number of m measurements, the resulting cost function C(x̂) minimizes the sum of

squared measurement errors, weighted by the uncertainty of the measurements:

C(x̂) =
m

∑
i=1

(zi −hi(x̂))2

Ri
(2.1)

Equation 2.1 is the basis of the WLS SE method. The Newton-Raphson optimization

algorithm [14], which makes use of first order derivatives of h(x), is often used to minimize

the cost function. The individual functions hi(x), describing the ideal measurements are

derived from the power flow equations and depend on the type of the measurement.

To recapitulate, the optimization uses measurements, weighs them by their accuracy and

calculates a grid state which minimizes the summed error of the weighted measurements.

While m= 2n−1 is the minimum amount of required measurements for a grid with n elec-

trical buses, the number of measurements is considerably higher for practical applications.

WLS SE with the Newton-Raphson solver is also prone to convergence issues in some

cases, e.g., with Ampere measurements [10]. An open-source implementation of WLS SE

is provided by the author open-source as part of the pandapower software library.
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2.2 WLS SE with an Insufficient Number of Measure-
ments

As described in Subsection 2.1, WLS SE requires a redundant amount of measurements,

which is typically not available in distribution grids [98]. For distribution grids, the term

distribution system state estimation (DSSE) encompasses the use of WLS SE in such

conditions. The typical way to apply DSSE is by using pseudo-measurements. Pseudo-

measurements are created from secondary data sources, e.g., load profiles. They pad

the existing measurement set so that the WLS SE process becomes possible. Although

inherently imprecise, the quality of pseudo-measurements has a significant impact on the

overall estimation quality.

Early approaches, such as from Ghosh et al. [47] in 1997, try to model loads for use in

DSSE. The basis for load modeling is customer billing information, substation power

measurements, and statistical evaluation. A radial distribution grid is decomposed into a

tree model. For each feeder in the tree, the input data is combined with the power loss of

the feeder to create estimates for the bus power injections. Statistical analysis seeks to

determine the standard deviation (SD) σ of the estimates so that the calculated results can

be interpreted. This approach does not include any distributed generators inside the grid.

Singh et al. [118] use Gaussian Mixture Models (GMM) of loads as pseudo-measurements

for DSSE. Probability density histograms of various load profiles are used to build a multi-

variate GMM, which consists of different components. The GMM is used to approximate

loads, for which no real measurements are available.

In 2015, Pieri et al. present an advanced method to generate pseudo-measurements for

loads in [96]. Historical data is combined with a GMM, the Calinski & Harabasz Criterion,

and the Expectation-Maximization algorithm. An estimation error of less than 1% was

achieved in a grid without distributed energy resources.

In the same year, Cramer et al. present paper [36], in which they evaluate the performance

of DSSE in a LV feeder. Pseudo-measurements are purely created by using advanced

metering data as a data source, and a low estimation error is achieved. Similarly, Abdel-

Majeed et al. perform WLS SE with few real measurements. Several pseudo-measurements

– created from load profiles and other external data sources – are used in [9]. Hundreds of

Monte-Carlo simulations on a real distribution grid result in mean estimation errors below

0.5%, but the maximum errors are several percents in some scenarios.
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Pseudo-measurements can be generated by ANN, as [67] by Manitsas et al. demonstrates.

An ANN supplies missing measurements for the WLS SE. An error model ensures that the

pseudo-measurements have a fitting variance for use in the WLS SE. Pseudo-measurements

are created with the use of ANNs in [12] from 2014. Contractual power values for different

types of customers are used to train the ANNs with data in 15-minute intervals. The trained

ANNs can then predict the power output of a substation for a given time step of the day

(weekday, pre-holiday, and holiday).

A practical examination of WLS SE enhanced with pseudo-measurements in presented

by Dragovic et al. in [39]. Multiple grids in the area of London are examined regarding

estimation accuracy with a low number of real measurements.

A paper from Mestav et al. [78], published in August of 2018, combines Bayesian state

estimation with deep neural networks to improve its performance compared to the WLS

SE with pseudo-measurements. Typical measurement errors are modeled, and the test

grid is only partly equipped with real measurements. The results show that the proposed

deep neural network outperforms the WLS SE with two different methods for generating

pseudo-measurements. However, for every simulation step, a separate ANN has to be

trained. A long short-term neural network is used to generate load estimates for use in

DSSE in [103]. Different ANN are used for the imbalanced phases of the tested distribution

grid.

2.3 Distribution System Monitoring and State Estimation

In this subsection, different approaches to power system state estimation and grid moni-

toring, which function without pseudo-measurements, are reviewed. There is a trend in

recent years to move from more sophisticated algorithms to data-driven approaches, not

only for monitoring purposes but for many tasks related to power systems (e.g., [20, 52]).

Data for machine learning models can be generated by performing power flow calculations

or by gathering and analyzing real historical measurements.

Several publications, some of which were published while the presented thesis was pro-

duced, use ANN for state estimation or monitoring purposes. None of the implementations

presented reach a matching accuracy compared to the ANN-based method presented in

Chapter 4 or is validated on a grid with a high amount of distributed generation and a

dynamic topology. Table 2.1 classifies the state of the art and the methods presented in this

thesis according to relevant aspects of research.
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In [141], published in 2018, Werner et al. present a test which uses ANN for monitoring

the voltage profile in multiple real distribution grids. The maximum error is presented to be

less than 1.5%, but no information about training and test scenarios, grid topologies, and

specific customers are given. Both voltage magnitude and the estimated power injections

are compared to exact values in the evaluation.

Weisenstein et al. also perform state estimation with ANNs on a LV grid with smart meters

and a static topology [139]. The test grid is a simple LV feeder; the household profiles

contain both loads and DG. Both the voltage magnitude and the line currents are compared.

Due to their inaccurate results, the authors conclude that grid monitoring via ANN is not

suitable for more complex distribution grids.

Criterion Presented Method Other Research
ANN-based monitoring Chapter 4 [16, 42, 57, 78, 82, 90, 91, 95, 139, 141]

Large number of test scenarios Chapter 3, Chapter 4 [12, 39, 64, 67, 78, 83, 96, 99, 102, 130]

[131, 139, 140, 141]

High DG penetration Chapter 3, Chapter 4 [9, 16, 36, 78, 95, 139, 141]

Dynamic topologies Chapter 3, Chapter 4 [42, 90]

Use of pseudo-measurements [9, 12, 36, 39, 47, 67, 96, 103, 118]

Full state estimation Chapter 4 [9, 12, 16, 36, 39, 64, 67, 78, 82, 90, 91]

[96, 99, 102, 118, 130, 131]

Table 2.1: Aspects considered in relevant research for DSM and DSSE. The two methods presented

in this thesis, the HMM in Chapter 3 and the ANN-based method in Chapter 4, are compared

with published research in the last years. Large number of test scenarios is counted if at least 96

scenarios are used for validating a method, which equals a full day in 15-minute time steps. A

test scenario is defined as a set of data sufficient for performing a single power flow calculation.

Full state estimation refers to the explicit validation of voltage angle errors. It is not counted if the

validation is limited to voltage magnitudes, line loadings, etc.

Pereira Barbeiro et al. use autoencoders, a special type of ANN, for state estimation in [16].

Real measurements and pseudo-measurements generated by a particle swarm optimizer,

which minimizes the error between the autoencoder output and the pseudo-measurements,

are used in an iterative loop with the auto encoders used to replace the WLS algorithm.

The test grids contain various DGs and phase imbalances. The validation, which is done

only for the voltage magnitude, shows estimation errors up to 3.5% for voltage magnitudes

in a typical Portuguese LV grid.

Ferdowsi et al. present a data-driven monitoring approach in [42]. A simple artificial

neural network is trained to estimate the voltage magnitudes of a MV grid and a LV feeder

from a low number of measurements. There is only a single distributed generation unit

used. An ANN also estimates reconfiguration of switches. The evaluation is performed

only on the voltage magnitude error.
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A similar approach is used by Mosbah et al. in [82]. A parallel and a cascade configuration

of a multilayer perceptron are tested on a state estimation problem. Both voltage magnitude

and angle, i.e., the full grid state, are used in the evaluation. The resulting errors produced

on the IEEE 14 system without DGs yield high errors, sometimes exceeding 5 %, which

make the approach infeasible for real grid operation.

SE is performed with ANN on an under-determined, accurate set of measurements by

Onwuachumba et al. in [91]. The full grid state is compared on a 6-bus grid and an 18-bus

grid. They perform the same process on the IEEE 14 grid without DGs using a dynamic

topology in [90]. The error is considerably larger for an untrained topology.

In 2016, Pertl et al. estimate the voltage magnitudes of a LV distribution grid in [95] using

ANN. The estimation error is less than 1% on a distribution grid with high PV penetration

and a static topology. The comparison is limited to the voltage magnitude.

Ivanov and Gavrila [57] use ANN for voltage magnitude monitoring, although the esti-

mation accuracy is relatively low with > 2% error in most cases. The used IEEE 14 test

system is simple and does not contain DER.

There are also other innovative methods which are either data-driven or using advanced

mathematical models: Weng et al. [140] present such a data-driven approach, which makes

use of historical data of energy management systems. The current set of measurement

is compared with the most similar historical state, which is found by using the nearest

neighbor approach. A kernel ridge regression is used in a Bayesian framework, with the

current measurement set and topology data as inputs, to find the closest matching state.

Bad data and malicious data are also handled. The intended use is for smart grids, in

which a WLS SE approach could result in local minima instead of global minima, which

the presented approach seeks to avoid. The method is tested on the IEEE 300 HV grid

with multiple months of incorporated historical data from New York ISO. Both voltage

magnitude and angle are compared. DER are not present on the HV level, although the

authors assert that the method can be applied to lower voltage levels.

Ashfaqur Raman et al. present a hybrid state estimation method in [99], which uses

a cellular computational network in combination with a genetic algorithm. The state

estimation problem is divided into many small sub-problems to increase the estimation

accuracy. Simulations performed on the IEEE NY NE system without DG show a high

estimation accuracy, although the algorithm runtime exceeds multiple seconds and may be

too high for real operating conditions. The full grid state is evaluated.
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In paper [64] by Boás Leite and Mantovani, a new method for performing state estimation

with a low number of measurements and without the use of pseudo-measurements is

presented. The authors use Hamiltonian cycle theory to sort the power flow equations

for the available measurements in such a way that they can be solved one after the other.

Results on an extensive real distribution system without DERs demonstrate the feasibility

of the method. Voltage magnitudes and bus power injection errors are evaluated.

An unscented Kalman filter can be used to improve the results of WLS SE as is demon-

strated in [102] by Risso et al. The previous estimation results are considered by the filter

to estimate the new state and only for abrupt variations the WLS SE is used. The authors

combine both methods into a robust hybrid method to improve the estimation performance.

Tests are performed on two IEEE test grids and a real Argentinean power system. The

achieved estimation errors are often larger than 1 % for voltage magnitudes and 0.05 p.u.

for voltage angles. There is no decentral feed-in in the grids.

Another application of an unscented Kalman filter is presented in [131] by Valverde and

Terzija. The goal is to perform dynamic state estimation. No derivatives of the power

flow equations are required, and tests are performed with three different test grids. The

method is tested on the IEEE 14, 30 and 57 grids and compared to other techniques via a

performance measure.

A pure power flow-based approach to identify the grid state of a distribution system

with a low number of measurements is presented in [86] from 2013. Grids are split into

unobservable areas with frontiers set at the lines which are measured. Power going into

the unobservable areas is divided into bus power injections, either by averaging or by

creating a worst-case distribution. A power flow calculation then uses bus power injections

to calculate a grid state. Maximum voltage magnitude errors are less than 1% for a real

distribution grid with several loads and six PV generators (for a total of 84 buses). Line

loading errors or voltage angle errors are not compared.

Unmeasured load is treated as a variable and iteratively adjusted inside the WLS SE in

[130]. Naka et al. solve the SE problem with a heuristic particle swarm optimizer instead

of the Newton-Raphson algorithm in [83]. Wang and Schulz present a state estimation

algorithm based on Kirchhoff’s circuit laws [137], which can use line currents in a radial

grid to estimate the grid state. In [43] by Filho and de Souza, they incorporate forecasted

measurements into the WLS SE to increase the process accuracy. Early approaches used a

radial basis neural network [117], a genetic algorithm, or a Hopfield neural network [59]

to implement a WLS state estimator, but the scope of tests is limited.
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2.4 Proposed Innovations compared to the State of the
Art

While there are many different methods developed to use for DSM, there is still room

for improvement in some aspects: Many methods use pseudo-measurements to enable

the WLS SE. On the one hand, this approach can result in sufficiently high accuracy for

estimated grid states and is, therefore, a feasible approach to DSM. On the other hand, the

need to build accurate pseudo-measurements yields additional effort and potential costs for

information retrieval, e.g., accurate weather forecasts and models to translate them into a

power output prediction for WEC. A method that does not require pseudo-measurements

has fewer requirements and can run more autonomously. Such a technique would also

be more reliable in case there are issues with live data sources used for building the

pseudo-measurements. For these reasons, the proposed methods should function without

pseudo-measurements.

As is already shown in Table 2.1, but becomes even more evident in Figure 2.1, many

methods are already validated on a large number of test scenarios (at least 96 scenarios –

the amount equal to a full day simulated in 15-minute steps). However, research including

dynamic topologies or high DG penetration is still scarce, and only three of the reviewed

sources test with both high DG penetration and a large number of test scenarios.

Dynamic
Topologies

[42] [90]

Large Number of
Test Scenarios

[64] [83] [99] [102]
[130] [131] [140]

High DG
Penetration

[16] [95]

Thesis

[78]
[139]
[141]

Use of Pseudo
Measurements

[47] [103] [118]

[9]
  [36]

[12]
[39]
[67]
[96]

Figure 2.1: Venn-diagram that classifies published works according to their strategy of validation
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Dynamic topologies include changing switching states of a grid. Switching states can

result in vastly different power flows in the grid, so that a set of measurements which

is optimal for one switching state may be far less ideal in another state. Topologies of

distribution grids were mainly static with fixed separation points that could be changed in

fault cases [110], but this can change with active grid management. An example is grid

reconfiguration, which can be used to decrease grid losses, regulate voltage, etc. [74].

Therefore, the validation with dynamic switching states gains relevance.

Similarly, high DG feed-in can be expected in many European distribution grids and is

therefore also an important aspect to consider.

To increase the significance of the presented monitoring methods, this thesis therefore

uses an elaborate test framework which includes a high number of test scenarios, dynamic

switching states, and high DG penetration in the evaluation.
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Heuristic Monitoring Method

3.1 Introduction and Concept of the Proposed Method

The structure and assets of typical European distribution grids are described in Appendix A.

Many distribution grids are operated radially without closed loops from a single connection

to the higher voltage level. This property is used in the proposed heuristic monitoring

method, which is published in [76]. To monitor for off-limit conditions, namely violation

of voltage limits and line overloadings, both voltage and line current magnitudes need to

be estimated while full state estimation – the estimation of the complex bus voltages – is

not necessarily a requirement.

Therefore, the main goal of the proposed method is the estimation of an accurate voltage

profile for the grid while line current approximation is the secondary objective. The

measurement of power flowing through the slack bus is a requirement. The method yields

the best results with a low number of voltage measurements with a high distance to each

other (e.g., one per feeder). Power measurements at buses or the substation feeder ends

increase the approximation accuracy.

The HMM makes use of different components for a fast and accurate approximation of

the grid voltage profile. At first, initial bus power injections are set based on the current

measurement at the slack bus and static information about installed assets at the buses,

both for generation and load. A loop adjusts the bus power injections of unmeasured

buses so that the resulting voltage profile matches the existing voltage measurements at the

measured buses more closely. The iterative power adjustment is performed individually

22
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per branch, as defined later in this section. Termination criteria are a maximum number of

iterations or voltage residuals lower than a defined ε .

Figure 3.1 shows the flow chart of the proposed method. The initialization consists of the

three tasks at the top of the flow chart: A topology analysis determines relevant topological

features of the grid. Initial bus power injections are assigned to all unmeasured buses, and

a first grid state is calculated with a PFC. The rest of the flow chart describes the iterative

load balancing process, which begins after the initialization and lasts until a termination

criterion is fulfilled. The following sections explain the individual parts of the method.

return best
results

grid 
topology 
analysis

iterate measurements

set initial power
injection for 

unmeasured buses

iteration limit 
reached?

power balancing with adjustment a

power flow calculation

calculation of residuals r

residuals < epsilon?

store results of iteration

data
structure

loop 1

loop 2

yes

yes

no

all measurements
are processed

no

next
measurement

initial
power flow
calculation

Figure 3.1: Flow chart of the proposed HMM in a simplified version. Figure adapted from [76]

3.2 Grid Topology Analysis

The basis for the simplified power flow calculation method and the iterative bus power

adjustments is the division of the grid into separate components, here called “branches”.

A branch is a list of adjacent buses, which are connected (e.g., by lines). Branches are
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identified by building an undirected graph model from the grid’s topology data. The end of

a branch is a bus with less or more than two neighbors. The buses on the path between

two ends, each having two neighboring buses, form the middle of a branch. Branch ends

may appear in multiple branches while middle buses only belong to a single branch. An

example is shown in Figure 3.2, where an exemplified grid (a) is split into branches (b)

according to the rules mentioned above. The most simple way to determine branches is

to select all nodes in the graph with less or more than two neighbors; these nodes are the

branch ends. The nodes between two branch ends are assigned to the same branch.

3.3 Generation of Load Substitute Values

A simple method is used to generate load substitute values without the knowledge of exact

load profiles if the power flowing through the slack bus is measured, and basic information

about the connected customers at the individual buses are known.

Suppose that there exist l loads in a grid, each with a maximum installed active power Pmaxi .

Generated / injected power is counted positive, and load power is counted negative. Pm

denotes the summed bus power injections of buses with real measurements. The measured

power at the slack bus is Pslack.

Then, assuming a correlation of loads to a certain degree, e.g., as indicated by the existence

of load profiles [70, 129], the individual loads power values Pi can be approximated with

Pi = (−Pslack −Pm)
Pmaxi

∑l Pmaxl

. (3.1)

(a)

S

1 2 3
4 5 6 7

8 9 10

11 12 13 14 15 16

(b)

S 1 2 3

3 4 5 6 7

3 8 9 10

S 11 12 13 14 15 16

Figure 3.2: (a) Graph model of exemplified grid. (b) Graph model of the grid split into branches
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The reactive power is set by using a typical cos ϕ for residential / commercial / agricultural

customers, e.g., 0.97 inductive [92, 129].

Grids which contain distributed generation, e.g., solar or wind energy converters, either

require a measurement of at least one generator of each type. The relative power of the

generator, e.g., Psolarrel
= Psolar/Psolarmax

, is set for all other generators of the same type due

to correlation between closely spaced DGs [106]. The total DG power, Pdg = ∑i Pdgi
, is

included in Equation 3.1 and yields the following equation:

Pi = (−Pslack −Pm −Pdg)
Pmaxi

∑l Pmaxl

. (3.2)

While the errors of individual bus power injections become large if the individual loads are

weakly correlated, and the grid power losses are neglected, Equation 3.2 also enables the

use of WLS SE without the need for explicit load profiles. Buses without real measurements

are assigned a load substitute calculated from Equation 3.2. The load substitutes are added

with a high measurement error, e.g., standard deviation of 30 % of the substitute value,

to indicate their low accuracy. Equation 3.2 is also used to generate the initial bus power

injections for the HMM.

3.4 Calculation of Power Flows for Radial Grids

3.4.1 Introduction to Power Flow Calculations

Power flow methods combine grid topology data, the voltage at a reference bus, voltage and

active power of PV buses, and bus power injections of PQ buses to calculate the complex

voltages for all grid buses. The iterative Newton-Raphson power flow solver converges

to a solution quadratically within a few iterations with the right starting conditions [49].

A drawback is the longer computation time for an iteration. This is the advantage of the

Gauss-Seidel power flow solver, which exhibits a low computation time per iteration, but

needs many more iterations to find the solution. Less complex solvers are better suited for

implementation on low-powered devices, which can be installed in power grids decentrally,

e.g., to build a distributed control system using multiple agents.

This thesis presents another method, which uses only a single iteration and can be used

to approximate the grid state. An advantage is the inclusion of line flow measurements

directly into the power flow, which is not possible with conventional Newton-Raphson
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or Gauss-Seidel solvers. It is developed for radially operated grids with known slack bus

voltage and power injection. The basis for this new method is the division of the grid into

its branches (see Figure 3.2).

3.4.2 Branch-based Power Flow Formulation

The dependency of the bus voltage on the bus power injection Pinj + jQinj and the voltage

of neighboring buses are expressed by the power flow equation [29]

Pinji
− jQinji

V ∗
i

=ViYii +
n

∑
k=0
k �=i

YikVk. (3.3)

The line admittances Y ik, which can be built from Ysei j and Yshi j in Figure 3.3, are mostly

static. The voltage Vi at bus i is affected by the power injection at bus i and by the voltage

of the connecting buses. The R/X-ratio of power lines used on the distribution grid level

is often above one compared to transmission grids with R/X < 1. Different R/X ratios

provide different characteristics for complex power flows [28]. Due to the higher R/X

ratio, the voltage magnitude in distribution grids is affected by both activate and reactive

power to a higher degree than in grids with lower R/X ratios [18]. The dependency of

the voltage magnitude on the active power injection of a bus and the fact that the voltage

magnitudes of neighboring buses are closely related can be used in an algorithm to estimate

the voltage of branches with few measurements.

The power flow is calculated recursively; the branches containing the slack bus are calcu-

lated first. Since the slack bus power injection, its complex voltage Vi, and the line data of

the adjacent elements (e.g., lines, transformers modeled by the complex series admittance

Ysei j and shunt admittance Yshi j) are known, the voltage of the neighboring bus can be

calculated:

Vj =Vi − 1

V ∗
i Ysei j

(Si j −|Vi|2
Y ∗

shi j

2
)∗. (3.4)

Si j is equal to the slack bus power injection for the case that only a single element is

connected to the slack bus. The case where multiple elements are connected to the slack

bus is examined later in the subsection.
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Si j

Ysei j

S ji

Yshi j
2

Yshi j
2

S j

S jk

Ysh jk
2

Yse jk

Sk j

Ysh jk
2

Vi Vj Vk

Figure 3.3: Recursive power flow through two line segments i j and jk. Starting at bus i, the voltage

of the next bus j can be calculated

As a next step, the power flow from bus j towards bus i, S ji, can be calculated as:

S ji =VjY ∗
sei j

(V ∗
j −V ∗

i )+ |Vj|2
Y ∗

shi j

2
. (3.5)

S jk, the power flowing into the following line element, can be calculated afterwards using

the conservation of energy at bus j: S jk = S j −S ji. Vj and S jk are now used to calculate the

next element in line, analogous to the previous line element. Figure 3.3 shows an overview

of the different variables for two line segments i j and jk.

S jk is 0 if a branch ends without an adjacent bus, the recursive power flow ends for that

branch. If a branch ends because the next bus has two or more adjacent buses, the power

S jk is split between the following branches. To that end, all power injections of nodes on

the following branches are summed up. The power going into the branches is split up in

relation to the calculated power sum of the buses in each branch.

An exemplified case is shown in Figure 3.4. Bus j is a branch end with two rear branches

connected to it. In order to assign a fraction of power to each branch, the power injections

of buses k to n are summed up as Sk..n = Sk +Sl +Sm +Sn. The power injections of buses

o to q are summed as well (So..q). The power flowing from bus j is then set for each branch

according to the calculated share of the branch. If a line flow is directly measured, it is

injected into the corresponding calculation step to increase the accuracy of the results.

Sk..n
Sk..n+So..q

So..q
Sk..n+So..q

Vj

Vk Vl Vm Vn

Vo Vp VqS ji

Figure 3.4: Division of power flow at the split of a branch



28 Chapter 3. Heuristic Monitoring Method

The approximation of power per branch neglects line losses and implicitly assumes that

losses per branch are proportional to the power flowing through the branch. This is the

case if used line types and lengths do not vary significantly between the branches. If that is

not the cases, either the losses can be calculated explicitly from the previous power flow

result, or a rough estimate of power losses can be calculated with the line impedance data

and power flowing through a branch.

The full ZIP model for loads [4], which enables more realistic load behavior compared to

the constant power model, can be included in the new power flow algorithm by adjusting

S j in the equation S jk = S j −S ji to the ZIP load model

Pj = P0(Zp(
Vj

V0
)2 + Ip(

Vj

V0
)+Pp), (3.6)

Q j can be calculated analogously, although there is one disadvantage: The power split at

the branch ends presumes the knowledge of the power values for all buses to distribute the

power to each branch correctly. If load values are fuzzy due to the voltage-dependent parts

of the ZIP loads, this process is less accurate.

3.4.3 Complexity Analysis

Compared to other methods like Newton-Raphson, Gauss-Seidel [29], or the Forward-

Backward Sweep [30], the presented power flow method is completed in only a single

iteration. To assess how the algorithm compares to the Newton-Raphson power flow, a

computational complexity analysis can be performed.

The standard Newton-Raphson algorithm solves a system of linear equations in multiple

iterations for a grid with n buses and therefore exhibits a computational complexity of

O(n3) [19], denoted in the big O notation1. The proposed power flow’s complexity is O(n),

since the all grid buses are iterated once. Its runtime should therefore scale linearly with

the number of buses. This advantage of the proposed power flow increases for larger grids

compared to the standard Newton-Raphson algorithm.

1The O-notation, e.g., O( f (n)), denotes the upper-bound magnitude of a function f (n) of the prob-

lem size n [61]. Further explanation at https://www.cs.cmu.edu/~adamchik/15-121/lectures/

Algorithmic%20Complexity/complexity.html Accessed: 18th July 2019
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3.5 Iterative Load Balancing

The iterative load balancing is used to adjust the initial grid state so that the grid’s voltage

profile is closer to the existing voltage measurements in the grid. The basis for the iterative

load balancing is the power balance of the grid, which has to be valid at all times:

Sslack +Sgen +Sload +Sloss = 0, (3.7)

where Sgen is the sum of all generated power, Sload denotes the sum of consumer power

and Sloss the grid losses. After substitute values for all unmeasured buses are generated

according to Subsection 3.3, a PFC generates an initial grid state. The calculated grid state

is compared at the measured buses and residuals ri

ri = |Vmeasi |− |Vcalci | (3.8)

define the difference between the measured (Vmeasi) and calculated (Vcalci) values at bus i.

The residuals are the basis for the algorithm’s iteration process. Depending on the sign of

the residual, the voltage calculated with the current power distribution is either too high or

too low to match the real measurement.

A higher bus load (negative bus active power injection) decreases the voltage magnitude.

Active power generation at a bus (positive bus active power injection) increases the voltage

magnitude. The voltage magnitudes inside a branch are also connected. Therefore,

depending on the sign of the residual r, the power injections of all buses inside a branch

(except for measured bus power injections) are adjusted by using the function:

f (r,b) = 1− sgn(r)α β (b); (3.9)

where sgn(r) is the signum function, α a numerical constant and β (b) the number of

buses between the measured bus b and the slack bus. Equation (3.9) is the heuristic power

adjustment: If one assumes that a branch contains a voltage measurement and that the

currently calculated grid state produces a voltage that is too high to match the measurement,

a new grid state should exhibit a lower voltage level in that branch.

In this case, the load of the branch should, therefore, be increased to decrease the voltage

magnitude of the branches buses. Equation (3.9) starts at 100 % power and subtracts or

adds a percentage of power, depending on the sign of the voltage residual. The factor

α sets the strength of the adjustment. The second factor β adjusts the strength of the
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adjustment further. While the network topology fixes β , α is set manually by tuning it as a

hyperparameter. As a result, the value of α = 0.05 is used for all simulations in this thesis.

The function returns a number which is multiplied with all real bus injections in the

respective branch. The buses of the branch are now adjusted to generate a smaller residual

in the next iteration potentially. This adjustment makes Equation (3.7) temporarily invalid

since the consumed power does not match the produced power anymore. Equation (3.10)

is derived from Equation (3.7) and is the real part of the power balance equation after the

branch power adjustment. The buses n of branch b – denoted n(b) – have been adjusted to

Pad j. Pad j is the power injection of a bus multiplied with f (r,b).

If all other summands stayed constant, the equation would then be false. A factor a is

introduced to adjust the bus power injections of all other buses - denoted n /∈ n(b)- to make

it match again.

Pslack +Ploss + ∑
n(b)

Padj +a ∑
n/∈n(b)

Pload +
1

a ∑
n/∈n(b)

Pgen = 0 (3.10)

Solving for a yields two solutions, of which only the positive solution is suitable. The

factor a is calculated only for the active power; the reactive power remains unchanged.

Adjusting the reactive power either by keeping the buses cosϕ constant or by guaranteeing

the power balance for reactive power in tests did not yield better results. The remaining

buses n /∈ n(b) are multiplied with the positive solution of Equation (3.10).

The consumer buses’ real power injections are multiplied by a. To adjust the unmeasured

generator, buses with the same magnitude, but in the opposite direction, producer bus

powers are multiplied by the reciprocal 1
a . This ensures that the power balance is restored.

3.6 Validation

3.6.1 Test Grids

The presented monitoring method is tested on a real test grid and two synthetic systems.

One of the synthetic grids (Synth 1) contains four relatively short feeders at the HV/MV

substation, which branch out multiple times with own branches of different lengths. The

ratio of branches to buses, as defined in Subsection 3.2, is 0.33. The second synthetic grid
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(Synth 2) contains few feeders, which are long and contain fewer internal branches in a

feeder. This manifests in a branch / bus ratio of 0.08. The real grid data is taken from [40].

It comprises of 141 buses, loads and distributed generators, and the ratio of branches to

buses is 0.23. The three grids are visualized in Figure 3.5.

All networks are operated on the 20 kV level. The real grid contains 141 buses, the first

synthetic grid includes 91 buses, and the second synthetic grid contains 101 buses. Line

lengths for all grids vary between 0.5 km and 2.3 km. Typical cable parameters for 20 kV

cables are used for modeling. Rated loads are between 50 kW and 600 kW. The topology

and bus power injection data for the two synthetic grids is provided in Appendix B.

Figure 3.5: Structural visualization of the three test grids. The top graph shows the real test grid,

the middle graph the test grid with long feeders (Synth 2) and the bottom graph shows the test grid

with multiple short feeders (Synth 1)

3.6.2 Simulation Process

All simulations are performed with the HMM to determine its estimation results. For

comparison, the WLS SE method is also subjected to the same grids and scenarios as the

HMM. The results of both methods are evaluated by two key variables for grid operation:

the voltage magnitude and the line current magnitude. Both can be used to determine

whether a grid is in normal operation or to identify critical situations. The estimated

values are compared with the exact values from the power flow calculation that defines the

scenario.
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For HMM, the maximum number of iterations is set to 10. The factor α in Equation 3.9

is set to 0.05, the residual for early stopping in Figure 3.1 is set to 10−3. If more than

three measurements are available, the additional measurements are only used to assess the

estimation accuracy.

Due to the heuristic nature of the method, it may be advantageous to try different subsets

of the available voltage measurements as part of the algorithm and use the rest of the

measurements to validate the approximation. The results from the measurement subset,

which exhibits the lowest residuals, can then be used. The measurements closest to and

farthest from the slack bus are always used in those cases; the third voltage measurement is

varied. This procedure is advantageous in case of gross voltage errors, as will become clear

in Chapter 5. If more than three measurements are available, the erroneous measurement

can be excluded in the process automatically since the resulting errors will be higher than

those of another set of three measurements.

Figure 3.6 shows the proposed test framework. Pseudo-measurements, which are re-

quired for WLS SE, are created for bus power injections using the method described in

Subsection 3.3. The standard deviations of pseudo-measurements are set to 10 % of the

measurement values. The maximum number of iterations for WLS SE is set to 10. A state

update of less than 10−6 in two consecutive WLS iterations stops the process as well.

The inaccuracy of measurement devices is accounted for by applying Gaussian noise with

a mean of 0 and a standard deviation σ to each measurement. Using IEC 618692 accuracy

classes, the ACC 0.5 (3σ = 0.5 %) is chosen for voltage measurements. The corresponding

SD is 0.5
3 ≈ 0.167%, which means that 99.7% of measurements have a maximum error

of 0.5% (3σ confidence interval). The slack bus voltage measurement, most important

to the method, is highly accurate with ACC 0.1. No power injection measurements are

used except for the slack bus with a SD of 1 %. Additional power measurements could be

included for higher accuracy. Initial power values for the iterative load adjustment process

are created by scaling the nominal power values of each bus so that the sum of all buses

matches the measured slack bus power injection as described in Subsection 3.3. These are

the same as the pseudo-measurements used for WLS SE.

2Accuracy classes are defined in IEC 61869 or IEEE Std C57.13™-2008 [2]. They specify the expected

error for instrument transformers in certain operating ranges. Accuracies and ranges for both voltage and

current transformers are publicly available at http://www.rsisolsec.com/en/accuracy-of-voltage-

transformers.html and http://www.rsisolsec.com/en/accuracy-of-current-transformers.

html. Measurement errors introduced due to digitalization (e.g., quantization with a certain number of

bits) and transfer via communication channels are disregarded in this thesis due to their low impact on the

estimation error [15].
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Figure 3.6: Flow chart of the test framework for the HMM. The rhombuses depict grid-related data

input to the otherwise generic process. Figure adapted from [76]

3.6.3 Evaluation with Load Profile Data

The first evaluation includes a variety of different situations. The German standard load

profile H0 provides 15-minute time series values for different days (weekday, Saturday,

Sunday) in different seasons (summer, winter, transition time). These conditions add up to

864 scenarios. The individual profiles can be found in Appendix C.

The influence of measurement positions is evaluated by selecting 100 random measure-

ment configurations for every test grid. A measurement configuration consists of a low

number of voltage measurements, scattered throughout the grid randomly. The only fixed

measurement is an active, reactive, and voltage measurement at the slack bus (HV/MV

substation). A measurement configuration can have between two and seven measured

buses; the amount of measurements is picked (uniform) randomly per configuration.

Due to the calculation of 864 scenarios per measurement configuration, a total of 86 400

simulations are performed for the load profile test. Simulations are evaluated by two key

variables of distribution grids: voltage magnitude (used to determine voltage violations)

and line current magnitudes (used to determine overloaded lines).
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Table 3.1 shows the simulation results. Average maximum errors are calculated by using

the maximum errors of all individual buses / lines per simulation and calculating the mean

for the 86 400 simulations. The maximum maximum errors denote the maximum errors

for all buses / lines and simulations. All of the average maximum errors for the different

test grids are lower for the HMM compared to the error of the WLS SE. The Synth 2 grid

shows the biggest advantage for the HMM. Even for different grid topologies, indicated by

the ratio of branches to buses, which varies considerably for each test grid, the HMM is

able to estimate voltage and line current magnitudes more accurately than the WLS SE.

The rows indicating better performance classify all cases into three baskets: If both voltage

and line current magnitude errors are lower for one method, that simulation is assigned the

better method. If one metric is better for HMM and the other for WLS SE, the simulation

is added to “Partial”. For all three test grids, HMM shows a better performance overall,

estimating more accurately than WLS SE in 54−72% of simulations.

Figure 3.7 shows voltage magnitude errors for all test grids and simulations. Each bar

in the plot shows a single measurement configuration and is made of the errors of the

864 simulation scenarios. The box contains the 25 % / 75 % quartiles while the whiskers

extend to the worst errors. The measurement configurations are sorted by the number

of measurements in the configuration, between 2 and 7, each color denoting a different

number of measurements in a configuration. In general, the errors exhibited by the HMM

are more symmetrical around 0 and often the boxplots show a lower error compared to

WLS SE. Table 3.2 compares the runtimes and number of iterations for both the HMM

and the WLS SE.

HMM WLS Partial

Real grid Average maximum voltage error 0.0017 p.u. 0.0023 p.u.

Average maximum current error 18.7 A 20 A

Maximum maximum voltage error 0.006 p.u. 0.006 p.u.

Better performance 69.48 % 17.76 % 12.76 %

Synth 1 Average maximum voltage error 0.0012 p.u. 0.0016 p.u.

Average maximum current error 14.3 A 18.4 A

Maximum maximum voltage error 0.0047 p.u. 0.0060 p.u.

Better performance 54.20 % 12.42 % 33.38 %

Synth 2 Average maximum voltage error 0.0105 p.u. 0.0126 p.u.

Average maximum current error 17.3 A 72.3 A

Maximum maximum voltage error 0.0287 p.u. 0.0297 p.u.

Better performance 72.16 % 0.00 % 27.84 %

Table 3.1: Errors of both algorithms compared for all test grids and simulation runs
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Figure 3.7: Comparison of voltage estimation errors for the HMM and the WLS SE for the three

test grids, the 100 measurement configurations, and 86 400 scenarios per configuration

3.6.4 Evaluation with High DG Penetration

Base Scenarios

After asserting the general aptitude of the method with three test grids with different

topological structures, further tests are performed to validate the performance with high

DG penetration. Issues arising in the grid due to high DG penetration are a big motivator

to implement monitoring on the distribution level.

Therefore, using the real test grid, simulations are carried out with a high penetration

of photovoltaic generators. Ten buses are randomly equipped with PV generators (out

of 36 buses with loads). Each PV generator is given a randomly chosen installed power

of 150kW ± 50kW (normally distributed). Analogous to the H0 load profile, the EV0

photovoltaic profile for perfectly sunny days is used to assign a PV power to each PV

generator. Uniform noise in the range of ±30% (capped at 100% of the installed power)

is applied to the time factors for each PV generator individually.
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Grid Runtime Runtime Iterations Iterations
HMM WLS SE HMM WLS SE

Real grid 296 ms 507 ms 5 3

Synth 1 138 ms 198 ms 4 3

Synth 2 199 ms 250 ms 8 3

Table 3.2: Performance comparison between the HMM and the WLS estimator regarding both

the average runtimes and the average amount of used iterations. The results were produced with

an Intel i7-4702MQ CPU (2.2 GHz), 16 GB of RAM (800 MHz), HDD storage, Python 3.5 on

Microsoft Windows 7

The applied noise is a high but realistic estimate for generators distributed across an area

of several square kilometers [106, Sec. 2.2].

The same 864 grid load factors are used as before. Apart from the slack bus, only 3 of the

10 PV generator buses are equipped with measurements (V , P, Q= 0). Unmeasured PV

generators are assigned the average percentaged bus power of the measured PV generator.

The three measured PV generator buses were chosen as to provide good results for the

HMM potentially. The same method to generate pseudo-measurements for WLS SE is

used as in the previous subsection. Table 3.3 shows that even with scarcely measured, high

PV penetration the estimation errors are still lower for the HMM.

Some grid operators also operate distribution grids with closed loops (meshed), especially

for high load density. In the next test, two lines were added in the real distribution grid to

create a meshed network, and the simulations were repeated with the Newton-Raphson

method as the power flow method. While the overall voltage errors are higher for the

HMM, it still performs better than WLS SE (Table 3.3). The line current errors decrease;

likely due to more even power flows in meshed operation. I

HMM WLS Partial

Real grid Better performance 78.24 % 2.78 % 18.98 %

Average maximum voltage error 0.0004 p.u. 0.0010 p.u.

Average maximum current error 4.8 A 8 A

Maximum maximum voltage error 0.0014 p.u. 0.0035 p.u.

Meshed operation Better performance 64.58 % 2.08 % 33.33 %

Average maximum voltage error 0.0006 p.u. 0.0009 p.u.

Average maximum current error 3.8 A 6.9 A

Maximum maximum voltage error 0.0023 p.u. 0.0034 p.u.

Table 3.3: Results for the HMM and WLS with a high DG penetration. Relative values are the

percentages of test runs in which one algorithm performed better than the other
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Influence of the Number of Measurements & the Measurement Accuracy

Using the grid, PV generator distribution, and base scenarios from the previous subsection,

the influence of measurement accuracy and the number of gathered measurements should

be determined. The accuracy of a measurement device is varied for voltage and power

measurements. The slack bus voltage measurement, which holds special importance for the

HMM, is varied independent of the other voltage measurements. The voltage measurement

error is varied between 0.1% and 1% while the power measurement error is either set

to 1% or 3%. Table 3.4 shows the results. For the most accurate results, the slack bus

voltage measurement should be as accurate as possible (AC 0.1 or 0.001 p.u., first result

line). There is a small impact of different voltage measurement accuracies (0.005 p.u. vs.

0.01 p.u.) for HMM, but no measurable influence of power measurement accuracies (1 %

vs. 3 %). For WLS with its weighted measurements, all configurations provide different

results. The highest accuracy yields the lowest errors. Overall, the HMM’s errors are lower

than those of the WLS estimator.

As Figure 3.7 shows, the number of meters placed in the grid may be less critical for

realizing a high accuracy than the specific location of measurements. There is no decreasing

error trend with a higher number of measurement devices, but, especially for the real test

grid, some measurement configurations outperform others, regardless of the overall number

of measurements.

Measurement Accuracies HMM Errors WLS Errors

V V (slack) Power Avg. Avg. Max. Avg. Avg. Max.

in p.u. in p.u. in % Max. V Max. I Max. V Max. V Max. I Max. V

0.001 0.001 1 0.0004 4.8 0.0014 0.0005 7.7 0.0012

0.005 0.001 1 0.0004 4.8 0.0014 0.0010 8.0 0.0035

0.003 0.003 1 0.001 4.8 0.0039 0.001 8.7 0.0034

0.005 0.005 1 0.0015 4.8 0.0064 0.0015 9.8 0.0054

0.01 0.01 1 0.0028 4.9 0.0128 0.0025 12.1 0.0091

0.01 0.001 1 0.0005 4.9 0.0014 0.0017 8.6 0.0066

0.01 0.001 3 0.0005 4.9 0.0014 0.0018 14.5 0.0069

Table 3.4: Performance of both methods regarding different measurement accuracies. V denotes

voltage magnitude (in per unit), I denotes line current magnitude (in A). Meas. accuracy is given as

3σ (3·SD) for normally distributed errors. Avg./Max. Max. errors as per Section 3.6

Figure 3.8 shows how the average and maximum errors, each calculated from the maxima

of all base scenarios, change with the number of measurements. One meter constitutes

an active power, a reactive power, and a voltage measurement (P, Q, V) at a single bus.

For each data point in Figure 3.8, five different meter configurations with the selected

number of meters are chosen randomly to get representative results and avoid outliers to
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Figure 3.8: Variation of the number of buses equipped with measurement devices (gathering P, Q,

V measurements) and its effect on the average and maximum voltage estimation error

the randomly chosen measured buses. The ten buses with a distributed generator connected

are considered for the selection. The average maximum voltage error for the HMM is

relatively constant regardless of the number of meters. For WLS, it increases between 2

and 3 meters but slightly decreases for more installed meters.

The maximum maximum voltage error for the HMM decreases slightly when using more

than three measured buses, but the difference between the highest and lowest error is less

than 0.1%. The max. max. voltage error decreases between 3 and 6 meters for WLS, but

increases again for seven placed meters. The number of meters is limited to 7 because the

accuracy of HMM does not increase significantly, and the intended use of the HMM is

with a very low number of measurements.

Regarding line currents, the HMM yields an average maximum error of 4− 5 A. The

same error of the WLS estimator stagnates at about 8 A for 5−7 metered buses without

decreasing further.

As indicated by the results for the real test grid in Figure 3.7, when dealing with such

a low number of measurements, the positions of the meters may be more important

than the number of meters. The flat error curve could be the result of an averaging

effect of the different measurement configurations. A detailed analysis of the grid before

implementation is imperative to determine the most suitable measurement locations.
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Impact of Substitute Bus Power Injections

As explained in Subsection 3.3, unmeasured buses are assigned a substitute bus power

injection based on the known generated power in the grid (provided by DG and the slack

bus). These values serve as a simple type of pseudo-measurement for the WLS SE and are

used as initial conditions for the HMM. They are inherently incorrect since they assume

the same proportion of the generated power for each node, only scaled by the installed

power, but not incorporating potential differences per individual bus.

However, to generate average values for a bus, this approach is valid if loads and DG of the

same type are correlated to each other. Loads are historically clustered into different load

profiles, e.g., the German H0, L0, G0 profiles among others [70]. Due to the limited extent

of distribution grids, DG power for some types of DG is also correlated, e.g., photovoltaic

generator power [56, 106] or WEC power [51, 119]. To determine the loss of accuracy

of HMM / WLS without this averaging effect of substitute bus power injections, three

different scenarios are tested:

• Scenario A: The load values are randomly chosen as 0 % or 100 % of the current

load profile factor while the DGs are not producing power

• Scenario B: The DG bus power injections are randomly set to either 0 % or 100 %

• Scenario C: The measured DG buses show a measurement value of 0 instead of the

real value in order to impair substitute values for the unmeasured DG buses

The results are shown in Table 3.5. The average/maximum maximum voltage errors

increase up to 50 % compared to the base scenario while the line current error increases up

to 7.0 A for the HMM. For WLS, scenario A yields lower errors, while scenario C yields a

much higher error. Interpreting these results, there is a negative influence on the estimation

accuracy if bus power injections do not correlate closely, e.g., due to different load profiles

of buses or multiple DG types.

3.6.5 Validation of the Branch-based Power Flow Method

The proposed power flow method is evaluated on different test grids. Power flow results are

calculated for the reference grid state and compared to the reference software, pandapower.

pandapower uses the Newton-Raphson solver by default. The difference between the results
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HMM WLS

Avg. Avg. Max. Avg. Avg. Max.

Max. V Max. I Max. V Max. V Max. I Max. V

Base 0.0004 4.8 0.0014 0.0010 8.0 0.0035

Scenario A 0.0005 5.6 0.0015 0.0010 7.5 0.0030

Scenario B 0.0005 5.5 0.0013 0.0010 8.7 0.0035

Scenario C 0.0006 7.0 0.0021 0.0041 27.4 0.0094

Table 3.5: Impact of different initial bus power substitute values on the overall errors. Avg. / max.

max. errors as per Section 3.6

of both methods can be calculated so that the accuracy of the load flow approximation

with the proposed branch power flow method can be assessed. All results are detailed in

Table 3.6.

The first test grid is modeled from a real European distribution grid, also used in [76].

The maximum voltage difference of the bus voltage magnitudes is less than 6 · 10−5.

The maximum difference in voltage angles is about 10−3. Both differences suggest a

good approximation of the reference Newton-Raphson load flow result. The results for

two synthetic grids, introduced in the Subsection 3.6.1 as Synth 1 and Synth 2, also

show the that proposed load flow is a good approximation to the Newton-Raphson load

flow. The next test grid is the open-sourced CIGRE MV benchmark grid, which exhibits

differences as low as −1.22 ·10−3 for magnitude and 1.21 ·10−1 for angles. To check if

the differences get smaller if individual parts of the grid are calculated, both feeders of the

grid are calculated separately. The larger feeder (denoted CIGRE MV - Feeder 1) exhibits

smaller errors than the whole CIGRE MV benchmark grid while the results match with

a very low error for the small CIGRE MV - Feeder 2. Finally, the four medium voltage

benchmark grids from the SimBench3 project [71] are tested. The grid models can be found

open-sourced as part of the pandapower package and contain high amounts of distributed

generation and loads. Overall, the maximum voltage magnitude errors are in the range of

one-tenth of a percent with the mean errors being considerably lower. The angle errors

exhibit the same pattern. The errors for the “commercial” variant of the SimBench grids

are lowest, while the “urban” grid exhibits the highest errors. This could be due to the

higher load density in the urban grid.

Whether the PFC method presented is suitable depends on the respective use case. The

method could be improved further to exhibit lower differences to the Newton-Raphson

power flow, e.g., by finding ways to avoid imbalances in grid loss per branch.

3http://www.simbench.net
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Test Grid Voltage Magnitude Diff. [p.u.] Voltage Angle Diff. [°]

Mean Extreme Mean Extreme
Real Distribution Grid 2.30e-5 5.21e-5 4.66e-4 1.03e-3

Synth 1 -3.38e-5 1.29e-4 6.20e-3 2.10e-2

Synth 2 -5.44e-4 -6.23e-3 5.57e-2 4.21e-1

CIGRE MV Benchmark Grid -1.22e-3 -3.04e-3 3.75e-2 1.21e-1

CIGRE MV - Feeder 1 2.97e-4 6.10e-4 -4.85e-3 1.28e-2

CIGRE MV - Feeder 2 7.40e-17 2.21e-16 4.95e-16 1.40e-15

SimBench MV Commercial -5.69e-5 -2.44e-3 2.79e-3 -5.45e-2

SimBench MV Rural 1.76e-3 -7.94e-3 9.73e-3 3.11e-1

SimBench MV Suburban 6.82-4 4.65e-3 3.46e-2 3.33e-1

SimBench MV Urban -2.06-3 -8.84e-3 -6.78e-2 -1.96e-1

Table 3.6: The differences of the proposed branch-based power flow method as compared to

the reference method, Newton-Raphson. “Extreme” denotes the minimum or maximum value,

calculated from the maximum of the absolute difference. The Newton-Raphson results are produced

with the software pandapower and default settings. CIGRE MV - Feeder 1/2 describe parts of the

CIGRE MV benchmark grid. Feeder 1 contains buses 1 to 11 while feeder 2 contains buses 12 to

14. The HV/MV substation transformer has been removed due to modeling issues

3.7 Summary and Limitations

In the previous section, the proposed HMM has been subjected to different test grids, test

scenarios under varying amounts of measurements, varying locations of measurements,

and varying accuracy of measurements. The results show that compared with the employed

WLS SE on the same input data and the presented way of pseudo-measurement generation,

the HMM generally estimates voltage magnitudes and line current magnitudes with lower

estimation errors than the employed WLS SE on the same input data.

However, it has also become clear that the HMM is not as much dependent on the number of

measured buses (Figure 3.8), but highly dependent on the specific location of the gathered

voltage measurements (Figure 3.7). Adding more voltage measurements at unsuitable

positions might not increase the estimation accuracy. Consequently, the failure of a

measurement device could decrease the estimation accuracy considerably. The proposed

branch-based power flow method only works with radial grids. For meshed networks, it has

to be swapped out with another solver, e.g., the Newton-Raphson power flow solver. This

could increase the runtime of the algorithm due to the higher computational complexity as

explained in Subsection 3.4.3.

Both the HMM and the WLS SE would benefit from a better way of generating pseudo-

measurements for bus power injections. HMM could use it for a better initial state

before the iterative load balancing process. WLS SE would also benefit from more

accurate pseudo-measurements in the estimation process, as several publications show

[12, 47, 67, 78, 96, 118].



Chapter 4

Grid Monitoring with Artificial Neural
Networks

4.1 Introduction and Comparison to Other Monitoring
Methods

This chapter presents an approach for monitoring of electrical grids, which is based on

machine learning. This approach differs to both the standard WLS SE method and the

HMM presented in the previous chapter. A comparison of the underlying mechanism is

shown in Figure 4.1.

The WLS SE is using a mathematical method to solve a system of linear equations.

Therefore, the first step is to build a linearized version of the power flow equation for every

available measurement as a function of the complex bus voltages. When the equations are

set up and weighted by the known measurement tolerances, the iterative solver minimizes

the overall weighted error between the calculated voltage and the measurements. The

solver can, in principle, be used for all types of problems.

The HMM, on the other hand, was explicitly designed to estimate grid variables. The first

step is the extraction of topological data from the grid model. Based on the determined

structure of the grid, initial load substitute values are calculated. These are adjusted itera-

tively until voltage residuals between calculated values and measurements have converged.

Other measurements are used in the initial load value calculation, but not during the

optimization.

42
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Another approach presented in this thesis is using machine learning. Here, the optimization

process is not performed for every set of live measurements, but in advance by training a

suitable model. An artificial neural network (ANN) is used as a model. The trained model

can be used for a fast estimation of the monitored grid variables. The grid variables to be

estimated are not fixed but can be chosen for the task at hand.

4.2 Neural Networks as Function Approximators

In general, machine learning can be used to fulfill a task T by learning from experiences E

[50]. The experiences are evaluated by performance measure P, which improves with more

experiences. The experience E of a supervised learning problem is made of features as input

data and known labels as output data. E is made out of several samples of feature–label

combinations; they constitute a dataset that can be used, e.g., for training.

An ANN is a machine learning model, which consists of individual elements, called

neurons. Neurons possess connections to other neurons, through which data can be passed.

A perceptron, which is a commonly used model for a neuron, receives n different inputs

x1 . . .xn. The inputs are weighted by weights wi, summed up as xw and then passed through

an activation function. A commonly used activation function is the Rectified Linear Unit

(ReLU)-function y = f (xw) = max(0,xw), other activation functions are f (xw)=σ(xw)=

(1+ e−xw)−1 or f (xw) = tanh(xw). The activated perceptron’s output y is returned. A

single perceptron is the simplest form of a neural network. Figure 4.2 shows the data flow

through such a perceptron.

Typically, an ANN consists of multiple parallel perceptrons, which form a layer, and one or

several layers connected serially. In a fully-connected feed-forward structure, the outputs

of all neurons in the previous layer are passed to each neuron in the next layer, amplified by

an individual weight. This configuration is called multi-layered perceptron (MLP). For an

in-depth explanation of neurons and multi-layered perceptrons, see [115] or [50]. The first

layer of a MLP is called the input layer; its size is determined by the number of features.

Subsequently, the last layer is called the output layer; its size is given by the number of

labels. The layers in between are called hidden layers.
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To describe the performance of a machine learning model sufficiently, some terminology

must be defined [50]:

• Underfitting: Underfitting occurs if the model is not able to sufficiently learn the

underlying function of the training data. It does not obtain a low error while learning

the training data set.

• Overfitting: Overfitting occurs if the model is able to learn the training data to such

a high degree that it predicts every sample of the training data set with very high

accuracy, but does not perform well for unseen data. The model has not learned the

underlying function in the data, but the nuances of the training set.

• Capacity: The capacity of a model regulates whether it will more likely underfit or

overfit. Underfitting occurs if the model capacity is too low, and it cannot sufficiently

store the information required to generalize from the training set. A capacity that is

too high will lead to overfitting since the model can save the properties of all samples

in the training set individually while also failing to generalize for unseen data.

• Regularization: The term refers to any modification of a model that is used to

increase the ability of a model to generalize, i.e., reduce the generalization error but

not the training error. The goal is to prevent the model from learning the specific

properties that may exist in the training set, but not in unseen data

Figure 4.3 shows overfitting on a simple 2d classification problem. Reasons could be a

model capacity that is too high or too little regularization.

φ 

w1

w2

wn

...

xn

x1

x2

∑wixi y

activationactivation 
function 

inputs weights

Figure 4.2: Model of a single perceptron
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Figure 4.3: Overfitting phenomenon on a 2d classification problem. While the black line indicates a

suitably fitted frontier between the green and blue points, the overfitted gray line includes outliers in

the model and may detect unseen data points incorrectly. Figure adapted from Chabacano, License

CC BY-SA 4.0

The learning or training process for ANNs is performed by using a suitable optimization

algorithm. Gradient-based backpropagation algorithms have emerged as the most popular

way of training ANNs, e.g., the optimization algorithm Adam [60]. Training takes place

in multiple epochs. In each epoch, the training dataset is fed into the current ANN

model, and the optimizer adjusts the weights to fit the desired labels better. A separate

validation dataset can be used to stop the training before overfitting occurs. Learning-

related hyperparameters also play a significant role in the model’s efficacy. The learning

rate determines how strongly the weights of the ANN are adjusted in each training epoch.

A higher learning rate adjusts the weights more strongly, while a low learning rate adjusts

the model only slightly in each training epoch. Using a suitable learning rate ensures that

optima are not skipped due to significant weight adjustments per epoch, but also that the

required number of training epochs stays limited.

The batch size determines how many combined samples are used in a single optimization

step in each training epoch. The number of training epochs determines how often the

training data is used in the optimization process to calculate optimal weights. Instead of

using a fixed amount, an early stopping method can be employed: The training data is split

into a training set and a validation set. After each training epoch, the current prediction

error for the validation set is calculated. If, after several training epochs, the validation

error stops decreasing, the training is stopped. If the training continued, overfitting on the

training data would occur. The early-stopping process is visualized in Figure 4.4.
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error

epochs

Figure 4.4: ANN training process using a training set and a validation set. Training epochs are

shown on the x-axis. Training error (green) and validation error (blue) are shown on the y-axis. The

vertical line denotes the ideal point for stopping the training process early

There are other regularization methods, which seek to reduce the generalization error at

the expense of the training error. Weight decay is one form of regularization, in which

the ANN’s weights are multiplied by a factor higher than 0 and smaller than 1 after each

training epoch. Dropout “deactivates” some neurons in each training epoch randomly,

which helps the model to generalize better. The ratio of neurons affected by dropout is

higher than 0 (no dropout) and smaller than 1 (total dropout). Applying noise to features is

also an effective method of regularization [146].

4.3 ANN Architecture for Grid Monitoring

4.3.1 Inputs and Outputs

Power system state estimation is the process of determining the grid state with the maxi-

mum likelihood for the given set of measurements (see Chapter 2). The task of estimating

a grid state or related grid variables is a regression task with multiple labels. A suitable

performance measure for regression problems is the mean absolute error between the

model output and the corresponding labels. The model is tasked to predict the most

likely grid state from the existing set of measurements. The features are combinations of

measurements in different scenarios, switching states, and tap positions. Labels are the

resulting grid variables, e.g., voltages or line loadings. Different kinds of standardized

inputs will be used as features for the ANN:
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Measurements

Measurements are floating point values, which do not necessitate additional processing or

encoding. All available measurements are stacked and used as features of a sample like

shown in the flow chart in Figure 4.5.

Switching States

Distribution grids may be operated in different topologies, e.g., due to faults or to optimize

performance indicators like grid loss. The topology can be changed by adjusting switch

positions of one or multiple switches. The simplest way to account for different grid

topologies is to train a new ANN for each occurring topology as is done in [42]. An

alternative way, which only uses a single ANN, is to feed switching states directly into

the ANN. This enables the ANN to account for different grid topologies and subsequently

increase the estimation accuracy.

There are various ways of including switching states, e.g., by assigning a unique ID to

each grid topology, by inputting the grid topology directly, or by encoding the topology

otherwise. In the presented model, relevant switches are selected, and a binary input

for each switch is added as a new feature. An open switch exhibits a value of 0 while a

closed switch value is 1. This binary encoding per individual switch has proved to be most

advantageous in different tests.

Transformer Tap Values

Transformer taps set the benchmark voltage level of the underlying grid area and are

therefore highly relevant features to determine the grid voltages from measurements. A tap

position is usually an integer value between a lower and an upper limit. Therefore, binary

encoding as done for switches is not suitable. An alternative is one-hot encoding, in which

an integer is converted into multiple binary inputs, which can act as signals to the ANN.

It is also possible to directly use the tap position value as a single feature without further

processing. Comparisons of both methods suggest this as the most suitable solution. For

each generator with adjustable taps, an individual feature with the current tap position is

created.
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Data Flow

Measurements m, switching states s and tap positions t are stacked into a single sample

used to train the ANN. The data set Xin, shown in Equation 4.1, is made up of d such

samples. The data flow of the proposed ANN-based monitoring scheme is shown in

Figure 4.5.

Xin =

⎡
⎢⎢⎢⎢⎣

m0 s0 t0
m1 s1 t1
...

...
...

md sd td

⎤
⎥⎥⎥⎥⎦

; Xin ∈ R
d×(m+s+t) (4.1)
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output
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Figure 4.5: Data flow into and out of the MLP architecture used for grid monitoring

4.3.2 Feasible Hyperparameters

A crucial requirement is the identification of suitable hyperparameters. Compared to

previous publications in which ANN are used in the context of grid monitoring [16, 42,

57, 82, 91, 95, 139, 141], use of the presented set of hyperparameters in Table 4.1 in

combination with a structured approach for the generation of training data, presented in

Subsection 4.3.3, enable the highly accurate estimation of relevant grid variables, even

with high DG penetration, and for dynamic switching states.

All hyperparameters have been determined through extensive tests by using the grid search

approach. The implementation of the presented architecture is done with the neural network

library PyTorch [93].
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The MLP mentioned above is selected as the base architecture. While other architectures

like recurrent neural networks, convolutional neural networks or long short-term memory

networks have been used for similar tasks successfully, e.g., in [46] or [103], MLPs are

simpler and faster to train and use only one time step as an input. The information flow is

strictly one-directional at the prediction stage.

The model capacity is mainly defined by the number of hidden layers and the number of

neurons per layer. With the increase of layers and / or neurons per layer, the model capacity

increases as well. Therefore, both the ideal number of layers and the ideal number of

neurons per layer are subject to the specific problem and are usually determined by testing

different combinations using a training and a test set. According to [54], a good initial

layer size before further optimization is nhidden

nhidden = [
2

3
nin +nout], (4.2)

where nin is the size of the input layer and nout the size of the output layer. Depending

on the grid and the available measurements, 1-3 hidden layers with an integer multiple

(e.g., 1x, 2x ...) of Equation 4.2 are used in the evaluation to determine a suitable model

capacity. Early stopping is used during training, with 25 % of training data used for the

early stopping validation.

Settings for learning rate, batch size, weight decay, and dropout are found in Table 4.1.

Gaussian noise is applied to measurements with mean 0 and standard deviation depending

on the relevant accuracy class1. On the one hand, this mimics the inaccuracy of real

measuring devices and, on the other hand, acts as regularization for the ANN.

Recently, there have been developments for the automatic optimization of hyperparameters.

The Hyperband method [65] uses a multi-armed bandit approach and “successful halvings”

to quickly identify advantageous hyperparameter sets for machine learning problems.

1see Subsection 3.6.2 for a short explanation

Hyperparameter Setting Hyperparameter Setting
Architecture MLP Activation function ReLU

Number of layers 1-3∗ Layer size Multiple of Equation 4.2∗

Learning rate 10−3 / 5 ·10−4 (CPU / GPU) Early stopping threshold 10−7 / 10−5 (CPU / GPU)

Batch size 24 / 512 (CPU / GPU) Weight decay 10−5

Dropout None Noisy features Measurements

Table 4.1: Hyperparameter settings used for grid monitoring purposes ∗: optimized individually
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HpBandSter2 combines Bayesian optimization with Hyperband to quickly find suitable

ANN hyperparameter sets for a task T, depending on the training and test data. Although

these tools were not used in this thesis, they could aid researchers to identify more

promising hyperparameter sets for ANNs quickly in future research.

4.3.3 ANN Training Scheme

As mentioned in the previous subsection, the experience a model is subjected to is critical

to fulfilling its task. A suitable training set is required to reach the desired accuracy for a

variety of input samples.

Scenario Generator

Compared to state-of-the-art ANN-based schemes, for which often few but extreme scenar-

ios are used to train the ANN, the presented scenario generator generates a more diverse

subset of all possible scenarios in a grid, ranging from high load / low DG scenarios to high

DG / low load and in between. The active assets are sorted into groups with significant

correlation (e.g., PV generators in a local area, households ...).

For each asset type, a range of possible scaling values is generated. For example, wind

energy converters will have a feed-in between 0 % and 100 % of its nominal power, whereas

the combined feed-in of PV generators in a grid will rarely exceed 90 % of their maximum

feed-in. Loads could be a third asset type, with possible power values from 10 % to 100 %.

A scenario is then be defined by a “scenario tuple value”, which contains the base scaling

factors for all asset classes. An example of such a tuple would be (0.9, 0.0, 0.4). Figure 4.6

depicts the possible base values of the example.

For each asset of the same class, the base scaling value is used to multiply with the nominal

power. Additionally, each of the resulting power values is adjusted by applying Gaussian

noise. The intent is to act as regularization for the ANN to help increase the model’s ability

to generalize and to coarsely model the individual variance of assets of the same class.

A power flow calculation per scenario generates the target labels for the machine learning

problem, e.g., the exact voltage magnitudes. If there are voltage-dependent ZIP loads in

the grid, their voltage dependency is accounted for by the power flow calculations used to

2https://github.com/automl/HpBandSter
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Figure 4.6: Visualization of a scenario tuple value. Each axis represents one asset type for such a

tuple. This configuration yields 10 ·11 ·10 = 1100 scenarios

generate the training data. Reactive power is included as typical cos ϕ values for loads

and set to 0 for DGs. It could be varied in the scenarios to make the ANN more robust to

different reactive power flow values.

By generating a large number of scenarios, and after sufficient training, the ANN can

interpolate between the learned scenarios to estimate the desired grid variables with high

accuracy even for unseen sets of measurements. The scenario generator aims to cover all

possible scenarios with a certain granularity (step size). In the previous example, there are

11 base scaling values for WECs, 10 for PV generators and 10 for loads. Creating a set of

all possible scenario tuple values with a step size of 0.1, therefore, yields 11 ·10 ·10= 1100

scenarios.

Figure 4.7 details the process for the generation of scenario tuples values with three

different asset classes (WEC, PV, load). More classes can be used to model the real

conditions more accurately, e.g., by introducing different load types for private customers,

commercial customers, and so on. One or multiple sets of scenarios can be generated for

training. Due to the applied noise, each scenario set contains different power values for

each asset. Each of the scenarios is calculated for the different switching positions and

transformer tap positions.

4.4 Extensions for Full State Estimation

Estimating voltage angles directly has shown to be less accurate than predicting other grid

variables like voltage magnitude or line loading. However, there are options to extend the
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Figure 4.7: Exemplified process for the creation of training scenarios with three asset classes (load,

WEC, PV generator). One or multiple sets of scenarios can be generated. Scenario tuple values are

defined by the lower and upper limits for each asset class and the step size. Figure adapted from

[75]

presented ANN scheme to a full state estimation if the knowledge of voltage angles is

required. The process flows of two extensions are shown in Figure 4.8.

The ANN can be used to estimate the complex bus power injections for all buses in the grid

as well as the voltage at the slack bus if it is not measured directly. These variables provide

enough information to perform a power flow calculation. The result is the complete grid

state, including all internal power flows. A disadvantage is the additional computation

time required for the power flow calculation compared to the direct ANN prediction. This

method is termed ann pfc in the following chapters.

A second option is to use ANNs for the generation of very accurate pseudo-measurements

for the standard WLS SE approach (termed ann wls), similar to [67]. Pseudo-measurements

of different types (voltages, bus power injections, line flows ...) are estimated by the ANN

and then used as inputs to a WLS SE. The WLS SE finds the likeliest grid state from the

pseudo-measurements.
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This method can be integrated into existing control center software most efficiently, as only

the additional pseudo-measurements have to be supplied by the (external) ANN scheme.

There are some limitations: Since WLS SE works best with a measurement redundancy

� 1, a large number of pseudo-measurements has to be supplied by the ANN. In turn, this

requires a single large ANN or multiple smaller ANNs, each having to be trained correctly

and incurring additional computation time. The ann pfc option also delivers a full grid

state while requiring fewer inputs.

train ANN
for the available
measurement
configuration

predict with the
trained ANN

generate training,
test, and validation

data sets for the
gridgrid data

full grid state

measurements

perform power flow
calculation
(ann_pfc)
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estimation
(ann_wls)

grid variables
(ann)

Bus P, Q;
Slack V

Bus P, Q, V; 
Line P, Q

preparation process

estimation-related process

grid data flow

monitoring-related data flow

Figure 4.8: Extension of the ANN-based monitoring by subsequently performing either a PFC or a

WLS SE

4.5 Error Correction for Voltage Measurements

As will become apparent in the validation section, especially voltage errors can severely

impact the accuracy of the grid monitoring. Usually, bad data processing is, therefore,

part of the preprocessing schemes for measurements in control centers. In general, to

identify erroneous measurements, tests like the largest normalized residual test can be

used in addition to basic plausibility checks. In the case of ANN-based monitoring, to

deal with erroneous measurements, either the ANNs can be retrained without the faulty

measurement as a feature or error correction methods can try to correct the measurement

to a more plausible value.

This thesis introduces an approach to correct voltage measurement outliers, first presented

in [76]. It is applicable independently of the monitoring method. The available voltage

measurements are sorted in ascending order. The standard deviation is computed for the set.
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Since gross errors will be found at the bottom or top of the sorted list, either measurement

is removed from the set and the new SD is calculated. If the new SD is less than 50% of the

previous SD, the measurement is defined as an outlier and replaced by a substitute value.

The substitute value is the mean of the measurement set without the outlier. This process

is repeated until the SD does not fall below 50 % when removing a measurement. This

method is only applicable to voltage measurements since the values are close to 1.0 p.u. in

normal operation, while power values vary significantly.

Figure 4.9 shows an example: a distribution of measurements is shown with the measured

values in p.u. on the x-axis and the frequency of occurrence on the y-axis. The blue

distribution shows a set of expected measurements without bad data present. The blue

vertical lines show the mean of the measurement set (dotted) and the standard deviation

(dashed). The same set of measurements with one bad data point (low voltage measure-

ment of 0.9 p.u.) is shown with the green bars and green distribution. The mean of the

distribution, shown as the dotted vertical line, has shifted to the left while its distance to

the lines depicting the standard deviation has increased more than 50 % compared to the

expected measurement set in blue. If the lowest measurement is removed, the standard

deviation shrinks to resemble the original (blue) values more. It can, therefore, be removed

automatically by the proposed algorithm.

Figure 4.9: Voltage measurement distributions for a set of measurements without bad data (blue

color) and a set of measurements containing a bad data point at 0.9 p.u., plotted in green
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4.6 Verification of ANN-based Monitoring

4.6.1 Introduction

The previous sections introduced the new ANN-based monitoring method, which is not

limited by a minimum number of required measurements. Various simulations and tests

have to be performed under varying conditions to verify the validity of the concept.

This section contains definitions for the used measurement inaccuracies and several valida-

tion tests. The first validation is performed on a real German distribution grid with high

DG penetration using more than 2 000 test scenarios.

An application example using a co-simulation framework seeks to evaluate whether the pro-

posed method can deliver sufficiently accurate results from a low number of measurements

for a basic voltage control scheme to function correctly.

The final validation is performed by comparing the estimation results to a professional

state estimation software used in an industry control center. Both the proposed method and

the professional software receive noisy measurements generated from a time series, and

the results of both methods are compared to the original time series values without noise.

Although the proposed method only receives 8 % of the measurements as the professional

SE, which can use the redundant set of measurements, the resulting estimation errors per

bus are on the same order of magnitude.

4.6.2 Measurement Inaccuracies

The presented monitoring scheme with ANNs is validated on a multitude of different

grids, both real and benchmark grids under varying situations. A subset of evaluations is

presented in the following subsections. As introduced in Subsection 3.6.2, Gaussian noise

is applied to all measurements to emulate inaccuracies of real measuring devices. For

power measurements, a 3σ error of 3% is used, so that 99.7% of measurements exhibit

an error of up to 3%. Voltage magnitude measurements exhibit 0.5% error while line

current magnitude measurements have 1.5% error attached. These values are used in all

simulations in the rest of this chapter.



4.6. Verification of ANN-based Monitoring 57

4.6.3 Validation on a German Distribution Grid

The presented distribution grid in Figure 4.10 is a real German distribution grid on the

20 kV level [75]. It is situated in Germany and contains approximately twice as much DG

as total grid load. Photovoltaic generators generate the majority of feed-in, two small wind

parks are supplying energy as well. In the figure, buses with a DG unit connected are

plotted in green while buses which have no connected customer or only a load connected

are shown in black. The slack bus at the substation is shown in blue.

Measurements are gathered at 19 of the 134 substations. The corresponding buses are

equipped with P, Q, and V measurements. Each feeder going out of the substation is

measured as well (with P, Q, I measurements). For the validation, five different, plausible

switching configurations are selected. The grid is operated in a radial fashion in each of the

configurations. This is typical for European distribution grids, as described in Appendix A.

Figure 4.10: The real distribution grid in Germany used for testing the ANN. Source: [75]

The ANN used to validate the ANN scheme is trained with 2 200 scenarios, two sets of

scenarios as per Subsection 4.3.3. Due to the five different switching configurations, which

have a big impact on the grid’s internal power flows, the total number of samples used

for training is 5 ·2200 = 11000. The accuracy of the trained ANN is validated with 5 500

different scenarios, a set of scenarios different from the training scenarios multiplied by

five switching configurations.

Figure 4.11 shows the results for the real distribution grid per individual bus and line,

sorted by the maximum error. The maximum error regarding the voltage magnitude only

slightly exceeds 0.4% while the line loading error does not exceed 10%. The mean errors

of the tested scenarios are much lower in both cases, less than 0.1% for voltage and 1%

for line loadings.
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Figure 4.11: Sorted estimation errors for the real distribution grid, voltage magnitude estimation

errors are shown in the top plot and line loading estimation errors in the bottom plot. Source: [75]

4.6.4 Application Example in a Co-Simulation Environment

Test Environment

Before the application in a real power grid, a field test takes place under real operating

conditions. The real-time co-simulation platform OpSim [68] allows to conduct a simulated

test under realistic test conditions and is, therefore, a good option for an application

example. A setup with realistic conditions should provide logical separation of the different

components and time consistent data transfer between the components. Co-simulations

between separated components are presented as a validation approach for smart grid

applications in [122]. OpSim satisfies these requirements; simulations can be performed in

real-time or accelerated.

Figure 4.12 shows a possible simulation set up using different components. A grid simulator

sends out measurements to the message bus. A distribution grid control center or another

component, which can connect using any of a multitude of (standardized) communication

interfaces, can access the values and process them. Resulting set points can be sent back to

the message bus and in turn, be processed by the grid simulator. This application example

can also be regarded as a “virtual” field test of the proposed ANN-based monitoring.
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Figure 4.12: Overview of the OpSim simulation architecture. Source: [77]

Grid Model

The CIGRE medium voltage (MV) benchmark grid from [123] is used as the test grid. The

grid model is selected to resemble a typical rural MV network in southern Germany and

maintains the realistic character of the original grid.

The grid consists of 15 buses, 15 lines, two transformers, one slack bus, and is operated

without meshes. The grid structure is shown in Figure 4.13. As a test case for a high

penetration with DER, it contains several different generator types with relatively high

feed-in.

Connected are 8 PV generators with a total power of 210 kW, a wind energy converter with

a maximum power of 1500 kW, two batteries with a maximum power of 800 kW, three

fuel cells with 259 kW peak power, and a CHP diesel generator with 310 kW power. Both

loads of commercial and residential types are included with a total power of 15 MW (an

additional 30 MW of load is situated directly at the substation).

The transformer between bus 0 and bus 1 is outfitted with transformer taps. For a stream-

lined test case, tap positions between -3 and 3 are possible with each tap step adjusting the

voltage magnitude by 0.5 %, compared to extreme taps of -9/9 as per [123].

Time Series

The simulation is performed on the given time series for all energy resources from [123],

which are shown in Figure 4.14. The time series consists of 24 hours, which are simulated

in steps of 30 seconds. Two types of loads are considered for the grid: Residential loads

are attached to buses 3 to 14. Several buses are also equipped with commercial loads,
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Figure 4.13: The topological structure of the test grid from [123]. Open lines are shown dashed.

Source: [77]

whose load profile is different for a day. The generated wind power varies between 50 %

and 100 % while the PV profile is that of a partly-cloudy day, never reaching 75 % of the

peak power. The CHP Diesel generator is only active between 8 am and 6 pm. The battery

recharges at night and at the solar peak and feeds power into the grid at different times of

the day so that it acts both as a generator and as a load. The same goes for the fuel cells

which run at a relatively low power of 25 %.

Measurements

Real and reactive power flow (P / Q) and voltage magnitude (V) measurements are placed at

the substation bus 0. Additionally, P / Q / V measurements are placed at bus 7 with a large

wind generator and bus 10 at the end of a feeder. P / Q line flow measurements are placed

at the substation ends of the two existing feeders. Table 4.2 shows the 13 measurements in

the grid with their accuracies. Using the traditional SE, the absolute minimum amount of

measurements would be 29, but for redundancy and full observability, many more would

be used in practice [10].

Measurement Type P/Q Bus V P/Q Line (bus A-bus B)

Location 0, 7, 10 0, 7, 10 1-2, 12-13

3σ -Error 3 % 0.5 % 3 %

Table 4.2: Types and locations of the used measurements
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Figure 4.14: Power values of the energy resources in the test grid from [123]. Figure adapted from

[77]

Training the ANN Monitoring Method

The training process as detailed in Subsection 4.3.3 groups loads and generators of the

same type (see Figure 4.14 for the existing types). A discrete range between the minimum

power value and the maximum power value of each class is created.

If the power was incremented in 10 % steps, as is done in [75], the correlation of different

resource ranges would result in more than 37 million scenarios for a single tap position

and switching configuration. Instead, 33.3 % steps are chosen, yielding power values of

0 %, 33.3 %, 66.6 %, and 99.9 %, so that 46 ·7 = 28672 base scenarios are generated (the

battery power ranges from -100 % to +100 % in 7 steps).

Each of those 28672 scenarios is calculated for each of the seven transformer tap positions,

resulting in a total of 200 704 training scenarios. Different switching configurations are not

used in this paper, although each new switching configuration would add another 200 704

scenarios if trained thoroughly with all scenarios and tap positions.

More than 40 PFCs can be performed on a single thread per second with pandapower

running on a modern consumer laptop. Therefore, although the amount of training sce-

narios is tremendous, using the scenario generator with pandapower allows an acceptable

preparation time for the training data. If the training data itself becomes too much to handle

for a regular consumer laptop, software libraries which support the distributed training of



62 Chapter 4. Grid Monitoring with Artificial Neural Networks

ANNs, such as mxnet [31], are capable of handling much larger amounts of data allocated

to different computers or even compute clusters.

ANN training inputs are generated from the scenarios by applying noise of the same

magnitude as the specifications of the measurement devices. For the virtual field test,

Gaussian noise with errors given as three standard deviations is used (specific values are

given in Table 4.2). The ANN is then trained to approximate the bus voltage magnitudes

from the inputs. The test case, which is introduced in the following subsections, performs

voltage magnitude regulation and does not require the knowledge of line loadings or

voltage angles. These values can be trained in parallel using separate ANNs, which would

not increase the training time considerably. The training process takes about 125 seconds

on a modern consumer laptop using the architecture mentioned in Subsection 4.3.2.

Simulation Components

The test setup for the virtual field test consists of two components connected to the OpSim

message bus. The first component is a grid simulator, and the second component is an

automatic distribution grid control scheme, which combines parts of traditional grid control

centers to stabilize the grid voltage automatically.

Grid Simulator:
Only the grid simulation component has access to the exact grid model and the correspond-

ing time series during the virtual field test. In each time step, a power flow calculation is

performed with pandapower. The resulting power flows and voltage values are used as the

reference values of the time step. They are the basis for the measurement values.

The grid simulation emulates measurement devices by applying noise to the reference val-

ues and sending the noisy values for all controlled assets to the simulation bus. The strength

of the noise is equal to the noise used in training the ANN, as described in Subsection 4.6.4,

to reflect the given specification of the measurement devices. Measurement transfer takes

place synchronously; all measurements of a particular time step are transferred in the same

simulation step in the normal operation case.

The grid simulation component receives set points for the transformer tap value. When a

new set point is received, the corresponding transformer tap position is changed, so that

values generated in subsequent time steps are based on the new setting.
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Distribution Grid Control Center:
Two processes are combined to form the second component, a simple distribution grid

control center. It can automatically control the grid voltage to keep it inside operational

limits. First, the ANN-based monitoring method is used as an alternative to the WLS-based

state estimation module of control centers. It processes the measurements to estimate the

voltage magnitudes for all grid buses. This information is then fed to the second process:

A transformer tap controller is selected as the controller for the virtual field test. It can

directly adjust the overall voltage level by changing the transformer tap position.

The tap controller determines whether there is an over-voltage or an under-voltage in the

grid area served by the transformer with the tap controller. The limit for over-voltage is set

to 1.03p.u. and the limit for under-voltage to 0.98p.u., leaving a total acceptable voltage

range of 0.05p.u. for the MV level. The tap controller adjusts the tap positions if the

voltage estimation detects values above or below the limits, and if the transformer is not

already in saturation. The maximum frequency of tap adjustments is every 5 minutes (10

simulation steps).

Figure 4.15 shows the information flow from the simulation bus to the control center

application and back to the simulation bus.
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Figure 4.15: Basic control center functionality for the application example. Fig. adapted from [77]

Simulation Setup

Figure 4.16 shows an overview of the virtual field test setup. The left side represents the

distribution grid. Outputs are generated by a PFC on a time series, to which typical noise

of measurement devices is applied in each time step. The measurements are sent to the
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simulation bus. The simulation configuration routes the measurements to the control center

component on the right. The measurements are processed and sent to the tap controller.

If necessary, new set points are generated and sent back to the simulation bus. The grid

simulation receives the set points, changes the transformer taps and generates results

responding to the new tap position in the next time step.

A simulation includes a total of 2 880 time steps. Each time step represents a 30s interval

of a day. The goal of the simulation is to determine whether the ANN monitoring method

is suitable to generate satisfactory results. Results are adequate for the test cases if they

can be used by controllers to keep the grid’s voltages inside the desired limits in a realistic

simulation under realistic operating conditions. The impact of measurement outages and

delayed measurement transfer is evaluated as well.

Test Cases

Compared to the reference scenario without a transformer tap controller, the test scenarios

make use of a tap controller under typical measurement errors, either with delayed mea-

surement transfer or measurement outages. These factors can affect the results on different
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Figure 4.16: Overview of the simulation environment. Figure adapted from [77]
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levels. The estimated voltage could be less accurate, which could affect the tap controller

and as a result, the overall voltage level of the grid. Three exemplary test scenarios are

defined to measure the impact on these performance indicators.

Normal Operation:
In a normal operation case, the measurements are transferred synchronously and without

bad data, only subject to typical measurement errors. This is the optimal case for the

monitoring method and, subsequently, for the transformer tap controller.

Delayed Measurement Transfer:
In this simulation, the measurements at bus 10 are transferred with a delay of 30 s (one

simulation step). This is an example which should provide evidence of how the monitoring

method’s estimation is affected by unsynchronized measurements.

Defective Measurements:
Measurements can contain bad data. This test case seeks to determine the impact of the

outage of 2 of the 13 total measurements. The P and Q measurements of bus 10 are faulty

in this simulation and always transfer zero.

Results

Estimation Accuracy:
The first objective is to determine the accuracy of the ANN monitoring method under

the different simulations using the limited number of measurements. The estimated bus

voltage magnitudes are compared to the exact values generated by the grid simulation

component. Figure 4.17 shows the box plots of the different simulations. Except for the

measurement outage, the mean errors vary around 0 % and the whiskers end at less than

±0.3% error. With the PQ measurement outage, the error is less than 0.8 % at all times.

The average voltage estimation time of all simulations is ≈ 0.8ms per time step.

Tap Controller:
The second objective is to determine the impact of different conditions on the transformer

tap controller and on the voltage profile of the grid. Figure 4.18 shows the grid voltage at

various buses for the day. The top subplot shows the voltage profile using fixed tap values.

The voltage dips below the desired 0.98p.u. for multiple hours. It also exceeds the upper

limit of 1.03p.u. at the beginning of the simulation. The lower subplot shows the grid

voltage with the tap controller active. The tap controller minimizes both the upper limit

and lower limit violations.
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Figure 4.17: Voltage estimation errors of the ANN monitoring method for all grid buses compared

to the exact values computed by the grid simulation. Figure adapted from [77]

The impact of the measurement outage and measurement lag on the tap controller is

detailed in Figure 4.19. Both cases change the timing of tap adjustments slightly, and the

measurement outage simulation also generates a slightly different tap position pattern in

the early morning.

Figure 4.18: Resulting voltage profile for fixed tap positions (top) and controlled, variable tap

positions (bottom). Figure adapted from [77]
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Figure 4.19: Resulting transformer tap positions in the different simulations. Source: [77]

Interpretation of the Results

From the estimation errors in Figure 4.17, it can be seen that despite gathering only

a low number of measurements, under normal operating conditions and with expected

measurement errors, the estimation accuracy is high and sufficient for the tap controller to

control the grid’s voltage (Figure 4.18).

For the two exemplary scenarios, on the one hand, the delayed measurement transfer

does not have a noticeable impact. Measurement outage at bus 10, on the other hand,

distorts the result considerably (Figures 4.17 and 4.19). The results indicate that complete

measurement outages have a larger impact on the estimation than delayed measurements. In

general, the impact of bad data likely depends on the measurement position, measurement

type, and the overall power flows in the grid and therefore only quantifiable by extensive

analyses.

4.6.5 Comparison with Industry Software

In a further test, the capability of the presented method is assessed by comparing it to an

industry control center software (ICCS). The software is widely in use at different grid

operators around the world and implements the WLS SE with additional preprocessing

for bad data and so on. The setup is similar to the application example in the previous

subsection. Using the simulation framework OpSim, it is possible to set up a co-simulation

with different components:
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Grid Simulator

Similarly to the virtual field test, the grid simulation component simulates a full day in

30 s intervals. A grid model and time series for the active elements are stored in the

component so that a power flow calculation can generate the relevant grid variables in each

simulation step. The variables, e.g., power flows, grid voltages, etc. are then converted into

measurements by applying Gaussian noise individually. Every bus voltage, active power

injection, and reactive power injection, as well as the active and reactive line power flows,

are used for creating measurements. The total of 105 measurements (P/Q/V measurements

for 15 buses, P/Q measurements for both sides of 15 lines) is sent to the simulation bus,

where the other components receive them.

The used grid model is the CIGRE MV benchmark grid from [123] with PV generators

and WEC as the distributed generation, and one load type. The grid and the positioning of

the active assets are shown in Figure 4.20. The time series for the WEC and the load are

taken from [123], while the PV profile is that of a perfect summer day to maximize the

impact of the distributed PV feed-in. The three time series are displayed in Figure 4.21.

PV-Generator & Load

WEC & Load

Only Load

Other Bus

Figure 4.20: CIGRE MV benchmark grid with information about the grid buses

Industry Control Center Software

The second component is the ICCS. Using an IEC-104 [5] server connected to the OpSim

message bus, the measurements are transferred to the control center software in the same

manner as real measurements are. It is not distinguishable for the ICCS if a simulation or

a real grid exists behind the IEC server. The incoming measurements are pre-processed

(checked for bad data etc.) and then a WLS SE is used to estimate the grid state. The grid
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Figure 4.21: Time series for the active elements in the CIGRE MV benchmark grid

state is estimated every minute and the results stored in files for later evaluation. The ICCS

processes all 105 available measurements.

ANN Monitoring

The third component is the ANN-based monitoring. An ANN model is trained to receive

only a fraction of the complete set of measurements. It estimates the voltage magnitudes,

which are stored for evaluation. Only 8 of the 105 measurements are supplied to the ANN,

namely P / Q / V measurements at buses 0, 7, and 10, and P / Q measurements at one side of

lines 1-2 and 12-13. Therefore, the ANN method is using fewer than 8 % of the available

measurements, far less than the ICCS.

Results

The results of the simulation are evaluated in two categories. Once again, the estimation

accuracy of the ANN method needs to be evaluated. Secondly, the estimation errors

between the ICCS estimation and the ANN monitoring estimation can be compared.

Figure 4.22 shows the exact and the estimated voltages of four different buses for the

simulated day. The maximum is at around 20.5 kV while the minimum voltage is at 19 kV.

It can be seen that the estimation is noisy, but the overall voltage curves match those of

the exact profile, and the extreme values are identified as well. Using a rolling mean or

filtering methods could decrease the noise level of the estimation.
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Figure 4.22: Exact and estimated voltage profiles over the simulated day at four selected buses.

The estimation is done with only 8 % of all possible measurements. Exact values are the dotted

lines in black or white

Figure 4.23 shows the comparison of the ICCS and the ANN results. The top subplot

shows a comparison of the mean estimation error for all buses over the simulated day.

The control center, which processes 105 measurements, has a mean error between 0.1%

and 0.2%. These accurate results suggest that the grid model and the measurements are

set up correctly in the ICCS. The mean estimation errors for the ANN method varies

between almost 0 % and 0.6%. The low number of measurements and the noise of the

measurements itself seem to cause a higher variance in the estimation errors. The bottom

subplot shows a comparison based on buses. The mean errors per bus for all time steps

are between 0.1% and 0.22% for the ICCS and around 0.15% for the ANN method. The

overall error level is similar, which is further evidence that a properly trained ANN with an

appropriate set of hyperparameters can estimate grid variables accurately even with few

measurements.

4.7 Summary, Limitations and Outlook

The results in the previous section have demonstrated that a properly selected ANN config-

uration can learn to estimate grid variables accurately, even with dynamic grid topologies

as caused by different transformer tap positions or switching states. It delivers similar

performance as WLS SE or surpasses it even when supplied with fewer measurements.
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Figure 4.23: Top plot: Mean voltage estimation errors of the ICCS state estimator and the ANN-

based monitor for the simulated day. Bottom plot: Mean voltage estimation errors per bus for

both methods. The estimation with the ANN-based method is done with only 8 % of all possible

measurements while the ICCS receives all measurements

The ANN scheme is flexible enough to work on a variety of other tasks, e.g., power flow

approximation. If full state estimation is required and the ANN alone yields insufficient

results, the ANN can be chained with a conventional power flow calculation method or

another state estimator.

There are some limitations due to the nature of the scheme: selecting a proper set of

training data is imperative for the ANN to estimate accurately on new data. While ANNs

perform very well at interpolating between trained values, extrapolation with unknown

extreme input values is inherently inaccurate. The amount of required training data can

grow tremendously if more switches are added, if multiple transformers have flexible taps,

or with many different types of connected assets.

If the grid changes considerably, e.g., by adding new lines, the training scenarios have to

be generated again, and the ANN training also has to be performed again. However, minor

changes in the grid (e.g., line replacements) do not require a retrained ANN. Investigation

on the allowed magnitude of changes before a new training of the ANN is necessary, could

be part of future work.
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As an outlook, the presented ANN architecture can be used for a multitude of regression

problems. For example, the proposed scheme is used in [108] to approximate the results of

power flow calculations for time series simulations. With only a fraction of a time series

calculated and used as training data for the ANN, it can accurately estimate unknown

scenarios.

Grid loss as a function of various topological features of a power grid can also be estimated

by using an ANN. Features may be the total line length of the grid, average line impedance,

total nominal load, total nominal distributed generation, transformer sizing, etc. Using

these features as inputs to the ANN and training to match exact loss values of known grids,

power loss can be approximated for other networks as well.



Chapter 5

Evaluation of the Different Methods

5.1 Introduction

In this thesis, different methods for monitoring of sparsely measured distribution grids are

proposed: the HMM, the ANN-based process as well as their extensions “ann pfc” and

“ann wls”. The functionality of the proposed methods was verified in numerous tests with

many test scenarios under varying conditions.

To compare the proposed methods to a benchmark, the industry standard WLS SE from pan-

dapower is used as a reference for comparing the performance of the proposed algorithms.

It receives the same input data and is able to create the required measurement redundancy

by using a basic way of generating pseudo-measurements. The pseudo-measurements are

required to create the measurement density that is necessary for the WLS SE to run.

This chapter seeks to compare the different methods directly on the same scenarios and

with the same grid. The aim is to determine the strengths and weaknesses of the compared

methods in different situations on a benchmark grid. The methods can be classified

according to their best use cases using these results.

5.2 Evaluation Process

The methods should be compared for different criteria, so that the individual strengths

and weaknesses of the methods can be evaluated. After the criteria have been defined, a

73
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benchmark grid is used to compare the methods. Tests are performed using an advanced

version of the test framework shown in Figure 3.6 in Chapter 3. The framework for testing,

which yields repeatable results and allows the comparison of different methods, is used

for each of the test cases that are introduced in this section individually. Compared to the

version shown in Figure 3.6, each test case only uses one measurement configuration but

may add some other properties like bad data, etc.

The monitoring methods should be characterized under different situations like normal

operation, bad data, etc.. As a reference, the results are compared with the industry-

standard WLS SE method. All monitoring algorithms are tested with the same data and

are evaluated by the same criteria. WLS SE is used with a very basic way of generating

pseudo-measurements (see Section 3.3) so that all algorithms receive the same information.

Advanced methods for the generation of pseudo-measurements can potentially increase the

accuracy of the SE, but they would likely require additional information, and no particular

method has emerged as a standard for pseudo-measurement generation.

The aim is to compare the methods in multiple situations to determine their impact on the

approximation accuracy. There are numerous different conditions to check for: namely

normal operating conditions as well as conditions where bad data is present. In normal

operating conditions, both the amount and the types of measurements impact the monitoring

quality. These parameters are varied in different test cases. The accuracy of the monitoring

method under the influence of bad data is also essential and tested with different types of

errors (gross measurement errors, measurement outages, and topology errors). The target

variables are the voltage magnitudes and the line loadings, since they can directly indicate

off-limit conditions in the grid.

In total, 32 test cases are used. Three different sets of scenarios (3 300 scenarios) from

the scenario generator in Subsection 4.3.3 are used for testing, i.e., a repetition limit of

three is chosen in Fig. 4.7. Due to four different switching configurations being used

to test the methods on dynamic topologies, the training set for the ANNs is made up of

13 200 samples. Each test case is assigned an ID, e.g., m0, to identify it in the results.

Voltage magnitude measurements are shortened to “V measurement” in the following

subsections. “I measurements” refer to line current magnitude measurements. Sbus stands

for complex bus power injection measurements while Sline denotes complex line flow

measurements. Complex bus power injections and line flow measurements are counted as

two measurements each, one for the active and one for the reactive quantity.
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ID V Sbus Sline I

Variation of m0 0 0 1-2, 12-13

Measurements m1 0, 6 0 1-2, 12-13

m2 0, 6, 10 0 1-2, 12-13

m3 0, 6, 8, 10 0 1-2, 12-13

m4 0, 6, 8, 10 0, 4, 7 1-2, 12-13

m5 0, 6, 8, 10 0, 4, 7, 9, 11 1-2, 12-13

m6 0, 6, 8, 10 0, 3 - 11 1-2, 12-13

m7 0, 6, 8, 10 0, 3 - 11 1-2, 8-9, 12-13

m8 all all 1-2, 4-5, 8-9,

3-8, 6-7

m9 0, 7 0, 7 1-2, 12-13

Variation of a0 0 0 1-2, 12-13

Measurement Types a1 0, 6, 8, 10 0, 3 - 11 1-2, 12-13

a2 0 0 1-2, 12-13 1-2, 12-13

a3 0, 6, 8, 10 0, 3 - 11 1-2, 12-13 1-2, 12-13

Other Test Cases f0 - f7 0, 6, 8, 10 0, 4, 7 1-2, 12-13

p0 - p3 0, 6, 8, 10 0, 4, 7 1-2, 12-13

t0 - t5 0, 6, 8, 10 0, 4, 7 1-2, 12-13

Table 5.1: Measurement configurations for all test cases (by ID). Numbers for the measurements

refer to be bus and line indices in the pandapower grid

The variations of measurement configurations are shown exemplarily in Table 5.1 for the

test grid as the example case. Table 5.2 shows the characteristics of the test cases which

contain bad data and topology errors.

5.3 Benchmark Grid

Already introduced in Subsection 4.6.4, the CIGRE MV benchmark grid is used to evaluate

the different monitoring schemes. The grid configuration used here includes two different

load types, namely residential and commercial loads. PV generators and WECs are used

as the distributed generators. Diesel generators, fuel cells, and batteries are omitted in this

evaluation. The maximum power of PV generators and WECs is doubled compared to the

reference values from [123] to create more problematic grid situations and compensate for

the neglected types of DGs. Four switching configurations are used for the test; they can

be seen in Table 5.3. The full topological data is available in Appendix D.

Accuracy classes are used to determine the level of measurement error, as introduced

in Subsection 3.6.2. The ACC 0.5 is chosen for voltage measurements. ACC 1 with a

maximum error of 1.5% (as per IEC 61869) is chosen for current measurements (SD of

0.5%). Power measurements are set with a standard deviation of 0.67%.
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ID Characteristic

Bad Data / Gross f0 V measurement at bus 0 is 0 p.u.

Measurement Errors f1 V measurement at bus 8 is 0 p.u.

f1s f1 with voltage error correction

f2 PQ measurement at line 1-2 is 0 W / Var

f3 PQ measurement at line 12-13 is 0 W / Var

f4 V measurement at bus 8 is 150 % of the real value

f5 PQ measurement at bus 4 is 150 % of the real value

f6 Measurement accuracy known to estimator is incorrect:

Accuracy of PQ measurement at bus 4 is 6 % instead of 2 %

Accuracy of V measurement at bus 8 is 3 % instead of 0.5 %

f7 V measurement outage at bus 8

f7s f7 with voltage error correction

Use of constant substitute value: 1.0p.u.
p0 PQ power at bus 4 is only 70 % of the measurement value

p1 PQ power at bus 4 is 130 % of the measurement value

p2 PQ power at buses 5, 9, 10 are 130% of the measurement value

p3 Both p0 and p2

Topology Errors t0 R, X of line 7-8 only 90 % of actual value

t1 R, X of lines 3-8, 7-8, 8-9 only 90 % of actual value

t2 Switch status of switch 2 inverted

t3 Switch status of switches 2 and 3 inverted

t4 R, X of all lines inaccurate in uniform range: [90 %, 110 %]

t5 Both t2 and t4

Table 5.2: Description of the individual test cases (by ID) regarding bad data and topology errors

Configuration Number Switches (connect bus A and bus B)

14-8 6-7 4-11 8-9 3-4 3-8

0 0 0 0 1 1 1

1 0 1 0 1 0 1

2 1 0 1 0 1 0

3 1 0 0 1 1 0

Table 5.3: Switching configurations for the CIGRE test grid. 1: closed; 0: open

5.4 Evaluation Criteria and Metrics

5.4.1 Quality of Estimation

The quality of an estimation result can be defined by the errors for important grid variables,

such as the grid voltage magnitude or the line loading. On the other hand, it may be more

useful to know the error limits of a method within specific intervals. A grid operator may

want to know that the monitoring results are lying within a defined tolerance, e.g., the

voltage error is limited to 0.5 %, e.g., in all cases or 95 % of all cases.
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To this end, a success rate for scenarios is defined: If all voltage magnitude errors are

below a threshold tv and all line loading errors are under a threshold ti, the scenario is

estimated successfully. If all tested scenarios are estimated successfully, the success rate

of the test case is 100 %.

Two criteria, C1 and C2, are used. For C1, the allowed voltage error is tv = 1% and the

allowed line loading error is ti = 10%. Therefore, if all voltage errors are 1% at worst and

all line loading errors are 10% at worst, the test case has a success rate of 100 %. The more

strict criterion C2 sets limits for voltage errors to tv = 0.5% and for line loading errors to

ti = 5% (see Table 5.4).

From an economic perspective, limits should be high, since higher limits can generally be

achieved with a lower number of real measurements. From the operational perspective,

limits should be low, so that control strategies can work with more precise information.

The limit of 1 % for C1 is chosen since it may provide enough accuracy to detect limit

violations [62]; the limit of 10 % for line loadings is chosen as a trade-off between low

errors and number of measurements as shown in Figure 5.1. Setting a limit of 1 % for the

voltage error means that no result can be less accurate than 1 %, including outliers. The

mean errors are generally much lower, e.g., 0.1 %.

Max. estimation
error number of measurements

Number of real
measurements

maximum estimation error

Figure 5.1: Qualitative curves of the behavior between maximum estimation error and available

number of real measurements to show the trade of between the two variables. The specific values

are different for each grid and set of measurements

The voltage angle is not an evaluation criterion since not all methods are designed to

provide an accurate estimation of voltage angles. ANNs combined with PFCs or the WLS

SE are capable of estimating the full grid state, but can also estimate line loadings. Since

they can potentially provide better results than the other methods, they are included in the

comparison.
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Criterion Allowed voltage error tv [%] Allowed line loading error ti [%]

C1 1 % 10 %

C2 0.5 % 5 %

Table 5.4: The two evaluation criteria used for calculating success rates of the different scenarios

per test case

If the scenarios used for testing are diverse and cover a subset of all possible situations

which can arise in the grid, this way of measuring the quality allows to estimate the

potential inaccuracy the grid operator has to deal with when interpreting the estimation

results. For brevity, WLS SE is termed wls in the following figures and tables.

5.4.2 Number of Measurements

An important criterion to determine the feasibility of a monitoring method is the required

number of measurements. Since every placed measurement device increases the required

capital expenditures (CAPEX), the number of devices should be as low as possible for

the necessary accuracy. Apart from the CAPEX for the measuring device itself, a com-

munication channel has to be provided for timely measurement transfer, which increases

the operating expenses as well. Therefore, different measurement densities are tested to

determine their impact on the quality of estimation.

The lowest number of measurements according to Table 5.1 is 7 (m0). The highest number

of tested measurements is 55 (m8). Table 5.5 shows the results for the different test cases

as success rates per test case, method, and criterion. The best results per test case are

marked bold.

The WLS SE exhibits success levels of less than 60 % for simulations m1 - m3. m4, which

includes 12 measurements, and m5 - m7 with more measurements, produce better results

for WLS SE. It only reaches above 90 % success rate for C1 in test case m7, which exhibits

87 % successful estimation for C2. The HMM shows a similar pattern regarding the success

rates. While it shows low success rates for m0 - m3, it surpasses WLS SE for m4, m5 and

m6. Only a very high number of measurements gives WLS SE the edge over the HMM.

The maximum success rates for HMM are 96.2 % (C1) / 73.2 % (C2).

If a required number of measurements is gathered (m4), the results do not improve

significantly by adding more (voltage) measurements. The ANN-based methods all

perform much better than the WLS SE, exhibiting (almost) 100% success rates in most
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Monitoring Method m0 m1 m2 m3 m4 m5 m6 m7

C1 wls 54.7 52.4 48.7 44.9 85.3 84.8 84.0 97.3

ann 98.6 99.9 100 100 100 100 100 100
ann pfc 100 100 100 100 100 100 100 100
ann wls 100 100 100 100 100 100 100 100
hmm 30.1 31.5 35.3 31.1 93.3 96.2 96.3 96.2

C2 wls 29.5 25.2 17.5 12.9 49.1 50.2 56.5 87.0

ann 90.3 95.0 92.9 96.9 100 99.9 100 100
ann pfc 99.7 99.5 99.8 100 100 100 100 100
ann wls 99.8 99.9 99.9 99.9 100 100 100 100
hmm 10.1 9.4 10.9 10.0 60.7 72.6 73.3 73.2

Table 5.5: Evaluation of different monitoring methods considering a different number of measure-

ments. Best results are marked bold

cases. A slight difference can be seen between ann and ann pfc/ann wls. For m0 and C1

as well as m0/m1/m2/m3 and C2, ann performs slightly worse than the other methods.

5.4.3 Types of Measurements

Different quantities can be measured, the most common being the voltage magnitude, line

current magnitudes, active power, and reactive power. Measurement of some quantity

may be more expensive or less robust than another quantity. For this reason, the impact

of using measurements of different types is evaluated, especially considering the use

of Ampere measurements. This type of measurements is not beneficial for WLS SE

[10]. In test case a0, the line flow measurements of m0 are substituted with line current

measurements; the same is done for a1 and m7, respectively. For test cases a2 and a3, the

line flow measurements of m0/m7 are extended with additional line current measurements.

It becomes clear that WLS SE success rates decrease sharply if line flow measurements

are replaced by line current measurements (a0 and a1), as is shown in Table 5.6. The

introduction of additional I measurements does not change the results of test cases a2 / a3.

The HMM is not affected by the different type of measurements, since it mainly makes use

of voltage and bus power injection measurements in the iterative process and only uses line

measurements for the power flow. The ANN-based methods produce less accurate results

for a0 compared to m0, but not for a1, presumably, because the number of measurements

is already sufficient in a1. On the other hand, adding line current measurements in a2 / a3

does not increase the performance. The conlcusion from these test cases is that PQ line

flow measurements are preferable to line current measurements for low measurement

densities.
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Monitoring Method m0 a0 (m0) a2 (m0) m7 a1 (m7) a3 (m7)

C1 wls 54.7 13.5 54.7 97.3 30.9 97.3

ann 98.6 77.3 98.6 100 100 100
ann pfc 100 96.9 100 100 100 100
ann wls 100 98.1 100 100 100 100
hmm 30.1 30.1 30.1 96.2 96.2 96.2

C2 wls 29.5 4.5 29.5 87.0 12.7 87.0

ann 90.3 52.0 90.5 100 100 100
ann pfc 99.7 83.0 99.8 100 100 100
ann wls 99.8 86.4 99.9 100 100 100
hmm 10.1 10.1 10.1 73.2 73.2 73.2

Table 5.6: Evaluation of different monitoring methods considering the use of line current measure-

ments as an alternative or supplement for line flow measurements. Test case in brackets denotes the

base test case. Best results are marked bold

5.4.4 Robustness Against Unplanned Influences

Operation of power grids or the measurement infrastructure may be disturbed by unplanned

influences. Measurement transfer could be delayed, measurement devices could exhibit

abnormally large errors, or total outages can appear. In the evaluation, outages of voltage

and / or power measurements are simulated. Voltage outages are critical for all methods, as

the results for f0 and f1 in Table 5.7 show.

Only the HMM manages to have a success rate above 60 % in f1 since it dynamically ex-

cludes infeasible voltage measurements. PQ line flow measurement outage also impacts the

success rate of all methods (again HMM being affected the least), but the impact depends

on the specific measurement. The outage of the more important line flow measurement of

line 1-2 (f2) has a greater impact than the outage of Sline measurement of line 12-13 (f3).

A grossly incorrect voltage measurement (f4) yields unfeasible results for all methods.

Again, only HMM can exclude the erroneous measurement automatically and perform well

for some of the tested scenarios. A smaller impact compared to f4 is created by supplying a

faulty bus power injection measurement (f5). Less accurate measurements have the biggest

impact on WLS SE and the HMM, but also decrease the success rates for the ANN-based

schemes (f6). Using constant substitutes for bad data in voltage measurements seems to be

a good option for all monitoring methods except for WLS SE (f7).

Using the presented method of correcting grossly incorrect voltage measurements from

Section 4.5, the success rates of f1 and f7 are vastly increased in f1s / f7s. f0 / f4 cannot

be error-corrected since the slack bus is the only bus on the 110 kV level; other buses for

the calculation of the SD are not available. p0 - p3 simulate different bus power injections
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Monitoring Method m4 f0 f1 f1s f2 f3 f4 f5 f6 f7 f7s

C1 wls 85.33 0 0 74.5 9.0 54.7 0 38.4 3.4 14.1 34.9

ann 100 0 0 89.5 26.5 74.3 0 99.9 64.1 73.1 84.6

ann pfc 100 0 0 100 55.6 84.3 0 97.9 55.4 99.6 99.9
ann wls 100 0 0 99.8 20.1 70.8 0 95.5 74.4 98.2 99.6

hmm 93.3 0 62.5 85.3 93.3 93.3 91.6 37.0 3.2 86.4 84.6

C2 wls 49.1 0 0 42.7 1.1 12.8 0 11.3 0.1 5.3 15.4

ann 100 0 0 81.5 11.1 50.1 0 66.1 20.3 39.8 63.8

ann pfc 100 0 0 91.6 17.8 44.6 0 51.0 26.1 73.7 85.8
ann wls 100 0 0 92.0 9.2 57.3 0 37.2 17.1 67.5 85.1

hmm 60.7 0 14.1 41.64 60.7 60.7 23.2 19.2 0 24.3 27.2

Table 5.7: Evaluation of different monitoring methods with some gross measurement errors. All

simulations are derived from m4. Best results are marked bold

than are measured. This could either happen due to measurement errors or if not all active

assets connected to a bus are measured, e.g., a grid of a lower voltage level and a WEC are

connected, but only the lower grid power is measured. The impact of those differences in

power is minor, sometimes not measurable, as the numbers in Table 5.8 show.

Monitoring Method m4 p0 p1 p2 p3

C1 wls 85.3 85.3 85.3 85.3 85.3

ann 100 100 100 100 100
ann pfc 100 100 100 100 100
ann wls 100 100 100 100 100
hmm 93.3 93.3 93.3 93.3 93.3

C2 wls 49.1 49.1 49.1 49.1 49.1

ann 100 99.9 99.9 99.9 99.9

ann pfc 100 100 100 100 100
ann wls 100 100 100 100 100
hmm 60.7 60.7 60.7 60.7 60.7

Table 5.8: Evaluation of different monitoring methods considering differences between measured

bus power injections and the actual bus power injection at one or multiple buses. All simulations

are derived from m4. Best results are marked bold

5.4.5 Topology Errors

Multiple issues regarding the grid topology could affect the estimation quality of a moni-

toring method. Precise asset data, e.g., length of lines, may not be available in all cases.

Other values like line impedance change with temperature or depending on how they

are installed in the ground, which introduces additional noise to the monitoring method.

Switch statuses may be different than expected by the grid operator in some cases, e.g.,

due to misconfiguration or communication outage.
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Monitoring Method m4 t0 t1 t2 t3 t4 t5

C1 wls 85.3 84.9 85.0 36.5 18.1 85.2 37.2

ann 100 100 100 50.2 11.7 100 52.6
ann pfc 100 100 100 43.0 16.2 100 37.1

ann wls 100 100 100 31.2 14.6 100 31.8

hmm 93.3 93.3 93.5 45.8 18.0 92.7 45.2

C2 wls 49.1 49.3 49.1 11.3 2.9 48.9 11.6

ann 100 99.9 99.9 3.2 0.3 99.9 2.3

ann pfc 100 100 100 8.1 0.4 100 2.8

ann wls 100 100 100 4.9 0.7 100 5.0

hmm 60.7 55.6 53.1 12.2 0.4 57.1 12.2

Table 5.9: Evaluation of different monitoring methods considering topological errors introduced by

imprecise impedance data of power lines and misidentified switching states. All simulations are

derived from m4. Best results are marked bold

Test cases t0 - t5 in Table 5.9 record the estimation accuracy under those conditions. If the

line impedance is not exactly known, e.g., due to environmental influences, there is only a

minuscule impact on the estimation accuracy as test cases t0, t1, and even t4 show. Large

differences in the results appear if switching states are incorrectly identified, i.e., if a line

is disconnected, but the estimator assumes it is closed and vice versa (t2/t3/t5).

5.5 Urban and Commercial Test Grids

To further validate the characteristics of the different monitoring methods, two different

distribution grids are tested in different test cases. The test cases are similar to the ones

presented in Section 5.2, i.e., they use a different number of measurements, evaluate the

impact of gross measurement errors and topology errors.

The first grid is the SimBench MV urban grid, which is modeled after a typical urban area

in Germany. Various underlying LV grids contain both load and a considerable amount of

DG. Compared to the CIGRE MV benchmark grid, which models a rural area [104], the

urban grid exhibits a partially meshed structure, a low feeder length of 2.2 km on average

and 100 % cables without overhead lines [72]. The second grid resembles a commercial

area with various types of DGs directly connected at the MV level.

Annual time series are used to train the ANN-based models. Half of the year is used

for training. Multiple switching configurations per grid are used. The resulting test

scenarios are 35 136 for the urban grid (6 months and two switching configurations are

used for testing) and 26 352 for the commercial test grid (three months and three switching

configurations). More detailed information is available in Appendix E.
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The HMM is excluded from further evaluations due to the incompatibility of the SimBench

grids with the implementation of the HMM and some pandapower elements. This is not a

general limitation of the HMM.

The overall results are similar to the results achieved with the CIGRE MV benchmark grid.

Using few measurements, WLS SE exhibits a low mean success rate of less than 35 %

for the urban grid and 15 % for the commercial grid (both C2). All methods improve if

more measurements are available, except for WLS SE in the urban grid test cases. The

results with gross measurement errors and topology errors exhibit the same pattern as the

CIGRE MV benchmark grid in the previous sections. Measurement errors in a low number

of power measurements do not have a noticeable impact on the estimation result, while

voltage measurement errors decrease the accuracy considerably for most cases. In this

case, voltage error correction can mitigate the effect partly. While inaccurate line data

has no big effect on the estimation, the correct identification of switching states is crucial.

Changing the reactive power injection of all buses randomly between 0.9 and 1.0 does also

not have a noticeable effect on the results in both grids. Appendix E shows the results for

all test cases and both test grids in more detail.

5.6 Host Systems

Depending on the number of available measurements and the requirements given by the

mode of grid operation, the presented monitoring methods must function in different

environments.

• Decentrally operated distribution grids may rely on remote terminal units situated at

different positions of the grid (e.g., substations). RTUs are small industry computers

with limited performance [34], which can be connected to the virtual private network

of the grid operator. They gather measurement data, convert it to the relevant

communication protocol, and send it to the control center. In the other direction,

they can forward commands from the control center to the connected actors (e.g.,

switches). Additional intelligence implemented on a RTU means fewer control

delays and higher robustness against communication issues.

• Central operation enables the use of powerful servers or desktop computers. Parallel

computation becomes possible. With the use of GPUs for computational purposes

(e.g., with NVIDIA CUDA1), calculations can be sped up tremendously.

1https://www.nvidia.com/en-us/about-nvidia/ai-computing/ Accessed: 6th August 2019.
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• A hybrid model one could imagine, especially for the ANN-based methods, consists

of the training of models on a cloud server and the subsequent transfer of the trained

model to a RTU. Only the predictions, the processing of current measurements by

the trained model, is done on the RTU itself. This process is not computationally

demanding and can be performed on the various system on chip-boards that are

freely available and cheap.

The WLS SE is traditionally part of control center software, which is comprised of different

servers in a central location. In general, WLS SE has no special requirements and could

run decentrally on one or multiple RTU. However, since it requires a large number of

measurements, which are usually consolidated at a central control center, collecting and

transferring all measurements to multiple points in the grid yields high requirements for

the used communication network. If WLS SE is to be used on a grid with a low number of

measurements, the pseudo-measurement generation should take place locally on the RTU.

In that case, WLS SE can be used both in decentral and central approaches. The hybrid

approach is not relevant.

The HMM poses the same requirements as the WLS SE. It can be run on RTU. In contrary

to WLS SE, parts of the algorithm can run in parallel and therefore benefit from more

powerful hardware. Both decentral and central variants are feasible. The hybrid approach

is not relevant, either.

The ANN-based schemes all require a training process, which is usually computationally

expensive and time-consuming. Additionally, the training data has to be created by

performing a large number of power flow calculations – thousands – before training can

take place. Conducting the training on RTUs is possible if the RTU delivers adequate

performance, but likely to be slower than on a dedicated server. A more promising approach

could be the hybrid approach, where a cloud-based server is used to handle the training

process, and the RTU is only used for inference. The trained model, the model size

typically being less than 10 MB, is transferred via a communication channel, and the RTU

is handling the estimation process itself, which is not computationally demanding. The

central variant is also feasible.
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5.7 Classification of the Monitoring Methods

Table 5.10 compares the mean success rates (including both C1 and C2) of the different

methods for different types of test criteria. The employed WLS SE does not excel in any

category. The results could potentially be improved if a more sophisticated method for

the generation of suitable pseudo-measurements can be used. HMM yields better success

rates compared to WLS SE and is the best of all methods under gross voltage measurement

errors, but shows lower success rates than the ANN-based methods. They produce the best

results in many categories.

The comparison results are also visualized in Figure 5.2. Table 5.11 gives a qualitative

classification for the same test criteria. Table 5.12 matches different use cases for grid

operators to the recommended monitoring method. All ANN-based methods have broad

use cases due to their high accuracy. The HMM can be used if feasible measurements

can be gathered and the ANN-based methods cannot be used, e.g., due to computational

limitations. The employed WLS SE with the basic way of generating pseudo-measurements

is only recommended for a fully observed grid.

The runtime of the different methods is subject to the used hardware and software im-

plementation, which is why no elaborate comparison of runtimes is performed in this

thesis. In general, the extended ANN-based methods have a higher runtime than the pure

ANN-based process, since additional algorithms are run after the ANN estimation. As a

single example for the used implementation and test case m4, the ann pfc shows a runtime

of 191% compared to the pure ANN-based method runtime while the ann wls method

relative runtime is 577%. Nevertheless, the absolute runtime for each of the five tested

methods for a single estimation cycle is below 100ms, which should be sufficient for

real-time operation.

category wls hmm ann ann pfc ann wls
Low number of meas. (m0 - m4) cat1 42 % 32 % 97 % 100 % 100 %

Modest number of meas. (m5 - m7) cat2 77 % 85 % 100 % 100 % 100 %

Inclusion of Ampere measurements cat3 41 % 52 % 90 % 97 % 98 %

Gross measurement errors V cat4 2 % 38 % 14 % 22 % 21 %

Gross measurement errors PQ cat5 48 % 70 % 81 % 82 % 78 %

Switch identification errors cat6 20 % 22 % 20 % 18 % 15 %

Host system central / decentral central / hybrid

Table 5.10: Comparison of the mean success rates of the monitoring schemes regarding different

test criteria. The category values are used in Figure 5.2
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wls hmm ann ann pfc ann wls
Low number of measurements (m0 - m4) o - + + +

Modest number of measurements (m5 - m7) - o + + +

Inclusion of Ampere measurements - o o + +

Gross measurement errors V - + o o o

Gross measurement errors PQ - o + + o

Switch identification errors + + + o -

Host system central / decentral central / hybrid

Table 5.11: Classification of the monitoring schemes regarding the different test criteria.

+ is used for the best success rates and methods with success rates not lower than best%−3%.

- denotes the worst performance among the different schemes while o denotes performance between

the best ones and the worst one

Use Case Recommendation
Monitor for limit violations ANN-based Monitoring

Sophisticated grid control (e.g., optimal power flow) ANN-based Monitoring �→ PFC

Extension of existing control center software with WLS SE ANN-based Monitoring �→ WLS SE

Monitor for limit violations on low-powered devices only Heuristic Monitoring Method

(requires specific voltage measurement locations)

Redundant number of measurements WLS State Estimation

Table 5.12: Different use cases with their recommended monitoring method

Figure 5.2: Comparison of the mean success rates of the monitoring schemes regarding different

test criteria. The categories cat1 - cat6 are transferred from Table 5.10



Chapter 6

Concept for the Identification of
Feasible Measurement Configurations

6.1 Motivation

Today, distribution grids are mostly unmonitored due to the lack of measurements. The

proposed monitoring schemes from Chapters 3 and 4 do not require a significant number of

measurements. However, they do require some measurements, which should be gathered

from feasible locations. The relative importance of a single measurement for the estimation

process is increased with a low number of measurements compared to a redundant number

of gathered measurements, since less information about the actual system is known.

Identifying “neuralgic” points in the grid [86] and gathering measurements at these points is

crucial. From the technical perspective, the number of measurements should be maximized

to get the most reliable results. However, from an economic perspective, the number of

measurement devices should be as low as possible to avoid more capital expenditures than

necessary. Both objectives are conflicting. Therefore, the problem may not contain pareto

dominant solutions, in which both objectives are optimal at the same time [107].

6.2 State of the Art

Different scientific approaches have been tested to identify critical positions for mea-

surements. Some explicitly include both objectives; others only concentrate on the ideal

87
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measurements for the estimation process. A set of measurement locations and correspond-

ing measurement types is termed measurement configuration.

On the one hand, different analytical approaches have been used for optimization. In 2013,

Abdel-Majeed et al. present a scheme to incorporate a number of smart meters into a WLS

DSSE process in [7]. The error covariance matrix of the WLS SE is used to determine

the uncertainty for different measurement configurations, so that they can be evaluated

regarding its remaining uncertainty. A single time step is chosen for the evaluation and

installation costs of measuring devices are not considered. The same approach is tested

with more conditions (R/X ratio, measurement types ...) in [8]. Chen et al. present a

method based on mixed integer linear programming in [32]. Since the placement of a

measurement device can be seen as a binary decision, mixed integer linear programming

solvers can aid in the identification of ideal measurement configurations. The evaluation is

performed on a test grid with five different test cases. Economic considerations are not

part of the research. In their work [25], Büscher et al. recognize that a set of allocated

measurements must be valid not only for a single scenario but for all expected power flows.

Their approach relies on quantitative scoring of measurement points without being limited

to prior-defined reference scenarios.

On the other hand, multiple sources use heuristic algorithms to perform measurement

placement optimization: In [138], Wang et al. consider network reconfiguration in their

measurement placement method. The measurement saturation characteristic is used to

determine the maximum number of measurements and a heuristic optimization scheme to

determine the measurement positions. A genetic algorithm is used for phasor measurement

unit placement in [27]. Observability and security are evaluation criteria so that multiple

measurement configurations can be evaluated and compared. An economic analysis also

takes into account the cost of measuring devices. The presented scheme is compared with

a variety of different methods. Cramer et al. also use a genetic algorithm in their work [35],

published in the same year. The goal is to determine suitable measurement configurations

for DSSE. Different types of measurements are differentiated. Each type of measurement

has a unique cost value to reflect the required CAPEX for the actual device. A different

heuristic algorithm for the selection of suitable measurements is presented in [114] by

Shafiu, Jenkins, and Strbac. Different static operating points are used to evaluate the

potential of measurement configurations. A multi-objective evolutionary algorithm is used

in the paper [135] by Vigliassi et al. from 2019. A non-dominated sorting genetic algorithm

optimizes the Pareto frontier of conflicting objectives (CAPEX and estimation accuracy).

Prasad and Kumar combine a particle swarm optimizer and the krill herd algorithm in [97]
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to determine suitable measurement configurations with the three conflicting objectives,

namely low estimation errors, low CAPEX for phasor measurement units (PMU), and low

CAPEX for other measurement devices. The optimizer presented in [97] outperforms the

compared methods for all objectives. Table 6.1 shows an overview of the optimization

approaches in the presented literature.

Optimization Approach Literature
Rule-based [85]

Covariance Matrix [7, 8]

Mixed Integer Linear Programming [32]

Quantitative Scoring [25]

Heuristic Optimization [27, 35, 97, 114, 135, 138]

Table 6.1: Overview of the mathematical methods employed for the optimization of measurement

configurations in electrical grids

6.3 Proposed Approach

From the literature published in recent years, it becomes evident that while some ap-

proaches are purely rule-based, e.g., [85] by Neusel-Lange, many promising approaches

make use of heuristic algorithms to solve the multi-objective optimization problems. The

approach presented in this thesis also uses heuristic algorithms as the basis for identifying

optimal measurement configurations. Both of the presented objectives, low estimation

errors, and low CAPEX, are included in the approach. Most importantly, the procedure

is not based on a single scenario or a small number of scenarios. Instead, every potential

set of measurements should be tested thoroughly for a large number of scenarios and the

expected switching states. An evaluation of a measurement set is only significant if the

set of measurements is validated for a large percentage of the power flows that can be

expected in a grid.

6.3.1 Encoding a Measurement Configuration

Optimization algorithms often take a vector x∈R
N as an input and return a scalar output, so

that f (x) :RN �→R. A multi-objective optimization problem, on the other hand, has a multi-

dimensional output. The conversion from multi-dimensional to scalar value is presented in

the following subsection. Placing measurements is a combinational optimization problem,

where either a measurement is gathered at the position, or it is not. The simplest form
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of encoding a set of measurement placement problem is a binary vector x ∈ B
M, where

M is the number of available measurement types multiplied by the number of available

measurement positions for the types. Such a vector is called “measurement configuration”

or “candidate” (for the best solution).

The knowledge of what position in x belongs to which measurement type and location need

to be stored separately. Since the majority of entries in x will be 0, the candidates should not

be initialized uniform randomly, but with a strong bias towards 0. The proposed, specially

designed candidate initialization routine yields candidates where typically only 10-15 % of

values will be 1. These candidates are modified over multiple iterations. Changing a 0 to a

1 and vice versa is called bit flipping. A suitable algorithm should not flip too many bits to

generate a new candidate1.

For test grids with a large number of buses and lines, the amount of possible measurements

grows tremendously. In such cases, a coarser approach to the identification of measuring

locations can be used. E.g., at the MV level, it is possible only to encode the number of

substations into a measurement configuration. If a substation is measured, all connected

lines and assets are outfitted with measurement devices. This strategy reduces the length

of x tremendously (to the number of substations in the grid).

6.3.2 Transformation of the multi-objective optimization problem

Many of the available heuristic optimizers do not explicitly include multi-objective op-

timization as a functionality. In such cases, it is common to create a new cost function,

which consists of a sum of the different objectives, each weighted by a cost term (as is done

in [40, 135]). The term “cost” refers to the resulting cost value of the objective function,

not the CAPEX values for the installation of measurement devices.

This transformation is especially feasible for the concept of success rates, by which a

predetermined estimation error etol for measurement configuration m has to be adhered to

for a successful estimation (est(m)≤ etol). Success rates produce binary output; feasible

or infeasible. A weighting factor can be omitted in a strictly binary evaluation, where

successful estimations equal a cost of 0 and non-successful estimation equal a very high

cost value (e.g., 1099). The only relevant cost term would be the capital expenditure

1As an example, for an encoded candidate with 10 bits, two of them 1, random bit flipping will more

likely turn a 0 into a 1 (80 % chance) while there is only a 20 % chance that a 1 will turn into a 0. Because of

the higher numbers of 1, the new candidate may exhibit a large number of measurements and incur a penalty

in the optimization due to high CAPEX. This property will reflect in the algorithms performance.
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since the extremely high costs automatically exclude all non-feasible estimation results.

Equations 6.1 and 6.2 show such a simple cost function fopt, which can be minimized by

an algorithm, for both objectives. It contains the costs derived from the estimation errors

as e(m) and the capital expenditures necessary for the chosen measurements as i(m).

e(m) =

⎧⎨
⎩

0 if est(m)≤ etol

1099 otherwise
with m ∈ B

N (6.1)

fopt(m) = e(m)+ i(m) with fopt(m) : BN �→ R; e(m) : BN; i(m) : BN �→ R (6.2)

A binary decision, however, may be counterproductive in some cases: if the allowed

limit for a successful estimation is only slightly exceeded, the presented cost function

may rule out the candidate as a feasible solution. From a practical perspective, a slight

violation of the allowed estimation error may not be a serious reason to rule out the

measurement configuration. Using the difference to the allowed error, etol and two factors

e1 / e2 violations of the maximum error can be weighted while undercutting the maximum

error can be rewarded with slightly negative costs. In the case of two competing, successful

measurement configurations m with the same capital expenditures i(m), the candidate with

lower estimation errors is ranked as the better solution. The proposed Equation 6.3 is

similar to the parametric ReLu function used in deep learning [53]. It is visualized in

Figure 6.1.

e(m) =

⎧⎨
⎩

e1(est(m)− etol) if est(m)≤ etol

e2(est(m)− etol) otherwise
with e1 
 e2; e1,e2 ∈ R

+ (6.3)

6.3.3 Optimization Process

The optimization process takes the test grid and the existing measurements (if any are

already gathered) as inputs. An optimizer selects different new measurement configurations,

encoded into a binary vector where 1 means the measurement is gathered and 0 means no

measurement is available, for evaluation.
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Figure 6.1: Visualization of Equation 6.3, where etol = x is the error limit for the estimation error.

A higher error incurs a large penalty while undercutting the error produces a minimally negative

cost (small benefit).

Compared to the presented literature, the selected candidate measurement configuration is

not evaluated on one or few power flow scenarios, but on one or multiple complete sets

of scenarios as defined in Subsection 4.3.3; thousands of different individual scenarios in

total. This significantly increases the validity of the evaluation compared to a low number

of test scenarios [25]. Additionally, different switching states of the grid can directly be

evaluated for each measurement configuration, increasing the significance of the evaluation

further, since topological changes have a big impact on the resulting power flows in the

grid.

The disadvantage is that the evaluation of a candidate may take minutes or hours, depending

on the monitoring scheme and the number of test scenarios. The optimization algorithm,

therefore, has a limited budget as to the number of testable measurement configurations.

Over the course of multiple iterations, different candidates are tested. At the end of the

optimization, the best-found candidate exhibits the lowest estimation errors and capital

expenditures out of the tested candidates. The trade-off is determined by setting values for

e1 and e2 as per Subsection 6.3.2. Figure 6.2 shows the process flow of the optimization.

Test data encompasses all scenarios, and switching states used to evaluate a measurement

configuration.
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Figure 6.2: Measurement configuration optimization with a generic optimizer

6.3.4 Heuristic Algorithms

Introduction to Heuristic Algorithms

The previous subsections defined the combinational optimization problem, which search

space increases exponentially for every additional input. The task of determining mea-

surement configurations is a constrained nonlinear optimization problem as defined in

[88].

Finding the global solution to this problem by using an exact optimization is possible if

there are no limitations of the computation time, e.g., by performing an evaluation of all

combinations. However, this approach is infeasible for the presented optimization task due

to the limitations of computing power and calculation time, which could be a number of

days or even hours. An example is a small grid with 20 substations, each of which can

be outfitted with bus power, bus voltage, and / or line current measurement devices. This

small example already yields 23·20 = 1.15 ·1018 possible combinations. Exhaustive / global

optimization approaches are therefore not recommended for the task at hand.
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Heuristic optimization algorithms treat the objective function as a black box, generally,

require no information about derivatives and have been used successfully for different engi-

neering tasks (e.g., in [127, 84]). Heuristics are experience-based techniques [41] that use

a set of candidates and modify them in consecutive iterations according to the algorithm’s

set of rules. They often provide solutions in a reasonable amount of computation time but

do not guarantee that the global optimum is found.

Different heuristic algorithms were developed in the last decades, each with its own

advantages and limitations. According to the “no free lunch theorem” [143], there is

no optimization algorithm that outperforms others for all problems. Therefore, several

heuristic algorithms should be tested to determine the most feasible method(s) for the

purpose of determining ideal measurement configurations. Since each function evaluation

can take a considerable amount of time, the method has to work with an extremely low

number of available evaluations compared to other optimization problems, in which the

evaluation of the objective function only takes milliseconds or seconds of computation

time. The candidates, later known as cats, nests, particles, etc., depending on the algorithm,

are vectors in R
M, where M is the dimension of the input, more specifically the number

of measurements to be gathered or not gathered. Heuristic optimizers, compared to many

analytical optimization algorithms, are generally gradient-free. The approximation of

a gradient typically uses one or two additional function evaluations [88], which is an

additional computational burden. Analytical optimizers can converge to local optima,

whereas heuristic optimizers can get out of local optima by using exploration mechanisms.

The selected optimization algorithms exhibit different characteristics according to different

criteria. In general, exploitation is the search for new candidates in the neighborhood of

suitable candidates by a slight variation of the existing candidate [105]. Exploration is the

ability to sufficiently cover the solution space to increase the chance of finding the global

optimum. Another characteristic is the number of “particles” employed which parallelly

evaluate candidates and may exchange information. The presented optimizers vary in

the characteristics as mentioned above. The goal is to evaluate which of the presented

optimizers is most suitable for the task of identifying feasible measurement configurations

without tuning each algorithm’s parameters.

Cat Swarm Optimization

The cat swarm optimization, proposed by Chu and Tsai in [33], seeks to model the behavior

of cats. The algorithm consists of two modes: the seeking mode and the tracing mode.
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In seeking mode, the cat’s resting period is modeled. It is still alert and looking around the

environment where to make the next move. The move is determined by different parameters:

the seeking memory pool determines the number of new candidates to evaluate. The

seeking range of selected dimension and the number of dimensions to change determine

how much and how many bits of the candidates are changed. The resulting candidates are

all in the neighborhood of the original cat position. Each of the candidates is assigned a

probability depending on its solution, and one of the candidates is picked accordingly.

The tracing mode updates the cat’s velocities for all dimensions, based on the cat’s current

solution and the best solution overall, similar to the particle swarm optimizer. Then, new

positions are calculated by using the velocity vector. This mode allows the cats to move

further from their neighborhood into the region where the current best solution has been

found.

The ratio of cats in seeking mode is given as pa ∈]0,1[. All cats not in seeking mode are

set to tracing mode. The whole process is illustrated in more detail in [33] and with a flow

chart in Algorithm 1.

Algorithm 1: The cat swarm optimization
Generate initial population of n cats c randomly

Randomly set a fraction pa ∈ ]0,1[ pa ∈ R of cats to seeking mode, the other cats to tracing mode

while i < max. iterations or not (stop criterion) do
Evaluate all cats: ∑i fopt(ni)
Store best cat cbest

Move cats according to their mode

Randomly set a fraction r of cats to seeking mode, the other cats to tracing mode

Increase i
end
Return cbest

Cuckoo Search Optimization

The cuckoo search is a metaheuristic algorithm for solving optimization problems, pro-

posed initially in [144]. It is based on the breeding behavior of cuckoos. The algorithm

builds a fixed number of nests, each comprising of a candidate and corresponding cost

value. The cuckoo can lay its eggs into a nest. A cuckoo egg is generated by performing a

Lévy flight to generate a new candidate. Lévy flight is a random walk pattern, “in which

the step lengths are drawn from a probability distribution with a power-law tail” [21]. The

distribution is known as a Lévy distribution. The cuckoo search routine follows three rules:

1. Each cuckoo lays one egg, which is dumped into a random nest.

2. The best nests carry over to the next iteration.
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3. A cuckoo egg laid into a nest can be detected with a probability pa ∈ [0,1]. This variant

replaces a fraction of pa nests with new random solutions.

The flow chart of the algorithm is shown as Algorithm 2.

Algorithm 2: The cuckoo search optimization
Generate initial population of n nests randomly and evaluate ∑i fopt(ni)
while i < max. iterations or not (stop criterion) do

Get random cuckoo c by performing Lévy flight and evaluate fopt(c)
Choose a random nest r ∈ [0,n[ r ∈ N

if fopt(c)< fopt(r) then
Replace nest candidate r with cuckoo candidate c

end
A fraction of pa nests are rebuilt randomly and evaluated

Solutions are ranked and the best nest nbest stored

Increase i
end
Return nbest

Fireworks Algorithm

Tan and Zhu present the fireworks algorithm for optimization in [124]. It is a swarm

intelligence algorithm, based on the dynamics of a fireworks explosion. Two explosion

processes are employed, which implement the search function for the optimizer. At first,

n locations are selected as the basis for fireworks. Around those locations, sparks are set

off in the immediate neighborhood. Equations set both the number of generated sparks

and their amplitude (distance from the original fireworks position). There are two ways

of generating sparks, one based on uniform distribution and a second one based on the

Gaussian distribution. The number of dimensions, where the original fireworks position

and the spark’s position are different, is chosen randomly. The n fireworks positions

for the following iteration are selected from the existing fireworks and sparks with a

probability. An exception is the best candidate which is always transferred. The probability

pa ∈ ]0,1[ pa ∈ R for each candidate to transfer into the next iteration is proportional to

its distance to other candidates. The intention is to obtain n locations with a high distance

to each other to avoid limiting the exploration of the algorithm. Algorithm 3 shows the

procedure of the fireworks algorithm.

Genetic Algorithm

Genetic algorithms, presented in [81], make use of different bio-inspired operators to solve

an optimization problem. Candidates are also called individuals, which can change their

properties – also called genes – through evolution and selection [73].
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Algorithm 3: The fireworks algorithm
Generate initial selection of n fireworks c randomly

while i < max. iterations or not (stop criterion) do
Evaluate ∑i fopt(ci)
foreach candidate ci do

Calculate the number of uniform sparks for this fireworks

Calculate the locations cu for each spark
end
Calculate the number of Gaussian sparks

foreach Gaussian spark do
Randomly select fireworks fs ∈ [0,n[ f ∈ N

Calculate the Gaussian spark’s position cg( fs)
end
Evaluate ∑i fopt(cu) and ∑i fopt(cg) for sparks

Select best candidate among the evaluated candidates c, cu, cg and store as cbest

Randomly select n−1 candidates based on probability pa
Increase i

end
Return cbest

Standard evolutionary operators are mutation, the change of one or more dimensions of the

candidate, and crossover, where two individuals exchange a certain number of genes. The

operators are only applied with a certain probability so that some individuals go through to

the selection unchanged.

Different selection mechanisms exist, e.g., only the x best individuals make up the next

generation (iteration). Another strategy is the selection of the individuals of the next

generation in a tournament, in which y randomly selected individuals are compared, and

the individual with the lowest cost value is transferred into the next generation.

In the first generation, a number of random individuals are generated, which are subjected

to the evolutionary operators and selection mechanisms. Over the course of multiple

generations, neighboring candidates are found through mutation while the entire search

space is considered with crossover. Depending on the selection strategy, exploitation and

exploration are balanced. The genetic algorithm is shown in Algorithm 4.

Algorithm 4: The genetic algorithm
Generate initial population of n individuals id randomly and evaluate ∑i fopt(idi)
while i < max. iterations or not (stop criterion) do

Apply selection strategy to select individuals for this generation

Apply evolutionary operators (mutation, crossover ...) to individuals

Evaluate ∑i fopt(idi) and store idbest

Increase i
end
Return idbest
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Gravitational Search Algorithm

Based on the law of gravity and the low of motion, the gravitational search algorithm

is proposed by Rashedi et al. in [101]. The algorithm creates a set of particles, which

represent different measurement configurations. Every particle is assigned a certain mass,

which is a proxy for the particle’s evaluated costs.

The law of gravity is derived as part of the algorithm: Particles attract each other based

on their mass M and inversely proportional to the distance between them. The distance

is calculated from the differences of the binary encoded measurement configurations of

each particle. The law of motion for the the gravitational search algorithm states that “the

velocity of any mass is equal to the sum of the fraction of its previous velocity and the

variation in the velocity.” [101]. The variation in velocity or acceleration is equal to the

force acted on the system divided by the mass of inertia. In the algorithm, which is shown

as pseudo-code in Algorithm 5, a discrete time step t equals an iteration of the algorithm.

Algorithm 5: The gravitational search algorithm
G(t) = f (G0, t): gravitational pull, Mi(t): mass of intertia, ai: acceleration; vi: velocity

of particle pi; G,M ∈ R; a,v ∈ R
M

Generate initial population of n particles p randomly and evaluate ∑i fopt(pi)
while t < max. iterations or not (stop criterion) do

Update G(t), ∑i fopt(pi), pbest, pworst

Derive ∑i Mi(t) and ∑i ai using new G, pbest, pworst

Update velocities ∑i vi and positions of all particles p
Increase t

end
Return pbest

Grey Wolf Optimization

The hierarchy and hunting mechanisms inspire this metaheuristic algorithm in a pack

of grey wolves and presented by Mirjalili et al. in [80]. There are different types of

wolves (alpha, beta, delta, and omega), which simulate a leadership hierarchy from the

top (alpha) to bottom (omega). The pack of wolves “hunt” for prey in different steps:

they search it, encircle it, and attack. The optimization combines the hierarchy and

the hunting process into an optimization routine. The social hierarchy is determined

by using the cost values of the current wolf. The wolf with the lowest costs is the α
wolf, while the second-best is the β , the third-best is the δ , and all other wolves are ω
wolves. Searching is performed by randomly initializing candidates and determining the

best solutions. Encircling is implemented mathematically by defining a circle-shaped
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neighborhood around the evaluated candidates, in which new candidates can be created.

The position of the prey is determined to be in between the α, β , and δ solutions.

Attacking is implemented by moving the wolves into the direction of the prey. The

radius of the neighborhood in the encircling mechanism decreases with higher t, so that the

exploitation / exploration balance is shifted over the course of the optimization. Algorithm 6

shows the basic outline of the grey wolf optimization.

Algorithm 6: The grey wolf optimization
a,A ∈ R: adaptive parameters; C ∈ R: randomness parameter

Generate initial population of n wolves w randomly and evaluate ∑i fopt(wi)
Determine wolves wα ,wβ ,wδ and wω
while t < max. iterations or not (stop criterion) do

Update a, A, and C
foreach wolf wi do

Update position wi = f (wi,a,A,C,wα ,wβ ,wδ )

end
Evaluate ∑i fopt(wi)
Determine wolves wα ,wβ ,wδ and wω
Increase t

end
Return wα

Particle Swarm Optimization

The particle swarm optimization by Kennedy and Eberhart in 1995 [58] is a widely used

optimization algorithm, which has been the focus of much research. The algorithm creates

several particles, called a swarm, with different attributes: each particle memorizes its

best solution it encountered so far as well as a velocity vector, which guides the particle’s

position in consecutive iterations. Particles exchange the information about the overall

best solution found so that they can collectively adjust their velocity vector to include the

knowledge of the swarm’s best position. In multiple iterations, the particle swarm, each

particle bound by its velocity, moves toward the best solution. The procedure is detailed in

Algorithm 7.

6.3.5 Surrogate Optimization

For computationally expensive optimization problems, where the function evaluation takes

a considerable amount of time (minutes and longer), optimization algorithms may not be

able to perform well with the limited budget for function evaluations. In such cases, a

technique called knowledge incorporation can be applied [126]: the problem itself can be
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Algorithm 7: The particle swarm optimization
Generate initial number of n particles p randomly and evaluate ∑i fopt(pi)
foreach particle pi do

Store initial position pi as best position pibest

end
Store best particle as pbest for swarm

Initialize particle velocities v ∈ R
M

while i < max. iterations or not (stop criterion) do
foreach particle pi do

Update particle velocity vi = f (vi, pi, pbest, pibest
)

Update particle position pi = pi + vi
if fopt(pi)< fopt(pibest

) then
Store pi as best position pibest

end
if fopt(pibest

)< fopt(pbest) then
Store pibest

as best position pbest for swarm

end
end
Increase i

end
Return pbest

approximated by a more simple one so that the evaluation time is decreased considerably.

As an alternative, the objective function can be approximated by using a meta-model which

can be evaluated more quickly. Such a meta-model is often called “surrogate”, as it is used

in place of the original function to be optimized.

In general, many different architectures are feasible for constructing such a surrogate.

Surface methods try to fit a low-order polynomial to the objective function by using

support points from the exact function. If the desired accuracy is not reached with such a

model, other options are to fit Gaussian processes [66] (also called “Kriging” after D.G.

Krige [63]), radial basis functions, artificial neural networks, or support vector machines.

For example, Nakayama et al. apply a radial basis function network to solve the problem

of reinforcing cable-stayed bridges [84]. With only a few dozens of training samples, the

model is able to approximate the original test function well enough for the optimization

process. Tenne presents a complete process for the optimization of computationally

expensive problems in [125]. Both Kriging and radial basis functions are used as the

meta-model, and a separate classifier tries to determine feasible candidates to be predicted

with the meta-model. The model selection is performed by an algorithm.

The problem of determining feasible locations for measuring devices is a computationally

expensive problem if one or multiple ANN are to be trained for each measurement config-

uration, and a large number of scenarios are to be tested. In such cases, the evaluation of a

measurement configuration, depending on the number of measurements and the size of
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the power grid, can take several minutes. The use of a surrogate model could reduce the

required number of actual evaluations of the objective functions.

The use of surrogates in the optimization process is governed by a percentage psurr, which

determines the likeliness that the surrogate model is picked (otherwise the function is

evaluated on the objective function directly; see Figure 6.3). psurr is set by the following

equation:

psurr(ne) = max(0, min(pmax, 0.01(ne −nmin))), (6.4)

where ne∈ N
+ is the number of real objective function evaluations so far and nmin∈ N

+

the minimum number of required evaluations to use the surrogate. psurr is capped between

0 % and pmax %. The lower limit is chosen to first generate a set of training data for the

surrogate model. The upper limit is chosen so that at least some percentage of evaluations

are done on the real objective function and not with the surrogate model.

Additionally, the surrogate is only used if at least 95 % of measures in the new candidates

have been trained for the surrogate model. As an example, the candidate [0 1 1 0 0 1]

would only be evaluated by a surrogate if other candidates with 1 at the second, third,

and last positions have already been evaluated directly and trained. Trained candidates

[1 1 1 0 0 0], [0 1 1 1 0 1] and [0 0 0 1 1 1] would suffice, but not [1 1 0 0 1 0], [0 1 0 1 1 0]

and [1 0 1 0 0 0], because in the trained candidates the last position is never 1.

Trained models may be very good at interpolating between known support points, but

are often unable to extrapolate [17]. The surrogate can provide a rough estimate of the

objective function but may fail to find new minima.

Call to Evaluate

random(0, 1) < psurr

predict with 
surrogate

evaluate cost
function

Figure 6.3: The surrogate model replaces the evaluation of the objective function (cost function) on

some occasions

Several possible model architectures were tested, namely a Gaussian process, support

vector regression with a radial basis function as the kernel, a Lasso regressor, a Lasso-Lars

regressor, and a feedforward ANN (all part of the scikit-learn library [94]). They were
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evaluated by their ability to learn, e.g., yield lower estimation errors with an increasing

number of training samples and their mean average error between the model’s prediction

and the exact value of the objective function. A simple ANN model provided the best

results and is therefore chosen as the surrogate meta-model to use in-place of the objective

function.

The feedforward model contains three hidden layers with 50, 10, and 5 neurons in them;

the learning rate is set to 5 · 10−3; the activation function ReLU is used for all hidden

layers; the optimizer Adam [60] is used for the training optimization in 10 000 iterations.

The ANN is retrained from scratch every time 5 new samples are available since the last

training.

6.4 Measurements

Several electrical variables can be measured in a power grid. The most critical variables,

which can directly indicate if the grid is in off-limit conditions, are the voltage magnitudes

and the line loadings. Other variables are active as well as the reactive power flows at the

lines and substations. All these variables can be measured, typically directly at a substation.

Voltage angles can be measured by PMU, although these devices are today only used for

transmission grids due to their high price.

Several manufacturers offer measuring devices for intelligent substations. For example,

the Grid-Inspector device [62] can monitor three-phase line currents, the complex power

flowing through a switch field (measurement error: 3 %), and the voltage at a substation to

a tolerance of 1 %. The power factor can be measured, as well.

Such a device can be used on individual switch fields in a substation. However, since a

suitable communication infrastructure only has to be set up once per station, it might make

sense to equip several or all switch panels with measuring devices.

Such an approach is taken for the following evaluation. Although the presented optimiza-

tion scheme supports individual measurements of different variables at all assets of the

grid, this approach yields considerably more variables to be optimized. Therefore, mea-

surements are placed for a whole substation. As a result, one measurement configuration

equals the outfitting of a MV/LV substation with measurements at the substation bus (PQV

measurements) and the connected MV lines (PQ measurements).
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6.5 Validation and Evaluation

The following evaluation tests a number of optimizers repeatedly on consumer hardware.

The algorithms presented in Subsection 6.3.4 are implemented in different software li-

braries. The cat swarm optimization, cuckoo search optimization, fireworks algorithm, and

gravitational search algorithm are implemented in the software library SwarmPackagePy2

and were modified to work with the presented use cases. The other heuristic algorithms

available in the library were tested preliminarily but did not yield sufficiently good results

and are thus excluded from the evaluation. The genetic algorithm is from the package

DEAP [44]. The particle swarm optimization is from the library PySwarms [79]. The

objective function presented in Equation 6.2 and the cost function of Equation 6.3 are used

for all optimizers with the following parameters for e1/e2 : e1 = 10, e2 = 103 for voltage

magnitude errors given in p.u., etol = 0.005 p.u.. An additional cost term is calculated for

line loading error in percent with the following parameters: etol = 5%, e1 = 10−2, e2 = 1.

The CAPEX required to install measurements at a single substation is set to 1.

Regarding the surrogate, nmin in Equation 6.4 is set to the population size of the used

heuristic optimizer, so that the first optimization iteration is performed without the use of

the surrogate. pmax is set to 50 % so that every second evaluation can be replaced by the

surrogate and at best half of the simulation time is saved. The value is set as a trade-off

between speedup and loss of accuracy by using the surrogate but could be tuned in future

research.

6.5.1 Intuitive Evaluation Strategy

The heuristic optimizers should be compared to a benchmark strategy. Due to the finite

computation time, brute-forcing the optimal solutions is not possible. A random search

is also not a viable option since the ratio of measured stations to the unmeasured stations

should be very low. Therefore, the presented optimizers are compared to a simple strategy,

which seems intuitive for someone with domain knowledge: new measurements are placed

first at the substations, sorted by high installed power, as a combination of installed load and

static generation, so that the substations with the highest power are measured first. Since a

higher installed power usually influences the grid state more, gathering measurements there

may be most feasible. This strategy serves as the benchmark for the heuristic optimizers.

2https://github.com/jhmenke/SwarmPackagePy original authors: SISDevelop
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6.5.2 Semi-Random Picking

A second benchmark strategy is the (semi-)random selection of candidates. A fully random

benchmark strategy can be used to evaluate if the tested optimizers perform better than

random and are useful at all. The chosen semi-random picking strategy selects candidates

randomly, but is limited to placing measurements at a maximum of 25 % of stations. This

measurement density range has shown best results in previous evaluations and should yield

considerably better results than completely random evaluation, especially if the search

space is limited.

6.5.3 MV Oberrhein Grid

First, the functionality of the algorithms is to be demonstrated on a simple test grid. The

MV Oberrhein grid is a benchmark grid, which was developed by incorporating openly

available data. It is open-sourced as part of pandapower [128]. The full grid contains 141

MV/LV substations on the 20 kV level, which are supplied by 2 HV/MV transformers

with adjustable taps. There is a high penetration with PV generators in the grid. For the

measurement placement, only one of the two areas supplied by a transformer is used, since

both parts are completely separate in the given switching configuration. The grid is shown

in Figure 6.4.

In general, the optimizer settings are the default ones set in the SwarmPackagePy library.

Other settings are mentioned here: the number of cats in the cat algorithm is set to 15. The

seeking memory pool size is 2. 15 cuckoos, and 30 iterations are chosen for the cuckoo

search optimization. 20 nests are considered. Fireworks algorithm generates 8 fireworks

for 15 iterations. Three normal and three Gaussian sparks are generated in each iteration.

The genetic algorithm optimizes for 60 generations with 15 individuals. Mutation and

crossover probabilities are set to 80% and the tournament size is set to half the population.

12 particles and 30 iterations are used in the gravitational search algorithm. Grey wolf

optimization uses 30 wolves and 24 iterations. The particle swarm optimizer is run with

10 particles for 15 iterations. All optimizers are stopped at 100 real function evaluations to

achieve a fair comparison. With the use of the surrogate model, the optimizer can perform

more searches before reaching the 100 real function evaluations. Each measurement

configuration uses ANN that are trained for a maximum of 100 training epochs.
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Figure 6.4: The part of the MV Oberrhein benchmark grid used to determine optimal measurements

for

Results

The measurement placement optimization is performed for all heuristic optimizers, once

without the use of a surrogate and once with the use of a surrogate. The performance of the

different optimizers and a potential benefit of using the surrogate can be evaluated based

on the results.

Figure 6.5 shows several subplots. One subplot shows the optimization process of the

optimizer, with function evaluations being plotted on the x-axis and best-found solution in

terms of cost plotted on the y-axis. For each plot, ten optimization processes are recorded

to determine the randomness prevalent in a single run of the algorithm. The thick blue

line denotes the best of the 10 optimization runs while the light blue area shows the

mean±standard deviations of the 10 runs. The overall best solution’s cost is shown in the

right corner and in the plot with a dashed gray line while the black triangle shows at which

evaluation the minimum was found.

Randomness is introduced both by the initial candidates of an optimizer, which are chosen

randomly (up to 25 % of stations measured), but also by the ANN training. Depending on

the initial random initialization of the ANN, the trained network will have slightly different

parameters and therefore produce different results. The left subplots show optimization

processes without the use of a surrogate; the right subplots do use the surrogate.
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Overall, the resulting minimum cost values do not vary significantly when using a surrogate

compared to not using one, but the algorithm can perform more searches until the real

function evaluation limit is reached. In three cases, the costs are slightly higher with the use

of a surrogate, in three other cases, the results are better with the use of the surrogate. The

particle swarm optimizer shows the same minimum, which is already found in the initial

population. Using only results with surrogates active, three algorithms find a solution

with costs of less than 6: the fireworks algorithm, the genetic algorithm, and the cuckoo

search algorithm. The intuitive approach yields minimum costs of 6.2 directly in the first

measurement configuration. The overall minimum, 1.84, is found by the semi-random

candidate picking strategy. The a-priori knowledge about ideal number of measured

stations and the small search space of 65 dimensions could be reasons for the good results.

Although it was shown that – generally – the presented approaches for optimization work

as intended, it is difficult to draw a general conclusion from this evaluation. Apart from the

cat swarm optimization and the particle swarm optimization, which seem unsuited for the

particular problem since they converge very slowly, the algorithms find results in the same

range (costs of approximately 4-7). The use of the surrogate model does not affect the

overall quality of the results. The rule-based approach does not show good results since the

initial candidate is already sufficient to achieve low estimation errors. The semi-random

approach outperforms the other strategies on this small grid.

6.5.4 SimBench MV-LV Multi-Level Urban Benchmark Grid

Following the proof of function with a simple test grid, the optimizers should now be

evaluated on a more complex case with different switching states. The SimBench MV-LV

multi-level urban benchmark grid3 [71] models a typical German MV grid in an urban

environment. Distributed generators are connected at various substations in a frequency

often found today. Different LV grids, acting mostly as loads, are modeled as individual

loads and connected at substations. A single LV grid is modeled in detail. It connects to a

MV bus and contains the complete topology as well as individual loads and DERs.

The SimBench data set provides an annual time series for all active elements. The existing

measurements are very basic. The only measured elements are positioned at the HV/MV

substation. Three different, valid switching configurations are used, which create different

power flows inside the grid. Measurements need to be robust to these circumstances.

3data available open-source at http://www.simbench.net
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Figure 6.5: Oberrhein grid results for the measurement placement optimization. The x-axis shows

the number of real function evaluations; the y-axis shows the optimization costs
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The maximum allowed estimation errors are set to 0.5% for voltage magnitudes and 10%

for line loadings. The first 9 months of the time series, 26352 15-minute samples for

three switching configurations, 79056 samples in total, are used to train the ANN-based

monitoring method while the last 3 months (3 · 8784 15-minute samples) are used to

check the estimation accuracy. Due to a longer evaluation time for a single candidate

compared to the Oberrhein grid, only four optimization strategies are used in the following

evaluation: The fireworks algorithm (7 fireworks and 10 iterations), the genetic algorithm

(20 individuals and 100 generations), the rule-based approach (100 evaluations), and the

semi-random picking (100 evaluations). The heuristic optimizers are run three times each

with a random initialization since the initial population can be important to the performance

of the algorithm.

Results

The results of the optimizations are shown in Figure 6.6. The y-axis shows the best solution

found by the algorithm after a certain time / number of function evaluations. It can be seen

that the heuristic optimizers need considerable optimization time, more than two minutes

per function evaluation. The minimum cost values are 11.82392 for the intuitive strategy,

1.94831 for the genetic algorithm, and 0.98163 for the fireworks algorithm.

The rule-based intuitive strategy does not find solutions comparable to those of the genetic

algorithm and the fireworks algorithm. The first tested configuration is also the least

expensive; every subsequent configuration adds a cost value of 1 due to another substation

being measured. The power-based selection of stations is not successful in this case.

Similarly, the semi-random selection, previously finding the best results for the small grid,

stagnates at costs of 6.84238.

The genetic algorithm selects two substations to be measured. One is situated on the LV

level, the other one at the MV level. The LV bus has both a household load and a PV

generator connected. The measured MV substation is the connection point between the

modeled LV grid and the MV grid, which seems to be important for the estimation of both

the MV and the LV grids.

The fireworks algorithm only selects a single MV substation to be measured: the selected

substation is the same as the one determined by the genetic algorithm. Measuring only this

substation seems to provide sufficient information to estimate values within the defined

limits. The rule-based strategy does not use this substation since it has no load or static
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Figure 6.6: Results of the measurement optimization for the SimBench MV-LV multi-level urban

benchmark grid. The genetic and the fireworks algorithm were each run three times, but only the

best results are plotted. The top subplot shows the number of function evaluations on the x-axis

while the bottom subplot shows the required calculation time on the x-axis

generators connected to it directly, only at the individual assets in the connected LV grid.

As a reference, the fireworks algorithm without use of the surrogate model needs 23 hours

for the optimization (250 function evaluations) and finds the same result (with surrogate:

9 hours / 175 evaluations). Figure 6.7 shows the grid and the substations to be measured

as selected by the two optimizers. Both heuristic optimizers find similar solutions and

determine that a specific substation has the highest importance for accurate monitoring.

The simulation time to find the solution is roughly similar, indicating that both optimizers

can be used for the task of determining feasible measurement configurations. The employed

benchmarks are not suitable strategies for this grid.

6.6 Summary

This chapter introduces an optimization approach for the placement of measurement

devices so that both the expected estimation accuracy is maximized while the CAPEX are

minimized. The multi-objective optimization problem is transformed into a single objective

function, so that common heuristic optimization algorithms can be used to solve it. Since

the required evaluation time for a single function evaluation can be on the order of minutes,

surrogate optimization is introduced as a way of decreasing the overall optimization time

while still retaining the overall quality of results.
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Figure 6.7: Simbench multi-level grid visualized with the best solutions found by the genetic

algorithm and the fireworks algorithm. MV buses are blue while LV buses are plotted in green

The proposed methodology allows the evaluation of every tested measurement configura-

tion on thousands on test scenarios and multiple switching states, thereby increasing the

significance of the optimization considerably compared to other approaches, which only

evaluate measurements for a limited number of scenarios and static topologies. First, the

approach is validated on the simple Oberrhein test grid using a static topology. The majority

of algorithms perform on the same level, but are outperformed heavily by the semi-random

picking strategy. Second, the SimBench MV-LV multi-level urban benchmark grid with

three different switching states is tested. For the given grid, the best solution is found by

the fireworks algorithm while the benchmark strategies find solutions with much higher

costs.

A more sophisticated rule-based strategy, e.g., aggregating the assets on the lower voltage

level grid connected to a substation, could – in this case – provide the solution in few

evaluations. The rule-based strategy could also be extended further, e.g., by deriving

additional rules from the interpretation of the heuristic optimizer results. However, heuristic

optimizers generally do not need prior rules and can find feasible solutions automatically

given sufficient computation time.



Chapter 7

Implementation of the Proposed
Methods

7.1 Introduction

The solutions proposed in this thesis are relevant to both grid planners and grid operators.

Considering an ANN-based method for monitoring, a high-level representation of the

process to implement monitoring in a grid is shown in Figure 7.1. The overall scheme can

be divided into three parts:

• The preparation phase, described in Section 7.2, first consists of the generation of

suitable load flow data. As already explained, the underlying scenario data is either

time series data for the specific grid, but also made up of scenarios generated by

the proposed scenario generator. The second part of the preparation phase is the

identification of suitable measurement positions or the selection of the currently

measured points in the grid. With both the load flow data and the measurement

positions available, a training and validation data set can be built.

• In the training phase, suitable models are trained with the data. A good model is

selected for use in the operation phase. This thesis proposes an ANN-based model

for training; its architecture and hyperparameters are described in Section 4.3.2.

• In the operation phase, shortly explained in Section 7.3, the model is used for

predictions, i.e., the estimation of trained grid variables from the live measurements.

111
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1. Preparation Phase 3. Operation Phase2. Training Phase

Creation of scenarios for
the grid from time series
and/or the proposed
scenario generator
Section 4.3.3

Load Flow Data

Bus Voltages, 
Line Loadings, etc.

Trained Model

Real Time Measurements

Estimation

Estimate variables with
trained model from live
measurements
Chapter 4

Selection of existing mea-
surements or automatic
detection of ideal, new
measurement positions
Chapter 6

Measurement Positions

Training of a suitable mo-
del with the load flow
data for the measure-
ment positions
Section 4.3.2

Model Training

Figure 7.1: Processes for the implementation of grid monitoring and state estimation, divided into

three phases from planning to operation

7.2 Approach for Identification of Optimal Measurement
Configurations

Part of this work is the design of a process that measurement infrastructure planners can

follow to start monitoring a power grid. The basis is always a model of a power grid. There

may already be measurement devices installed at specific locations in the grid, or the grid

may be completely unobserved. The intention is to integrate the process in the planning

stages of a target grid to make sure the requirements regarding monitoring are fulfilled.

The process relies upon the contributions made in the previous chapters of this thesis and is

also implemented into a graphical user interface, which guides the user from the selection

of the monitoring method to the recommendation of additional measurement devices.

Figure 7.2 shows an overview of the individual components of the process. The green

rhombuses depict inputs by the user while tasks are shown as blue boxes. Inputs are grid-

related data, measurement related-data, and the user requirements regarding the maximum

error of the estimation results (also defined as “accuracy threshold”).

The grid-related data, consisting of the grid topology and optionally switching configu-

rations and time series, is used to generate the training and test data. Scenarios from the

scenario generator in Subsection 4.3.3 are generated. They provide scaling factors for all

active elements in the grid. A power flow calculation provides the necessary data to build
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a training set. If time series data is available, it can be used as the test set. This allows for

a more realistic estimation of the accuracy in real test scenarios compared to only using

scenarios from the scenario generator. If abundant time series data is available, a subset

can be used to extend the training set while the rest is used as the test set.

Information about existing measurements as well as potential new measurements and their

CAPEX values are combined with the user’s policy on penalizing a higher estimation error

than set as the threshold (see Equation 6.3 in Subsection 6.3.2). The user policy defines

the value for e2 used in the objective function. The number of possible new measurements

sets the dimension of inputs.

With the objective function set up, the optimization process, performed by one of the

introduced algorithms in Subsection 6.3.4, determines a number of measurement con-

figurations. By using the training and test data, each measurement configuration can be

evaluated according to their required CAPEX, max. voltage error, and max. line loading

error. The cost value is used to rank the measurement configuration accordingly. The

optimization runs until some criterion for finishing is reached (e.g., the maximum number

of function evaluations or algorithm iterations reached). One or multiple best measurement

configurations are selected and presented to the user. The cost value, used only internally

in the optimization, is hidden, but sufficient information about CAPEX and expected errors

(mean, max, etc.) are shown to the user. The user can select one of the recommended

configurations for implementation in the grid.

The user is guided from the preparation of the grid and the monitoring method to the

selection of measurements by a GUI, which is programmed as a web application: an

interactive website that mixes textual information, graphical figures, and user inputs. The

framework Flask1 is used to program the app. The GUI is presented in Appendix F.

7.3 Implementing Online-Monitoring and State Estima-
tion

After the measurements to be gathered are selected, and the models are trained (only for

ANN-based monitoring), the chosen monitoring method can be used for online-monitoring.

Figure 7.3 exemplarily shows how the method is embedded in the power system and

communication infrastructure. The grid is shown with loads and PV generators on the LV

1http://flask.pocoo.org
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and MV levels. Measurements are gathered at the distribution level and collected by the

SCADA processes. The collected data is transferred to the control center, which could

be a traditional control center with human supervision or a decentralized unit performing

autonomous control. The monitoring method processes the measurements to estimate the

current grid variables, which can be used by a control scheme. Resulting control signals

are sent back to the SCADA and subsequently to controllable grid assets. An application

example of such an implementation was already presented in Subsection 4.6.4 by using a

co-simulation environment.

LV

SCADA
Control
Strategy

Monitoring
Method

... Trained
Model

MV

control center
central / decentralized

...

t

control signal

measurement

measurement

estimation

Figure 7.3: Schematic example of the proposed monitoring methods in live operation, implemented

on the distribution grid level with a low number of measurements. The monitoring method estimates

variables that are not directly measured to enable active grid control



Chapter 8

Conclusion

8.1 Summary of the Thesis

The conditions in distribution grids are changing compared to the 20th century [13]. The

large-scale installation of both volatile distributed generators and – forecasted for the

coming years – volatile loads like electric charging stations may cause limit violations

that can not be detected with the measurement infrastructure as it is. Distribution system

monitoring can be used to provide relevant information about the grid’s current state,

which helps grid operators avoid or decrease limit violations or optimize other operational

metrics.

Economic monitoring of distribution grids is an active area of research. This thesis presents

work in the field of distribution grid monitoring. As a benchmark method, the standard

WLS SE was implemented in Python and published as open-source code for the scientific

community.

Chapter 3 describes a new heuristic monitoring method, intended to function with a low

number of voltage measurements. It estimates a radially operated grid’s voltage profile

and line loadings. It can deliver better results than the standard WLS SE for the same

input data and is tested on both synthetic grids and on a real grid, both with and without

a high DG penetration. Additional tests evaluate the influence of different measurement

accuracies and number of measurements. An automatic test framework for monitoring

methods is presented.

Chapter 4 introduces the use of artificial neural networks for grid monitoring purposes.

The ANN-based method can not only estimate a grid’s voltage profile and line loadings with

a high accuracy, but it can also be extended to perform full state estimation. The method

116
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is developed for real operating conditions, namely non-perfect measurements, dynamic

switching states, and dynamic tap positions. Through proper training, the ANN-based

methods can estimate grid variables with high accuracy. A new algorithm is proposed to

error-correct bad data in voltage measurements automatically.

The method is validated both on benchmark grids and on a real grid. An application

example in a co-simulation environment demonstrates the capabilities of the method in

active grid operation. A further test compares the estimation results with an industry

solution by simulating a day in real-time. The proposed method only receives a fraction of

the measurements that the industry solution receives, but can still provide results on the

same level of accuracy.

Over 30 test cases with thousands of test scenarios each are used to validate the different

methods in Chapter 5. The test cases are executed automatically by an enhanced version

of the test framework in Chapter 3. The monitoring methods are classified based on their

performance regarding the different criteria. For the majority of test cases, the ANN-based

methods yield the best performance. One drawback is the required training before use,

which adds additional computation time for the generation of training data and the training

itself. The proposed method to error-correct voltage measurements decreases the estima-

tion errors considerably. Further tests with two SimBench distribution systems from [71]

additionally support the results achieved with the CIGRE MV benchmark grid.

Chapter 6 presents a process for the selection of suitable measurements for the monitoring

methods. A multi-objective optimization problem is harmonized and optimized with

both a rule-based method, random picking, and several heuristic optimizers. Since every

measurement configuration is validated by thousands of scenarios and optionally multiple

switching states of a grid, the resulting computation time can be on the order of days. A

surrogate model is used to reduce the required number of actual function evaluations con-

siderably, e.g., by about 50 % in the presented simulations. The optimizers can determine

measurement configurations with a certain accuracy threshold regarding the estimation

error and low capital expenditures. Simulations on a benchmark grid with a static topology

and one with multiple switching states show that that the heuristic optimizers can find

measurement configurations within the required error limits and low CAPEX, and perform

as well or better than the benchmark strategies.

The previous achievements are compounded in a comprehensive measurement infrastruc-

ture planning process for grid monitoring, presented in Chapter 7. A web-based user

interface aids the user in selecting a monitoring method and gathering suitable measure-

ments for the individual requirements. Users are supplied with recommendations for

different measurement configurations, which fulfill the given specifications. The planned



118 Chapter 8. Conclusion

measurements can be implemented in a real grid by installing the corresponding devices.

A second process exemplarily shows how one of the monitoring (or state estimation)

methods proposed in this thesis is implemented into the operation environment to allow the

monitoring of distribution grids with a low number of measurements. Therefore, all steps

from grid analysis to implementing monitoring in a previously unobserved distribution

grid are covered in this thesis.

8.2 Innovations in this Thesis

Several innovations, which extend the state of the art in distribution grid monitoring, are

presented in this thesis:

• Compared to most published research, this thesis explicitly includes not only high

DG penetration as a metric for the performance analyses and uses a large number of

test scenarios for validation, but also includes dynamic topologies as a performance

indicator of the analyses. Dynamic topologies are becoming relevant through the

installation of tap-changing transformers on lower voltage levels and the use of

dynamic separation points for dynamic grid optimization, e.g., as proposed in [74].

• The presented methods do not need a sophisticated method for the generation of

pseudo-measurements to achieve a high estimation accuracy, as proposed multiple

times in recent studies [12, 47, 67, 96, 118].

• The proposed test framework automates the evaluation process of monitoring meth-

ods in a specific grid to a high degree.

• The use of machine learning-based surrogate models decreases the run-time of

heuristic optimizers so that the optimization of suitable measurement configura-

tions is enhanced. Every measurement configuration can now be evaluated for a

set of thousand of test scenarios and pre-defined switching states, increasing the

significance of the evaluation.

• An automatic process, including a web-based GUI, can be used in the planning stage

of a grid to identify suitable measurement locations with a high degree of automation.

Both technical and economic requirements are taken into account.
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8.3 Future Work

This thesis presents different monitoring methods and processes for both grid planners and

grid operators to integrate them in grids. Several things should researched and improved

further: The measurement planning process shown in Figure 7.1 can be extended to include

new monitoring approaches, which may be suited to unique environments. These methods

could automatically be selected depending on the grid’s specific attributes.

Some improvements would increase the usability of the monitoring methods. For example,

meta-data such as weekdays, time of day, or other non-electrical, but potentially correlated

data can be integrated in the ANN-based monitoring methods to improve the estimation

accuracy. By performing a more refined selection of training data, the number of scenarios

required for training could be further reduced. Analysis of monitoring accuracy with

reactive power-based control strategies could determine if the proposed methods need

additional improvements to be viable for such strategies. In this thesis, only balanced grids

were used for validation and evaluation. However, especially at the LV level, (German)

grids are operated with phase imbalances. The overall approach for the ANN-based

monitoring stays identical; however, there may be potential for further optimization. More

complex ANN architectures like convolutional neural networks or long short-term memory

neural networks may also improve the monitoring process further. The field of machine

learning is researched actively; thus, there may be new options available to researchers in

the coming years.

The measurement optimization process can be improved further by adjusting the various

components: the multi-objective optimization problem was harmonized into a single

objective by using the “success rate” criterion. There may be other approaches to define

the optimization problem that could work as well or better. A rule-based strategy and

several heuristic optimizers were evaluated for their utility for the optimization problem.

Further tuning of the heuristic optimizers or the development of a meta-heuristic optimizer

could provide even better results.

Finally, new types of measurements may be available in the coming years. The cost of

phasor measurement units has decreased considerably, so that it may be feasible to install

them at the distribution level. The synchronized voltage angle information may help to

reduce the number of required measuring devices while achieving the same estimation

accuracy.
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A European MV/LV Voltage Distribution Grids

The topological structure of a power grid has a big impact on the resulting power flows

in the grid [13]. Focusing on Europe and especially on Germany, distribution grids are

typically made of one of few base topologies [110, 55, 89], which are introduced in the

following paragraphs. Mixed forms of the different base topologies exist, but are not

mentioned for brevity. Figure 1 shows examples of the different topologies.

• Radial grids: One or multiple feeders emanate from the substation, the connection

point to the higher grid level. Radial grids do not exhibit closed rings and are

therefore unmeshed. Often, radial grids could be operated as a ring grid. An

open tie-switch, which is often positioned at maximum distance to the substation,

enables operation in a radial fashion. In fault cases, the switch can be closed to

minimize power outages for customers. Radial grids are easy to plan and have low

requirements for protection strategies.

• Ring grids: One or multiple independent rings are connected to the substation. The

rings are not connected to each other, but an additional cable may be connecting the

furthest bus of the loop (tie-line) with the substation. Looped grids are preferential

to radial grids in terms of voltage profile and grid losses, but have higher demands

regarding protection.

• Meshed grids: If the power density of an area is particularly high, meshed grids are

often used. One or more connections to the higher voltage level ensure a constant

supply of electricity. Compared to radial grids or looped grids, there are multiple

connections between the individual buses. This is advantageous in regards to supply

security, voltage stability, and grid losses, but necessitates the highest protection

standards [55].

Connected to the buses are grids of different voltage levels and / or active assets of different

types. Assets may be clustered due to their similar load patterns, e.g. households, or exhibit

individual patterns, e.g., industrial loads. Especially since the last decade, more and more

distributed generators feed power into distribution grids. There are DGs whose power

feed-in has a high variance or which are not fully controllable, e.g., WEC or PV generators,

but there are also controllable assets like biogas plants, energy storage units, electric

vehicle chargers, heat pumps etc. Since these assets do not follow a well-predictable load

pattern and can significantly affect the power flows inside a grid, the task of monitoring
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X X

radial grid open ring grid ring grid weakly meshed grid

Figure 1: Visualization of common grid topologies of european distribution grids. Figure adapted

from [13]

becomes harder. On the demand side, a new challenge is posed by increasing penetration

of charging stations for electric vehicles, which can draw considerable power (tens of kW

[11] up to over 200 kW1). The installation of charging stations and their connection to the

grid was until recently not yet universally regulated2. Depending on weather conditions,

market prices, electric vehicle penetration etc., there may appear limit violations both due

to heavy feed-in, but also due to heavy demand.

1https://www.press.bmwgroup.com/deutschland/article/attachment/T0288583DE/

420489

Accessed: 24th June 2019.
2The grid operator can pose technical connection requirement according to the NAV [1] to ensure safe

and uninterrupted supply of power. Additionally, the newly proposed technical connection rules VDE-AR-N

4100:2019-04 by VDE [133] are binding since 27th April 2019 [132]. They require that electric charging

stations exceeding 3.6 kVA are registered with the grid operator.
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B Data for the HMM Test Grids

B.1 Synth 1 Test Grid

from bus to bus length km r ohm per km x ohm per km c nf per km

0 0 1 1.0 0.164000 0.111000 1639.944359

1 1 2 1.0 0.049200 0.033300 491.983308

2 2 3 1.0 0.065600 0.044400 655.977744

3 3 4 1.0 0.164000 0.111000 409.986090

4 4 5 1.0 0.082000 0.055500 204.993045

5 5 6 1.0 0.213200 0.144300 532.981917

6 6 7 1.0 0.065600 0.044400 163.994436

7 3 8 1.0 0.114800 0.077700 286.990263

8 8 9 1.0 0.147600 0.099900 368.987481

9 9 10 1.0 0.131200 0.088800 327.988872

10 0 11 1.0 0.131200 0.088800 327.988872

11 11 12 1.0 0.131200 0.088800 327.988872

12 12 13 1.0 0.131200 0.088800 327.988872

13 13 14 1.0 0.114800 0.077700 286.990263

14 14 15 1.0 0.196800 0.133200 491.983308

15 15 16 1.0 0.213200 0.144300 532.981917

16 0 17 1.0 0.027060 0.018315 614.979135

17 17 18 1.0 0.021648 0.014652 491.983308

18 18 19 1.0 0.032800 0.022200 327.988872

19 19 20 1.0 0.090200 0.061050 901.969397

20 20 21 1.0 0.049200 0.033300 491.983308

21 18 22 1.0 0.073800 0.049950 737.974962

22 22 23 1.0 0.065600 0.044400 655.977744

23 23 24 1.0 0.032800 0.022200 327.988872

24 24 25 1.0 0.164000 0.111000 1639.944359

25 0 26 2.4 0.082000 0.055500 819.972180

26 26 27 1.0 0.057400 0.038850 573.980526

27 27 28 1.0 0.041000 0.027750 409.986090

28 27 29 0.5 0.041000 0.027750 409.986090

29 29 30 0.5 0.041000 0.027750 409.986090

30 10 31 1.0 0.328000 0.222000 819.972180

31 31 32 1.0 0.098400 0.066600 245.991654

32 32 33 1.0 0.131200 0.088800 327.988872

33 33 34 1.0 0.164000 0.111000 409.986090

34 34 35 1.0 0.082000 0.055500 204.993045

35 35 36 1.0 0.213200 0.144300 532.981917

36 36 37 1.0 0.065600 0.044400 163.994436

37 33 38 1.0 0.114800 0.077700 286.990263

38 38 39 1.0 0.147600 0.099900 368.987481

39 39 40 1.0 0.131200 0.088800 327.988872

40 30 41 1.0 0.131200 0.088800 327.988872

41 41 42 1.0 0.131200 0.088800 327.988872

42 42 43 1.0 0.131200 0.088800 327.988872

43 43 44 1.0 0.114800 0.077700 286.990263

44 44 45 1.0 0.196800 0.133200 491.983308

Table 1: Line data of the Synth 1 test grid. All buses are on the 20 kV level (part 1/2)
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from bus to bus length km r ohm per km x ohm per km c nf per km

45 45 46 1.0 0.213200 0.144300 532.981917

46 30 47 1.0 0.082000 0.055500 204.993045

47 47 48 1.0 0.065600 0.044400 163.994436

48 48 49 1.0 0.065600 0.044400 163.994436

49 49 50 1.0 0.180400 0.122100 450.984699

51 48 52 1.0 0.147600 0.099900 368.987481

52 52 53 1.0 0.131200 0.088800 327.988872

53 53 54 1.0 0.065600 0.044400 163.994436

54 44 55 1.0 0.328000 0.222000 819.972180

55 30 56 1.0 0.164000 0.111000 409.986090

56 56 57 1.0 0.114800 0.077700 286.990263

57 57 58 1.0 0.082000 0.055500 204.993045

58 57 59 0.5 0.082000 0.055500 204.993045

59 59 60 0.5 0.082000 0.055500 204.993045

60 25 61 1.0 0.328000 0.222000 819.972180

61 61 62 1.0 0.098400 0.066600 245.991654

62 62 63 1.0 0.131200 0.088800 327.988872

63 63 64 1.0 0.164000 0.111000 409.986090

64 64 65 1.0 0.082000 0.055500 204.993045

65 65 66 1.0 0.213200 0.144300 532.981917

66 66 67 1.0 0.065600 0.044400 163.994436

67 63 68 1.0 0.114800 0.077700 286.990263

68 68 69 1.0 0.147600 0.099900 368.987481

69 69 70 1.0 0.131200 0.088800 327.988872

70 25 71 1.0 0.131200 0.088800 327.988872

71 71 72 1.0 0.131200 0.088800 327.988872

72 72 73 1.0 0.131200 0.088800 327.988872

73 73 74 1.0 0.114800 0.077700 286.990263

74 74 75 1.0 0.196800 0.133200 491.983308

75 75 76 1.0 0.213200 0.144300 532.981917

76 25 77 1.0 0.082000 0.055500 204.993045

77 77 78 1.0 0.065600 0.044400 163.994436

78 78 79 1.0 0.065600 0.044400 163.994436

79 79 80 1.0 0.180400 0.122100 450.984699

80 80 81 1.0 0.098400 0.066600 245.991654

81 78 82 1.0 0.147600 0.099900 368.987481

82 82 83 1.0 0.131200 0.088800 327.988872

83 83 84 1.0 0.065600 0.044400 163.994436

84 84 85 1.0 0.328000 0.222000 819.972180

85 85 86 1.0 0.164000 0.111000 409.986090

86 86 87 1.0 0.114800 0.077700 286.990263

87 87 88 1.0 0.082000 0.055500 204.993045

88 87 89 0.5 0.082000 0.055500 204.993045

89 89 90 0.5 0.082000 0.055500 204.993045

Table 2: Line data of the Synth 1 test grid. All buses are on the 20 kV level (part 2/2)
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index p mw q mvar

0 slack slack

1 -0.428761 -0.171171

2 -0.575377 -0.230342

3 -0.495550 -0.198567

4 -0.545181 -0.218182

5 -0.634510 -0.254142

6 -0.553234 -0.221148

7 -0.635019 -0.254054

8 -0.586121 -0.234296

9 -0.647869 -0.258857

10 -0.395462 -0.158130

11 -0.421101 -0.168287

12 -0.373839 -0.149424

13 -0.556285 -0.222342

14 -0.475667 -0.190188

15 -0.591374 -0.236481

16 -0.531735 -0.212721

17 -0.512730 -0.204836

18 -0.715038 -0.286106

19 -0.560629 -0.223844

20 -0.497323 -0.198940

21 -0.401584 -0.160647

22 -0.619071 -0.247054

23 -0.595283 -0.238032

24 -0.391282 -0.156683

25 -0.485479 -0.194279

26 -0.523786 -0.209411

27 -0.336091 -0.134363

28 -0.472187 -0.188930

29 -0.639924 -0.256009

30 -0.338489 -0.135506

31 -0.549087 -0.219666

32 -0.689274 -0.275959

33 -0.437902 -0.175231

34 -0.454625 -0.181711

35 -0.521745 -0.208486

36 -0.551433 -0.220457

37 -0.539724 -0.215978

38 -0.348715 -0.139365

39 -0.423597 -0.169590

40 -0.510127 -0.203737

41 -0.468273 -0.187260

42 -0.613833 -0.245304

43 -0.467788 -0.187174

44 -0.462988 -0.185221

45 -0.684961 -0.273943

index p mw q mvar

46 -0.491835 -0.196491

47 -0.401973 -0.160647

48 -0.499761 -0.199772

49 -0.476757 -0.190892

50 -0.571097 -0.228292

51 -0.545316 -0.218236

52 -0.466732 -0.186865

53 -0.461554 -0.184466

54 -0.446967 -0.178695

55 -0.635031 -0.253452

56 -0.701522 -0.280496

57 -0.494247 -0.197840

58 -0.556465 -0.222375

59 -0.535953 -0.214457

60 -0.448803 -0.179663

61 -0.447684 -0.179138

62 -0.451863 -0.180666

63 -0.307584 -0.123062

64 -0.424255 -0.169587

65 -0.545348 -0.218048

66 -0.592234 -0.237459

67 -0.479265 -0.191609

68 -0.462408 -0.184836

69 -0.563988 -0.225630

70 -0.705369 -0.282226

71 -0.407166 -0.162990

72 -0.422534 -0.168885

73 -0.456285 -0.182322

74 -0.554792 -0.221700

75 -0.414586 -0.165958

76 -0.546566 -0.218861

77 -0.427900 -0.171030

78 -0.556226 -0.222377

79 -0.468514 -0.187401

80 -0.457010 -0.182629

81 -0.581500 -0.232484

82 -0.381458 -0.152726

83 -0.423137 -0.169048

84 -0.572917 -0.229251

85 -0.576591 -0.230908

86 -0.520780 -0.208088

87 -0.281288 -0.112639

88 -0.572197 -0.228880

89 -0.534875 -0.213836

90 -0.466138 -0.186617

Table 3: Bus power injections for the Synth 1 test grid
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B.2 Synth 2 Test Grid

from bus to bus length km r ohm per km x ohm per km c nf per km

0 0 1 1.0 0.0878 0.0915 608.0

1 1 2 1.5 0.0878 0.0915 608.0

2 2 3 0.7 0.0878 0.0915 608.0

3 3 4 2.3 0.0878 0.0915 608.0

4 4 5 1.7 0.0878 0.0915 608.0

5 5 6 0.5 0.0878 0.0915 608.0

6 6 7 0.9 0.0878 0.0915 608.0

7 7 8 1.2 0.0878 0.0915 608.0

8 8 9 2.0 0.0878 0.0915 608.0

9 9 10 1.5 0.0878 0.0915 608.0

10 10 11 1.0 0.0878 0.0915 608.0

11 11 12 1.5 0.0878 0.0915 608.0

12 12 13 0.7 0.0878 0.0915 608.0

13 13 14 2.3 0.0878 0.0915 608.0

14 14 15 1.7 0.0878 0.0915 608.0

15 15 16 0.5 0.0878 0.0915 608.0

16 16 17 0.9 0.0878 0.0915 608.0

17 17 18 1.2 0.0878 0.0915 608.0

18 18 19 2.0 0.0878 0.0915 608.0

19 19 20 1.5 0.0878 0.0915 608.0

20 20 21 1.0 0.1756 0.1830 304.0

21 21 22 1.5 0.1756 0.1830 304.0

22 22 23 0.7 0.1756 0.1830 304.0

23 23 24 2.3 0.1756 0.1830 304.0

24 24 25 1.7 0.1756 0.1830 304.0

25 25 26 0.5 0.1756 0.1830 304.0

26 26 27 0.9 0.1756 0.1830 304.0

27 27 28 1.2 0.1756 0.1830 304.0

28 28 29 2.0 0.1756 0.1830 304.0

29 29 30 1.5 0.1756 0.1830 304.0

30 20 31 1.0 0.1756 0.1830 304.0

31 31 32 1.5 0.1756 0.1830 304.0

32 32 33 0.7 0.1756 0.1830 304.0

33 33 34 2.3 0.1756 0.1830 304.0

34 34 35 1.7 0.1756 0.1830 304.0

35 35 36 0.5 0.1756 0.1830 304.0

36 36 37 0.9 0.1756 0.1830 304.0

37 37 38 1.2 0.1756 0.1830 304.0

38 38 39 2.0 0.1756 0.1830 304.0

39 39 40 1.5 0.1756 0.1830 304.0

40 0 41 1.0 0.0878 0.0915 608.0

41 41 42 1.5 0.0878 0.0915 608.0

42 42 43 0.7 0.0878 0.0915 608.0

43 43 44 2.3 0.0878 0.0915 608.0

44 44 45 1.7 0.0878 0.0915 608.0

45 45 46 0.5 0.0878 0.0915 608.0

46 46 47 0.9 0.0878 0.0915 608.0

47 47 48 1.2 0.0878 0.0915 608.0

48 48 49 2.0 0.0878 0.0915 608.0

Table 4: Line data of the Synth 2 test grid. All buses are on the 20 kV level (part 1/2)
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from bus to bus length km r ohm per km x ohm per km c nf per km

49 49 50 1.5 0.0878 0.0915 608.0

50 50 51 1.0 0.0878 0.0915 608.0

51 51 52 1.5 0.0878 0.0915 608.0

52 52 53 0.7 0.0878 0.0915 608.0

53 53 54 2.3 0.0878 0.0915 608.0

54 54 55 1.7 0.0878 0.0915 608.0

55 55 56 0.5 0.0878 0.0915 608.0

56 56 57 0.9 0.0878 0.0915 608.0

57 57 58 1.2 0.0878 0.0915 608.0

58 58 59 2.0 0.0878 0.0915 608.0

59 59 60 1.5 0.0878 0.0915 608.0

60 60 61 1.0 0.1756 0.1830 304.0

61 61 62 1.5 0.1756 0.1830 304.0

62 62 63 0.7 0.1756 0.1830 304.0

63 63 64 2.3 0.1756 0.1830 304.0

64 64 65 1.7 0.1756 0.1830 304.0

65 65 66 0.5 0.1756 0.1830 304.0

66 66 67 0.9 0.1756 0.1830 304.0

67 67 68 1.2 0.1756 0.1830 304.0

68 68 69 2.0 0.1756 0.1830 304.0

69 69 70 1.5 0.1756 0.1830 304.0

70 60 71 1.0 0.1756 0.1830 304.0

71 71 72 1.5 0.1756 0.1830 304.0

72 72 73 0.7 0.1756 0.1830 304.0

73 73 74 2.3 0.1756 0.1830 304.0

74 74 75 1.7 0.1756 0.1830 304.0

75 75 76 0.5 0.1756 0.1830 304.0

76 76 77 0.9 0.1756 0.1830 304.0

77 77 78 1.2 0.1756 0.1830 304.0

78 78 79 2.0 0.1756 0.1830 304.0

79 79 80 1.5 0.1756 0.1830 304.0

80 50 81 1.0 0.1756 0.1830 304.0

81 81 82 1.5 0.1756 0.1830 304.0

82 82 83 0.7 0.1756 0.1830 304.0

83 83 84 2.3 0.1756 0.1830 304.0

84 84 85 1.7 0.1756 0.1830 304.0

85 85 86 0.5 0.1756 0.1830 304.0

86 86 87 0.9 0.1756 0.1830 304.0

87 87 88 1.2 0.1756 0.1830 304.0

88 88 89 2.0 0.1756 0.1830 304.0

89 89 90 1.5 0.1756 0.1830 304.0

90 90 91 1.0 0.1756 0.1830 304.0

91 91 92 1.5 0.1756 0.1830 304.0

92 92 93 0.7 0.1756 0.1830 304.0

93 93 94 2.3 0.1756 0.1830 304.0

94 94 95 1.7 0.1756 0.1830 304.0

95 95 96 0.5 0.1756 0.1830 304.0

96 96 97 0.9 0.1756 0.1830 304.0

97 97 98 1.2 0.1756 0.1830 304.0

98 98 99 2.0 0.1756 0.1830 304.0

99 99 100 1.5 0.1756 0.1830 304.0

Table 5: Line data of the Synth 2 test grid. All buses are on the 20 kV level (part 2/2)
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index p mw q mvar

0 slack slack

1 -0.079112 -0.029137

2 0.000000 0.000000

3 0.000000 0.000000

4 -0.163808 -0.058007

5 -0.075654 -0.031294

6 -0.085247 -0.031637

7 -0.131777 -0.049884

8 -0.137835 -0.051701

9 -0.234291 -0.092680

10 -0.232380 -0.090986

11 -0.078279 -0.033509

12 -0.143203 -0.057881

13 -0.264748 -0.100990

14 -0.280235 -0.105713

15 -0.200221 -0.079848

16 -0.197352 -0.075180

17 -0.287170 -0.109441

18 -0.165755 -0.065418

19 -0.179295 -0.075318

20 -0.120013 -0.048337

21 -0.216316 -0.087902

22 -0.083695 -0.032263

23 -0.177900 -0.068596

24 -0.270967 -0.111040

25 0.000000 0.000000

26 -0.213462 -0.079505

27 -0.100442 -0.038051

28 0.000000 0.000000

29 -0.212259 -0.084759

30 -0.260435 -0.096438

31 0.000000 0.000000

32 -0.216157 -0.087692

33 0.000000 0.000000

index p mw q mvar

34 -0.253332 -0.092436

35 -0.186480 -0.073011

36 -0.212597 -0.081718

37 -0.144543 -0.059245

38 -0.106453 -0.044564

39 -0.199254 -0.081488

40 -0.119572 -0.047413

41 -0.182013 -0.072847

42 -0.273183 -0.105907

43 -0.155986 -0.060306

44 -0.273382 -0.102464

45 0.000000 0.000000

46 -0.222485 -0.088032

47 -0.240633 -0.090335

48 0.000000 0.000000

49 -0.109872 -0.042662

50 -0.287215 -0.111830

51 0.000000 0.000000

52 0.000000 0.000000

53 0.000000 0.000000

54 -0.266462 -0.110368

55 -0.078899 -0.030787

56 -0.253991 -0.088611

57 -0.236666 -0.092091

58 -0.162885 -0.063489

59 -0.077887 -0.029862

60 -0.285754 -0.112984

61 -0.161624 -0.061032

62 -0.263404 -0.106858

63 -0.102261 -0.040132

64 -0.157964 -0.064030

65 -0.231185 -0.092433

66 -0.275909 -0.109195

67 -0.140535 -0.052518

bus p mw q mvar

68 -0.113012 -0.044783

69 -0.134892 -0.055208

70 -0.142769 -0.055604

71 -0.292949 -0.100163

72 -0.264594 -0.099762

73 -0.170957 -0.061942

74 0.000000 0.000000

75 -0.147930 -0.056072

76 -0.124474 -0.048831

77 -0.190749 -0.075736

78 -0.252863 -0.098684

79 -0.286852 -0.105581

80 -0.126473 -0.052688

81 -0.146445 -0.059464

82 -0.097240 -0.038117

83 -0.283725 -0.106907

84 -0.201837 -0.084655

85 -0.245628 -0.094180

86 -0.147749 -0.057042

87 -0.137088 -0.058883

88 -0.132253 -0.053053

89 -0.091758 -0.035339

90 -0.248090 -0.089671

91 0.000000 0.000000

92 0.000000 0.000000

93 -0.259697 -0.104754

94 -0.264251 -0.101845

95 -0.141018 -0.055106

96 -0.188921 -0.075336

97 -0.144914 -0.056188

98 -0.252881 -0.107770

99 -0.281415 -0.102992

100 -0.146168 -0.058226

Table 6: Bus power injections for the Synth 2 test grid
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C Standard Load Profile Scaling Factors

summer winter trs. summer winter trs. summer winter trs.

weekday weekday weekday sat. sat. sat. sun. sun. sun.

00:00 0.40 0.32 0.36 0.42 0.33 0.38 0.47 0.41 0.44

00:15 0.36 0.28 0.33 0.40 0.32 0.35 0.43 0.38 0.41

00:30 0.32 0.26 0.29 0.38 0.31 0.33 0.40 0.35 0.38

00:45 0.29 0.23 0.26 0.36 0.30 0.31 0.37 0.32 0.35

01:00 0.27 0.22 0.25 0.34 0.28 0.29 0.35 0.30 0.33

01:15 0.26 0.20 0.23 0.31 0.26 0.27 0.32 0.27 0.30

01:30 0.25 0.20 0.22 0.29 0.24 0.25 0.30 0.25 0.28

01:45 0.25 0.19 0.22 0.27 0.22 0.24 0.28 0.23 0.26

02:00 0.24 0.19 0.21 0.26 0.21 0.23 0.27 0.22 0.24

02:15 0.24 0.19 0.21 0.25 0.20 0.22 0.26 0.21 0.23

02:30 0.23 0.18 0.20 0.24 0.19 0.21 0.25 0.21 0.22

02:45 0.23 0.18 0.20 0.24 0.19 0.21 0.25 0.20 0.22

03:00 0.22 0.18 0.20 0.24 0.19 0.21 0.24 0.20 0.21

03:15 0.22 0.18 0.20 0.23 0.19 0.21 0.24 0.19 0.21

03:30 0.22 0.18 0.20 0.23 0.18 0.20 0.23 0.19 0.20

03:45 0.22 0.18 0.20 0.23 0.18 0.20 0.23 0.19 0.20

04:00 0.22 0.18 0.20 0.23 0.18 0.20 0.23 0.18 0.20

04:15 0.22 0.18 0.20 0.24 0.18 0.20 0.23 0.18 0.20

04:30 0.23 0.18 0.21 0.24 0.18 0.20 0.23 0.18 0.20

04:45 0.24 0.19 0.21 0.24 0.18 0.20 0.23 0.18 0.20

05:00 0.25 0.19 0.22 0.24 0.18 0.20 0.23 0.18 0.20

05:15 0.26 0.20 0.23 0.24 0.18 0.21 0.23 0.18 0.20

05:30 0.28 0.22 0.25 0.24 0.19 0.21 0.23 0.18 0.20

05:45 0.32 0.26 0.29 0.25 0.20 0.22 0.23 0.18 0.20

06:00 0.37 0.32 0.34 0.26 0.21 0.24 0.23 0.19 0.20

06:15 0.43 0.39 0.40 0.28 0.23 0.26 0.23 0.19 0.21

06:30 0.49 0.46 0.47 0.31 0.26 0.28 0.24 0.19 0.22

06:45 0.54 0.52 0.53 0.34 0.29 0.32 0.26 0.20 0.23

07:00 0.58 0.57 0.57 0.37 0.32 0.36 0.28 0.21 0.25

07:15 0.60 0.60 0.60 0.41 0.36 0.41 0.30 0.22 0.28

07:30 0.62 0.62 0.62 0.46 0.40 0.46 0.34 0.24 0.32

07:45 0.63 0.63 0.64 0.50 0.45 0.51 0.38 0.27 0.37

08:00 0.64 0.63 0.64 0.54 0.50 0.55 0.43 0.32 0.43

08:15 0.66 0.63 0.64 0.58 0.54 0.59 0.49 0.38 0.49

08:30 0.67 0.62 0.64 0.62 0.58 0.63 0.56 0.45 0.55

08:45 0.68 0.61 0.64 0.66 0.62 0.65 0.62 0.51 0.62

09:00 0.68 0.60 0.64 0.69 0.64 0.68 0.68 0.57 0.67

09:15 0.68 0.58 0.64 0.72 0.66 0.70 0.73 0.63 0.73

09:30 0.67 0.57 0.64 0.74 0.67 0.71 0.78 0.68 0.77

09:45 0.67 0.56 0.63 0.76 0.68 0.73 0.81 0.72 0.81

10:00 0.66 0.55 0.63 0.77 0.68 0.74 0.84 0.76 0.84

10:15 0.65 0.54 0.62 0.77 0.69 0.76 0.86 0.80 0.86

10:30 0.65 0.54 0.61 0.77 0.69 0.77 0.88 0.83 0.88

10:45 0.65 0.54 0.61 0.77 0.70 0.78 0.90 0.87 0.90

11:00 0.65 0.54 0.61 0.78 0.71 0.79 0.93 0.90 0.92

11:15 0.66 0.55 0.62 0.79 0.72 0.80 0.95 0.94 0.95

Table 7: Scaling base factors for loads according to standard load profiles. trs.: transition time; sat.:
saturday; sun.: sunday (part 1/2)



130

summer winter trs. summer winter trs. summer winter trs.

weekday weekday weekday sat. sat. sat. sun. sun. sun.

11:30 0.67 0.56 0.63 0.81 0.73 0.81 0.98 0.97 0.98

11:45 0.69 0.57 0.64 0.82 0.74 0.82 0.99 0.99 0.99

12:00 0.71 0.59 0.67 0.84 0.76 0.83 1.00 0.99 1.00

12:15 0.73 0.61 0.69 0.85 0.78 0.85 1.00 0.98 0.99

12:30 0.75 0.62 0.72 0.86 0.79 0.86 0.98 0.96 0.97

12:45 0.76 0.63 0.72 0.86 0.79 0.86 0.95 0.93 0.93

13:00 0.75 0.63 0.72 0.85 0.79 0.85 0.90 0.89 0.88

13:15 0.73 0.62 0.70 0.84 0.78 0.84 0.85 0.84 0.82

13:30 0.70 0.60 0.67 0.81 0.77 0.82 0.79 0.78 0.76

13:45 0.67 0.58 0.64 0.79 0.76 0.80 0.74 0.73 0.70

14:00 0.65 0.56 0.62 0.77 0.74 0.78 0.71 0.69 0.67

14:15 0.63 0.55 0.60 0.74 0.72 0.76 0.68 0.65 0.64

14:30 0.61 0.53 0.58 0.72 0.71 0.74 0.66 0.62 0.63

14:45 0.59 0.52 0.57 0.71 0.70 0.73 0.64 0.59 0.61

15:00 0.57 0.50 0.55 0.70 0.69 0.71 0.62 0.57 0.59

15:15 0.56 0.49 0.54 0.70 0.68 0.70 0.59 0.55 0.58

15:30 0.55 0.48 0.52 0.69 0.67 0.69 0.57 0.54 0.56

15:45 0.54 0.48 0.51 0.69 0.66 0.68 0.55 0.52 0.54

16:00 0.54 0.48 0.50 0.68 0.66 0.68 0.53 0.51 0.52

16:15 0.53 0.48 0.49 0.68 0.66 0.68 0.51 0.50 0.50

16:30 0.54 0.49 0.49 0.67 0.68 0.69 0.50 0.49 0.49

16:45 0.54 0.51 0.50 0.67 0.71 0.70 0.49 0.50 0.49

17:00 0.55 0.54 0.51 0.68 0.76 0.71 0.50 0.53 0.50

17:15 0.56 0.58 0.53 0.69 0.82 0.73 0.50 0.57 0.51

17:30 0.58 0.62 0.55 0.70 0.88 0.76 0.52 0.61 0.53

17:45 0.60 0.67 0.58 0.72 0.93 0.78 0.53 0.65 0.56

18:00 0.62 0.71 0.62 0.74 0.96 0.81 0.55 0.69 0.59

18:15 0.65 0.76 0.66 0.77 0.98 0.84 0.58 0.72 0.63

18:30 0.68 0.80 0.70 0.79 0.99 0.87 0.60 0.75 0.66

18:45 0.71 0.84 0.74 0.81 0.99 0.90 0.64 0.77 0.70

19:00 0.74 0.86 0.77 0.83 1.00 0.92 0.67 0.80 0.73

19:15 0.77 0.88 0.80 0.84 1.00 0.93 0.70 0.83 0.75

19:30 0.79 0.88 0.82 0.85 0.98 0.93 0.73 0.84 0.77

19:45 0.80 0.87 0.83 0.85 0.95 0.92 0.75 0.83 0.77

20:00 0.80 0.85 0.82 0.84 0.90 0.90 0.76 0.81 0.76

20:15 0.79 0.81 0.80 0.82 0.84 0.87 0.75 0.77 0.74

20:30 0.77 0.77 0.78 0.80 0.77 0.83 0.74 0.73 0.71

20:45 0.76 0.73 0.76 0.77 0.71 0.78 0.73 0.69 0.69

21:00 0.75 0.70 0.74 0.75 0.66 0.74 0.72 0.66 0.68

21:15 0.74 0.67 0.74 0.73 0.63 0.70 0.71 0.64 0.68

21:30 0.73 0.65 0.73 0.71 0.61 0.67 0.70 0.63 0.67

21:45 0.72 0.62 0.71 0.70 0.60 0.65 0.69 0.61 0.66

22:00 0.71 0.60 0.69 0.70 0.59 0.65 0.68 0.58 0.64

22:15 0.69 0.56 0.66 0.70 0.58 0.65 0.67 0.55 0.62

22:30 0.67 0.53 0.62 0.70 0.57 0.65 0.65 0.52 0.58

22:45 0.64 0.49 0.58 0.69 0.55 0.64 0.62 0.49 0.55

23:00 0.60 0.46 0.53 0.65 0.53 0.61 0.58 0.45 0.50

23:15 0.55 0.42 0.49 0.61 0.50 0.57 0.53 0.41 0.46

23:30 0.50 0.39 0.45 0.56 0.47 0.52 0.48 0.38 0.42

23:45 0.45 0.35 0.41 0.51 0.44 0.47 0.43 0.34 0.38

Table 8: Scaling base factors for loads according to standard load profiles. trs.: transition time; sat.:
saturday; sun.: sunday (part 2/2)
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D Grid Data for the CIGRE MV Benchmark Grid

The following Tables 9-14 contain the topological data of the CIGRE MV benchmark grid

used for the simulations in Chapter 5. While most data is identical to the grid found in the

pandapower software library, some changes were applied: Transformer taps have been

deactivated while the other transformer data is identical. The static generator power is

scaled to 200 % of the originally installed power, since distributed feed-in from the battery,

fuel cell and so on is neglected. The switches are in a different order compared to the

currently released grid, because this research was performed on an older version of the

grid.

name from bus to bus length km r ohm per km x ohm per km c nf per km

0 Line 1-2 1 2 2.82 0.501 0.716 151.17490

1 Line 2-3 2 3 4.42 0.501 0.716 151.17490

2 Line 3-4 3 4 0.61 0.501 0.716 151.17490

3 Line 4-5 4 5 0.56 0.501 0.716 151.17490

4 Line 5-6 5 6 1.54 0.501 0.716 151.17490

5 Line 7-8 7 8 1.67 0.501 0.716 151.17490

6 Line 8-9 8 9 0.32 0.501 0.716 151.17490

7 Line 9-10 9 10 0.77 0.501 0.716 151.17490

8 Line 10-11 10 11 0.33 0.501 0.716 151.17490

9 Line 3-8 3 8 1.30 0.501 0.716 151.17490

10 Line 12-13 12 13 4.89 0.510 0.366 10.09679

11 Line 13-14 13 14 2.99 0.510 0.366 10.09679

12 Line 6-7 6 7 0.24 0.501 0.716 151.17490

13 Line 11-4 11 4 0.49 0.501 0.716 151.17490

14 Line 14-8 14 8 2.00 0.510 0.366 10.09679

Table 9: Line data of the CIGRE MV benchmark grid

name vn kv name vn kv

0 Bus 0 110 8 Bus 8 20

1 Bus 1 20 9 Bus 9 20

2 Bus 2 20 10 Bus 10 20

3 Bus 3 20 11 Bus 11 20

4 Bus 4 20 12 Bus 12 20

5 Bus 5 20 13 Bus 13 20

6 Bus 6 20 14 Bus 14 20

7 Bus 7 20

Table 10: Bus data of the CIGRE MV benchmark grid
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name bus p mw q mvar

0 Load R1 1 14.99400 3.044662

1 Load R3 3 0.27645 0.069285

2 Load R4 4 0.43165 0.108182

3 Load R5 5 0.72750 0.182329

4 Load R6 6 0.54805 0.137354

5 Load R8 8 0.58685 0.147078

6 Load R10 10 0.47530 0.119121

7 Load R11 11 0.32980 0.082656

8 Load R12 12 14.99400 3.044662

9 Load R14 14 0.20855 0.052268

10 Load CI1 1 4.84500 1.592474

11 Load CI3 3 0.22525 0.139597

12 Load CI7 7 0.07650 0.047410

13 Load CI9 9 0.57375 0.355578

14 Load CI10 10 0.06800 0.042143

15 Load CI12 12 5.01600 1.648679

16 Load CI13 13 0.03400 0.021071

17 Load CI14 14 0.33150 0.205445

Table 11: Load data of the CIGRE MV benchmark grid

name bus p mw q mvar

0 PV 3 3 0.04 0.0

1 PV 4 4 0.04 0.0

2 PV 5 5 0.06 0.0

3 PV 6 6 0.06 0.0

4 PV 8 8 0.06 0.0

5 PV 9 9 0.06 0.0

6 PV 10 10 0.08 0.0

7 PV 11 11 0.02 0.0

8 WKA 7 7 3.00 0.0

Table 12: Static generator data of the CIGRE MV benchmark grid

name hv bus lv bus sn mva vn hv kv vn lv kv

0 Trafo 0-1 0 1 25.0 110.0 20.0

1 Trafo 0-12 0 12 25.0 110.0 20.0

vk percent vkr percent pfe kw i0 percent shift degree df

0 12.00107 0.16 0.0 0.0 30.0 1.0

1 12.00107 0.16 0.0 0.0 30.0 1.0

Table 13: Transformer data of the CIGRE MV benchmark grid. Taps are deactivated
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name bus element et type closed

0 S1 14 14 l LBS False

1 S2 6 12 l LBS False

2 S3 4 13 l LBS False

3 S4 8 6 l LBS True

4 S5 3 2 l LBS True

5 S6 3 9 l LBS True

6 ST1 0 0 t CB True

7 ST2 0 1 t CB True

Table 14: Switch data of the CIGRE MV benchmark grid
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E Classifiation of Monitoring Methods with SimBench
MV Grids

E.1 Description of Test Cases for Simbench MV Urban Grid

The SimBench MV urban grid is designed to resemble a German distribution grid with

a high penetration of DGs. In comparison to the CIGRE MV benchmark grid, which

models a rural and semi-urban area, the SimBench MV urban grid models an urban area,

is operated on the 10 kV level and contains 151 buses. The topology is made up mainly

of open rings, but also includes meshes. There are 14 feeders in the grid with an average

length of 2.2 km; all lines are cables. The tested grid has the SimBench-code 1-MV-urban–

0-sw and includes switch information. The network contains 52.8 MW load and 14.6 MW

distributed feed-in, which is mainly aggregated from the lower voltage level. Only a

hydroelectric power station is connected directly at the MV level. The single slack bus

(HV-MV substation) is connected to the MV grid via two parallel transformers, each with

a rated power of 63 MVA

Time series exist for load and feed-in; the first six months of the annual time series

are used to train the ANN-based monitoring methods. The last six months of the time

series are used to generate the test results. The grid is tested on two different switching

configurations, which are shown in Table 15. The training set and the test set both contain

2 ·17568 = 35136 samples.

The accuracy classes, as presented in Chapter 5, are also used. Analogous to the CIGRE

MV benchmark grid, several test cases are defined to evaluate the monitoring methods

in different situations. In all test cases, both transformers are equipped with P and Q

measurements, additionally to the measurements shown in Table 16. The descriptions of

the simulations with bad data and topology errors are described in Table 17. Overall, they

are very similar to the test cases of the CIGRE MV benchmark grid.

Switching Configuration Open Switches
Configuration 1 9, 10, 11, 12, 294, 296, 298, 300, 302, 304, 306, 308, 310, 312, 314

Configuration 2 9, 10, 11, 12, 35, 50, 73, 96, 108, 151, 231, 244, 267, 298

Table 15: Switching configurations for the SimBench MV urban grid. The open switches are listed

as a pandapower switch index; all other switches are closed
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ID V / Sbus Sline

Variation of m1 1, 91 80, 81

Measurements m2 1, 89, 91 78, 79, 80, 81

m3 1, 43, 89, 91 32, 33, 78, 79, 80, 81

m4 1, 43, 72, 89, 91 32, 33, 61, 62, 78, 79, 80, 81

m5 1, 15, 43, 72, 89, 91 4, 5, 32, 33, 61, 62, 78, 79, 80, 81

m6 1, 15, 41, 43, 72, 89, 91 4, 5, 30, 32, 33, 61, 62, 78, 79, 80, 81, 147, 152

m7 1, 15, 41, 42, 43, 72, 89, 4, 5, 30, 31, 32, 33, 61, 62, 78, 79, 80, 81,

91 147, 152

Other Test Cases f0 - f4 1, 43, 72, 89, 91 32, 33, 61, 62, 78, 79, 80, 81

p0 - p3 1, 43, 72, 89, 91 32, 33, 61, 62, 78, 79, 80, 81

t0 - t3 1, 43, 72, 89, 91 32, 33, 61, 62, 78, 79, 80, 81

Table 16: Test cases for the SimBench MV urban grid. Measurements are listed as their correspond-

ing pandapower element index. A S measurement is made up of P and Q measurements

E.2 Results for Simbench MV Urban Grid

As mentioned in the previous subsection, each method is evaluated using 35136 scenarios

per test case, which are the last six months of the time series for two separate switching

configurations. The first set of test cases vary in the number of available measurements.

Test case m1 contains 12 measurements (measurement redundancy r = m
2n−1 = 12

301 = 0.04,

where m is the number of measurements and n the number of buses), while m7 contains 79

measurements (r = 0.26). The results of the test cases are shown as mean success rates per

test cases for the four different methods.

In the simulations with varying numbers of measurements (m1 - m7), the success rates of

all ANN-based methods are (close to) 100 %. WLS SE, however, peaks at test case m3 and

shows decreased success rates for m4 - m7. The measurement placement or the specific

grid topology could be an issue in the urban grid, since this pattern is different for both the

rural CIGRE MV benchmark grid and the commercial SimBench grid (see results in the

next subsection).

Regarding measurement errors, gross voltage measurement errors have a high impact

(f0, f4), but the error correction works well for cases f0 and f4 (see f0s / f4s). Power

measurements are not as important to achieve a low estimation error (p0 - p2). p2 checks for

the impact of different reactive power injections, but does not show noticeable differences

in the results compared to m4. ann can deal well with incorrect switch statuses for this

particular case while other methods fail to estimate accurate results. Overall, the employed

WLS SE is not as accurate as the neural network estimators.
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ID Characteristic

Bad Data / Gross f0 V measurement at bus 0 is 0 p.u.

Measurement Errors f1 V measurement at bus 15 is 0 p.u.

f1s f1 with voltage error correction

f2 V measurement at bus 0 is 1 p.u.

f3 PQ measurement at line 9 is 0 W / Var

f4 V measurement at bus 15 is 150 % of the real value

Use of constant substitute value: 1.0p.u.
p0 PQ power at buses 39 and 89 are only 70 % of the measurement value

p1 PQ power at buses 39 and 89 are 130 % of the measurement value

p2 Both p0 and p1

p3 cos ϕ of buses are set randomly as either (inductive) 0.9, 0.95, 0.97, 1.0

(all expected and measured at 0.97 inductive)

Topology Errors t0 R, X of all lines inaccurate in uniform range: [90 %, 110 %]

t1 Switch status of switch 2 inverted

t2 Switch status of switches 2 and 3 inverted

t3 Both t0 and t2

Table 17: Description of the individual test cases (by ID) regarding bad data and topology errors

for the SimBench MV urban grid

Figure 2: Variation in the number of measurements and the impact on the success rates for different

monitoring methods for the SimBench MV urban grid
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Figure 3: The impact of various measurement errors on the success rates for different monitoring

methods for the SimBench MV urban grid

Figure 4: The impact of power measurement errors and topology errors on the success rates for

different monitoring methods for the SimBench MV urban grid

E.3 Description of Test Cases for Simbench MV Commercial Grid

The SimBench MV commercial grid contains nine feeders (mean length: 5,8 km) and is

operated on the 20 kV level. The SimBench grid code is 1-MV-comm–0-sw. The grid

resembles a typical commercial area and contains 107 buses, 16.6 MW of renewables

feed-in and 34.5 MW load. PV generators, WECs, hydroelectric and biogas power plants

are connected directly at the MV level.

Compared to the urban grid, only 70 % of lines are cables; the rest are overhead lines. The

topology is partly meshed, partly made of open rings with a return point station. Again,

the single slack bus (HV-MV substation) is connected to the MV grid via two parallel

transformers (with a rated power of 40 MVA).
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Switching Configuration Open Switches
Configuration 1 8, 9, 211, 213, 215, 217, 221, 225

Configuration 2 9, 71, 74, 102, 120, 159, 223

Configuration 3 9, 33, 44, 79, 145, 162, 178

Table 18: Switching configurations for the SimBench MV commercial grid. The open switches are

listed as a pandapower switch index; all other switches are closed

ID V / Sbus Sline

Variation of m1 0, 89 83

Measurements m2 0, 21, 89 15, 16, 83

m3 0, 15, 21, 89 9, 10, 15, 16, 83

m4 0, 15, 16, 21, 39, 89 9, 10, 15, 16, 33, 34, 83

m5 0, 12, 15, 16, 21, 39, 89 6, 9, 10, 15, 16, 33, 34, 83

m6 0, 2, 12, 15, 16, 21, 39, 89 1, 6, 7, 9, 10, 15, 16, 18, 28, 33, 34, 38, 83

m7 0, 2, 12, 15, 21, 26, 28, 39, 1, 6, 7, 9, 10, 15, 16, 18, 20, 21, 22, 23, 28,

61, 62, 63, 65, 69, 83, 89 33, 34, 38, 55, 56, 57, 58, 59, 60, 63, 64, 77,

78, 83, 101

Other Test Cases f0 - f4 0, 15, 16, 21, 39, 89 9, 10, 15, 16, 33, 34, 83

p0 - p3 0, 15, 16, 21, 39, 89 9, 10, 15, 16, 33, 34, 83

t0 - t3 0, 15, 16, 21, 39, 89 9, 10, 15, 16, 33, 34, 83

Table 19: Test cases for the SimBench MV commercial grid. Measurements are listed as their

corresponding pandapower element index. A S measurement is made up of P and Q measurements

Time series are provided for a whole year. The first six months are used for training while,

due to the high computational effort, only the last three months are used to generate the test

results. With the three different switching states for the commercial grid (Table 18), the

training set contains 3 ·17568 = 52704 samples and the test set contains 3 ·8784 = 26352

different samples. Table 19 shows the test cases for the commercial grid and Table 20 the

test cases with bad data, measurement errors, and topology errors.

E.4 Results for Simbench MV Commercial Grid

The results regarding the number of measurements are presented in Figure 5. WLS SE

starts with a low success rate, which increases if more measurements are available. The

same pattern can be observed for the other monitoring methods, but on an overall higher

success rate level.

Tables 6 and Tables 7 show the success rates for various measurement and topology errors.

Gross measurement errors in voltage measurements have the highest impact, but can

be mitigated to a large degree by using the proposed voltage error correction (compare

f1 / f1s; f4 / f4s). A difference between the commercial and urban grid’s is that the voltage
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ID Characteristic

Bad Data / Gross f0 V measurement at bus 0 is 0 p.u.

Measurement Errors f1 V measurement at bus 15 is 0 p.u.

f1s f1 with voltage error correction

f2 V measurement at bus 0 is 1 p.u.

f3 PQ measurement at line 9 is 0 W / Var

f4 V measurement at bus 15 is 150 % of the real value

Use of constant substitute value: 1.0p.u.
p0 PQ power at buses 39 and 89 are only 70 % of the measurement value

p1 PQ power at buses 39 and 89 are 130 % of the measurement value

p2 Both p0 and p1

p3 cos ϕ of buses are set randomly as either (inductive) 0.9, 0.95, 0.97, 1.0

(all expected and measured at 0.97 inductive)

Topology Errors t0 R, X of all lines inaccurate in uniform range: [90 %, 110 %]

t1 Switch status of switch 2 inverted

t2 Switch status of switches 2 and 3 inverted

t3 Both t0 and t2

Table 20: Description of the individual test cases (by ID) regarding bad data and topology errors

for the SimBench MV commercial grid

measurement in test case f1 seems to be more important to the ANN-based method’s than

for the urban grid. Power measurement inaccuracies do not have a noticeable impact on the

results. Identifying switching states is crucial, as the results of t1 / t2 / t3 show. However,

variations in line impedance do not impact the results. These results are generally in

line with the results for the other test grids and reinforce the assessment of the different

methods.

Figure 5: Variation in the number of measurements and the impact on the success rates for different

monitoring methods for the SimBench MV commercial grid
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Figure 6: The impact of various measurement errors on the success rates for different monitoring

methods for the SimBench MV commercial grid

Figure 7: The impact of power measurement errors and topology errors on the success rates for

different monitoring methods for the SimBench MV commercial grid
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F Graphical User Interface

This appendix introduces a GUI to control the process proposed in Chapter 7. Potential

users of this GUI are grid planners or grid operators, who want to plan or implement

monitoring in a grid. The GUI does not require programming skills. Only the grid, which

is to be evaluated, is required in pandapower format. The journey that a user takes to receive

recommendations for their grid consists of different parts, presented in the following as

individual subsections.

F.1 Grid Selection and Required Information

The first step is the selection of the grid, which should be analyzed (shown in the top of

Figure 8). If geo-coordinates are available, the grid is plotted accordingly with measured

substations and lines displayed in green, whereas other unmeasured elements are plotted

in grey. Such a plot can be seen in Figure 9. If no geo-coordinates are available, the grid

is plotted with artificial coordinates, which are automatically generated. Elements show

the same information. Upon mouseover, relevant information about the element appears.

For lines, the line parameters as well as the index and name, are shown. For buses, the

installed power (separated as load and DG) are shown additionally to the bus name and

index. The bottom plot of Figure 8 shows examples of the given information.

F.2 Measurement Definitions

Two sections enable the definition of existing and potential measurements as shown in

Figure 10. If measurements are already defined in the pandapower grid, they are interpreted

automatically and fill the corresponding fields. More existing and potential measurements

can be input manually in the text inputs. They can also bet set in the pandapower grid’s

measurement table, where the accuracy and capital expenditures (CAPEX) can be defined

per measurement. As a future addition to the GUI, accuracy and cost parameters should be

editable in the GUI by making the measurements clickable and showing an editable popup

upon clicking.
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F.3 Monitoring Method and Requirements

In this part of the GUI, shown in Figure 11 (top), the user selects one or multiple methods

to use for monitoring of the grid. Recommendations for typical use cases, which are

gathered from Subsection 5.7 and shown as pop-overs upon clicking the [info] texts, allow

the selection of a feasible method prior to the measurement optimization. The complete

descriptions are presented in Table 21. Most important are the values set as the accuracy

threshold. Values for both the allowed voltage magnitude estimation errors and line

loading estimation errors are defined. Lower allowed errors typically necessitate a higher

measurement density. Therefore, it is recommended to choose the highest acceptable error

value required for operating the grid.

Figure 11 (bottom) shows the section where the user policy regarding the trade-off cost

saving vs. security is set. This value adjusts the objective function for the measurement

device optimization. The visualization aims to aid the user in evaluating the effect of

different preferences.

F.4 Recommendations for Measurement Infrastructure

After the measurement device optimization has finished, suitable measurement config-

urations are displayed to the user with a variety of information. The required CAPEX

for each configuration are displayed in combination with a reference training time. The

reference training time describes how long the training process of the ANN takes using

a fixed number of scenarios, compared to other tested measurement configurations. It is

displayed both as a percentaged value and an absolute value.

The estimation results of the measurement configuration are characterized by a variety

of metrics. All metrics are provided both for voltage magnitude and line loadings. For

methods, which provide full state estimation, the metrics are also shown for voltage angles.

The mean error and standard deviation are given. Additionally, the errors for all test

scenarios are sorted in ascending order and the 95 %, 99 %, and 100 % (worst) errors are

shown. This helps to quantify outliers, which may appear more often or are very scarce.

Different recommendations are produced: The measurement configuration with the lowest

evaluation costs is selected as it is the ideal solution according to the user policy. It may

slightly exceed the accuracy threshold. The second recommendation is the configuration

which fulfills the accuracy threshold completely and requirest the lowest CAPEX. Other
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Monitoring Method Description
ANN-based Monitoring This is the best allrounder method. The method requires a low number of

(Chapter 4) measurements and is robust against gross PQ measurement errors. Avoid

gross voltage measurement errors and errors regarding the grid’s switching

configuration. The training benefits from high-end consumer hardware and

graphics processing units. The estimation can run on low-powered devices.

ANN-based Monitoring This method delivers the best accuracy for a low number of measurements

→ Power Flow Calculation and real operating conditions and can also estimate voltage angles,

(Section 4.4) enabling full state estimation; the other characteristics are similar to the

pure ANN-based method. The higher accuracy in some cases necessitates

longer training and computation times in all cases. The method is more

sensitive to bad data. Choose this when you are sure that there won’t

be gross measurement errors regularly and need the most accurate results

possible or the full grid state. The training benefits from high-end

consumer hardware and graphics processing units. The estimation can run

on low-powered devices.

ANN-based Monitoring This method should only be used if a conventional state estimator is

→ WLS State Estimation already existent and is to be fed with output from the ANN-based method.

(Section 4.4) It necessitates a higher training time than the other ANN-based methods

and has downsides regarding gross measurement errors of all types. The

training benefits from high-end consumer hardware and graphics processing

units. The estimation can run on low-powered devices.

Heuristic Monitoring Method This method should only be used if mostly voltage measurements are

(Chapter 3) available. It requires a very specific set of measurements to work well

and is suited best for voltage profile estimation. It is relatively resistant to

bad data regarding gross voltage measurement errors. This method runs

on low-powered devices.

WLS State Estimation The best use of this method is when the measurement density is high, e.g.,

(Section 2.1) at least two measurements are available per electrical grid bus. With the

use of bad data processing, it delivers accurate and robust results in such

cases. This method is historically used on the HV/EHV levels. This

method can run on low-powered devices.

Table 21: Recommendations given to the user for the different monitoring methods

recommendations may be made based on the 95 % or 99 % errors or because they place

measurements at different locations compared to the best configurations. The user can then

select one of the recommendations, and also include further criteria, which are not part of

the process.
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Abbreviations

ACC accuracy class

ANN artificial neural network

CAPEX capital expenditures

CHP combined heat and power

DER distributed energy resource

DG distributed generator

DSM distribution system monitoring

DSO Distribution system operator

DSSE distribution system state estimation

EHV extra high voltage

EMS energy management system

GMM gaussian mixture model

GPU graphics processing unit

GUI graphical user interface

HMM heuristic monitoring method

HV high voltage

ICCS industry control center software

LV low voltage

MLP multi-layered perceptron

MV medium voltage

NOVA grid optimization; reinforcement; extension

PFC power flow calculation

PMU phasor measurement unit
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PV photo-voltaic

ReLU Rectified Linear Unit

RTU remote terminal unit

SCADA supervisory control and data aquisition

SD standard deviation

SE state estimation

TSO Transmission system operator

WEC wind energy converter

WLS weighted least squares

Nomenclature

f (xw) activation function for artificial neural networks

C(x̂) weighted least squares cost function

δ voltage angle

e1 cost factor for successful estimations

e2 cost factor for unsuccessful estimations

e(m) estimation error costs for a given measurement configuration

etol estimation error limit for a successful estimation

fopt cost function for the evaluation of a measurement configuration

α numerical constant

β (b) number of buses between the measured bus and the slack bus

h(x) ideal measurements

I line current magnitude

i(m) capital expenditures for a given measurement configuration
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M mass of a particle in the gravitational search algorithm

m number of measurements

σ2 measurement variance

n denoting a quantity or number of something

n(b) buses in branch b

ne number of measurement configuration evaluations

nhidden size of a hidden layer

nin size of the input layer

nmin number of measurement configuration evaluations required for the surrogate to be

activated

nout size of the output layer

P active power

pa probability in ]0,1[ ∈ R

psurr likelihood of using a surrogate model

Q reactive power

ri residual between measured and calculated value

S apparent power; S = P+ jQ

σ measurement standard deviation

σ(xw) sigmoid activation function

t discrete time step

V voltage magnitude

v∗ measurement error

Xin data input to an artificial neural network

Y (element of the) bus admittance matrix

z set of real measurements
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trizitätsversorgungsnetzen; Deutsche Fassung EN 50160:2010 + Cor.:2010. Beuth

Verlag GmbH, February 2011.

[4] Experimental determination of the zip coefficients for modern residential, commer-

cial, and industrial loads. IEEE Transactions on Power Delivery, 29(3):1372–1381,

2014.

[5] DIN EN 60870-5-104:2018-07, Fernwirkeinrichtungen und -systeme. Beuth Verlag

GmbH, July 2018.

[6] 50Hertz Transmission GmbH, Amprion GmbH, TenneT TSO GmbH, and

TransnetBW GmbH. Umsetzung der Vorgaben der System Operation 2 Guide-

line (SO GL) zum Datenaustausch in Deutschland.

https://www.netztransparenz.de/portals/1/Content/EEG-Umlage/

SO_GL_Datenaustausch_Konsultationsdokument_Stand_2018_02_06.pdf,

February 2018. [Online; accessed 12-September-2019].

[7] A. Abdel-Majeed, M. Braun, S. Tenbohlen, and D. Schllhorn. Meter placement

for low voltage system state estimation with distributed generation. In 22nd In-

ternational Conference and Exhibition on Electricity Distribution (CIRED 2013).

Institution of Engineering and Technology, 2013.

159



[8] A. Abdel-Majeed, S. Tenbohlen, M. Braun, and D. Schöllhorn. Platzierung von
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Jan-Hendrik Menke

A Comprehensive Approach 
to Implement Monitoring 
and State Estimation in 
Distribution Grids with a Low 
Number of Measurements

Vol 11Energy Management and Power System Operation

This work addresses the monitoring and state estimation of 
electrical grids, especially at the distribution level. For economic 
and  technical reasons, grid monitoring cannot be implemented with 
a similarly high measurement density as in transmission grids. Two 
new monitoring methods, which are designed for low measurement 
density, are therefore presented for use in real-time grid operation. 
First, a heuristic monitoring method is presented, which does not 
require pseudo-measurements and estimates voltage magnitudes 
and line loadings. Second, a monitoring method based on  artificial 
neural networks is presented. With appropriate training, the method 
can estimate grid variables, e.g., voltage magnitudes or line load-
ings, with high accuracy. The methods are tested on thousands 
of test scenarios using a comprehensive evaluation methodology. 
For measurement infrastructure planning, a concept is presented 
to  determine suitable measurement locations for the use of one of 
the monitoring methods. After optimization, several possible meas-
urement configurations are presented with their average and maxi-
mum errors and the projected capital expenditures.
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