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Abstract

The world is going through an energy transition towards decentralized electricity generation like
photovoltaic systems and new loads like electric vehicles, which contribute to the variability of the
operation state of distribution systems. To ensure future operation under safe and efficient condi-
tions, it becomes increasingly important to have precise knowledge of the state of the grid. For this,
Distribution System State Estimation (DSSE) has extensively been discussed in the literature.
However, distribution networks at present are not only characterized by sparse measurement loca-
tions, which makes application of DSSE difficult due to un-observability, but also the anticipated
highly stochastic load profiles will affect the accuracy of the system state estimate. Therefore, it
is now necessary to assess how the DSSE accuracy is affected by different factors that result from
continuous changes in the consumption pattern and measurement scheme. For this purpose, a mea-
surement scheme is proposed in this thesis, that not only considers the meter placement, but also
the required measurement intervals, to establish a minimum required accuracy level of the state
estimator under stochastic conditions.

The work presented includes a sensitivity analysis of the Weighted Least Square (WLS) DSSE al-
gorithm applied on a synthetic model of an existing 10kV distribution network in the Netherlands,
with respect to the stochasticity of the load profiles applied. Then an algorithm is presented to
determine the measurement configuration that satisfies a predefined maximum DSSE error. The
effects of the following parameters on the state estimation accuracy are assessed:

i. Percentage of pseudo measurements
ii. Interval of measurements

The method first establishes the meter locations to achieve observability. Then, the algorithm

uses the SE error resulting from Monte Carlo simulations to improve the accuracy. The measurement
intervals are determined based on the analysis of sensitivity to the interval of measurements. This
results in a measurement configuration that maintains the SE error within the acceptable range at
every instant of time.
It is tested on the 10kV distribution network model, in the future scenario with high stochasticity
in load profiles resulting from the projections of the energy transition for the year 2040. The results
will show the effectiveness of the proposed algorithm for the determination of measurement scheme.
This is important for the network operators who would use the results of the SE algorithm to make
decisions on the grid operation.
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Chapter 1

Introduction

This chapter provides the introduction and background of the project. Through this chapter, the
objective, methodology and contributions of the project are introduced.

Electricity grids are now under the challenge of being able to support increasing distributed
generation in the distribution grid. According to DNV GL’s Energy Transition Outlook 2018: Power
Supply and Use report [1], due to the electrification of the energy needs in buildings, transportation
and manufacturing sector, the share of electricity in energy use is expected to increase to 45% by the
year 2050 [2]]. The world trend of capacities of different energy supply sources seen over the past
years and predicted until the year 2050 according to DNV GL’s report is shown in[I.1}

World primary energy supply by source
Units: EJ/yr

Wind
Solar PV

Solar thermal

Hydropower
Biomass
Geothermal
Nuclear fuels
Natural gas
oil

Coal
1980 1990 2000 2010 2020 2030 2040 2050

Figure 1.1: The trend of energy supply from various sources



This trend can be attributed to the growing awareness among many homes and companies
about energy and cost saving, and the environmental impact of the traditional electricity generation
sources. The awareness is driven by international influences such as Kyoto protocol and Paris agree-
ment along with other environmental concerns. The government in the Netherlands in fact wants to
reduce the country’s greenhouse gas emissions by 49% by the year 2030 compared to the emission
levels in the year 1990 [3]. This provokes a vast expansion of the transmission and distribution grids
[2]. The Medium Voltage (MV) grids are faced with high penetration of small distributed energy
resources like roof-top Photo-Voltaic (PV) arrays and Combined Heat and Power units (CHP). Apart
from this, in the Netherlands, electrification of heating and mobility is encouraged by the govern-
ment ([4]], [5]]). This introduces new technologies like Heat Pumps (HPs) and Electric Vehicles (EVs).
These distributed generation units and new technologies influence the power quality, protection,
voltage profiles, etc [6]. So, more control actions at the MV grid level are required compared to the
long-established passive distribution grid.

Before any control decision is made in any scenario, an accurate knowledge of the system state is
crucial. In power systems, the system states are determined using State Estimation (SE) algorithms.
SE algorithms calculate the most likely values of the variables that represent the system operating
state. Stedin is a Distribution System Operator (DSO) in the Netherlands that has recognized the
need for accurate knowledge of the system operating state and is now working to have SE for their
networks.

1.1 Background

SE algorithms process inaccurate measurements to calculate the best estimate of the system state. It
is well established in transmission systems, but not yet widely used in distribution systems [7]. The
grid measurements are received by SCADA (Supervisory Control and Data Acquisition) system and
have inaccuracies resulting from meter measurement errors, communication faults, etc.

A considerable factor that influences the accuracy of the SE is the input measurement variances
[8]. MV networks typically have limited number of real measurements (from the meters in the
grid). The variances of these measurements depend on the variances of the meters. Apart from
these measurements, pseudo measurements are used to compensate for the lack of sufficient real
measurements. These measurements are determined artificially and have high variances compared
to the real measurements [9]. More grid measurements will then need to be included in addition
to the existing real measurement set to improve the SE accuracy. But installation of new meters
in the grid is expensive [10]. So, by using a strategy to determine the optimal number, locations
and measurement intervals for the additional measurements, a required level accuracy of the SE
algorithm can be achieved with minimum additional measurement units in the grid.

1.2 State of the art and scientific gap

Many algorithms for identifying the optimal measurement configuration for accurate SE have been
proposed in literature over the past years. In [9], a robust meter placement algorithm is presented



to improve the SE accuracy. The algorithm determines the number of measurements and the lo-
cations of measurements in a sequential algorithm and considers the measurement uncertainties
using Monte Carlo simulations. Non-heuristic approaches involving multi-objective optimization
functions are also proposed, such as in [§]. Here, a multiobjective hybrid particle swarm optimiza-
tion (PSO)-krill herd (KH) Pareto-based algorithm is proposed to optimize the number and location
of the measurement devices considering the cost and percentage error as the optimization con-
straints. The error functions are modelled differently in each of the algorithms and they determine
the outcome of the algorithms. For example, in [11], it is considered that using a uniform accuracy
constraint for all estimated parameters may not be optimal. This results in a reduced number of
required metering devices compared to other methods. Another cost effective method was pub-
lished in [12], where it was proposed to place additional measurements at the nodes with existing
measurements where measurement already exists. This way, the cost of Remote Transmission Units
(RTUs) are reduced but it is possible to measure more variables.

The existing methods focus on determining the number and the locations of measurements to
improve the SE accuracy. But when the SE accuracy profile over time, considered another aspect of
input measurements that affects the SE accuracy is the measurement interval, as identified in [13].
In this project, a measurement configuration is proposed that heuristically assigns the measurement
locations and using Monte Carlo simulations to allow for the random nature of the load profiles
and measurement errors, the measurement intervals are determined such that the SE error meets
the chosen threshold at every minute of the day.

1.3 Objective

The objective of the project is to identify a measurement configuration considering both the meter
placement and the measurement intervals to achieve accurate state estimation of medium voltage
grids with high distributed generation. The objective is realized through the solutions to the follow-
ing research questions:

i. What modifications should be done to existing grid model to simulate future grid with increased dis-
tributed generation and new technologies?
The addition of distributed generation and new technologies in the existing grid model (using
offline simulation) should be done in such a way that it represents a relevant future grid for
the Netherlands. Analysis of the state estimation can be done on this modified model. This
will ensure that the results of the project will be directly applicable by Stedin. The presence
of distributed generation and new technologies of electrical loads brings added uncertainty to
the system because of their variability. The parameters of their model have to be selected such
that this uncertainty can be reliably represented.

ii. Which is the SE algorithm that is suitable to be applied for Stedin’s network?
An SE algorithm should be selected that is suitable to be applied to the MV network model
used in this project.
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iv.
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How does the result of state estimation algorithm degrade with the influence of measurement parame-
ters?

The factors affecting the state estimation algorithm’s accuracy should be analyzed since the
future measurement profiles are likely to have more stochasticity and this can affect the per-
formance of the SE algorithm.

What is the suitable confiquration of additional grid measurements for accurate state estimation?

A strategy for identifying the locations of the additional grid measurements and the mea-
surement intervals should be devised such that, with the least number of additional measure-
ments, the SE algorithm’s output is accurate in the presence of the new loads and distributed
generation.

Research Approach and tools

For the purposes of this thesis, Python programming language was used, as its library pandapower
has built-in power flow and state estimation functions. This simplifies the execution of power flow,
state estimation and all further analysis. Further, it also allows the visualization of the results of
power flow on the network map.

The research approach is summarized in the steps below:

i.

ii.

ii.

iv.

First, a state estimation method was chosen based on the suitability to Stedin’s case. The cho-
sen state estimation algorithm was applied on the network model (received in PowerFactory
and read using Python) under study.

Load scenarios were created done using an open source load profile generator available in
python, developed by [14]. This was used to create load profiles of the system loads and then
the load profiles were modelled using normal distribution fitting method to create the normal
distribution profiles.

Measurement modelling was done by sampling from the normally distributed functions cre-
ated from the load scenarios and adding Gaussian errors to represent meter inaccuracies.

The performance of the SE algorithm was evaluated with respect to two important parameters
that affect the measurement variances. A sensitivity which need to be taken into account
when deriving the new measurement configuration. Monte Carlo analysis was applied in
these evaluation. For the Monte Carlo analysis, Tu Delft’s supercomputer was used in order
to improve speed.

The algorithm to determine the measurement configuration was developed using the super-
computer for Monte Carlo simulation steps.



1.5 Contributions

The most important contributions of this project, that are based on the scientific gap identified dur-
ing the literature review, and the practical requirements for the Dutch Distribution System Operator
(DSO) are summarized in the following paragraphs, in order for the importance of this study to
become more clear:

e A sensitivity analysis was designed to evaluate the SE algorithm’s performance with respect
to two important parameters that affect the accuracy of the SE algorithm.

e Measurement configuration. Although there have been many meter placement methods ex-
isting in the literature, the measurement configuration introduced in this project takes into
account not only the meter locations, but also the measurement interval, to improve the accu-
racy of the SE algorithm. The interval of measurement has not been used until now.

e For the sake of improving the speed of simulations using parallel computing, TU Delft’s
supercomputer was used. A brief user manual was prepared with the steps of using the
supercomputer and running the code.

1.6 Stakeholders

This project is beneficial to Distribution System Operators. Distribution System Operators (DSOs)
are responsible for ensuring the stable and reliable operation of the power system. Under a future
scenario of increased distributed generation and new technologies in the MV grids, accurate state
estimation is necessary to calculate the system state variables. Since the networks currently have
limited number of meters present measuring at a certain fixed interval, this project aims to improve
accuracy by introducing a new measurement configuration.

1.7 Thesis report outline

This thesis report is organised as follows:

Chapter 1 provides the introduction to the project. The background is provided and the research
questions and research methodology are introduced. Through this chapter, the objective, method-
ology and contributions are introduced.

Chapter 2 describes the concept of SE algorithm for medium voltage networks. First, the prac-
tical scenario of medium voltage networks in the Netherlands is explained. Then, the choice of SE
algorithm is presented. Then, the mathematical modelling of the SE algorithm is described.

Chapter 3 describes the network upon which the implementation of state estimation and further
analysis is carried out. The load modelling used and the modelling of the future scenario is de-



scribed.
Chapter 4 explains the modelling of the measurements, and their variances. The result of the SE
algorithm when applied on the grid model is shown. Then, the sensitivity analysis carried out to

evaluate the SE algorithm’s performance is presented. Some results are seen in this chapter.

Chapter 5 presents the algorithm developed to determine the measurement configuration. The
steps of the algorithm, the measurement configuration and the resulting error profile are shown.

Chapter 6 has the most important conclusions obtained through this project and the the answers
to the research questions presented in chapter 1.
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Chapter 2

Overview of MV networks in the Nether-
lands and State estimation in MV networks

This chapter describes the the practical scenario of medium voltage networks in the Netherlands.
The choice and mathematical modelling of SE algorithm for medium voltage networks is explained.

2.1 MYV networks in the Netherlands

MYV networks distribute electricity from a High Voltage (HV) connection point to commercial and
residential consumers, who are the MV customers. In the Netherlands, there are many MV networks
with different operating voltages, ranging from 6kV to 30kV [15]. These networks are usually
meshed, to provide high availability and redundancy. The physical grid in the Netherlands consists
almost entirely of underground cables. The networks transport electricity from a single HV/MV
substation (primary substation) to hundreds of MV Points of Connections (PoCs). These PoCs are
arranged in distribution rings, which can be operated as radial networks using Normally Open
Points (NOPs). The NOPs are normally open circuit breakers that split up the distribution rings.
This has the advantage that it makes the formerly ringed connections N-1 redundant. In case of
faults, they can be rescheduled to have continuous availability. An example configuration of an MV
is shown in the figure

11



Primary substation

L—e e—CD9
o—o
® —_—t
MV Normally
PoC Business open
LV customer circuit
Network breaker

Figure 2.1: Example configuration of an MV network

2.1.1 MV connection types

MV customers are categorized by the requested capacity of the connection. Each of the connection
types have a different tariff that is standardized. There can be two types of MV PoCs:

e Transformer stations that connect public Low Voltage (LV) networks to the MV distribution
network.

e MYV stations that feed an MV customer (Business customer). These stations do not have the
need for a transformer.

2.1.2 MYV network monitoring

Traditionally, MV netowrk monitoring only includes Supervisory Control and Data Acquisition
(SCADA) monitoring of the primary substation. The rest of the network usually is not metered for
measurements.

The SCADA monitoring system has the following components:

e Meters The meters measure the bus voltages, branch powers, branch currents and bus power
injections at predefined time intervals. They send the measurement data to the Remote Ter-
minal Units (RTUs) at their location.

12



e RTUs RTUs are directly connected to the sensors/meters and receive the measured data from
them. They are real-time field Programmable Logic Controllers (PLCs) and they convert the
information received at the remote station into digitial form ready for transmit to the central
host.

o Master Terminal Unit (MTU) The MTU is the central host that communicates with all the RTUs
in the network through reading/writing operations during scheduled scanning.

o Communication System The communication network is the integral part of SCADA system and
is responsible for transferring data among MTU computer servers and the RTUs. The medium
of communication can be telephone, radio, satellite, cable, etc. or a combination of any of them.

o Operator Workstations The computer stations consisting of HMI (Human Machine Interface)
software are called the Operator Workstations. They are networked with a central host com-
puter. They request and send data to host client computer in so as to monitor and control the
network field parameters at the remote locations.

An overview of SCADA monitoring system is shown in the figure

CIEDY
HMI
stafion
[ SCADA network )
Router
Database server
()
__ Remote station . A
RTU ’\% Wired or
ﬁ wireless link

Voltage
g Current Relay
| sensor

sensor

Figure 2.2: SCADA monitoring system overview. Modified from [16]]

2.2 System states

The system states are the smallest subset of parameters which gives complete information about the
operating condition of the network. For example, the parameters Voltage magnitudes and angles

13



at all nodes of the system [V}, J;] give complete information about the state of the system. These
parameters, along with the network parameters can be used to calculate all other parameters relating
to the operation of the system. A few such equations are shown below:

e If the node voltages are known, power flows can be calculated using the relation
Pi]- = Vl-z(gij + gfh) - Vz‘Vj(gi]‘COS((si — (51‘) + bi]'SiTZ((SZ' — 51‘) (2.1)
Qij = —Viz(bl']' + blsh) - VZVJ(gl]sm(él — 5,) — bi]'COS(51' — 51) (22)

o If power flows are known, power injections at all buses can be calculated using the relation

C

P, =) Pij (2.3)
j=1
C

Qi =) Qij (24)
j=1

Here, C is the number of nodes connected to a node i.

The parameters P;; and Q;; are the active and reactive power flows from node i to node j, V; and V;
represent the voltage magnitudes at nodes i and j respectively, J; and J; represent the voltage angles
at nodes i and j respectively, g;; + b;; is the series admittance of the branch ij and g; + b; is the shunt
admittance connected at the i*" node.

2.3 Choice of Distribution System State Estimation (DSSE)

The grid-measurements in MV networks are received by the Distribution Management System
(DMS) via SCADA system. These measurements, which are the meter readings from different loca-
tions of the grid, have inaccuracies due to meter errors. Power system state estimation is a method
of calculating the system states by using measurements available from the grid and reducing the
errors that are present in the measurements. This is an important tool used in Energy Management
Systems (EMS).

The concept was introduced by Fred C. Schweppe J. Wildes in [17] and is popularly in use in trans-
mission systems management. Distribution networks typically have very few grid- measurements
compared to transmission systems. This presents the following issues:

e Redundancy cannot be achieved from the grid-measurements as was available in transmission
systems.

e Pseudo-measurements are used in the input measurement set, which introduce high variances.

Due to these issues, transmission system state estimation techniques cannot be plainly applied to
distribution networks. For state estimation in the distribution level, several DSSE techniques have
been introduced and in the literature. The DSSE techniques are classified and analyzed comprehen-
sively by Anggoro Primadianto and Chan-Nan Lu [7] as summarized below:

14



i.

ii.

1ii.

iv.

WeigHed Least Square (WLS) based static DSSE: WLS method is the most popular in use and in
literature. The work presented in [18] shows that it is suitable to be applied on distribution
networks. There are variations within this method based on choice of state variable to be
calculated are studied. The state variable can be node voltage or branch current. There are
several methods based on node voltage calculation (like in [19], [20], [21]) and branch current
calculation (a few can be seen in [22], [23], [24]) exist and many comparison studies have
been carried out between the two, as in [25], [26] and [27]. The comparison studies suggest
that both methods produce similar accuracy, but when there are many voltage measurements
involved, rectangular node voltage calculation method can be faster than rectangular branch
current calculation based method[25].

DSSE methods based on load adjustment: Here, the measurement data are considered absolute
and used as solution constraints in the algorithm. The current or power injection values are
then adjusted to satisfy the constraints. Several techniques have been proposed such as those
based on probabilistic power flow[28], iterative methods[29] and particle swarm technques[30],
etc.

DSSE methods with improved robustness: These methods attempt to improve robustness of the
state estimation by suppressing bad data in the measurements, mainly by assigning lower
weigHs to the measurements considered as bad data. Several techniques have been proposed
which use different concepts like machine learning[31]] and influence function concept from
robust estimation theory [32].

Dynamic or Forecast-aided DSSE methods: These methods use the measurements along with a
priori estimate to compute the state at the present time and predict an estimate at a future
time. Several kalman filter based techniques exist which use different measurement functions
and types of measurements (for example, as described in [33] and [34]).

Multi-area DSSE methods: These methods are based on dividing the distribution grid into
several areas based on topology, measurement areas, etc. and locally computing the states in
each area. A common state estimation is then performed for the entire grid, using the estimates
and border quantities from each of the areas as measurement data. Several techniques are
presented in literature (for example, as described in [35]]), but the practical implementation is
problematic due to issues such as communication delays, limited real-time measurements, etc.

In this project, a static state estimation algorithm is used. For the choice of a state estimation
algorithm, the following assumptions were followed:

e State variables to be calculated: In this project, node voltages are the system state considered.

e No bad data assumed: 1t is assumed that there is no bad data to be processed in the measure-

ments. Due to the presence of a high percentage of pseudo measurements, there is expected
to be high variances in the measurements as it is.

With these assumptions, WLS based node voltage estimator is selected for this project since it is
suitable to be applied for MV networks.

15



2.4 Mathematical modeling of WLS SE algorithm

The WLS SE algorithm calculates the voltage magnitude and angle at a given time based on input
measurements. A broad block diagram of the inputs and outputs are shown in figure 2.3 below:

Network
data
Measurement
values y
State estimator ||__States
Measurement| _—>
variances

Figure 2.3: Overview of state estimation inputs and output

2.4.1 Network model

The underlying assumption is that the network is in steady state and is balanced. This means that
all the branch power flows and loads are three phase and balanced, all the series and shunt devices
are balanced three phase, and the lines are fully transposed. Under this assumption, a single phase

positive sequence circuit model can be used to represent the network.

Line modeling

The lines are modelled as two port pi model of positive sequence equivalent circuit. Each line has
a positive sequence series impedance with resistance R and reactance X and total line charging

susceptance of B, as shown in figure 2.4 below:

R X

iBI2 B2 ==

Figure 2.4: Line model

2.4.2 Shunt capacitor or reactor modeling

If there are any shunt capacitors or reactors present, they are modelled as susceptance per phase
at the buses. A positive susceptance value represents a capacitor and a negative susceptance value
represents a reactor. The network under consideration does not have any shunt capacitor or reactor.
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2.4.3 Transformer

The 2-winding transformers are modelled as impedances in series with ideal transformers. The
two terminals of the transformers j and i are called the impedance terminal and tap side terminal
respectively as shown in figure 2.5/ below:

A 38 A R X A
a1
"'—"| Vk VJ

Figure 2.5: Transformer model

The nodal equations for the the equivalent 2-port circuit are derived as follows:

m - [—yy _ﬂ Bﬂ 25)

Here, iy and i; are current injections at nodes k and j respectively,
y is the admittance of branch k-j,

v and v; are the voltages at nodes k and j

The node k can be eliminated by using

ik =a- iiUk = Ui/{/'l (26)

Where, i; is the current injection at node i and a : 1 is the transformer tap ratio. Substituting 2.6in

il  [y/a? —y/a] [Ui]
[i]} B [—3// a y ||y @7

The two 2-port circuit corresponding to [2.7)is shown in figure
Loads and generation

The loads and generation at a node are modelled as complex power injections. The loads (con-
sumption from households) are represented by negative power injections and the generations are
represented by positive power injections.
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Figure 2.6: Equivalent 2-port circuit model of transformer
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2.4.4 Admittance matrix

The network admittance matrix is given by the matrix:

(2.8)

Here, Yji is the admittance of branch j — k,
The matrix Y is a sparse matrix and in complex terms, can be written as the real part G and the
imaginary part B.

2.4.5 Measurement values and variances
Three types of measurements can be used as inputs to the SE algorithm:

i. Real measurements
ii. Pseudo measurements

iii. Virtual measurements

Real measurements are the measurements that are received from meters located in the network.
The voltage magnitudes, angles (if available), branch currents and power flow values can be mea-
sured from the grid nodes and branches. These constitute real measurements. The variances of real
measurements at the instant of measurement are dependent on the accuracy of measurement meters.

Pseudo measurements are the measurements that are computed for nodes without any teleme-
tering. They are useful in MV networks to make the networks observable. They are bus active
and reactive power injection values with high variances. They can be derived in different ways
depending on the available information, as outlined below:

e The power injection values of the nodes can be derived from the historical data available
corresponding to the nodes. The variances are dependent on the historical profiles as shown
in [13]].
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e Load profile generation tools can be used in correspondence with known information about
the consumers at the node to artificially generate realistic load profiles. These profiles can be
used as power injection values. The profiles and variances can be modelled using suitable
distributions as shown in [36].

An advantage of having pseudo measurements is that they can be used as back-up information in
case of failures in the measurement or communication system.

Virtual measurements are deterministic measurements. These have the highest accuracy (least
variance). They are zero injections used at buses with no loads. Noise components with very low
variances are used with these measurements.

The three types of measurements, along with their noise components, are stochastic in nature
and they are assumed to be normally distributed.

2.4.6 Mathematical modelling of measurement vector

The measurements available to the SE algorithm, represented here by the the vector z, are read
by the SE algorithm in two parts: the measurement value and the measurement error. By using
power system equations that relate the measurements received to the state variables, the following
equation is obtained:

Z1 hy(x1 ... xn) e1
z=|:| = : +|:| =h(x)+e (2.9)

Zm (X1 o0 Xp) em

Here,

z is the measurement vector,

h is the measurement function vector that relate the state variable vector x to the measurement
value.

e is the measurement error. WLS algorithm works on the following assumptions:

e e is a Gaussian noise with zero mean. It is represented by:

e =N(O,R,) (2.10)

e The measurement errors are independent.

R, represents the measurement covariance matrix diag(azlz, 002 -azm2). Here 0; is the ith mea-
surement variance. If bus number 1 is considered as the slack bus, its bus angle is forced to zero. The
state vector is, then, x = [0+, 0y, Vi -+, V,| , where §; and V; are the voltage angles magnitude
at the ith bus respectively, for each of the n buses in the grid. m is the number of measurements.
The SE algorithm utilizes the meter measurements taken from the grid and the network model in
the form of the admittance matrix to calculate the most likely values of the state variables using an
iterative process as explained in section [2.4.9]
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Measurement functions

The typical measurements received from the power system are, bus voltage magnitudes, active
and reactive power flows in the lines, active and reactive bus power injections, and current flow
magnitudes in the lines. These measurements are are then related to state variables(bus voltages
and angles) using nonlinear functions, as shown in equations 2.1T}2.15};

e Power injections: The active and reactive power injections at the ith bus are expressed as:
Pi = ZPZ']' = ViZjeri(Gi]‘COS@]‘ + BijSil’léi]‘) (211)
QP = ZQZ] = VZZJG(:VZ(GZ]SZH&J — Bi]'COS(Si]') (212)

where C denotes the set of buses connected to the ith bus and G;; + B;; is the ijth element of
the bus admittance matrix.

e Power Flows: For the two-port pi-model of a network branch i — j, the active and reactive power
flows between the ith and the jth bus are expressed as:

Pij = ViZ (gl] + gfh) — ViV]'(gl']’COS&'j + b1]51n51]) (2.13)

Qij = — V7 (byj + bh) — V;Vj(gijsindij — bijcosdj) (2.14)

Here, g;; + bjj is the series branch admittance of branch i — j and g7h + bih is the shunt branch
admittance connected at bus i.

e Branch Currents: The current flow magnitude between the ith and the jth bus is expressed as:

lj =/ (V2 + V2 = 2V;Vicosdy) (3 + b2) (2.15)

Measurement jacobian

The vector h relating the state variables to the conventional measurements is non-linear. The SE
algorithm linearizes the vector around an operating condition. This is done by calculating the
Jacobian matrix, which consists of 1st order derivatives of the measurement functions with respect
to the state variables. It is represented by:

() | k) o) | )
95, 90, X% Vi
H— : (2.16)
Ohm(x) . Ohw(x) Ohm(x)  Ohw(x)
0, 0, W W,

The Jacobian elements corresponding to each of the measurement functions are shown below:

e Power Injections:
ob; ‘
875; = XL, ViVj(—Gijsindj + Bjjcosé;;) — V7 B;; (2.17)
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e Power Flows:

oP; ‘
= W‘/j(Gi]'Sl?l(sl']‘ - BijCOS(Sij)

d4;
E)T/Ii = 2;7211/}(Gijc055ij + BijSl”5ij) + VizGii
BT/;- = Vi(Gijcosd;; + Bjjsind;;)
a . .
8% = X7, V;Vj(Gijcosdij + Byjsindyj) — V;Gii
00; _ —ViVj(Gi]’COS(Si]’ + Bijsin&]’)
99;
0Q; -
Qf = Z;?:le(Gijsméij — Bjjcosdjj) — VB
9V
20Q; .
a‘Q/]Z = Vi(GijSlTl(si]‘ - BijCOS(Sij)
oP;j — ViVj(GijSi”‘Sij — Bi]'COS5i]')
d9;
JP;j — _ViV]-(GZ-]-sin(Sij - BijCOS(Si]‘)
94;
81}5 = —Vj(Gijcosdij + Bijsindij) + 2V, (gij + gi°h)
ab;j ;
8‘}; = —Vi(Gijcosé;; + Bjjsind;)
aaQ(;] _ —Vi‘/j(Gij0055ij + Bijsin(si]')
i
an] — ‘/i‘/j(GijCOS(si]‘ + 311517’151])
d4;
0Q;j . '
aVZi] = —Vj(Gijsindij — Bjjcosdij) — 2V, (byj + bi*h)
0Q;j ,
8%]-] = —Vi(Gi]-sméij - Bi]'COS(Sij)
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o Line Current Magnitudes:
aij gfj + bfj

% = L V;Vjsiné;; (2.33)
315]1 _ —g?jqubzsz/iX/jsin5ij 234)
?)g - g%jqub?j (Vi — Vicosdy) (2.35)
g‘l}; = glzjqublz](‘/] — Vicosd;;) (2.36)
e Power injections:
?;5/; ~0 (2.37)
3‘;’; — 0 (2.38)
;"‘2 1 (2.39)
g“g _ 0 (2.40)

2.4.7 WLS state estimation problem

The measurements used by the SE algorithm are noisy. This makes the measurement vector stochas-
tic but the state vector is deterministic and there is no prior knowledge about it. For an unknown x,
a conditional probabilistic distribution function f(z | x) is considered. This function holds informa-
tion about x. The state vector x can be derived from f using the maximum likelihood criterion [37]

as below:
Given measurement z, the maximum-likelihood estimate ® is the value of x which maximizes f(z | x), the

likelihood that x resulted in the observed z.

f(z|x) is called a likelihood function. For convenience, the likelihood function is defined. Now,
logarithm is a monotonically increasing function. This means that the maximisation of f(z|x) is
equivalent to maximisation of log-likelihood In(f(z|x)) . Here, the state estimation problem is
defined as the minimisation of the negative log-likelihood function. This is stated as:

Minimize x : In(f(z|x)) (2.41)

Considering z to be normally distributed as below,

. Lz h(x))"R; (2~ h(x)) )

flab) = \/ (27r)mdetR, P2
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Ignoring the constant terms (since they do not exist after taking derivatives), the minimisation
problem becomes

1
Minimize x : | = 5(z —h(x))"R;}(z — h(x)) (2.43)
The WLS estimation of x is the solution to this minimization problem. The derivation of the solution
is shown below.
2.4.8 Gauss-Newton method solution

To find the minimand X, Gauss-Newton method based approximations are applied to the first
derivatives and second derivatives of J. The condition to satisfy at the first order derivative be-

comes,
VI(x) = —HT (x)R;![z—h(x)] =0 (2.44)

Where H = ag—g‘) and H” (x)R,"H(x) is the gain matrix G(x). It is a sparse matrix and if the system
is fully observable, it is positive definite. The above expression can be expanded around state X,
through Taylor expansion series as shown below,

VI(x) = VI(x¢) + VI (xx) (x = xi) +--- =0 (2.45)
Here, by substituting in
V) (x¢) = H' (x)R; "H(x) (2.46)

Using [2.44| and [2.46|in 2.45| and neglecting the higher order terms, the iterates x; can be calculated
as,

xes1 = X+ (HT (x0)R; TH(x)) ' H' (x0)R; 'z — h(xi)] (2.47)

This can be written as,
G (x)Bxi 11 = H' (x)R; ' [z — h(x;)] (2.48)

Where, AXg11 = Xgr1 — Xk

249 WLS state estimation algorithm

The algorithm involves iteratively solving the equation At the start of the algorithm, an an
initial estimate of the state vector should be provided. A flat initialization is an option where all the
bus voltages are initialized as 1 p.u and all bus angles are initialized as 0. The iterative algorithm is
then carried out as follows:

i. Setting the iteration index k = 0 and initializing the state vector.
ii. Calculation of gain matrix. In this step, the computations that essentially take place are:
e calculation of the measurement function h(xy).

e Building the Jacobian H(xy)
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iii. Calculation of the rigH hand side (RHS) of the equation [2.48]

iv. Solve for Axy 1.
v. Convergence: is abs(Axy1) < tolerance (€)?
vi. If no convergence, update xy1 and go to step .

The state estimation algorithm is shown in the flowchart in figure

] Initialize V, 6 \

—{Compute h(xy), H(Xk)J

[Compute G(xx), RHS of equation MJ

[Compute Axkﬂj

abs(Axg 1) < €?

no
[Xk+1 = Xx + Axk+1j<—

Figure 2.7: Computation steps of state estimation algorithm

2.5 Observability of a network

State estimation can only be carried out on a network if the network is fully observable. A network
is said to be fully observable if the matrix H has full column rank, i.e., rank[H| = n, where n is the
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number of states to be calculated. A necessary condition for observability is that there should be
at least 2n — 1 independent measurements available from the network. If a network is unobserv-

able, then it is made up of observable islands that are seperated by unobservable branches. The
identification of these unobservable branches is described in [38].
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Chapter 3

Study system and measurement setup

This chapter describes the network upon which the implementation of state estimation and further
analysis is carried out. The load modelling used and the modelling of the future scenario is de-
scribed.

The SE algorithm described in the previous chapter is applied to the network described in this
chapter. All further analysis/modifications described in the coming chapters are carried out on
this network itself. A simulation model of a practical medium voltage network of an area in the
Netherlands (MijdrecH) is downsized and anonymized in order to apply the WLS state estimation
and perform analysis. The grid is owned by Stedin B.V., a Dutch distribution grid operator. The
10kV MV grid contains a 50/10kV primary substation. The 50kV node in this substation is used
as the reference/slack node in the simulations. In reality, the toplogy of the MV network keeps
changing due to grid maintenance, protection from faults, component failures and other dispatch
decisions. But it is assumed in this project that the topology of this network is constant. The
schematic view of the network is shown in figure
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Figure 3.1: Network Schematic

Where,
= S 5 0 L L ® is the primary substation with feeder connections going out.
I T B = i
l is a 50kV/10kV transformer in the Primary substation
r.l is a PoC
. is a PoC with degree higher than 2

r'l is a PoC which has more than one bus rail

is a looped feeder, which means that the feeder is energized by 2 sources.

n is a business customer
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3.1 Load and generation present in the network

There are 237 MV Point of Connections (PoCs), among which eigH PoCs are connected to industrial
loads (business customers) and no PoCs are connected with DGs. The others are connected to
household /commercial loads. For each run of the SE algorithm, the loads are generated as described
in section 3.2

3.2 Generating load profiles

At each PoC i where an LV network is connected, the load at the LV side of the MV/LV transformer
is the summation of all the consumption in that LV network (the transformer losses are ignored).
Here, an assumption is made that all the consumers in every LV network are residential customers.
Supposing that at PoC i, there are n; number of households. Then, to simulate the LV load profile
Id; at PoC i, n; household profiles are generated and the summation of the n; profiles gives the LV
load Id;. Both active profiles and reactive profiles are generated so that the LV load active part Id;
and reactive part Id;; are known. Each household active and reactive power profiles are generated
using the open source load profile generator developed using a bottom-up approach in [14]. The
process is briefly explained as follows:

e The flexible loads, Photovoltaic (PV) panels and/or batteries associated to the household are
specified.

e Occupancy profile is obtained by simulating the individual inhabitant behaviour.

e Using the occupancy profile and device power ratings, device usage profiles are generated
based on human interaction requirements of the devices.

The usage profiles of flexible devices are generated using the household configuration.
e By assigning power factors to each of the devices, the reactive power profiles are obtained.

The load profile generator uses the above steps to generate profiles for each household. Further, by
taking input parameters such as:

e Total number of households to simulate (size of neighbourhood)

e Percentage of penetration of new technologies: Heat pump, Combined Heat and Power (CHP),
Electric Vehicles (EVs) and PV.

The household profiles for a scenario with specific percentage of penetration of each type of the
new load/generation devices are simulated.
The flowchart of the process can be seen in the figure
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Specify flexible loads and new loads/generation

[Simulate occupancy profﬂe}

[Simulate device usage profiles}

[Sum device usage profiles to get household consumption profile]

|

Figure 3.2: Computation steps of state estimation algorithm

Approximation applied: In this generator, 7 types of households are considered regarding the
types of families (2 working parents and 2 children or a retired couple, etc.). To save time during the
implementation of the simulations, for each node, 7 households were simulated, one of each type
and scaled to represent the total number of households at that node. At each PoC i where a business
customer is connected, a load with constant active power and reactive power are simulated.

3.3 New technologies load profiles

To include the emerging technologies that are likely to be part of the Netherlands, the study con-
ducted in [39] was consulted. The work first identified the drivers that can influence the future
demand and supply of energy. They are:

i. Government policy: The focus on either a national or an international policy can affect the
future energy dynamics.

ii. Society: A society oriented towards economy or environmental consciousness.
iii. Economic growth of the country.

Three future scenarios of the future energy supply were drafted, where each scenario shows the
choices that are born out of the above drivers. Networking planning is done with the expected
time-horizon of about 25 to 30 years. Since this study was conducted in the year 2011, the predicted
scenarios are for the year 2040. The scenarios are shown in the table 3.1 below:
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Scenario 1

Scenario 2

Scenario 3

- The policies do
not change much

- National policy
- Focus is on sav-

ing energy

- Not much new
technology is in-
cluded

- Global economy
is the lead focus

- High economic
growth
: To cope
with  economic
growth, focus is
on saving energy

Electrification
of mobility and
heating

Policies focus
on local and en-
vironmental en-

hancement
- High economic
growth

Focus is on
saving energy
and efficient
technologies

Inclusion  of
many new tech-
nologies

The effect on electricity supply

Mostly  central-
ized generation

Relatively higher
growth of cen-
tralized genera-
tion but PVs and
CHPs also have
some growth

High increase in
distributed gen-
eration

The effect on electricity demand

Demand growth
around 0.5%, a
few electric ve-
hicles and heat
pumps

Demand growth
around 2%;
comparatively
high number of
heat pumps and
electric vehicles

Demand growth
around 1%;
comparatively
high number of
heat pumps and
electric vehicles

Table 3.1: Possible future energy scenarios in the Netherlands

At present, the Netherlands is working towards the goal of reducing CO, emissions by 49%
compared to the year 1990, by the year 2030 [40]. This has led to the trend of increased incentives
for electrification of heating and transportation [4], [41]. Since this trend is most compatible with
Scenario 2, this scenario is adopted for the project to show future generation. The penetration
percentage of different generations according to [39] is then given by table
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Technology

Photovoltaic Panels

Penetration degree 0.1 mp
Efficiency 20%
Electric Vehicles

Penetration degree 75%
Micro CHPs

Penetration degree 3-6%
Electrical power 1kW
Thermal power 6kW
Heat Pumps

Penetration degree 70%
Compressor power 0.6-0.9kW

Table 3.2: Scenario 2 specifications

The power capacity specifications of the PV generation and Electric vehicle consumption is in-
cluded within the ALPG, modelled based on survey data [42] and load forecasting methods [43].
The heat pumps and CHPs are modelled as constant loads and generators respectively during the
months of September to February. They are all modelled as direct current (DC) technologies. The
generation profiles are modelled as negative load profiles. These are the specifications applied when
generating the future load profiles as explained in

The figure shows the comparison of the present mean active power profile of an example

MYV node connected to an LV network vs the mean active power profile when Scenario 2 is applied.
The dotted line represents that the curves are not continuous but a have resolution of 1-minute.
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Active power consumption profiles
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Figure 3.3: Comparison of active power profiles

The shape of the profile of Scenario 2 (with generation) looks different compared to the present
consumption. This is because of the following reasons:

e The electrified heating increases the overall power consumption.

e The electric vehicles charging during the night raises the power consumption during those
hours.

e The PV generation during the day reduces the power consumption during those hours.
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Chapter 4

Measurement modelling and sensitivity anal-
ysis of the implemented SE algorithm

This chapter explains the modelling of the measurements, and their variances. The result of the SE
algorithm when applied on the grid model and the sensitivity analysis carried out to evaluate the
SE algorithm’s performance is shown.

4.1 Creating loading scenario

All the load data in this project are generated artificially. In order to simulate the measurements,
first load scenarios are generated. A load scenario is generated by creating load profiles at all the
MYV nodes connected to loads. The industrial loads are modelled as constant loads. The load profiles
at the MV nodes connected to LV networks are generated using the artificial load profile generator
(ALPG) as explained in chapter 3l A loading scenario is simulated as described in the sections
below.

4.1.1 Load profile generation
Multiple load profiles of all the loads are generated as follows:

e First all the MV nodes that are connected to loads are identified.

e The industrial loads that are connected to MV nodes are modelled as constant impedances as
shown below:

Ipj, = cpi (4.1)
lei = CQi (42)

Where Ipj, is the active load and [g;; is the reactive load at industrial load connected bus i for a
load scenario j. The cp; and cg; are constant values representing the active and reactive power
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values of the load at that node. Since the industrial loads are assumed to be fixed loads, their
value does not change in different loading scenarios or with time.

The LV networks that are connected to MV nodes comprise of a number of households. Each
household in the LV networks are simulated using the ALPG. The ALPG generates statistical
active and reactive load profiles for a household. The profiles generated represent the house-
hold loads for the duration of one day, at the resolution of 1-minute. By running the ALPG
multiple times, multiple load profiles are generated statistically for each LV network. The
ALPG considers 7 types of households in terms of the number and occupation of the people
within the households. An approximation used to simulate the entire LV network load is
that, for each LV network, 7 households are simulated using the ALPG ( one of each type)
and depending on the size of the LV network, the active/reactive power profile obtained from
the sum of the 7 profiles is scaled up to obtain the load profile representing the LV network.
Figure [4.1| shows an example of the present active power consumption profile of an MV node
connected to an LV network.

Active power consumption profile

40000

A

25000

-
15000

10000

Power consumption in watts (W)

Figure 4.1: Total active power consumption profile of an LV network

4.1.2 Normal distribution fitting

For all the MV nodes connected to LV networks, The clusters of active and reactive load profiles
created as explained in the above section are used to apply normal distribution fitting method.
This creates a normally distributed function for each minute and for each MV node connected to
connected to LV networks. Using these distributions, load scenarios can be generated. The following
steps explain the process of creating the normally distributed function:

e For each LV network (at nth node out of a total of N MV nodes which are connected to LV
networks), multiple profiles are generated and stored in P and Q. For M number of profiles
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generated per load, the matrix P and matrix Q is shown.

Pldy -+~ Pldyy]

P= : (4.3)
Pldyi --- Pl
Qldyy -+ Qldiy |

Q= : (4.4)
Qldnt -+ Qldnm

Where Pld;; is the ith active power load profile and Qld;; is the ith reactive power load profile
for the jth node connected to an LV network.

e For the ith LV network, at every minute in time, a mean and a standard deviation is obtained
from the cluster of profiles for both the active and reactive profiles. This is done using the
pythonic function scipy.stats.norm.fit. This is a function from the scipy library and gives the
normal distribution parameter estimates for generic data.

e These are stored in Fp and Fp.

fri = Np,(pp,, 0p,) (4.5)

fai = Ng,(1a,00,) (4.6)
fm far

Fp=| : |Fg=| : (4.7)
PN OoN

4.1.3 Random sampling to create load scenario

By random sampling from the normal distribution functions fp; and fo; at all the nodes with loads,
a load scenario j is created, with Ip; and g, as the loads profiles of the ith (load connected) node.
These form matrices Lp; and Lp;.

Ipj, loj,

Lpj= | : |Lgj=] : (4.8)
Ipjy laj
where,
Ipj, = randnorm(fp;) 4.9)
lgj, = randnorm(fq;) (4.10)

The function randnorm picks a random sample from the normally distributed function. This is
done using the python function numpy.random.normal which is a function under the numpy library
and draws random samples from a normal (Gaussian) distribution. Thus, the loading scenario is
generated.
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4.2 Creating the measurements from the loading scenario

State estimation algorithm requires the measurement values along with their corresponding mea-
surement variances as inputs. The different types of measurements that can be used in state estima-
tion are real measurements, pseudo measurements and virtual measurements. They are modelled
as explained in the following sections.

4.2.1 True measurements

First, the loading scenario is simulated and using the power flow, the true measurements are formed
as Piyjection = —Lpj and Qinjection = —Lgj. To obtain other true measurements for this loading
scenario, power flow is run using the same network model and the loading scenario. From the
result of the power flow at every minute, branch power flow values and bus voltage magnitudes
in the entire network is obtained. The true system state profile is also obtained, which is Vinag and
Vang.

The process is shown in flowchart

( ALPG ]

P, Q
[Normal distribution fitting}
Fp, Fg

[Random sampling for load scenario ]j

Lpj, Loj

Pi, jections

[ Power flow ]
!

True measurements

injection

Vmag/ Vang/ Pflow/
Qflow/ Pin]'ectian/ Qinjection

Figure 4.2: Flowchart to create load scenario and true measurements

4.2.2 Real measurements

Real measurements are the meter measurements from the different locations in the grid. At the
instant of measurement, the variance of these measurements arise from the variance of the meters,
which is assumed to be 107° [13]. The real measurements are simulated as follows:

Zi = Zirye—i + randnorm(0, U'iz) (4.11)
Here, z; is the measurement at the ith node, z;,_; is the corresponding true measurement and 0'12

is the variance of the measurement. To simulate a measurement profile with a grid measurement
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interval every k minutes, the measurement values and variances at the times of measurement are
given by the meter measurement value and variance itself. At every minute between the times
of measurement, the measurement value remains the same as the latest measured value and the
variance depends on the change in actual value with respect to the latest measured value:

2 _
Uit = Ziy — Ztrue—i; (4.12)

where at the tth minute, the latest time of measurement is ¢1.

4.2.3 Pseudo measurements

At the load nodes with no meters, the power injection values are created using the profiles produced
by ALPG. The have variances equal to the variances of normally distributed functions resulting from
the profiles. They are simulated by sampling from the normal distribution functions shown in
and 4.6t

Pipj—pseudo = —randnorm(fp;) (4.13)

Qinj—pseudo = —randnorm(fo;) (4.14)

4.2.4 Virtual measurements

At the nodes where there are no loads, the bus active and reactive power injection values are 0.
These values can be considered the most accurate and the variance is assigned to be 10~8.

4.2.5 Implementation of the WLS SE on the network

For the network model used, when the SE algorithm is executed using Pjyjection and Qinjection Mea-
surements at all the nodes and V¢ at the slack bus. The SE error in percentage is calculated

as,

_ abs(Vse —V)
error = W -100 (415)

Where Vse = Vsey; + 1 - Vsey, is the state vector calculated by the SE algorithm and V =
Vinag + 1 - Vang is the is the state vector. The error at the buses is plotted in the figure
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Figure 4.3: Effect of distance from slack bus

The figure is obtained running the SE algorithm explained in [2.7|and calculating the error using
the equation The maximum of all the errors at the nodes at a particular distance (number of
hops) from the slack bus is plotted as errory,x. This is done for all the distances in the network to
obtain the figure. The performance of the SE algorithm decreases (error increases) as the distance
between a bus and the slack bus increases. This is because an accurate voltage measurement is
available for the slack bus. The error compounds at each hop away from the slack bus since the
measurement functions actually use the states calculated at the connected buses and there are no
more voltage references available. Having accurate voltage reference measurements at more nodes
at different distances from the slack bus would reduce the error at the nodes farther away from the
slack bus.

4.3 Sensitivity analysis of the SE algorithm

The variance of the input measurements have influence the SE algorithm’s accuracy. Since the vari-
ance of the pseudo-measurements is considerably higher than the variances of the real measure-
ments, the sensitivity of the SE algorithm to the percentage of pseudo-measurements in the input
measurement set is analyzed. Another factor that affects the measurement variance is the mea-
surement interval. A sensitivity analysis is performed by plotting the error profiles for increasing
measurement intervals and the corresponding measurement variances.

The detailed steps to carry out both analyses is explained below:

i. Start the analysis by selecting the parameter, perc (percentage of pseudo measurements) or
time (measurement interval).

ii. If the selected parameter is perc, the range of values against which the error profiles are
calculated range = |[0,25,50,75,100] and reference value for time is k = 5. If the selected
parameter is time, range = [5,15,30] and reference value for perc is p = 0.
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1ii.

iv.

Vi.

Vii.

Viii.

Run the True measurement model shown in 4.2 for every minute of the day.

Using the true measurements Viuag, Pinjection and Qjpjection, the real, virtual and pseudo mea-
surements are created at every minute for grid-measurement intervals at every k minutes and
p percentage of pseudo measurements assigned randomly in the network.

Using the measurements zys, i.e.,, Vmeas;,q, Pmeas;,jection and Qmeas;;jection and virtual
measurements, with their variances represented by vary.;s, run the SE algorithm model as
explained in|2.7|at 1-minute intervals to get the resulting system states Vse;qq, Vseang

Calculation of percentage error as in equation where, Vse = Vsey;, +1- Vseg,, and

V = Vg +1i- Vg

The error profile from each Monte Carlo (MC) simulation (with a total of N MC simulations)
error;, --- errory,,

is stored in matrix Er =

errory, --- errory,,,,
Steps 3-6 are repeated N times (MC simulations) and then the 99th percentile error at every

minute is calculated from Er to get the error profile er. This eliminates the extreme values
which can cause an over-determined system.

Steps 3-7 are repeated for each value in range to get error profiles for the range of parameter
values.

The analyses are represented in the following flowchart:
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4.4 Results of the analyses

After running the sensitivity analysis described above, the error profiles with increasing percentages
of pseudo measurements are shown in this section.

The smart meter variances, in accordance with equation depend on the meter variances at
the time of measurement and increase as the umber of minutes from the time of measurement in-
creases. 100% pseudo measurements is applied by using pseudo measurements for 100% of the
nodes connected to loads. Similarly, the 100% real measurements is applied by using real measure-
ments for 100% of the nodes connected to loads. The measurements used in this section are Piyjection
and Qjy jection Measurements, with the power injection measurements composed of real and pseudo
measurements as per the percentage at the nodes where real measurements are considered.
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4.4.1 Percentage of pseudo-measurements
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Figure 4.5: (a)The measurement variance profile for 0% pseudo measurements. (b) The SE error profile.
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Figure 4.7: (a)The measurement variance profile for 50
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Figure 4.8: (a)The measurement variance profile for 75% pseudo measurements. (b) The SE error profile.
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Figure 4.9: (a)The measurement variance profile for 100% pseudo measurements. (b) The SE error profile.

The figures above show the 1-minute resolution percentage error profiles and their corresponding
measurement variance profiles. The error profiles are obtained by calculating the 99th percentile er-
rors for every minute and the measurement variances are obtained by taking the mean of all power
injection measurement variances in each iteration of the MC simulation and calculating the 99th
percentile to get the corresponding measurement variances. It can be seen that as the percentage
of psuedo-measurements increases, the values of variances increases. Further, at the time of mea-
surement, the variance values increase with increasing values of pseudo measurements because less
number of measurements are dependent on the meter accuracies. The corresponding error profiles
show that the error increases for increasing percentage of pseudo measurements and at the instant
of measurement, the drop in value decreases with increasing percentage of pseudo-measurements.
The maximum error from each percentage pseudo measurement is shown below:
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Figure 4.10: Maximum error for different percentages of pseudo measurements
The figure presents the maximum error values from the error profiles er of the different per-
centages of pseudo measurements. It can be seen that the maximum error increases with increasing
percentage of pseudo measurements.
4.4.2 Measurement intervals

The figures show the 1-minute resolution percentage error profiles and their corresponding mea-
surement variance profiles for different measurement intervals. The error profiles and measurement
variances are obtained in the same manner as for the percentage of pseudo measurement analysis.
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Figure 4.12: (a)The measurement variance profile for 1
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Figure 4.13: (a)The measurement variance profile for 5-minute measurement interval. (b) The SE error profile.

It can be seen that the values of variances increases with the number of minutes past the previous
time of measurement. So, higher measurement variances are reached as the measurement interval
increases. But at the time of measurement, the variance values are not affected because the number
of measurements that are dependent on the meter accuracies do not vary. The corresponding error

profiles show that higher error values are reached as the measurement interval increases but the
error values at the time of measurement are not affected for the same type of measurements.

The maximum error from each time intervals of measurement is shown below:
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Figure 4.14: Maximum error for different time intervals of measurements
The figure presents the maximum error values from the error profiles er of the different mea-

surement intervals. It can be seen that the maximum error increases with increasing measurement
intervals.
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Chapter 5

Measurement configuration

This chapter presents the algorithm developed to determine the measurement configuration. The
steps of the algorithm, the measurement configuration and the resulting error profile are shown.

The objective of the project is to devise a measurement configuration for the grid-measurements
such that the accuracy of the SE algorithm is acceptable at every instant of time. The measurement
configuration consists of two parts:

i. The locations of meters, which relates to the number of meters to be installed
ii. The measurement intervals

In order to determine the suitable measurement configuration, an algorithm was developed that
locates the additional grid nodes for the meter placement and the measurement intervals for all the
measurements.

The algorithm has two parts:
e Determining the locations to place the meters

e Determining the measurement intervals

5.1 Locations of meters

To determine the locations of meters, first the grid nodes with existing meters are identified. Then,
the grid nodes that are connected to a high number of branches are identified. These nodes are
chosen for the installation of the new meters, as adopted in [21]]. Since these nodes are connected
to a high number of other nodes, they are more important for the grid operators to monitor. The
minimum node degree that should be considered for this is deemed to be a user input to be decided
by the operator. In the case presented in this chapter, a minimum degree of five is chosen.

Once existing metered nodes and the important nodes are identified, a minimum number of nodes
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are selected such that full observability is achieved from the meter measurements. Starting from
the main substation and taking into account the previously identified nodes, the meters are placed
at the MV node at every fourth hop from the previously identified MV node. At each node #,
connected to nodes o and p, the active and reactive power flow measurements P ;y,(110), Q 101, (10),
Priow(np), Qfow(np) and voltage magnitudes Vi,g(n) are metered. Apart from this, at the MV
nodes at every second hop from the previously identified MV node, active and reactive power flow
measurements Py, (1), Q1 (Im) and voltage magnitudes Vyuqq(l) are metered using low cost
meters at the node [ at the LV side of the MV/LV transformer connected to MV node m. The
variance of the meters is assumed to be 10e — 5, as adopted for the meters installed by DSOs in
[13]. This offers full observability of the grid from the least possible number of meters as there
are exactly 8 measurements for every 4 nodes. The advantage of this meter placement is that there
are no pseudo-measurements required. Further, at the node at the MV side of the transformer
connected to [, since we know that the power injection values are zero, they are modelled as virtual
measurements with high accuracy. This facilitates in reducing the overall variance of the input
measurements and so improves the overall accuracy of the SE algorithm. This meter placement
configuration is shown in the figure below:
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Figure 5.1: Placement of meters: Metered MV nodes are represented in orange and metered LV nodes are represented in
red

5.2 Measurement intervals

Once the locations are established, the first iteration starts with the measurement interval of 1-hour.
In each iteration, a Monte Carlo simulation is performed as in the sensitivity analysis. From these
Monte Carlo simulations, the 99th percentile error at every minute is selected to form the error
profile. This eliminates the extreme values which can cause an over-determined system. Then, the
error profile is compared with the user defined error threshold. This threshold can vary depending
on the application that the DSO is considering. In the case presented in this chapter, a threshold
of 1% is used. The end of every time-section where the error violates the error value threshold
and error time threshold is chosen as a new measurement time. These iterations are repeated until
the accuracy constraint is satisfied. This leads to a measurement configuration that has dynamic
intervals throughout the day.
The configuration is built as shown in the figure
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The error profile after the first MC simulation, i.e., with 60-minute measurement interval is seen
in figure [5.3 below.
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Figure 5.3: Error profile after the first MC simulation

This is the 99th percentile error profile er extracted calculated based on the matrix Er (as ex-
plained in the previous chapter). At the time of measurement, i.e., every every lst minute of the
hour, the measurement value is the meter measurement at that time and the variance of each mea-
surements is the meter variance. But at all other time instants (minutes 2 to 60 of each hour), the
measurement value is the same value as that of the previously measured time instant (every 1st
minute of the hour). The variance increases as the number of minutes counting from the measured
time instant after which the SE algorithm is executed increases. Since the error profile is dependent
on the variance profile, as seen in the result of the sensitivity analysis with respect to measurement
intervals (in the previous chapter), the error also increases as the number of minutes counting from
the measured time instant after which the SE algorithm is executed increases.

Further, the error is higher during the hours of the day when the load profiles have higher
variances.

After each MC simulation, the 99th percentile error profile is calculated and compared to the
threshold and the algorithm runs until the error profile er is less than the threshold of 1% at every
minute. This is shown in the figure
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Figure 5.5: The number of measurements in each hour after the algorithm stops
It can be seen that the measurement intervals for every hour of the day are not fixed intervals but

they are more concentrated around in the hours of the day corresponding to higher load variance

compared to the hours corresponding to lower load variance.
In this way, a measurement configuration is determined with the meter placement locations and

the measurement intervals as described above.



Chapter 6

Conclusions

This chapter has the most important conclusions obtained through this project and the the answers
to the research questions presented in chapter 1.

In this project a WLS state estimation algorithm was applied to a reduced model of an MV
network of 10kV. The performance of the SE algorithm was analyzed and a new measurement
configuration was developed considers meter placement such that no pseudo measurements are
needed. The intervals of measurement are identified hourly such that the error of the SE algorithm
is below the chosen limit of 1% at all times.

Through this work, the following conclusions are drawn:

o Load profile variance with new technologies: The future scenario explored shows a different aver-
age load profile compared to the present case. Overall, the variance of the load profiles in the
future is likely to be higher than the variance of the present load profiles due to the inclusion
of new technologies, i.e., EVs, PVs, heat pumps and CHPs. Due to high penetration of EVs
and PVs, compared to the present profiles, the load profiles have a very high variance during
certain hours in the morning and in the evening. This is because the presence of the PVs
reduces the consumption during the day and the EVs increase the consumption during the
evenings and the night. This combined effect shows a higher variance during the transitional
time.

e State estimation algorithm performance in the network It is seen that when the algorithm is applied
to the network model, the accuracy of the state estimation algorithm is not the same at all the
buses in the network. This is due to the availability of the voltage measurement that is most
accurate at the slack bus. So, the state estimation algorithm result is most accurate at the slack
bus. As the distance between the nodes slack bus ( hence the most accurate measurement)
increases, the error of the resulting state estimates increases. The accuracy at the farther nodes
can be increased by introducing voltage measurements with higher accuracy at buses at a few
different distances from the slack bus.

o Performance evaluation of the state estimation algorithm The state estimation algorithm’s perfor-
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mance is evaluated with respect to two parameters that introduce higher variance in the mea-
surements. The parameters are, percentage of pseudo measurements in the grid and the
measurement interval. It is seen that the higher the percentage of pseudo measurements in
the grid, the higher the error. This is because pseudo measurements are characterized by
higher variance compared to the real and virtual measurements.

The measurement interval affects the accuracy of the SE algorithm because, the variance of the
measurements increases as the time instant from the time of measurement increases.

o Measurement placement algorithm A new algorithm is proposed to identify the locations for me-

ter placement and the measurement intervals. The meter placement is chosen such that there
is no need for pseudo measurements in the grid, hence reducing the measurement variance.
The measurement intervals are dynamic throughout the day and the density of measurements
ends up being higher during the high variance hours. This reduces the error of the state
estimation algorithm such that the error is always under a chosen limit.

In this way, a state estimation algorithm is implemented and analyzed for an MV network and
a measurement placement algorithm is developed to improve the accuracy the state estimation
algorithm.

Through this project, the answers to the research questions posed in Chapter 1 are obtained and
are explained below:

i.

ii.

ii.

What modifications should be done to the existing grid model to simulate future grid with increased
distributed generation and new technologies?

In order to simulate the future grid, the likely future scenario for the year 2040 predicted in the
research [39] is adopted. The technologies and demand growth is simulated as determined in
that research. The technologies are simulated according to the penetration percentages in each
of the existing LV networks in the network model. They are, PV generation, CHPs, heat pumps
and electric vehicles. They are considered as DC technologies and generation is modelled as
negative loads. Normal distribution fitting is used to represent the distribution of the final
load profiles that include the technologies. This gives the normally distributed function of the
profiles for each LV network for every minute and the loading scenarios can be sampled from
these functions.

Which is the SE algorithm that is suitable to be applied for Stedin’s network?
Static SE is considered and so, based on the popularity suitability as validated in research [18]
to MV networks, the WLS SE algorithm is chosen.

How does the result of state estimation algorithm degrade with the influence of measurement parame-
ters?

The SE algorithm depends on the variances of the measurements. When there are real mea-
surements in the input measurement set, at the time of measurement, the error is lower and
increases as the number of minutes from the previous time of measurement increases. The
error values increase with the increasing percentage of pseudo-measurements in the measure-
ment set and with the increasing measurement intervals.
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iv. What is the suitable configuration of additional grid measurements for accurate state estimation?
The meter placement locations determined are as follows:

e The important medium voltage nodes that are connected to high number of nodes.

e Starting from the main substation and taking into account the previously established
meters, at every fourth hop (of MV nodes) from the previous location.

e Low voltage node of the MV-LV transformer at every 2nd MV node from the previously
established locations.

The measurements taken at the MV nodes are the voltage magnitude at the nodes and the
branch power flows (Active and reactive) for each branch connected to the node. The mea-
surements taken at the LV nodes are the voltage magnitude at the nodes and the branch power
flows (Active and reactive) at the low voltage side of the transformer. The measurement inter-
val resulting is not fixed, but have higher number of measurements during the hours of the
day with higher measurement variance and lower number of measurements during the hours
of the day with lower measurement variance. Such a configuration of the measurements has
been determined using the algorithm presented in the chapter
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Appendix A

A brief guide to using TU Delft's HPC clus-
ter

HPC (High Performance Computing) is a cluster of Linux servers (computers) which offers a high
processing power and memory. It is essentially a supercomputing service. It was useful for my
thesis to Monte Carlo simulations. The main advantage of HPC was that it allowed me to run
multiple scripts at once. Also, it was faster than my computer.

A.1 How to use the HPC cluster

e In order to use the cluster, access has to be requested from the ICT department, who manage
the cluster. I contacted FPJ. (Frans) Broos - Facultair ICT manager EWI, TBM, DEMO, CRE.
Once access is given, TU Delft Net ID can be used for login.

e To connect from your computer to the server, SSH or Secure SHell network protocol is used.
For windows, the software PuTTY can be installed in order to login and execute commands.
The software FileZilla can be installed for file transfer between your computer and the server.

e A short overview of frequently used commands in the PuTTY environment:

— Is -1: returns all files in specific folder
- cd <foldername> : move to the specific folder
- cat <filename> : opens filename

— dos2unix <jobname> : converts job file format from dos2unix (this was needed for me
because I was using Windows operating system.

- sbtach <jobname> : submits the job to the queue. When the requested amount of re-
sources become available, the job will run automatically. Every submitted job generates
ajobid
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- seff <job id> : returns the status of the job, memory used, time used and efficiency
information.

- Note that copy-paste happens with right mouse clicks, not with ctrl-c/ctrl-v

o After writing your Python code, transfer all the files needed to folders in your HPC working
space using Filezilla.

e An HPC code (this is the job file) needs to be written that tells the cluster what resources and
services are needed.

e Once the job starts running, a file called ‘slurm-<job id>.out’ is generated in the same folder
where the job file is present. This file shows the printed outputs from the job and error
messages. Alternatively, they can also be seen by typing ‘cat slurm-<job id>.out’.

o If there are any generated output files from your python script, they can be seen in the same
folder where the python script is present and can be transferred to your own PC.

A.2 Example of an HPC code

Following is an example of an HPC code. The comments are shown in italics.

#!/bin/sh This line is mandatory

#sbatch —partition=general The default partition is the ‘general” partition

#sbatch —qos=short The default Quality of Service is the 'short’ QoS (maximum run time: 4 hours)
#sbatch —time=00:10:00 The maximum running time of the script.

#sbatch —ntasks=2 The default number of parallel tasks per job is 1

#sbatch —cpus-per-task=10 Request 1 CPU per active thread of your program (assumes 1 unless you specif-
ically set this)

#sbatch —mem-per-cpu=200 The default memory per node is 1024 megabytes (1GB) (for multiple tasks,
specify —mem-per-cpu instead)

#sbatch —mail-type=END Set mail type to 'END’ to receive a mail when the job finishes (with usage statis-
tics)

Your job commands go below here:

python3 $SHOME/ <folder name>/pythonscriptl.py

python3 $SHOME/ <folder name>/pythonscript2.py
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Appendix B

Load estimation procedure used at Stedin

Stedin uses the Distribution Management System (DMS) to monitor, analyze and remotely operate
its networks. Performing the power flow calculation is one of its functions. But, since there is
essentially no information available from the SCADA system about most of the network, the DMS
performs load estimation to assign load values to the nodes, thus creating its own measurements.
This enables it to run the power flow.

The DMS load estimation procedure is also called “Bus Load Allocation” (BLA). It allocates the
active and reactive values of the complex loads at the nodes without telemetering and where loads
exist. The BLA function ensures consistency between allocated and metered loads.

The load estimation method used is the Bus Load Allocation (BLA)method. This method essentially
scales the loads so that they are consistent with the available real-time measurements.

The method uses real-time measurements from SCADA and predefined customer information to
scale the loads. The value at a given time is obtained by multiplying the nominal load by a scaling
factor. The scaling factor reflects the energy usage at a specific time. The allocation procedure
requires minimum iterations in the power flow to maximize performance.

Load model data is used for load allocation. This takes into account factors like the type of the day,
the time, feeder loads ( actual or predicted), etc. The BLA function makes sure that the load model
is consistent with metered flows, current breaker statuses, and metered loads along the distribution
feeders.

The input data for the BLA procedure is taken from another function called the Network Topology
Processor (NTP) and the distribution system model. The NTP determines the substation and feeder
connectivity. The system model provides load data like the typical load shapes.

The BLA algorithm performs the following two major tasks:

e Forms measurement islands and performs measurement validation.

e Allocates loads
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B.1 Forming Measurement Islands and Measurement Validation

Where analog measurement group is the set of analog measurements at one location in the net-
work. This excludes the voltage measurements, which can be in a different location but with zero
impedance between voltage measurement location and the flow measurement location.

A measurement island is a group of components bounded by one or more analog measurement
groups. It is technically bounded by downstream measurement islands, reference bus interface ob-
jects, upstream measurement islands, or feeder and lateral ends. The non-telemetered loads inside
of a measurement island are scaled up or down.

B.2 Load Allocation

After successfully forming a valid measurement island containing loads, the loads are scaled such
that the total load values match the island net load. The net load is calculated from the effective
active and reactive power, or apparent power measurement values.
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