Meter Placement for State Estimation in
distribution network

Sattama Datta







Meter Placement for State
Estimation 1n distribution networks

by
Sattama Datta

to obtain the degree of Master of Science

In

Electrical Engineering

at the Delft University of Technology,
to be defended publicly on Tuesday November 29, 2022 at 11:00 AM.

Student number: 5378788
Project duration: November 29, 2021 — November 29, 2022
Company Supervisors: Dr. Yu(Tony) Xiang, Alliander
Peter Salemink, Alliander
Thesis committee: Prof. dr. ir. Jose. Rueda Torres, TU Delft, Committee Chair
Prof. dr. ir. Jochen. Cremer, TU Delft, Responsible Supervisor

Prof. dr. ir. Mohamad Ghaffarian Nisar, TU Delft, Graduation Committee

An electronic version of this thesis is available at http: //repository.tudelft.nl/.

]
TUDelft aLtiander



http://repository.tudelft.nl/




Abstract

With the increasing environmental concerns, the world is moving towards rapid decar-
bonization, and to meet the growing energy demand, more renewable energy sources like
solar, Wind are getting added to the existing Distribution grid. The addition of new loads
like Electric vehicles (EV), Heat pumps, etc. is putting additional pressure on the grid lead-
ing to some technical problems. Due to this, it is important to have real-time monitor-
ing of the system by the Distribution System Operators(DSO)s which can be obtained by
performing the State Estimation. The Distribution System State Estimation along with the

state estimator has been discussed in the literature.

However, the accuracy of the state estimation is highly affected by the absence of real
measurements from the meter and the presence of high-variance pseudo measurements.
But due to the cost factor, it is practically not possible to install meters at every node. To
reduce the state estimation error, a new meter placement strategy has been proposed in
this project with the help of open-source software called Power Grid Model, devolved by

the Dutch DSO Alliander for performing steady state analysis of the network.

The work presented in this project includes a sensitivity analysis of the proposed meter
placement algorithm which is applied to a test MV distribution network in the Netherlands
for the different sample sizes of the load profile as well as the standard deviation of the
pseudo measurements. The application of the meter placement algorithm results in a sub-
sequent reduction of the state estimation error. To find a suitable number of meters that
can be placed in the network, three-meter placement criteria have been proposed and ap-

plied to the test network.

The results show the effectiveness of the proposed meter placement algorithm for the
determination of a suitable path as well as the number of meters that can be placed in the
distribution network. This is important for the grid operators as it will help them to make

decisions for the proper maintenance and operation of the grid.
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Introduction

Over a few decades, there is an incentivized rapid decarbonization of electric power gener-
ation due to increasing environmental concerns like climate change, high concentrations
of greenhouse gas, etc. To reduce carbon emission, the penetration of Distributed Energy
Resources(DER) has increased and will continue its growth in the coming years [3]. In the
Netherlands, 84% of the electricity demand is fulfilled by utilizing natural gas and coal com-
bustion while the remaining part of the demand is supplied by the solar PV, wind turbines,

etc.

The excessive combustion of fossil fuels is increasing the CO, concentration in the
atmosphere([4]. To address this issue, the Dutch government announced a paradigm shift:
an initiative to integrate more renewable energy sources into the grid to meet the rising
demand for energy. It has been expected that by 2050, over 85 percent of total energy will
be generated using renewable energy sources such as solar, wind, and green hydrogen|5]

as shown in the figure 1.1.

But this transition of energy demands expansion of the existing power grid as the in-
tegration of large projects requires additional networks[6]. Moreover, the addition of Heat
Pumps(HPs) and Electric Vehicles are increasing the stress on the power system grids caus-
ing over-voltage problems, power quality issues, and power loss. Due to this, the Dutch
Distribution System Operators(DSOs) are facing various challenges in maintaining the sta-
bility and reliability of the grid[7].
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Figure 1.1: The Energy trend of Renewable Energy Sources[1]

1.1. Problem Definition

Future renewable energy integration in distribution systems is increasing with the grow-
ing demand for energy. A huge amount of PV, electric cars, Heat pumps, and penetration
of RESs in the medium voltage grid, which is almost 40,000km long, is creating immense
pressure on the grid leading to some technical problems like congestion, power loss, over-
voltage, stability issues, etc. The main reason is the low inertia and the production of in-
termittent and variable power by the RES [8]. The congestion management of the network
requires accurate ideas and awareness about the actual state of the network which can be
obtained by State Estimation(SE).

State estimation is a digital processing scheme which is used for determining the real-
time scenario of an electrical network by considering many central control and dispatch
functions in a power system|[9]. This is based on the mathematical relationships between
the variables that represent the state of the system and the results of the system’s measure-
ments by removing inaccuracies and errors from measurement data. For a transmission
system, it is quite easier to estimate the state compared to a distribution network. In a dis-
tribution system, the topology, operation, and number of measurement units are very lim-

ited compared to a transmission network where the real-time information of the line flows,
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voltage, etc. are readily available [10]. The EMS/supervisory control and data acquisition
(SCADA) system is used to receive a standard set of measurements from the meters which
are typically the bus voltage magnitude, branch flow, the angles of the network, etc. As
compared to SCADA, Phasor Measurement Units (PMUs) are used intensively to get a syn-
chronously controlled power system with high accuracy. They provide the measurements
of the voltage phasors of a particular node and current phasors for all or some branches of
the adjacent node with high accuracy[11]. Any inaccuracies in measured values can lead to
measurement errors, resulting in incorrect estimation of the current state. So it is necessary

to gather real-time measurements along with the pseudo-measurement at the substation.

Pseudo-measurements are the historical data of the loads which have high variance.
Hence, the results of the state estimation will have low accuracy and cannot be used in
the substation. It is thus important to include additional measuring units in the network
for a higher accuracy [12]. But placing the meter at each and every node of a distribution
network is practically impossible and also cost ineffective. So, it is important to use min-
imal measuring units in the network and get the maximum accuracy for the SE method
with lesser error variance by employing a suitable meter placement strategy to obtain the

optimal number, locations, and measurement intervals for the additional measurements.

1.2. Literature Review

In recent times, the pressure on the distribution network is increasing due to the expansion
of the Distributed energy sources(DER) along with the volatility of the load. Because of this,
it has undergone extensive infrastructural development to accommodate the new loads
which are getting added. To maintain the operational efficiency of the network, efficient
monitoring of the network is required. The precise knowledge of the states of the system
can be obtained by using State estimation which is the heart of the Distributed Manage-
ment System(DMS). However, obtaining higher accuracy in the SE is challenging due to the
unavailability of the actual measurement of the network. In most cases, the observability
of the system is achieved using pseudo measurements that have a high variance. In the
transmission system, meters are placed to improve the observability of the network while
in the distribution network, the network can be observable with the use of pseudo mea-
surements, but the main goal is the reduce the error of the state estimation. The accuracy
of the DSSE can be improved by placing meters in every node which is not an effective so-
lution from an economic point of view. So it is important to investigate the way to achieve

the optimal solution for the placement of the meters.

In the paper, [13], the meter placement has been formulated on the basis of optimal ex-
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perimental approach(OED) using the M-optimality criteria which assures full observability
and improved accuracy of SE. The main objective is to minimize the worst-case error vari-
ance occurring among all the states. A mixed integer semi-definite programming(MISDP)
model is developed which optimally replaces the existing meters in the network with a
more precise one. The concept of MISDP has also been used in the paper[14] to improve
the DSE accuracy by minimizing the worst-case coordinate error variance of the estimated
state by placing Distribution -level phasor measurement units(D-PMU) in the network. A
circuit representation model based on the matrix formulation has been proposed in the
paper [15] to represent the error of SE. The optimal meter placement has been converted
from mixed integer nonlinear programming(MINLP) to a mixed integer linear program-
ming(MILP) problem using the disjunctive model. The MILP formulation of [15] has been
extended in this paper[16] so as to deal with the load volatility due to the Distributed En-
ergy Resources(DER) in low observability of the distribution network. The impact of load
volatility has been reduced by solving the meter placement problem by considering the un-

certainty of multiple loads and different DER profile scenarios.

In another paper|[17], to address the meter placement problem, the probabilistic method
has been adopted based on Monte Carlo simulations. The relative errors in the voltage and
angles have been reduced and kept below some predefined threshold, for 95% of the cases.
Using the two-sided Chebyshev inequality, the meter placement problem is simplified by
converting it into a probability-bound reduction problem. The proposed algorithm in [18]
improves the method mentioned in the paper [17] by providing a smaller set of locations
of the meters and also achieves the reduction of voltage and angle error with the same
threshold value of 95%. Using stochastic optimization, the algorithm can solve the fea-
sibility problem in the previous method and provide a solution with a possible improved
probability threshold. Also, it considers the exact calculation of the relative error rather
than the Chebychev approximation bounds. Furthermore, a probabilistic theory called the
Ordinal Optimization(OO) used by this algorithm reduces computing work without com-

promising the effectiveness of the solution.

A stochastic meter placement algorithm has been developed in this paper [19] which
mainly focuses on reducing the errors of the voltage magnitude while keeping the num-
ber of meters as minimum as possible. Other than the error reduction, the algorithm also
focuses on improving the robustness of the state estimation. Here, the algorithm uses the
scaling property of the singular values derived from a matrix’s singular value decomposi-
tion to facilitate computation in a more efficient manner. The paper [20] focuses on placing

the measurement units for increasing the observability of the Distribution Network and the
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SE accuracy in the presence of DGs, Zero injection Buses(ZIBs), and tie-switches. An op-
timization problem has been formulated in order to minimize the marginal cost, which is

solved using integer linear programming(ILP).

In this paper[21], a new method has been proposed that places the metering devices
until it is possible to determine if the estimated parameters are within their constraints un-
der normal operating conditions, or if a predefined minimum accuracy is achieved. The
parameters which are within proximity or outside their constraints are monitored closely
instead of those parameters which are not in proximity to their constraints. This method

reduces the number of metering devices in the network while maintaining the SE accuracy.

In the previous methods, the author has considered comprehensive algorithms to ad-
dress the meter placement problem. In this [22], the heuristic optimization technique is
used for the optimal meter placement problem with the aim of obtaining a distribution sys-
tem that is observable with established accuracy and minimum cost. A Distribution State
Estimation algorithm is formulated where the input data are the pseudo measurements.
But these measurements have errors which is giving an inaccurate SE. To overcome the
change in load demand, uncertainty of the measurement devices, tolerances, etc, a Monte
Carlo simulation is done. The author of [23] described a method of meter placement by se-
quentially eliminating the meters one after another until the constraint set for the quantity

of interest is violated.

The existing methods focus on determining the optimal and sub-optimal placement
of meters to improve the accuracy of SE when a fixed load profile or a Distributed Energy
Resource(DER) is connected. But when the load profile changes randomly every time and
also major loads are connected to the network, then it affects the placement of the meter
thus affecting the SE accuracy. In this project, a heuristic meter placement algorithm is
proposed which considers the effect of the load variability as well as the effect of the im-
portant load connected to a node and provides a suitable solution to the meter placement

problem.

1.3. Objective

The Dutch DSO, Alliander is facing power quality and other grid-related issues due to the
presence of limited measuring units in the medium voltage grid. The only measurement
available for them is the current measurements which cannot provide the direction of power
flow in the grid. So it is necessary to install enough measuring units in the network. But it’s

practically impossible to install them on every bus. So the objective of this project is to
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investigate an approach for placing the meters in the existing grid considering the various
placement locations. The placement of the meters should have the objective of minimizing
the error variance of the neighboring nodal points.

As a part of the project, the questions that are needed to be answered are as follows:

* How to place the meters in the existing Distribution Grid to reduce the error of the

estimating state?

* What will be the nature of the error variance after performing State Estimation on the

grid using a different number of load profiles?

* What will be a suitable location for placing the meter considering the deviation in the

values obtained after performing the SE?

1.4. Methodology

As a part of the project, Python programming language is used along with Alliander’s in-
house power system analysis algorithm called Power Grid Model which includes Linear

Power Flow calculation and Linear Weighted Least Square(WLS) State Estimation.

* Scope of the Thesis

The project’s first and most important phase is to determine the research outcomes

while keeping in mind the questions that will be investigated.

¢ Literature Review

After determining the scope of the thesis, the Literature review is done to find the var-
ious meter placement strategies using the state estimation for the distribution net-
work. This gives a clear idea of the concepts and helps to decide a possible solution

for the problem.

* Designing the Test bed

A certain grid is considered for the study and the corresponding equipment and topo-
logical information has been provided by Alliander. A time series data of the load
profiles in the form of CSV of that area has been considered. To realize the data in a
certain format, pivoting the received data frame has been done. Using the concept
of Monte Carlo simulation, certain samples of load data have been extracted. These
measurements are the real measurements of the network. Other than these, fore-
casted load profiles are considered which are the pseudo-measurements for each of

the substations.
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* Implementation of the Algorithm

Power Grid Model which is the in-house algorithm of Alliander is used to perform the
power flow analysis as well as the state estimation. The result of the load flow analysis
provides the simulated state of the grid. The measurements obtained from the load
flow analysis are further used for performing the State Estimation of the network by

considering the sensors’ error using Python scripting.

* Sensitivity Analysis

The results obtained from the previous steps are further considered by creating var-
ious scenarios and the effects are studied to obtain a suitable result for the meter

placement problem.

¢ Conclusion

The obtained results are assessed in light of the stated study topics, and potential

future directions are discussed.

1.5. Thesis Outline

Chapter 1 provides an introduction to the project. The background and the objective of the

research have been described along with an approach to attain the desired result.

Chapter 2 describes the algorithm along with the mathematical formulation that has

been used for the state estimator.

Chapter 3 describes the setup of the sample network along with different methodolo-
gies used for further analysis of the meter placement problem. The approach considered
for determining the location of the meters in the network has also been explained in this

chapter.

Chapter 4 discusses the various assumptions and considerations with a detailed analy-

sis and explanation of the results of the different case studies along with the plots.

Chapter 5 has the important conclusions, limitations of the project, and recommenda-

tions for future research work.






State Estimation in the Distribution System

Energy demand is increasing due to rapid population growth, economic development, and
technological innovation. The energy industry has seen massive growth in energy con-
sumption since the early 1950s. This results in the current network being expanded, which
increases its complexity. The idea of prosumers is emerging, where people are urged to
install inexpensive renewable energy sources in their homes to meet the demand and re-
duce CO; emission. It can be concluded that the energy grid is getting vulnerable and need
continuous observation and monitoring to keep it reliable. In addition to the High voltage
(HV) Transmission grid, improvements must be made to the distribution network, which
comprises the Medium voltage (MV) and Low voltage (LV) distribution grids as the new
facilities and information directly influence them. So, the automatic operation of the LV
and MV grid is required which can be achieved by improving the Distributed Management

system (DMS) with digitalized grid schematic and advanced measurement infrastructure.

The DMS can be made more effective by improving the state estimator as it provides the
steady state condition of the grid based on the available measurements. But in a distribu-
tion system, the amount of measuring units is less compared to the nodes. So it is neither
practical nor economically justified to have a power system with measuring units/meters
at each and every node. Thus, to have real-time monitoring of the system, Distribution Sys-
tem State Estimation (DSSE) is performed that yields a set of state variables to provide the
state of the system. Moreover, due to the lack of real measurements in the system, pseudo-
measurements are used which are necessary for the convergence of the SE algorithm [24].
But due to the high variance in the value of the pseudo-measurements, the accuracy of a
few of the State Estimators like Weighted Least Square (WLS) is affected and can provide
uncertainties in the DSSE calculation [25]. The potential applications of the DSSE in the
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control and management of a distribution network are shown in 2.1.

Network Real Time Pseudo
Topology Measurements Measurements

Distribution
system state
estimation

Off-line
Applications

Real Time
Applications

Load Behavior
analysis
Statistical
information

o Voltage Control
o  Optimal Power flow
o Fault Management

Figure 2.1: Application Of DSSE

In this Chapter, the factors affecting the Distribution System State Estimation (DSSE) is
discussed followed by one of the commonly used DSSE algorithm - Weighted Least Square
(WLS) method.

2.1. Distribution System State Estimation(DSSE)

SE was introduced by Fred Schweppe, who defined the vectors of voltage magnitude and
phase angles at buses as the state of the network. For many years, SE has been applied in
Transmission systems, but it’s challenging to use the same concept on the Distribution Net-
work [26]. A few of the reasons which affect the SE in the distribution system are explained

below:

* Low X/R ratio : In the Distribution network, the ratio of X/R is quite low and some-
times becomes unity due to the physical characteristics of the lines. Due to this, the
simplification of SE in the transmission system becomes impossible to apply in the

distribution system [27].

* Unavailability of Measuring devices : The distribution system is highly unobserv-
able compared to the transmission system as the number of measuring devices is

very small compared to the huge size of the distribution network. For estimation,
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pseudo-measurements are used but due to the lack of redundancy, it compromises

the robustness of the estimator [28].

* Unbalanced Operation : The distribution network is getting unbalanced due to the
high penetration of Distributed generators(DGs) in the system. Due to this, there is a
widespread of non-symmetrical loads. So the estimator for this network is developed
based on the three-phase model as the single-phase equivalent scheme cannot be

applied for system analysis.

* Radial and Weakly Meshed Topology : A typical distribution network follows a radial
or a meshed topology and because of this, the branch current can be considered as
a state variable. So there is a high possibility to formulate a linear state estimation

problem based on the current magnitude and power measurements[29].

2.2. DSSE techniques

Based on the temporal evolution of the measurements, state variables, and the type of
loads, the DSSE can be broadly classified into two categories - Static DSSE and Dynamic
DSSE.

2.2.1. Static DSSE

A static state of a system can be defined by a set of phasors representing the magnitude of
the voltage and angles at all the buses. In a static SE, the system’s performance is moni-
tored under normal conditions, when the system is in a quasi-steady state and respond-
ing to gradually changing network load and generation[30]. Different estimators such as
Weighted Least Square (WLS), Weighted Least Absolute Value(WLAV), and Schweppe Hu-
ber Generalized M (SHGM), are used to reduce the residual vector which is the error vector.
The WLS estimator reduces the weighted sum of the square of the residuals. A more de-
tailed explanation is provided in the later part of the chapter. The WLAV method is consid-
ered to be more robust than the WLS method in terms of handling bad data. The estimator
fails to handle the bad data when leverage measurements are present in the system. Be-
cause of their location, measurements that have a disproportionately large impact on state
estimate are known as leverage measurements[31]. The vulnerability of the leverage mea-

surement can be handled by using the Schweppe Huber Generalized M(SHGM) estimator.

2.2.2. Dynamic DSSE

With the increasing penetration of the DERs, complex load, and new demand response, the

power system is getting dynamic in nature. For example, the intermittent changes in the
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DERs will cause a sudden increase in the voltage phasor which will cause a change in the
generator variables. Due to this, the concept used for Static SE (SSE) becomes question-
able, as it is unable to capture these dynamics of the system. One of the reasons is the use
of SCADA instead of PMU. As a result, it’s important to reassess the SSE concepts by im-
proving and enhancing the monitoring tools. [32].

To capture the dynamic nature and to get the status of the network, Dynamic State Estima-

Mathematical | Model Parameter _ State State
Model o Identification ~| Prediction Filtering

Figure 2.2: Steps involved in DSE [2]

tion is introduced, a recursive estimation method, which considers the state of the network
based on the time and tracks the system under normal operation. This technique is also
called Forecasting-Aided SE (FASE) as this approach comes with a forecasting component
by default, which can assist in providing the system with monitoring that is almost real-

time. 2.2 shows the steps involved in the DSE method.

As a part of this project, the Static SE has been assumed and chosen instead of the Dy-
namic SE. The state estimator used here is an in-house algorithm of Alliander, known as
the Power Grid Model, which has been developed using the concept of the Linear WLS
method. In the preceding sections, the Linear WLS method has been explained followed by
the conventional method of SE i.e. Weighted Least Square(WLS) method.

2.3. Linear Weighted Least Square Estimator

SE techniques are used in the distribution system to have knowledge of the current state of
the network based on a set of measurements. The measurements obtained from the grid
have inaccuracies due to meter errors. SE can be expressed by the following measurement

model:
Zz=hXx)+e 2.1

where

z is the vector of the available measurements(can be virtual, real and pseudo)

h is the vector of the different non-linear measurement functions like power, voltage, and
current measurements

x is defined as the state variables vector of the system

e is the measurement error vector.
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The measurement vector zis linearly related to the vector X representing the state variables
n=2N -1, N representing the N-bus network. The relationship between the state variables

and measurements can be represented by a linear equation:

z=HX+e 2.2)

2.3.1. Linearization of the Physical Measurements

In a Linear WLS, it is important that the measurements used are linear in nature which
is only possible if all the measurements are from the PMUs. So the measurements which
are traditionally obtained from the Relay, CT and PT, etc. are needed to be linearized be-
fore using them for the linear WLS. The possible measurements are the bus voltages, and

shunt/branch power flows which have been explained in the following subsections.

Bus Voltage
The linear WLS requires the voltage phasor to incorporate the phase angle. The angle shift
is assumed to be zero plus the intrinsic phase shift of transformers as there is a relatively
small phase shift in the distribution grid. The voltage magnitude of the bus considering the
voltage phasor is given below:

U, =U;-el 2.3)

where
iis referred to the bus.

0; is the intrinsic transformer phase shift between the reference bus and bus i.

Shunt/Branch Power Flow

Complex current phasors are needed for the linear WLS. To do this translation, the voltage
at the terminal should also be measured; alternatively, a rough estimate can be made us-
ing the nominal voltage with zero angles. The current phasor equation with the measured

voltage phasor is shown in the below equation:
I=(S/U)” (2.4)

where
U is either the measured voltage magnitude at the bus or assumed unity magnitude, with

the intrinsic phase shift.

The above Equation 2.4 is applicable for Bus Power Injection where the nominal voltage

with zero angles can be used as an estimation when the bus voltage is not measured.
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2.3.2. Modelling of the measurement vectors
In a SE algorithm, the measurement vector z is expressed by the Equation 2.1. Given an M

number of measurements in the grid, the measurement vector can be defined by :

<1
2= | (2.5)
<M

The measurement error vector eis assumed to be a Gaussian noise with zero mean and

is independent. It is represented by the following equation:
e=N(,R;) (2.6)
where R, represents the measurement covariance matrix as shown below:

R, = diag(o?,...,03%,) 2.7

where o; is the standard deviation of the measurement error of the i-th measurement

which is calculated to check the accuracy of the meter used.

2.3.3. Linear WLS state estimation problem
WLS State estimation algorithm uses the concept of Maximum Likelihood Function (MLE)

which minimizes the likelihood by minimizing the objective function:

M —h. 2
Jx)=) (Z’Rﬂ =lz—h(x0)] "Rz - h(x)] (2.8)
i=1 4

where R™! is equivalent to the weighing factor matrix W as shown by the Equation 2.9.

[ wi 0 0
Y 0 wy - 0
w=grl=| (2.9)
0 0 e Wy ]

In a linear WLS, the state variables and the measurements are related to each other
linearly. A function HX is defined which represents the linear relation between the state
variable to the real measurements as shown previously in section 3.1. The Equation 2.8 can

be rewritten in the following form:

J(x)=z— HX]" W[z - HX] (2.10)
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where F is the M x Bmatrix representing the real measurements.

The analytical solution can be defined by a linear equation as shown below:
(H'WH)X=GX=H"Wz (2.11)

where G; = H'WH is the full gain matrix.

The above Equation 2.11 has few constraints due to which it is difficult to solve the
equation. Firstly, due to the infinite weighing factor of the zero injection constraints, they
are not strictly satisfied. Secondly, the matrix becomes less sparse than the node admit-
tance matrix due to the injection of current/power measurements in the secondary neigh-

bors of the gain matrix. To resolve this issues, H, R, W and z are divided into two categories:

H, R, 0
H:[ b b

0 R

W, O
0 W,

Zp

= = = (2.12)

’ ’ )

H. Zc

where
Hy, Ry, Wy and zj, are the bus voltage and current/power measurements.

H., R, W, and z. are the bus injection voltage and current/power injection measurements.

The Equation 2.11 can be rewritten in the following augmented form:

H/WpH;, HJ U |_ H/ W, z, 2.13)
H, —R. D Zc
where @ is a B x 1 vector of artificial unknowns:
$1
® = </jz (2.14)
[ PNy ]

2.4, Iterative Linear WLS

The iterative approach of the Linear WLS is done to remove the errors which get into the al-
gorithm during the linearization of the physical measurements, described in section 2.3.1,
due to the ignorance of the phase shifts of the bus voltages. Two steps are followed in this

process which includes the initialization followed by the iteration process[33].
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2.4.1. Initialization

Let U® be the column vector of the voltage phasor in the k-th iteration, s be the slack bus,

connected to the external grid. U? is initialized in the following ways:

* For Bus i, with no voltage measurement, assign Ul(.) = e/%, where 6; is the intrinsic

transformer phase shift between the reference bus s and bus i.

* For Bus i, with voltage measurement, assign U? = Umeas,iefei, where Ujeqs,i is the

measured voltage.

2.4.2, Iteration Process

In the k-thiteration step, the below steps are followed:

1. The voltage measurements are linearized, using the phase angle of the k-1 thiterated
. k-1 k-1
VOltage 1.e. Umeus,i = Umeasyi X Ul( )/lUl( )|.

2. Complex power flow measurements are linearized by using either linearized voltage

measurement or the voltage phasor of the k-1th iteration value.
3. Using the pre-factorized matrix, a temporary voltage phasor U is calculated.

4. The angle of the voltage phasor is normalized by considering the angle of the slack

bus as Zero which is shown by the following equation: Ul.(k) = ﬁ;k) x |U S(k) I/Us(k)

5. Stop the iteration if the maximum deviation between the U® and U~V is smaller

than the tolerance, or else, continue until the maximum iterations are reached.

2.5. Weighted Least Square Estimator

The Weighted Least Square method is used when there is heteroscedasticity in the errors,
i.e. when the variance in the errors is non-constant. In a power system, the state estimator
considers a set of redundant measurements along with the state variables obtained from
certain assumptions and information[34]. The WLS estimator reduces the weighted sum of
the squares of the measurement errors which is basically the difference between the actual
and estimated state. The Equation 2.1 explains the measurement mode of a WLS State

estimation.
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2.5.1. State Variables

For a grid with N-buses, the column vector of the state variables could be defined as:

r

U, |

U
v=| (2.15)

Uy |

L

where U; is the complex voltage phasor of i-th bus.

2.5.2, Branch Flow Equations
In Figure 2.3, the flow of current from one side of the branch to the other side has been
shown by considering a transformer model. The two bus sides of the transformer are the

tap side and the impedance side which have been denoted as i and j respectively. The

_ —_— -
—( ) A ——
R J
a:l
Ui Uk y;

Figure 2.3: Model of a Transformer

current flowing through the branches is calculated using the branch admittance as shown

below:
I

i

Y Yy
Yic Y

(2.16)

Ux

|
where

Ii and I; are the current injections at k and j side of the branch

U; and U; are the voltage at the point k and j

Yik, Yjj, Yjx and Yy ; are the admittance of the branch k-j.

2.5.3. Shunt Injection Flow Equations
A network is considered where one side of the shunt is connected to a bus and the other

side is grounded. Using the shunt admittance, the current flowing through the node can be
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calculated. The negative sign denotes the direction of the injection of current.

Is=-YUs (2.17)

where
I is the current flowing through the Shunt to the node
Y; is the Shunt admittance
U; is the voltage of the bus connected to the Shunt

2.5.4. Admittance Matrix
A N, x N bus admittance matrix can be modeled using the concept of Kirchhoff’s current
law at each and every node. The matrix represents the relation between the injected current

and the bus voltage as shown below:

Ynii Yoz 0 Yaam Yo
Yno1  Yape 0 Yapon, Yio
Yo=| " = (2.18)
| Yoyt Yane o0 Yann, | | Yo, |
L Youu  Yniz -0 Yo, Uy
b Yoot Yap2 0 Yoo, U,
I I Cl=vu e
| b | | Yono Yame2 0 Yann, | | Unig |

where I is the bus injection current.

Some of the properties of this matrix are as follows:

e Itis a sparse matrix. Elements other than the diagonal elements and the off-diagonal

elements where the buses are directly connected are zero.
e Structurally symmetric and complex.
2.5.5. Measurement Functions

In a SE, the estimator considers the active and reactive power in the lines, bus voltages,

and line currents as the measurements in a power system. These measurements can be
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expressed using the state variables i.e. the bus voltage and the phase angles in a non-linear
function. The active and reactive power injection in i-th bus is shown by the following
equations:

N
P; =1V Z |V]| (GijCOSHij+BijSin9ij)
j=1

N
Qi =1Vil 3 |Vj| (Gijsin0ij - B;jcosb )
j=1
where G;; and B;; are the real and imaginary parts of the bus admittance matrix. The

real and reactive power flow between the bus i and j are shown below:

Pij = Vil® (gsi + &) — Vil |Vj] (gi cosij + bijsin6;)
Qij = —Vil* (bsi + bij) = 1Vil |V}| (gij5in0; — bij cos b )

where
gij and b;; are the real and imaginary parts of series branch admittance.
gsi and by; are the real and imaginary parts of the shunt branch admittance.
These equations can be linearized by calculating the Jacobian matrix of the vector A (x),
which can be obtained by neglecting the second-order derivative of the measurement func-

tion with respect to the state variables, as shown below:

o . o o . Ok
00> 00, oy oV,
H= (2.20)
0hm(x) .. 0hy,(x) 0hy, (x) . 0hy, (x)
00, 00, o oy

2.6. Observability of the network

State estimation can only be performed on a fully observable network. Due to the lack of
real measurements in the system, pseudo-measurements are assigned based on the fore-
casted loads, generation schedules, etc. which play a critical role in making the system
fully observable. For a system, to be observable, the Jacobian matrix H should have a full
rank. Also, the number of independent measurements m should be greater or equal to the
number of system states n = 2N -1.






Network setup and Measurement system

This chapter describes the different methodologies used in this project to find the sub-

optimal path for the meter placement.

3.1. Power Grid Model

Power Grid Model is an open-source software developed by the Dutch DSO Alliander N.V
for performing steady-state analysis of the distribution system. It is a Python-based library
with a C++ core, which enables it to be cross-platform compatible and able to be used in
larger computer systems. Other open-source libraries like panda power, and Matpower
lack these capabilities. Even the DIgSILENT Powerfactory has restrictions when it comes to
any custom modification and availability to users due to the lack of licenses. A comparison
between the Power Grid model and panda power has shown a performance difference from
5x to 100x based on the type of calculation and the chosen network. The PGM has an ar-

gument called threading which can be used to perform parallel processing of the data. [35].

Power Grid model uses NumPy array format for inputting the grid data and converting it
to a C++ data structure. The grid topology in C++ has been modeled using the boost library
of C++. The PGM library doesn'’t store all the common parts of a network, instead, it has a
base for implementing all the methodologies. For example, it stores the admittance matrix
in the form of some linked elements rather than in a full matrix format. While performing
a power flow analysis, the grid topology gets created from the lines and transformers, and
from the buses which are denoted as edges and nodes respectively. The parameters for the
line and transformers are inputted as physical quantities which in the later phase get con-

verted into an admittance for the buses by linking it to the grid topology. This process saves

21
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storage space as well as computational complexities concerning the sparsity of matrices.

The PGM can perform symmetric as well as asymmetric power flow analysis and state
estimation calculations on time series data or a single snapshot of the load data. For power
flow analysis, the traditional Newton-Raphson algorithm or the linear method is used while
the State Estimation has used the linear method with the Weighted Least Square Algorithm.
In the linear method, all the loads have been modeled as a constant impedance instead of
constant power to eliminate the iterative process and to improve the performance further.
A typical network in the Power Grid Model (PGM) can be modeled using the following 14
components: Node, Line, Link, Transformer, Load (Symmetric and Asymmetric), Gener-
ator (Symmetric and Asymmetric), Source, Shunt. For State Estimation, symmetrical and

asymmetrical voltage and power sensors are used.

Even though these functions have already been well implemented, their effectiveness
for alarge distribution network was insufficient. Alliander is driven to find a solution to the

performance problem so that it can be applied to its business operations.

3.2. Power Flow Analysis

Power Flow analysis (PFA) is done to determine the steady-state operating characteristics
of a network by calculating the voltage (magnitude and angle) of the nodes under certain
loading criteria and network conditions. In the initial stage of the project, power flow anal-
ysis is required to determine the true state of the given network.

Figure 3.1, shows the steps followed before running the power flow which has been ex-
plained further. The topology.json and equipment.json files as well as the load profile will
be the input parameters for the PFA which will be done using the PGM software.

Topology and Equipment

The two JSON files have to be converted into PGM format in the form of NumPy arrays. The
conversion of the files from CIM format to PGM format has been done using a conversion
tool of Alliander, called as CimPgmConverter from the 'Power Grid Model Conversions’ li-
brary. The tool first loads the two .json files using 'CimDatal.oader’ and then converts the
file into a NumPy array using CimPgmConverter, which can be further used as input to the
PGM application.

Load

The data frame consisting of the yearly load profiles has to be pivoted to achieve the re-
quired PGM format. The pythonic function pd.melt is used to unpivot the data frame from
wide to long based on the identifier variables. Later the function pd.pivot_table is used to

get the final desired format of the data frame. Both the functions are from the pandas li-
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CSV file of Desired timeseries Load Data Loads in Numpy
the load data format of converter structured array
profile loads script format
CIM DATA
Topology CIM to PGM Power Grid Power Flow
& converter Model Data calculation
Equipment
Simulated
Actual Grid
State

Figure 3.1: Steps for attaining the desired format for Power Flow Analysis

brary.

Before running the power flow analysis(PFA) using the PGM application, it's important
to create a connection between the two files: topology, and equipment, so that the correct
topology for the substation can be fetched based on the MSR ids. The term MSR is called
middenspanningsruimte in Dutch which means secondary substation in English. Based
on the MSR-id, the corresponding Id has been fetched from the equipment.json file which
relates to the corresponding id value in the topology.json and fetches the correct topolog-
ical information of the substation. The information of the nodes where the loads have to
be connected has also been obtained by comparing the id from the topology.json with a
lookup table which holds all the information of the nodes on which the assets/components
of the network are connected. Accordingly, the load profiles for the MSR ids are connected
to the corresponding nodes and have been added to the input file along with the equip-
ment and topology details. This information serves as input for the Power Flow Analysis

which has been done using the Power Grid Model Algorithm.

As described in the previous section 3.1, the PGM can perform Power flow analysis for
a single snapshot of the load data and for a time series of data. A randomly selected load
profile is used as an input for the 'Batch calculation’ where the PGM algorithm runs the
power flow for different values of the load while internally keeping the original model of

the program constant. The output of the Power Flow Analysis provides the true state of the
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system by calculating the bus voltage (magnitude and the phase angle), active and reactive
power (for both sides of the lines), line current, and the power of the slack bus. These
network values are the true measurement values that have been used further in the State

Estimation Algorithm.

3.2.1. Simulated Actual Measurement

For the Power Flow Analysis, a loading scenario is created by random sampling of the yearly
load profiles. The result of the power flow provides information on the branch flow and
bus voltage (magnitude and angle) of the entire network. The actual system state vari-
ables are also obtained from the power flow i.e voltage magnitude (Vg ¢rue) and phase
angle(Vangre rrue)- The above process of creating the actual measurements is explained by

a flowchart in figure 3.2.

Random selection of load
profile

l PIoa.d

Power Flow

!

Simulated Actual
Measuements

Vmag,true : Vangle,true ' I'-"true :
Qtrue; Pload

Figure 3.2: Flow chart for creating the simulated actual measurements

3.2.2, Simulated Real-Time Measurements

The measurements which can be obtained from the meters placed on the buses, lines,
loads, and other components available on the electrical network are termed as Real mea-
surements. The meter readings are telemetered as real-time measurements to the cen-
tral control unit. But these meter readings are never perfect as they always contain small

measurement errors due to meter inaccuracies, the effect of analog to digital conversion,
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communication errors due to packet loss, etc. The real measurement can be modeled by
adding independent Gaussian distributed error to the actual measurement obtained from
the power flow[36]. Let Z;,,. be the vector that denotes the actual measurement with no

errors, then the real measurement can be denoted by the below equation:
Zreal = Ztrue + N(0,0) 3.1

where Z,.4; is the real measurement vector and o is the standard deviation of the measure-

ment.

3.2.3. Simulated Pseudo Measurements

Not all buses have meters, which is why to have a functioning state estimator, pseudo-
measurements need to be added. Pseudo-measurements are used in the state estimation to
make the power system observable. When the real measurements are not available, based
on historical data or short-term load forecasts, the pseudo-measurements are predicted to
improve the measurement redundancy in a poorly monitored network. The pseudo mea-
surements can be calculated based on either the scheduled generation at the generator
buses or by forecasting the load at the load buses and thus have a quite high variance as
compared to that of the real measurements. In this project, pseudo measurements are cal-
culated by adding a Gaussian distributed error based on the standard deviation values of
the forecasted load, to the actual measurement values from the power flow. The pseudo

measurement Z.,4, can be modeled as:

Zyseudo = Ztrue + N(0,0 forecast) 3.2)

where Zseudo is the pseudo measurement while o forecasr is the standard deviation that

has been determined from the forecasted data.

3.3. State Estimation

The output of the Power Flow Analysis provided the true state of the given network as de-
scribed in the previous section section 3.2. The result is further used as input for perform-
ing the State estimation of the network. Two types of sensors are used as measuring units:
voltage sensors and power sensors. The sensors are used as a way to provide measurement

data available for the state estimation algorithm.
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3.3.1. Voltage Sensor

Voltage sensors are typically used to measure AC/ DC voltage levels in a distribution net-
work. It measures the magnitude of the voltage as well as the phase angle of the voltage
at a particular node. The standard deviation of the voltage sensor is measured by consid-
ering the measurement features of a real meter which fulfills the IEC 61557-12 standards.
The absolute error is calculated from the percentage error and the measuring range of the

meter which is 280V by the following equation:
Eaps = Eperc *V (3.3)

where v refers to the measuring range of the voltage sensor.
It is assumed that the measurement error follows a Gaussian distribution and considering
the 99.73% of the confidence interval, the standard deviation is determined by the Equa-

tion 3.4.
Eabs

3

o= (3.4)

3.3.2. Power Sensor

Power sensors are used to measure the active and reactive power flow through a terminal.
It can be either a connection between a node and equipment or a node to a branch. The
standard deviation for the power sensor is calculated by using the previously mentioned
equations i.e Equation 3.3 and Equation 3.4. The only exception is in the value of the per-

centage error considered in this case.

As a part of the project, power sensors are connected to all the loads available and also
to one of the lines in the given network. The input data for the power sensors have been
modeled in the form of a NumPy array as it is the only format for the Power Grid Model al-
gorithm. The variables ’p_measured’ and ’q_measured’ have been considered as the actual
value of the active and reactive power respectively from the power flow output. Since the
meters always have a certain error associated with them, so to consider that error in the cal-
culation, artificial measurement errors are added to the power values. A detailed descrip-
tion of the process has been provided in subsection 3.2.2. Similarly, when a forecasted load
is considered, due to the unavailability of the meters at that node, pseudo measurements
are considered by adding an artificial forecasting error which is described in Equation 3.5.

For the line, the required parameters are fetched from the output of the power flow analysis.

Along with the power sensors, voltage sensors are also added as it is important to incor-

porate the magnitude and angle of the voltage of the MV to LV node. Similar to the power
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sensor, in this case also, artificial measurement errors are added to get the real measure-

ment of the network.

With all the available measurements, the PGM runs the state estimation using the "it-
erative linear" as the calculation method. The steps involved in the estimation of the state
of the system have been described in the form of a flowchart as shown in figure 3.3. In the
first step, real measurements are calculated by adding artificial measurement errors to the
measurements obtained from the power flow. To obtain the pseudo measurements, in the
second step, an artificial forecasted error has been added to the forecasted load values. The
real and the pseudo measurements obtained from the two steps are used as input to the
state estimator to compute the estimated state of the network. Similar to Power Flow, in
the state estimation, the concept of "Batch Calculation" has been used where the state of
the network has been predicted for a series of measurement values created from the time

series of loading data.

3.3.3. Error calculation

For the network model, the state estimation is performed, by considering the real as well as
pseudo measurement values. The error generated from the state estimation is calculated
by comparing the state-estimated output from the true state of the network i.e the power

flow results as described by the following equation:
E = (Vse— fo) (3.5)

where Vse = Vinag,se + i Vang,se and V5 = Vipag pr + iVang,p r are the complex value of the

node voltages.

The error has been calculated for the loading scenarios for each node. Each MSR or
substation has been considered here as a node. The complex value of the voltage has been
averaged for each node and the error of the averaged value has been calculated using the
Equation 3.5. The standard deviation of the errors for all the nodes has also been calculated

using the formula as shown in the Equation 3.6 and has been used in the further step of the

project.
\/ ]'LI(E” L (3.6)
Oe¢ = .
¢ N-1
where X, is the mean of the error :
N n
_E
X, = Z"——l (3.7)

N
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Estimated
Grid
State

Figure 3.3: Flow chart for State Estimation

3.4. Meter Placement

In the distribution network, very little real-time information is available compared to its
large number of nodes. The meters required for the State Estimation can be captured
through different kinds of equipment such as smart meters(SM), Phasor Measurement Unit
(PMU), power quality analyzers, etc. which has different installation cost and accuracy
ranges[37]. Due to the scarcity of these measurement devices in the network, it becomes
difficult to obtain an observable network. A large number of pseudo measurements are
used, which are the forecasts derived from the historical data of the power generated or
consumed at a particular node, to make the distribution network observable. But the pseudo

measurements have high variance and due to this, the estimated state deviates from the ac-
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tual state. If the error of the SE is too high, then additional real measurements should be
considered by installing more meters in the network. But placing additional meters can
also increase the investment needed. Therefore, it’s important to compromise between ac-

curacy, reliability, and cost.

Meter placement is a process that is done to determine the number, location, and type
of meters that are required to be placed in the network so that it could reduce the error in
the estimated state of the system. The placement of a meter in the network is a complex
problem due to conflicting requirements between the performance of the SE and the cost
of the meters. So it’s important to find a solution to the placement issue. The solution can
be optimal, feasible, heuristic, or sub-optimal. For a state-of-the-art SE model, it is difficult
to precisely determine the effects of the measurements on the SE error. So the SE errors
are mostly reduced by a heuristic or sub-optimal meter placement method. An optimal
or an optimization approach provides the best solution to a problem by satisfying all the
provided constraints whereas a solution is called feasible when the expected output for a
particular problem is obtained. But the feasible solution might not provide an expected
output when there is a change in the decision variable, while an optimization model can
adapt to these changes easily due to its flexibility. The heuristic or sub-optimal approaches
are practical ways of solving any problem faster and more efficient way which don’t include
accuracy, optimality, and precision. This approach is easy to implement but could not pro-
vide a viable solution that provides the best possible result. In an MV distribution network,
the number of real measurements/meters is quite less, so it’s important to place voltage
sensors at the secondary substation to measure the voltage while the power sensors at the
loads and line measure the branch power flows. There are many methods for meter place-
ment that have been broadly described in the section 1.2 of chapter 1. But in this project,
an incremental heuristic approach has been proposed to identify the suitable location for

placing the next voltage measurement in the radial distribution network for the DSSE.

3.5. Heuristic Meter Placement

The performance of a State estimator can be improved by adding more measuring units in
the network, but it will increase the investment. So to approach the meter placement prob-
lem, we proposed a statistical approach to determine the next possible location for placing
the voltage measurement. The proposed method follows an incremental heuristic meter
placement approach rather than a comprehensive one. In the previous studies[17, 38], the
estimated error of the node magnitude and angle has been reduced individually and the
meter placement is done based on the highest value of the standard deviation for both

the voltage and angle. Utilizing the magnitude of the voltage alone is insufficient to de-
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termine the accuracy of the standard deviation and is not the best approach for the me-
ter placement, since the magnitude of voltage doesn’t determine the directionality of the
phase. So to incorporate the effect of the phase direction, the voltage angle is considered.
In this project, the limitation of the previous approaches has been overcome by adapting
the complex value of the voltage instead of analyzing the magnitude and the angle of the
voltage separately. The difference of the voltage phasor from both the power flow and the

state estimation has been used to compute the standard deviation of the error.

The proposed meter placement identifies the next unmeasured point with the high-
est standard deviation value by a statistical method which is a modified version of the
Weighted Arithmetic Mean (WAM). The WAM computes the average value by assigning
weights to a set of observations to determine the relative importance of each observation.
The WAM method is selected as it can help an individual in making decisions when certain
factors are more significant than others. Moreover, the method has been useful for descrip-
tive statistical analysis e.g. index number calculation. In our case, the concept of WAM is
selected as the type of load connected to the nodes is different in terms of their effect on
the whole network. So by assigning weights based on their importance, a sub-optimal so-
lution can be determined. In [39], the WAM method is used to test the optimality of the
Transportation problem by assigning weights to the cost matrix and thus finding the feasi-

ble solution to the problem.

The formula for the WAM is shown below:

n
o WXL WoXp + WaXg e F WXy 2 Wik 3.8)
w — - n .
W+ Wy ws+...+wy 2 Wi

where 7", w; =1and w = (w1, w, ...... wy) €0,1]"

In the proposed algorithm, for a certain node to be measured, its one-hop neighbor-
ing nodes are identified and weights are assigned to them. The highest weight has been
assigned to the node to be measured (parent node), which is unity in this case. Since the
neighboring nodes have equal contributions to the parent node, so the assigned weight
of the parent node has been equally divided among the child nodes. The distribution of
weights has been shown in figure 3.4 where the parent node and the corresponding neigh-
boring nodes are colour coded as green and red respectively. If the node N, is the parent
node with a weight unity, then its neighboring nodes i.e. nodes N3, N5, N, and N5 will be
assigned one-fourth of the weight of the node N;. Similarly for node Ng, its neighboring

nodes Ng and N;; each will get half of the weight of the node to be measured i.e. Ng.
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I Parent node
I Child node

N12

Figure 3.4: Weight distribution of a parent and child node indicated by green and red colour respectively

Consider b as the parent node/bus and i as the neighbors of the node 'b’. Then the
weighted average of the errors Ej, for each of the nodes’b’ can be calculated by the following

Equation 3.9:
Yieq, WhiTib + OB

(3.9
Yicq, Wib+ Wp

Ep=

where
wy, refers to the weight of the node to be measured (parent node).
w;p, is the weight assigned to the neighbors of the parent node 'b’ i.e. the child nodes for i
= Qy, where Qy, refers to to the set of neighboring nodes for the parent node 'b’.
op and o; are the standard deviation values of the error for the node to be measured and

its neighboring nodes respectively.

The weighted average error for all the nodes is calculated and the values are ranked in
ascending to descending order. The meter will be placed at the unmeasured node with the
highest value of the weighted average error Ej,.

If the errors of the parent nodes are considered as Ej,, where n = (1,2,..., M), M being
the number of meters, then the meter that will be placed in the unmeasured node can be

mathematically described as follows:

by, = max{Ep, Ep>...... , Epnt (3.10)

where b is the parent node where the meter will be placed.

A flowchart of the proposed incremental meter placement strategy has been shown in

figure 3.5.
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Figure 3.5: Flow chart for meter placement strategy

The steps shown in figure 3.5 for finding a sub-optimal path for the meter placement

using the concept of the weighted average of the standard deviation of the error are de-

scribed below:

Step 1: A set of load values are selected by random sampling from the provided yearly
load profiles for each of the nodes’'b’. Power flow analysis has been done using the selected
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load profile to generate the actual measurements.

Step 2: In the initial stage, the real measurement values have been added by placing
a power sensor across a line and for a few loads. For the remaining loads, pseudo mea-
surements have been added. A voltage sensor is placed at the starting node/substation 'b’
closest to the slack bus. The real measurements of the meter and the pseudo measure-
ments used in the simulation are computed by using the Equation 3.1 and Equation 3.2

respectively.

Step 3: State Estimation is done based on available measurements which is the combi-
nation of both real and forecasted load(pseudo measurements) to estimate the state of the

network.

Step 4: The standard deviation o, as well as the mean value of the error X, for each
node, are computed for each node using the formula as described in the Equation 3.6 and

Equation 3.7 respectively.

Step5: Check if the total error o of the nodes increases instead of decreasing compared
to the case with the previously placed meter. If yes, then go to step 6, else go to step 7 and

follow the succeeding steps for placing the next meter.

Step 6: Apply the three proposed placement criteria to find the suitable number of me-
ters that should be placed in the network.

Step7: The weighted average error of unmeasured nodes Ej, has been calculated by as-
signing weights to the set of the neighboring nodes of node ' b’ using the formula described
in the Equation 3.9.

Step 8: The weighted average errors of the nodes Ej,, are ranked in ascending to de-

scending order.

Step9: The node with the highest value of the weighted average error Ej, is identified.

Step 10: The voltage sensor/meter is placed at the unmeasured node b with the highest
value of the weighted average error Ej, . In case, the weighted average error for an already
measured node becomes higher, then the next unmeasured node will be considered for

meter placement.
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Step 11: Change the ratio of real and pseudo measurements that have been assigned
to the power and voltage sensors and repeat the steps from the beginning to find a sub-

optimal meter placement path.

3.6. Proposed Placement Criteria

The standard deviation of the voltage error doesn’t always decrease even when there are
enough meters placed in the network due to the variation of the load profile. The mea-
surements used for the State Estimation process often contain noisy data, resulting in in-
accurate estimation of the system states, affecting the error’s standard deviation and thus
the meter placement. The load profiles used in this project were selected randomly from a
normal distribution while performing the power flow and state estimation each time with

newly added meters in the sample network.

To address the effect of noisy data, a few criteria have been considered based on which

meters can be placed. They are as follows:

1. Threshold on Error: The standard deviation of the voltage error will tend to de-
crease with the increasing number of meters. But in reality, placing more meters in
the network will increase the total investment cost. If M is the number of meters al-
ready placed in the network, then the total standard deviation of the errors for all the
nodes can be denoted by €. To find a suitable number of meters that can keep the
investment cost low, a threshold value has been specified. The threshold value (y;)
is assumed and in reality, would be estimated based on costs for congestion manage-
ment, installation of distributed generators, etc. Such a defined estimated y; would
define the balance between the investment cost of meter placements and alternative
approaches such as congestion management, installation of RESs, etc. After imple-
menting the Heuristic Meter Placement(HMP) technique, for a set of measurements,
if the standard deviation value of the error for a certain number of meters falls below
the threshold, then it can be assumed that the network has enough meters as de-
scribed by the Equation 3.12. Based on the criteria, the previously added meter can
be removed to attain the maximum count of meters, acceptable for that network.

€M) =y (3.11)

2. Number of placed meters: Based on the criteria of threshold on error, the number
of meters that can be placed in a given network can be determined. But there is a

limitation in meter placement due to the high investment cost. Based on an accept-
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able number of meters that are allowed to be placed on a network, a threshold value
can be determined. For example, suppose the number of meters allowed to be placed
in a network is 8(eight), then with the help of criteria 1, it can be checked that if the
standard deviation of the error for the selected number of meters falls below the set
value of threshold or not. If the number of meters is denoted by M, then the threshold
value can be expressed by y2. The criteria as mentioned earlier can be expressed by

the following equation:
M<y, (3.12)

3. Elbow Rule Optimality: The concept of Elbow-Rule is one of the most popular ways
of determining the number of clusters in a data set. The values for a certain variation
of data are plotted against the number of clusters and the "elbow of the curve’ reflects
the number of clusters that can be used[40]. The same concept is used in this project
to find a sub-optimal number of meters by considering the two criteria i.e threshold
of error and the number of placed meters. The ’Knee of the curve’ or ’Elbow of the
curve’ is a point on the curve where the direction of the curve changes rapidly from

large slopes to small slopes.

Total error (€)

Knee of the curve

Number of meters placed(M)

Figure 3.6: Elbow rule for optimality

As shown in figure 3.6, the red dot is the 'knee of the curve’, while the orange line de-
notes the threshold for the reduction of the standard deviation of the error with the
increasing number of meters and the green line denotes the threshold for the num-

ber of meters that are allowed to be placed in the network.
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Consider M is the number of measurement units/meters that have been placed and
€(M) denotes the total standard deviation of the error for all the node voltages, then

in an ideal case
0e(M)

oM
If a threshold is defined for the standard deviation of the error which is denoted as y,

| | —0 (3.13)

then the Equation 3.13 can be re-written as the below Equation 3.14:

0e(M)

IaM

| =71 (3.14)
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The state estimation algorithm is described in the chapter 2. The implemented algorithm
is tested in a case study with a practical MV network in an area in the Netherlands (Hoorn
Holenweg) as shown in figure 4.2. In figure 4.2, the red dots refer to the MV substations
while the blue ones are the joints connecting one substation to the other. This network is
further considered for the placement of meters under different loading criteria which has
been broadly discussed in the chapter 3. The radial network of Hoorn Helenweg is owned
by the Dutch DSO Alliander and is a combination of 10kV/380V MV/LV substations. An
external source is connected to the 5th secondary substation. As a part of this project, the
network’s topology is assumed to be constant. The physical representation of the network

is shown below in figure 4.1

Slack Bus
’ N5 N19 N1 N15 N9 N7 N17 N13 N11 N3
DSWITTTTTTTTT

Loads

Figure 4.1: MV distribution network
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Figure 4.2: Distribution Network of Hoorn Holenweg

4.1. MV Distribution Grid

Alliander N.V is one of the largest Dutch DSOs to manage around 80,000km of MV and LV
network, which is one-third (1/3) of the total dutch network in the Netherlands[41]. The
sample network used in the project is anonymized from a real MV network of the Dutch
DSO Alliander N.V. The information of the grid was provided in the form of two JSON files
- topology.json and equipment.json. A set of 200 load profiles has been created for every 15
minutes duration for a year by Monte Carlo sampling of the data. A yearly profile of fore-
casted data has also been provided by Alliander for each of the middenspanningsruimte
(MSR), also known as a secondary substation, along with the information on the standard
deviation value for the pseudo-measurements which will be used for the meter placement
problem. An in-house algorithm of Alliander, namely the Power Grid Model (PGM), has
been used for performing the power flow analysis as well as the State Estimation on the
given network. For using the PGM algorithm, few values have been set for the test. The
error_tolerance value has been set as 1e~, max_iterations as 20 and the system_frequency
as 50Hz for the load flow and state estimation. But for the power flow, the calculation_type
has been chosen as newton raphson while for the state estimation it is iterative linear. A
detailed explanation of the PGM algorithm has been provided in the section 3.1 of chap-
ter 3.
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In this chapter, the analysis of the result after implementing the heuristic meter place-
ment(HMP) strategy has been discussed. To study the efficacy of the meter placement

strategy, various scenarios have been created in the form of case studies.

The standard deviation of the voltage error has been studied under different loading
conditions. By randomly selecting the load profiles, power flow is done to obtain the actual
measurement of the sample network. Random load profiles are considered to study the
effect of changing load on the meter placement to find a statistically good result. The main
objective of the HMP algorithm is to place meters based on the reduction of the standard
deviation of the error. Few test cases are created to study the effect of random load profiles
on the meter placement strategy. The following is the overview of four different case studies
undertaken in this project:

* Case 1: This study investigates the impact of the meter placement strategy after per-
forming the load flow and the state estimation by selecting a random sample of load

profile.

* Case 2: This study investigates the effect of the increased number of random sam-
ples of load profile for the load flow and state estimation on the meter placement
strategy.

* Case 3: This study investigates the effect on the meter placement when the standard

deviation for the forecasted loads has been increased by a certain percentage.

* Case 4: This study investigates the three proposed placement criteria in section 3.6
which can be considered to find a suitable number as well as the location for the

meter placement.

4.2, Case Study 1: Impact of Meter Placement

In this case study, a lower number of samples from the load profile has been selected to
be added as input for the power flow analysis and later the state estimation. The sample
size is kept in the range of 1000-1500. The difference between the power flow and the state
estimation of the complex value has been computed to obtain the mean and the standard
deviation of the error of the voltage phasor for each of the nodes. The meters are placed in
the network based on the highest standard deviation value using the HMP algorithm. The

effect on the standard deviation and mean of the errors due to the increasing number of



40 4. Result and Analysis

meters are plotted in a graph as shown in the figures 4.3 and 4.4 respectively. The legend
shows the nodes where the meters have been placed. The lines are plotted with different

colours for presentation purposes.
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Figure 4.4: Mean value of the error for all the nodes for case 1

The main objective for placing the meters in the network is to reduce the standard deviation
of error. As shown in figure 4.3, the standard deviation value increases when the 2nd meter

is placed in the network. With the placement of the 3rd meter, the error value decreases.
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When the 4th meter is placed, the standard deviation value of the error increases again but
decreases with the subsequent placement of the 5th, 6th, and 7th meters. An increasing
trend in the standard deviation of the error is again noticed when the 8th and 9th meter
is placed. In these two cases, the error attains a value higher than the case with only one
meter in the network. When all the meters are placed, the value of the standard deviation
became the lowest of all the cases.

The result for the mean value of the voltage error deviates from the result obtained for the
standard deviation of the error. As shown in figure 4.4, the mean value of the error decreases
with the subsequent placement of the initial 3 meters. With the placement of the 4th meter,
an increase in the error is noticed and the value decreases again with the placement of
the 6th meter. An inconsistency of the decreasing trend of the error is noticed when the
7th and the 9th meter are placed. Comparing both the results of standard deviation and
the mean of the error, it has been noticed that there is a huge variation in the result of
the two graphs. With the HMP algorithm, a better result is obtained for the mean of the
error but a huge deviation is observed in the standard deviation of the error. The reason
is the random selection of the load profile, the forecasted data, and the artificial random
error which is added due to the meter inaccuracies; and the lower number of samples of
data from the load profile for the power flow, due to which it cannot produce statistically
good representative. Because of the randomness in data, the graphs are simulated multiple
times and the best result has been chosen for a better understanding of the process. To
obtain a statistically good outcome, the number of samples for the load profiles should be
increased as the more the number of samples, the more accurate the result becomes. To
check the correctness of the statement, the sensitivity of the approach is analyzed with a

larger dataset in the next section.

4.3. Case Study 2: Sensitivity to datasize

This case study investigates whether a low number of samples was the reason for poor me-
ter placements in the previous study. The sample size used in this study is in the range of
8000-10000 which is quite higher compared to the sample size of 1000-1500 in the previous
case study 1. The standard deviation, as well as the mean of the voltage errors, are shown

in the figures 4.5 and 4.6

The results obtained from the previous case study have been improved in this scenario,
by considering a higher number of samples from the load profile. As shown in figure 4.5,
with the placement of meters in the network, the standard deviation of the error tends to
decrease when more meters are placed. A small trend violation can be observed in the

graph, for the case where 4 meters were placed. In this case, the error’s standard deviation
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Figure 4.5: Standard deviation of the error for all the nodes for case 2

increases instead of decreases. From the 6th meter onward it follows a decreasing trend
until the placement of the 9th meter. After that, it kept on increasing instead of placing
meters at all the nodes. But overall, the standard deviation of the error decreased with the
placement of the meter using the HMP algorithm. The reason for the increase in the value
even with the placement of more meters is because of the random selection of the noisy
load profile and the artificial random error which is getting added for the real and pseudo
measurements. The mean value of the errors as shown in figure 4.6, decreases until the
placement of the 5th meter. From the placement of the 6th meter till the 9th meter, a de-
creasing trend in the voltage error is observed. When the 10th meter is placed, there is a
small increase in the error. The standard deviation and the mean value of the error showed
a similar trend in the error reduction with the HMP algorithm. In this case, also, the best

values for the graph have been selected for a better understanding of the process.

Comparing case study 1 with 1000-1500 samples and case study 2 with 8000-10000 sam-
ples, the sensitivity to the data size can be observed. In the previous case, the HMP ap-
proach could not provide a statistically good result while in this case, the decreasing trend
of the standard deviation of the error with the subsequent meter placement has been ob-
served. As shown in Table 4.1, the standard deviation of the error for a case where 8 meters
are placed in the network, has a higher value when the small sample size is chosen, while
for a higher sample size, the error has reduced considerably. This study shows the limita-
tion of the HMP approach. Therefore, this approach should not be used with few samples.
So it is recommended to consider a larger sample size which should be around 5-10 times

the sample size of case study 1 for this particular network.
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Figure 4.6: Mean value of the error for all the nodes for case 2

Table 4.1: Comparison of the standard deviation of the error for case study 1 and case study 2

Sensitivity to Smaller Sensitivity to Larger
Datasize Datasize
8.3243E-07 2.9541E-08

4.4, Case Study 3: Sensitivity to standard deviation of pseudo-

measurements

This case study investigates the sensitivity to the measurement error of the pseudo mea-
surements. The meter placement strategy has been applied to the sample network after
increasing the standard deviation of the forecasted loads by 30%. The increased forecasted
load will increase the variation of the pseudo measurements which will affect the standard
deviation of the error and thus the meter placement. The state variables of the network
have been estimated with the initial set of measurements, where the variation of the pseudo
measurements is increased by 30% for the remaining nodes. The meters are placed based

on the HMP strategy until it covers all the nodes.

In figure 4.7, initially, the standard deviation of the error is quite high. But with the
placement of the next few meters, based on the HMP algorithm, the standard deviation
value tends to decrease with the addition of actual measurements of the meters. The trend
of the graph, after placing the 4th meter, increases with the further placement of the me-
ters. With the increase of the real measurements in the network, the standard deviation

decreases until the placement of the 8th meter and the 10th meter. An increase in the



44 4. Result and Analysis

—— 5 o —&
—&— 5,3 /
5 | —#— 53,9
5,3,9,11
—— 5,3,9,11.1
ad —— 53,9,11,1,13
—&— 5,3,9,11,1,13.7
5,3,9,11,1,13.7.15
3{ —&— 5,3,9,11.1,13,7.15,17
—— 5,3,9,11,1,13,7,15,17,19

Standard deviation voltage error (oBn)

Q
|

i

=R ST
=
24 I

=
]
=
=
w
=
=]
=
=
(5]
2
3]
=
]
=
=]
~
=
=
w
2
[~

Nodes

Figure 4.7: Standard deviation of the error for all the nodes for case 3

standard deviation is observed when the 9th meter is placed in the network. The devia-
tion in the decreasing trend of the standard deviation is violated, compared to the previous
case due to the random selection of the load profile and the high variation of the artificial
forecasted error, which is getting added to calculate the pseudo measurement. Despite of
mentioned factors of random load selection, the standard deviation of the error becomes
negligible when all the meters were placed as there is no effect of pseudo measurement
here. The same behavior of the graph has also been noticed for the mean of the voltage
error for each node as shown in fig 4.8. The mean value of the error decreases until the
placement of the 6th meter. For the 6th and the 7th meter, the error value increases further
with the placement of the 8th meter. Similar to the standard deviation, the mean value of

the error also increases with the placement of the 9th meter in the network.

A comparison has been drawn between case study 2 and case study 3 to understand
the effectiveness of the HMP approach. The Table 4.2 shows that for a case where 6 me-
ters are placed, the standard deviation value increased in case 3 while it reduced in case
2. From this case study, we can say that, if the artificial forecasted error value increases
due to the increase of the standard deviation of the pseudo measurements, a deviation in
the decreasing trend of the error will be affected. The standard deviation or the mean of
the error will increase even when enough meters are placed. This shows the limitation of
the HMP approach and is recommended to consider a pseudo measurement with less vari-

ance/standard deviation value.
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Table 4.2: Comparison of the standard deviation of the error for case study 2 and case study 3

Low Standard Deviation High Standard Deviation
4.4326E-08 1.3631E-06

4.5. Case Study 4: Criterion Analysis

This case study investigates the three criteria which have been introduced in the section 3.6
of chapter 3 for determining a suitable number of meters that can be placed in the network.
The threshold values have been assumed in this project due to the unavailability of the cor-
rect information. The standard deviation of the error for all the nodes is summed up to find
the total value of the standard deviation of the error (o). As shown in figure 4.9, The total
standard deviation of the error is plotted against the number of meters placed for the case
study2. It can be observed that the error curve changes its slope when there are 4 meters
placed. Even if we use the criteria of Threshold of error, then the number of meters that can
be chosen will be 4, 6,7,8,9. But considering the investment cost, either 4 or 6 meters can be
chosen. Since the difference between the error is not that high, so 4 meters can be placed

in the network which can be determined effectively by the third criterion i.e Elbow Rule.

Similarly, the proposed meter placement criteria have been applied for case study 3 to
find a suitable number of meters that will be sufficient to keep the standard deviation of
the error in the lowest range. In this case, as shown in figure 4.10, Elbow-Rule is applied in
the network which is denoted by the blue and yellow line, and it has been observed that the
number of meters that can be placed in the network is 2. But this criteria is not providing a

suitable solution as the error is still on the higher side compared to the other meters. The
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criteria of Threshold of Error and Number of placed meters is applied which is denoted by
the red line. It can be observed that a suitable solution of the number of meters can be
obtained which will be either 4 or 8. But because the number of meters should be less due

to the cost factor, 4 meters will be placed in the network.
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Figure 4.10: Elbow rule optimality with increased variation in the forecasted load



Conclusion

This chapter summarizes the project and answers the research questions by concluding the
results obtained after performing the State Estimation. A few recommendations for future

work have also been discussed at the end of the chapter.

5.1. Summary

In this project, an in-house algorithm of Alliander, the Power Grid Model has been used
to perform the Power flow analysis and the State estimation. The Power flow has been
done using the Newton-Raphson method while for the State estimation iterative linear
WLS method has been used which has been described broadly in chapter 2. The mean
and the standard deviation of the error have been calculated by finding the difference in
the voltage of the output of the load flow from the estimated state. For the proposed meter
placement in the sample network, a heuristic meter placement strategy has been intro-
duced, described in section 3.5 of chapter 3, for finding the next suitable location for the
meter placement based on the standard deviation value of the error. In chapter 4, the HMP
strategy has been implemented on the network with smaller and larger data sizes and the
increased standard deviation of the pseudo measurements, to study the sensitivity of the
proposed algorithm. The findings of the different case studies have been discussed in the

previous chapter.

5.2. Research Questions

* How to place the meters in the existing Distribution Grid to reduce the error of the

estimating state?
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5. Conclusion

For the meter placement, various methods have been discussed in the literature re-
view section of chapter 1. In this project, instead of a comprehensive method, a
heuristic method has been proposed to find the sub-optimal path for the future place-
ment of the meters. The concept of Weighted Arithmetic Mean(WAM) has been used
where the node to the measured has been assigned the highest weight i.e unity while
its neighboring nodes connected to the parent node have been assigned half of the
weight. The standard deviation of the error for all the unmeasured nodes is calcu-
lated using the concept of the weighted average of the error. The meter will be placed
on the node with the highest value of the standard deviation, to reduce the overall

error of the network.

What will be the nature of the error variance or the standard deviation after per-

forming State Estimation on the grid using a different number of load profiles?

The meters are placed in the network to improve the accuracy of the SE by reducing
the standard deviation of error. When a smaller data size is considered for the me-
ter placement, inconsistency has been noticed in error values. For more number of
meter, the standard deviation value increases for cases instead of decreasing. In the
second case, a larger data size of the load profile is considered and the HMP algo-
rithm is used to place the meters. The standard deviation of the error decreases with
the subsequent placement of the meter. A slight violation in the decreasing trend is
observed when the 5th, 9th, and 10th meters are placed. The reason for this deviation
is the random selection of the noisy load profile and the measurement error which is
getting added each time while performing the load flow and the state estimation. So
it has been observed that, with a smaller data size of the load profile, the standard
deviation of the error doesn’t decrease in most of the cases even when enough me-
ters are present in the network. Hence we can conclude that larger data sizes should

always be considered for the reduction of the error variance with the HMP strategy.

What will be a suitable location for placing the meter considering the deviation in

the values obtained after performing the SE?

An initial measurement has been considered on the slack bus and the node near-
est to the slack bus as it is important to have a measuring unit at the beginning of
the feeder. This is because the slack bus provides the reference value for the voltage
magnitude and phase angle which is important for the power flow analysis. With the
initial set of measurements, the proposed HMP algorithm places meters considering
the standard deviation representing the deviation of the values in the SE. Applying
the meter placement criteria as the stopping criteria for the proposed meter place-

ment, the result was that for Case Study 2, 4 meters will be placed at nodes 5, 15, 3,
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and 11. The suitable number of meters has been identified using the third criterion
i.e. Elbow-Rule. Similarly, for case study 3, 4 meters will be placed which has been
identified using the first and the second criteria i.e. Threshold on Error and Number

of placed meters at nodes 5, 3,9, and 11.

5.3. Limitations

In chapter 4, the HMP method has been applied to the network under different situations.
In the first case, the size of the random samples for the load profile is considered less, typ-
ically in the range of 1000-1500. Load flow and State estimation have been done by taking
the random sample of load flow as an input. The meters are placed in the network start-
ing from 2 to 10. In the second case, the sample sizes are increased more, typically in the
range of 8000-10000 samples, to decrease the variability of the sampling distribution and
to obtain statistically more correct results. The same process as that of the first case has
been applied to place all the meters in the network. Comparing both results, it has been
observed that, with a lower number of samples the standard deviation of the error doesn't
always decrease. So it can be concluded that with a lesser sample size, the HMP algorithm

doesn’t provide a statistically good result which is one of the limitations.

Moreover, due to the random selection of the load profile, some variation has been ob-
served where with more measured nodes the standard deviation of the error increases in-
stead of decreasing. Due to this variation, the best values are selected from the randomly
simulated cases for illustration purposes. In the third case, the standard deviation of the
pseudo measurements is increased by 30% to observe the effect of the variation on the
placement of the meter. It has been observed that during the presence of more pseudo
measurements with high variability, the standard deviation of the error didn’t follow the
expected trend of getting reduced, instead, it tends to increase. The violation of the ex-
pected trend of reduction of the error in the third case is another limitation of the HMP

approach.

5.4. Recommendations for the future work
Based on the results and the limitations, a few future recommendations have been sug-

gested for expanding the scope of the proposed algorithm.

* The heuristic method that has been proposed in the project could not provide an
optimal solution to the meter placement especially when the load profile and the
measurement errors are added randomly each time. To overcome this, a proper op-

timization approach could be investigated to find an optimal solution to the place-
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ment problem.

The concept of assigning weights to the neighboring nodes has been proposed to
give the importance of the node in the calculation for finding the standard deviation
of the error. But in this project, the network obtained from Alliander doesn’t have any
information regarding which node has an industrial load or RES connected to it to
understand its importance. In future work, if the information regarding the nature of
the load connected to the node is available, then instead of assigning the same weight
to the neighboring nodes, unequal assignment of weights could be done. This would
have an impact on the weighted average error calculation, and a better estimation of

the location of meter placement can be obtained.

The load profile used in this project is noisy data due to which there was a deviation
in the trend of the standard deviation of the error with the placement of each meter.
If a lower variance in the load values is considered then it is possible to obtain a result

close to an optimal solution.

For a smaller network, the Brute-Force method can be implemented to identify the
optimal set of meters for individual small areas. Brute Force is an exhaustive search
process that systematically enumerates all the possible combinations for a suitable

solution.

The meter placement approach is implemented on a radial distribution network. For
future work, the effect of the approach on a meshed network can be studied to verify

the effectiveness of this algorithm.
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