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ABSTRACT OF THE DISSERTATION

Tackling the Challenges in Power Distribution System State Estimation With
Low-Observability

by
Alireza Akrami

Doctor of Philosophy, Graduate Program in Electrical Engineering
University of California, Riverside, September 2022
Dr. Hamed Mohsenian-Rad, Chairperson

State estimation is a fundamental task in power system monitoring. The focus in this thesis
is on Distribution System State Estimation (DSSE). One of the main challenges in DSSE is
the lack of observability due to the small number of sensor installations in practical power
distribution circuits, where the number of measurements is far fewer than the number of
state variables. In this thesis, our goal is to develop DSSE methods which address the
low-observability challenges.

First, we leverage the high reporting rate of a small number of distribution-level phasor
measurement units (D-PMUs), a.k.a., micro-PMUs, to unmask and characterize sparsity
patterns among the state variables in radial power distribution systems. Accordingly, the
DSSE problem is formulated over the differential synchrophasors as an adaptive group
sparse recovery problem to track the changes that are made in the states of the system
and captured by D-PMU measurements. To enhance the performance of the proposed
method, the formulated DSSE is further augmented by the side information on the support

of the vector of unknowns that is obtained from the outcome of an event-zone identification

vii



analysis prior to solving the DSSE problem.

Second, to capture the dynamics of the power distribution system, we model the DSSE
problem under an event-triggered setting, where we use the estimations of the state variables
during the previous events as priori information to predict the state variables at the current
event. Accordingly, a novel data-driven method based on elastic net regression is proposed
to learn the event-triggered state transition matrix; despite the low-observability in the
system. Here, in the absence of direct power measurements, we enhance our ability in
sparse recovery by developing a new reinforced physics-based coupling method among the
state variables, in which we add a novel set of linear differential power flow equations to
the DSSE problem formulation in forms of virtual measurements.

Third, we study the joint estimation of sensitivity distribution factors and power flows in
low-observable power distribution systems by developing a novel physics-aware measurement-
based approach that takes into account the sparsity features of the problem extracted for

radial power distribution systems.
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Chapter 1

Introduction

1.1 Background

Power systems consist of power generation units, power transmission lines, and
power distribution feeders as shown in Fig. 1.1. Typically, the generated power by bulk
power plants is stepped up by transformers to higher voltage level; and then it transmitted
through the power transmission network to the consumers, i.e., loads that are located within
the power distribution feeders, after the voltage level is stepped down.

Based on the operating points of the power system, its state can be classified into
four categories, namely normal, alert, emergency, and restorative [108]. Reliable operation
of power systems, requires the grid operator to make sure power system is continuously
operated within the normal state; and if it is transited to alert or emergency state, proper
controlling actions are taken. Knowledge on the current state of the system requires the grid

operator to know about the values of operating points of the system are at every location.
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Bulk Power Genration Power Transmission LInes Power Distribution Network

Figure 1.1: Schematic of a power system.

Power system state estimation (PSSE) is the process of obtaining state variables,
typically nodal voltage phasors or line current phasors, from the available measurements in
the power grid [3, 109]. PSSE can be classified into two categories: 1) transmission system
state estimation (TSSE), and 2) distribution system state estimation (DSSE). TSSE is
a very well-studied topic, as measurement redundancy is sufficient in power transmission
networks to maintain full-observability and process bad data to solve the system of equations
in the state estimation problem [83]. Formerly, DSSE did not receive many attentions, as
traditional power distribution systems were passive and static, the load profiles changed very
slowly over time, and there were no power generation units at the demand side. However,
growing penetration of distributed energy resources (DER) with uncertain and variable
generation at the power distribution side, as well as development of smart grid technologies
has changed the nature of power distribution systems into an active type, where the need for
continuous and real-time monitoring of the power distribution system is highlighted more
than ever [75, 93, 93]. Accordingly, developing DSSE as the core module in monitoring of

power distribution systems has turned into an interesting research topic.



1.2 Challenges in DSSE Problem

Due to the major differences that exists between the power transmission level and
power distribution level, one cannot simply generalize a TSSE method to be used as a DSSE
method [72]. These differences are as follows.

First, power distribution liens do have higher ratio of r/x, which means that DC
power flow equations that may be used in a TSSE method are inaccurate in the DSSE
method. Therefore, power flow equations should be in form of AC [90].

Secondly, power distribution systems are highly unbalanced [62], while TSSE meth-
ods are typically formulated for the balanced operation of power transmission networks.
Unbalanced operation causes more complexity to the power flow equations in the state es-
timation problem, such that single phase equivalent of the system cannot be used anymore
and the equations should be formulated based on the three-phase model [114, 119, 28].

Thirdly, high penetration of renewable energy resources introduces uncertainty to
the DSSE problem. Additionally, there exists an uncertainty in the network model such as
network topology and line parameters [97, 12, 44, 92]. TSSE methods cannot generally deal
with these uncertainties and they need to be addressed.

Finally, power distribution systems suffer from lack of observability, which is due
the lower number of installed sensor, expanded size of the distribution grid in comparison
to the transmission network, and limited communication infrastructure [20, 4, 101].

Therefore, developing a DSSE method that is capable to address these challenges
is of prominence. In this thesis, our focus is on the low-observability issue in the DSSE

problem which is the most important and challenging aspect of the aforementioned issues.



1.3 State-of-the-Art in DSSE Methods

1.3.1 Conventional WLS-DSSE Methods

The state estimation problem can be formulated as the following system of equa-

tions:

z =h(x) +e, (1.1)

where z is the vector of measurements, h(.) is the measurement function, x is the vector
of state variables, and e denotes the measurements error. The most common approach to
formulate the state estimation problem is to write it in form of weighted least square (WLS)
optimization as:

% = argmin(z — h(x)) W(z — h(x)), (1.2)

X

where x is the estimated vector of state variables and W is the weight matrix which is as-
sociated with the measurement error. Based on the type of measurements and the selection
of state variables, the measurement function h(.) can be either linear or non-linear.

The DSSE methods which are formulated as WLS optimization, mainly differ from
each other in problem setting, such as type of measurements, type of state variables, and
linearization of measurement function. Based on the choice of state variables, conventional
DSSE methods can be classified into two categories: 1) nodal voltage based DSSE methods,
and 2) line current based DSSE methods. State variables can be in rectangular coordinates
or polar coordinates.

In general, presence of power measurements causes the measurement function to

become non-linear. The common approach to deal with the non-linearity of the measure-



ment function is to use the Gauss-Newton method or Newton-Raphson method, take deriva-
tive of objective function with respect to the state variables, and iteratively updating the
estimation until convergence [50]. Sometimes, the power injections are first converted to
current injections, and then current injections are mapped to the voltage state variables in
a linear form [73].

Deployment of direct voltage and current measurements in the DSSE problem can
further help with making the measurement functions linear, without the need to linearize it.
In [57] , a DSSE method based on the measurements of distribution level phasor measure-
ment units (D-PMUs) is proposed which is computationally efficient, as it does not need
to iteratively calculate the gain matrix for the DSSE problem. In [69], a DSSE method is
developed which uses fast decouple power flow measurements to avoid high computation
cost. However, it suffers from lack of robustness against bad data.

Line current based state estimation methods are more common in the power dis-
tribution feeders with radial topology. For current based approaches, power measurements
can easily be represented in form of current provided that parameters of the distribution
feeder are known. This alone removes the non-linearity of the measurement function [17].
Moreover, for unbalanced networks, the current based approaches can be written in form
of phase decoupled equations.

In next section, we review the alternative DSSE approaches that are developed to
address the drawbacks of conventional methods. We discuss the properties of these methods

from various aspects.



1.3.2 Alternatives to WLS-DSSE Methods

While conventional WLS based methods are widely proposed in the literature to
address the DSSE problem, there have been alternative approaches to address the challenges
that WLS DSSE methods yet cannot tackle. In general, WLS DSSE is not robust against
bad data which is a common issue in the power distribution monitoring system. In [80], a
method based on least median of squares (LMS) is proposed which shows more robustness
against the bad data. However, the computation cost for this method is higher than WLS
and it needs measurement redundancy which is not usually the case in power distribution
systems. In [49], a DSSE method based on least absolute value (LAV) is proposed which
can identify and reject bad data due to the use of /1-norm minimization. An special type of
DSSE approach which has the properties of both WLS and LAV estimator, is M-estimator,

also known as Scheweppes-Hubber generalized M-estimator (SHGM) [34].

1.3.3 Centralized vs. Distributed DSSE Methods

Conventional DSSE methods are centralized, i.e., all measurements are sent into a
central module to run and solve the DSSE problem. This requires large computations and
well-established communication infrastructures. There are another class of DSSE methods
which perform this task in a distributed fashion [51, 28]. These approaches are also known
in the literature as multi-area DSSE methods [86, 117, 103]. In distributed approaches, the
network is split into multiple areas, each area performs the estimation locally, and then,
exchanges the estimations with other areas such that the estimation for the whole network

is obtained. The exchange of estimations can be done in parallel [48] or in sequence [89)].



1.3.4 Static vs. Dynamic DSSE Methods

The conventional DSSE approaches are mainly static, which means that they only
consider a snapshot of the system at a time to estimate the state variables. Another class
of estimators which takes into account the evolution of state variables over a period of time
are dynamic DSSE approaches, which are also known as forecasting-aided state estimation
(FASE) [61, 106, 74]. The advantge of FASE methods is that they can track the changes that
frequently happen in the state of the system due to the addition of DERs and respondent
loads in the system, while static DSSE approaches are not capable to do so.

Dynamic DSSE methods consist of two steps. In the first step, state variables for
the current time instant are predicted from the estimations in previous time instances by
means of a state-space model whose accuracy has a critical role in the performance of the
DSSE method. In general, power distribution systems are assumed to operate under quasi-
steady-state condition, which means the state-space model is in form of linear mapping
with zero mean noise [95]. In the second step, the predictions are refined based on the
measurements that are available in the current time instant by use of any types of a Kalman

filte. A survey on different types of FASE methods is provided in [40].

1.4 Measurements and Distribution System Observability

As mentioned earlier, one of the main challenges in developing a DSSE method is
the observability issue. In state estimation problems, observability means whether or not
enough measurements are available such that the system of equations in the DSSE problem

can be solved. Observability of the system is tied with the number, type, and location



of sensors. Observability analysis is usually performed in two forms of numerical analysis
and topological analysis. In [23], an observability index is defined for power distribution
systems which takes into account the uncertainties of the system. In [20], observability
analysis is done based on graph theory. Different types of measurements might be used
in the DSSE problem with respect to the problem setting and assumption to maintain the

required observability for the system.

1.4.1 Real-Time Measurements

The main type of measurements in DSSE methods are the real-time measurements
which can include nodal voltages, line currents, nodal injection powers, line power flows,
and switch statuses that are collected by D-PMUs, supervisory control and data acquisition
(SCADA), remote terminal units (RTUs), and smart meters. The reporting rate for different
sensors can vary as high as once every 60 milliseconds for D-PMUs to as low as once every
15-30 minutes for smart meters. Therefore, the DSSE method should be capable to integrate
heterogeneous types of measurements [58]. Another issue with integration of various types
of measurements is unsynchronized measurements which needs to be addressed [60].

Developing a DSSE method for modern power distribution systems with high
penetration of DERs, mainly needs to deploy those types measurements which can help it
with capturing the dynamics of the system. Those measurements exclusively come from
D-PMUs which can measure the magnitude and angle of voltage and current phasors up
to 120 readings per second. D-PMUs use the global positioning system (GPS) as the time
reference to time stamp all the measurements that are collected from different locations such

that they can be used together without any concerns about lack of synchronization among



the measurements. D-PMus have been used in the literature for different applications such
as state estimation [8, 9, 39], power system reconfiguration [11], and enhancing situational

awareness [45, 118, 102, 82, 63|

1.4.2 Pseudo-Measurements

Due to the lack of measurement redundancy, other types of inputs in form of
measurements are required for the DSSE problem, otherwise the undetermined system of
equations cannot be solved through a conventional method. A common approach at the
distribution level is to use an artificial stream of data that is called pseudo-measurements
to maintain full-observability. Pseudo-measurements are not real measurement data, but
are generated through statistical or machine learning approaches, so that their integra-
tion in the DSSE problem can make the system of DSSE equations overdetermined, and
accordingly, solvable. Pseudo-measurements are typically nodal power injections. In sta-
tistical approaches, historical load data such as customer billing data and load profiles are
used to generate data. Meanwhile, different factors such as demand response incentives,
seasonal changes, and behind the meter generation can impact the accuracy of the pseudo-
measurements which should be taken into account [98, 78]. There are also methods which
consider the correlation between different variables in the system to improve the accuracy
of pseudo-measurements [99, 85].

Machine learning approaches have also received attention recently to generate the
pseudo-measurements [54, 47]. The advantage of machine learning based approaches is
that accuracy of generated data might be higher provided that sufficient training data is

available. Meanwhile, larger training data means that computation time would be higher.



1.5 Primary Research Question

While conventional DSSE methods in the literature address the observability issue
in the DSSE problem mainly by making the network fully-observable, there are another class
of the DSSE methods, which aim to solve the DSSE problem under the low-observability
condition, and without making the network fully-observable. These emerging types of
DSSE methods, leverage the underlying sparsity features that can be extracted in power
distribution systems under different settings and use compressed sensing tools from signal
theory to perform the state estimation task [36]. In continuations of this emerging approach,
in this thesis our goal is to develop a novel class of DSSE approaches which can address
the DSSE problem under low-observability condition, and without making the network

fully-observable. Accordingly, in this thesis, we try to answer the following question:

“How we can use the available limited and partially unsynchronized/missing mea-
surements in a low-observable distribution feeder to develop a DSSE method such

that we can properly monitor the distribution feeder in the real-time?”

1.6 Summary of Contributions

The summary of contributions for each Chapter in this thesis are listed as follows:
1) Developing a novel sparse tracking DSSE method to leverage the measurements from
only a small number of D-PMUs in a low-observable three-phase distribution feeder which is
formulated as an adaptive group-sparse signal recovery problem, to estimate the differential
voltage phasors and track the changes on the state variables of the system.
2) Establishing the grounds for sparsity in the DSSE problem in differential mode based

on the engineering characteristics of power distribution systems as well as analyzing the

10



events that occur on the distribution feeders and are captured by D-PMUs. We introduce
four types of state variables in the context of group sparsity with respect to their tendency
towards being zero or non-zero.

3) Developing an event zone identification method that is used before running the sparse
tracking DSSE. It provides the DSSE problem formulation with side information on the
support of the sparse vector of the four types of state variables,

4) Deriving sufficient conditions for the uniqueness of the DSSE solution that is obtained
from the sparse recovery problem with respect to the constructed side information,

5) Developing a mechanism to identify potential drifting, caused by accumulative estimation
error of differential synchrophasors; thus to calibrate the estimated voltage phasors.

6) Developing an event-triggered DSSE method that uses the voltage and current phasor
measurements from only a few D-PMUs. In this new method, the power distribution system
is modeled as an event-triggered dynamic system; as opposed to a time-triggered dynamic
system, which is commonly used in the literature. In this setting, state variables are defined
in differential mode under low-observability conditions, where all the changes in the state
variables are due to the occurrences of physical events such as load switching, capacitor
bank switching, a sudden change in the generation level of renewable energy resources, etc.
7) A data-driven method is developed to learn the event-triggered state transition matrix.
It takes into account the inherent sparsity due to the radial network topology and spatial-
temporal correlations of the state variables in power distribution systems and works as a
elastic net regression method. To reduce computational complexity, we propose a zonal

extension of the basic nodal form for the event-triggered state transition matrix.
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8) Two different approaches are proposed to solve the formulated sparse event-triggered
DSSE problem. The first approach is exact and works based on the batch ADMM. The
second method is approximate to further lower computational complexity. It works in three
steps: Kalman filtering, incorporating sparsity, and backward smoothing.

9) Developing a novel joint sparse estimation method for the sensitivity distribution factors
(SDF) matrices and power flows in a low-observable power distribution system. Unlike the
existing methods in the literature, which are either model-based or measurement-based,
the proposed method is a hybrid method, where a model-based approach is considered
with respect to the physics-aware component of our design; while every other aspect of our
approach is measurement-based.

10) Defining three scenarios based on the availability of measurements, and accordingly,
developing an optimization model for each scenario, to obtain the joint solution. Also,
developing a novel iterative solution to deal with the non-linearity of the optimization

problem that is caused because of the missing measurements in the regression model.
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Chapter 2

Sparse Tracking State Estimation
for Low-Observable Power
Distribution Systems Using

D-PMUs

2.1 Introduction

2.1.1 Background and Motivation

Continuous monitoring and control of distribution systems has not been common
across the whole network, but at few critical nodes such as substations, due to the pas-
sive slowly-changing nature of loads, as well as lack of instrumentation. The conventional

monitoring usually has been performed through SCADA in terms of distribution system au-
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tomation at a local level. However, penetration of distributed energy resources, emergence
of new types of load, and development of demand side management programs have caused
an evolution in the operation of power distribution grids [15, 10, 53, 5]. Distribution sys-
tem state estimation (DSSE) is an important monitoring tool in power distribution system
operation to help utilities with real-time grid monitoring capabilities in order to maintain
reliable and secure operation of power distribution systems [37]. DSSE methods may use
different types of available measurements with various time resolution in order to recover
the state variables of the system, i.e., the nodal voltage phasors and branch current phasors
[58].

The performance of DSSE is directly affected by the extent of observability in the
power distribution system, which depends on the type, number, and location of sensors
[3]. In practice, power distribution feeders often suffer from low-observability; because the
number of sensors is much less than the number of state variables in many distribution
feeders. The installation of smart meters and advanced metering infrastructure (AMI)
have improved observability in power distribution networks. However, smart meters report
measurements only once every 15 minutes to 1 hour [75]. These low reporting rates are not
sufficient to capture the high dynamics of power distribution systems [112, 100].

The above issue can be resolved with the advent of the state-of-the-art D-PMUs,
a.k.a., micro-PMUs', which report phasor measurements once every 8 to 100 milliseconds
[82]. D-PMUs have been used in recent years at distribution feeders for various tasks, such

as to achieve situational awareness [82] and to support optimal grid reconfiguration [11].

"Micro-PMU is a trademark of PSL [1]. Therefore, we use the term D-PMUs; since our study is not
specific to any particular commercial technology.
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D-PMUs can also be used in DSSE algorithms [39]. However, to resolve the low-
observability issue to run a conventional DSSE, we need to install hundreds of D-PMUs on
each feeder. This is cost prohibitive due to, not only the high cost of sensors, but also the
cost of the communications infrastructure.

Therefore, finding a suitable solution to mitigate the low-observability in DSSE is

an important practical challenge.

2.1.2 Related Works

The common approach to compensate for low-observability in DSSE is to use an
artificial stream of data, so-called pseudo-measurements. Pseudo-measurements are often
constructed by using historical load data or real-time AMI data [20]. The impact of seasonal
changes in customers behavior may also be considered, e.g., see [38]. However, due to the
uncertainty and the variability in distribution systems, pseudo-measurements are typically
not accurate [35]. Lack of time synchronization is another factor that can negatively impact
the accuracy of pseudo-measurements [14]. Inaccurate pseudo-measurements can create
ill-conditioned mathematical optimization in the DSSE problem formulation; which may
prevent it from converging to a reliable solution [35].

There have been efforts to make pseudo-measurements more robust against system
uncertainties, through either statistical approaches or machine learning methods. In [98],
a Gaussian mixture model is used for the load probability density function for inclusion
in a conventional WLS-DSSE. In [47], a two-stage data clustering method is used to con-
struct the pseudo-measurements. In [79], artificial neural networks are trained to generate

pseudo-measurements from limited measurements. However, statistical methods still re-
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quire reliable statistical models to be accurate. As for the machine learning methods, they
require large sets of reliable training data to generate accurate pseudo-measurements.

The authors in [91] proposed a new data-driven DSSE method based on train-
ing a deep neural network model to solve the DSSE problem without adding pseudo-
measurements; instead they added physical information of the underlying power distribu-
tion feeder, such as the parameters of the distribution lines to further increase the accuracy.
While this method is very promising, as a data-driven method it naturally requires access
a considerably large data set in order to train the machine learning model. Furthermore,
as the size of network grows, it may become difficult to cover all the possible scenarios in
the underlying physical system in the training process.

Numerically, observability is evaluated by checking the rank of DSSE gain ma-
trix. If the gain matrix is full-column-rank and invertible, the network is said to be fully-
observable. Otherwise, it means that the system of equations for DSSE problem is unde-
termined and more measurements are needed. According to compressed sensing theorem,
for an under-determined system of equations, if the vector of unknowns is k-sparse, i.e. it
has only k£ nonzero entries, then it can be recovered through sparse signal recovery [41].

Accordingly, a different approach that has emerged recently is to address low-
observability through compressed sensing. In this approach, instead of trying to make the
low-observable DSSE problem fully-observable through the above aforementioned methods,
the goal is to rather extract and leverage the potential sparsity features in the DSSE problem
S0 as to solve the original DSSE problem while it remains low-observable. In this regard, the

authors in [13] used the correlation among nodal voltages to compress the measurements;
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and then they used techniques from compressed sensing to solve the DSSE problem. In [77],
the authors developed a current-based sparse DSSE method that is built on the assumption
that the load currents are negligible in comparison with the injected current from the sub-
station. This consideration results in making the problem sparse. In [43], a method based
on matrix completion is developed to estimate the missing values in the DSSE problem,
i.e., to estimate those state variables that do not have direct measurements. In [76], a block
tensor completion is proposed to estimate the nodal voltages. In this method, the corre-
lations among the state variables are used in a tensor norm minimization problem; which
is a generalization of the matrix completion method. Finally, in [36], the authors used the
correlation among the nodal voltages, and they accordingly presented a comparison among
the performance of four different compressed sensing techniques, where the robustness of
sparse recovery against bad data is also discussed.

A brief comparison between the proposed method versus the comparable methods

that we discussed above is provided in Table 2.1.

2.2 Sparse Linear DSSE Problem

Formulation in Differential Mode

Consider a multi-phase power distribution network that is represented by a graph
G := (N, L), where N denotes the set of nodes and £ C N x N denotes the set of distribution

lines. Let ¢ = {A, B,C} denote the set of phases. Suppose V! denotes the vector of all
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voltage phasors at time slot ¢, assuming that they are represented in the rectangular form:

T

Vii=| Rl ) It ) | - YREN, Ve, (2.1)
where 9R(.) denotes the real part of the phasor, J(.) denotes the imaginary part of the
phasor, and vfl & denotes the voltage phasor at bus n on phase ¢ at time slot t. The length
of Vtis |N|. In a similar setting, I' denotes the vector of all the current phasors at time

slot ¢:
-

I'= | mt, ) 3iL,,) | - VHIEL Vocp, (2.2)

where i}, & denotes the current phasor at line kI on phase ¢ at time slot ¢. The length of If

is |£|. Since we study radial distribution feeders, we have |L| = |N| — 1.

2.2.1 DSSE Problem Under Low-Observability Conditions

Let x! be a N x 1 vector which contains all state variables of the power distribution
system at time interval ¢. Note that any independent combination of nodal voltage phasors
and line current phasors that can identify the state of the system can be selected as the
vector of state variables. Importantly, Throughout this work, we assume that the state
variables include the vector of voltage phasors for all nodes, i.e., V!, and the vector of

current phasors for all lines, i.e., I*. That is,
+
xt = [ (Vt)T I’ ] , (2.3)

where we have N = |N| + |L|.
Also, let y* denote the vector of all available measurements. At each time slot

t, we assume that the measurements come from only D-PMUs. Since our focus is on a
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challenging scenario where the distribution network is not fully-observable, we assume that
D-PMUs are installed at only a few nodes. For example, one D-PMU can be installed at
the substation; and one or at most two D-PMUs can be installed on each lateral, as we will
see in the case studies in Section 2.4. D-PMUs measure voltage phasors on three-phases at
nodes NV, € N and current phasors on three-phases at lines £,, C L.

D-PMUs provide two types of measurements, voltage phasors and current phasors.
Accordingly, there are two types of equations that we need to include in the state estimation
problem. First, there are equations that map the state variables to the voltage phasor

measurements through identity mapping for each node n € N,,:

1 _
R(v), 4) = 567:@(”2 + v},), (2.4)
~e 1 1
I(vy,.4) = ?jeg,¢(v; —vh), (2.5)

where e, 4 is the ¢-th canonical basis vector and vt is the vector of voltage phasors at all
phases at bus n at time slot ¢ in complex form. Second, there are equations which map
the state variables to the current measurements for each line segment kl € £, through the

KCL equations:

| 1 -
%(ZZZ,QS) = iele,qs(Ykl(Ultg —v)) + Y (vl —})), (2.6)
v‘(ﬁcl,qs) = ?jeg—l,qﬁ(ykl(vltc —v)) = Y (vl —ot)), (2.7)

where Yj; is the admittance of line segment k.
For the rest of this work, we represent the equations in (2.4)-(2.7) in a compact

form through measurement matrix ¥. Thus, we have:

y' = ox’. (2.8)
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Matrix W represents |N,,| + | L] equations. Therefore, its size is (|Np| + |Lm|) X N. The
DSSE problem in its standard form is the problem of solving the system of equations in
(2.8) to obtain the state variables x! from the available measurements y'.

When we have measurement redundancy, it means that we have many more mea-
surements than necessary to solve the equations in (2.8). In this work, our focus is on a
challenging scenario where the distribution network is not fully-observable, i.e., we do not
have enough measurements to solve the system of linear equations in (2.8).

Without loss of generality, we assume that rank(W¥) = my; that is, the measure-
ment matrix is full row-rank. This means that the D-PMU measurements associated with
each row of matrix ¥ are linearly independent.

Under the low-observability circumstances, we do not have enough measurements
to solve the system of linear equations in (2.8). Thus, one can use the circuit laws to
introduce additional equations, based on the so-called virtual measurements, to capture the
relationships among the state variables at the line segments that are not equipped with

sensors, i.e., Ykl & L,,:

1 > 7 .

0 = SedoMh(ok — o) + Vi(ef — o)) — Rlika,e) (2.9)
1 .

0= grehs(Yueh = vf) = Via(of ~ ) (i) (2.10)

Again, let us represent the equations in (2.9) and (2.10) in a compact form as:
0 = &x'. (2.11)

Matrix ® represents |L| — |L,,| equations. Therefore, its size is (|£| —|£m]) X N. While the
system of equations in (2.8) maps the unknown phasors to the known phasors, the system

of equations in (2.11) relates the unknown phasors to other unknown phasors.
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In a standard DSSE problem, if a bus or a line segment is already equipped with
a sensor, then we do not need to consider the corresponding virtual measurement anymore.
Because it does not provide any new independent equation. However, in a low-observable
network, virtual measurements can sometimes provide new independent equations.

Now, let us concatenate the system of equations in (2.8) and (2.11) to obtain:
z' = Hx' (2.12)

where
T T
H::[\p@] , zt::[yt()] . (2.13)
Matrix H is M x N, where M denote the rank of matrix H, i.e., the number of
independent rows in stacking of matrices ¥ and ®. For the rest of this work, we assume

that matrix H is full-row-rank, i.e., it includes only the independent rows in ¥ and ®. The

DSSE problem under the low-observability condition is the problem of solving (2.12) when
M < N. (2.14)

In that case, the system of linear equations in (2.12) is undetermined and its solution is

unspecified; i.e., many choices of x’ can lead to the same z’. The set of solutions are
H' (HH') 'z + null(H), (2.15)

where null(-) denotes the null space of matrix H. Therefore, the DSSE problem cannot be

solved in its standard form.
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2.2.2 DSSE Problem in Differential Mode

Let us consider the same overall setting as in Section 2.2.1, but let us represent all

the D-PMU measurements and all the state variables in a differential mode as

Az = 7' — 771 (2.16)

Ax' = x! —x!TL (2.17)

Here, we represent the measurements and state variables in time slot ¢ in terms of their
difference compared to their values in time slot t —1. We can write the relationship in (2.12)
in differential mode as

Az' = HAX'. (2.18)

If (2.14) holds, then the system is still not fully-observable even in differential
mode. Thus, in principle, we still cannot find a unique solution for the equations in (2.18);
just like in Section 2.2.1, where we could not find a unique solution for the equations in
(2.12). However, unlike in (2.12), we can solve the differential form of the DSSE problem
in (2.18) by posing it as a sparse signal recovery problem [41]. The key is to show that the
vector of state variables in the DSSE problem in differential mode, i.e., Ax!, is a sparse

vector. Next, we explain the grounds for sparsity.

2.2.3 Grounds for Sparsity

In this section, we examine the engineering characteristics in power distribution
systems and make the case that the DSSE problem in differential mode can be formulated

as a sparse signal recovery problem. The fundamental observation throughout this section
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is as follows; given the short time interval in D-PMU measurements, the changes in the
states of the system from time ¢ — 1 to time ¢ are caused by only one major change in the
components of the power distribution system. We refer to these major changes as events,
such as load switching, a sudden change in a DER output, etc. [45].

When an event takes place on a distribution feeder, it may impact a subset (or
all) of nodal voltages and branch currents. The impact of an event on the network can be
studied by considering compensation theorem from circuit theory [67]; based on which we
can replace the circuit element that is the source cause of an event with a current source
that injects the same level of current at the location of the event. The advantage of using
compensation theorem is that it provides us with a direct relationship and also an equivalent

circuit model to study how an event may change the state variables.

1) Partitioned Network Representation at an Event

Before we explain the specific grounds for sparsity, let us first define a few new
notations. Consider the power distribution network in Fig. 2.1(a). Suppose a major load
switching event occurs at bus 29 during the short time-period between time ¢ — 1 and time
t. Consider the path between the substation and the event bus; as marked in red. Let us
represent this path with 7 := (V, ), where V is the set of buses and £ is the set of line
segments on this path.

Next, let us partition the rest of the distribution system into four subgraphs as

Vi, &), Vi€ {1,---,4}. These partitions are marked in Fig. 2.1(a). Note that, together
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Figure 2.1: An example to illustrate sparsity: (a) An instance of the IEEE 33-node test
system right after a major load change at node 29; (b) The changes in line currents, i.e.,
AI; (¢) The changes in bus voltages, i.e., AV. The values within the yellow ribbon are
considered approximately zero.
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with path (V, ), these partitions cover the entire distribution system. That is, we have:

4 4
Uvi=My,  Ja=r\e (2.19)
=1 =1

While the above notations are defined based on the example in Fig. 2.1(a), the basic idea
can be similarly applied to any power distribution system with any given bus for the event.

In our analysis, it is critical to figure out under what circumstances the changes
in voltage or current are non-zero or (approximately) zero, i.e., they lay outside or inside
the zero approximation region; as marked with the yellow ribbon in Figs. 2.1(b) and (c).
Note that, a key feature of sparse signal recovery is its capability to manage the width of

the zero approximation region as a trade-off against estimation error.

2) Impact of an Event on Line Current

Following the compensation theorem [67], suppose we replace the event on node 29
in Fig. 2.1(a) by an equivalent current source. If we write the Kirchhoff’s current law at all
nodes in V, we can show that the change in the current for all the line segments in set £ is
equal to the amount of current that is injected by a current source, in the equivalent circuit
of the power distribution system that is constructed by applying the compensation theorem;
because the change in the injected current to all the nodes is zero; except for the node where
the event occurs. Moreover, if we write the same system of equations for all the nodes in
M\V, we can show that the amount of change in the current for all the line segments in
set L\& is zero; otherwise it means that there is a non-zero change in the injected current
to one of the nodes outside the red path, i.e., there is another event somewhere else on the

distribution feeder which is in contradiction to our initial assumption.
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In summary, once an event occurs somewhere on a power distribution feeder, the
line segments on the red path may experience non-zero changes; while the line segments
outside the red path do not experience any change in their current. This alone creates a

major sparsity in vector Ax?.

3) Impact of an Event on Nodal Voltage

When an event takes place, the nodal voltages on the nodes along the red path
are directly affected. This is because of the changes in the current of the line segments that
are along the red path. However, the voltages on the nodes outside the red path may or
may not change drastically depending on several factors, such as line parameters, network
topology, and most importantly, how the event changes voltage across the nodes that are
located on the boundaries of the red path and other partitions. To elaborate, suppose s is
a node on the red path that has a neighboring node r outside the red path. For example s
could be bus 2, 3, 6, or 29 in Fig. 2.1 (a). By writing down the Eq. (2.6) for line segment

sr that lays outside the red path, one can show that the following equality holds:

ty t
RST — S)E(A’Us) Nm(AUT‘) , (220)
X, ~ 3(Aul) = 3(Au)

where Ry and X, are the resistance and reactance of line sr, respectively. From (2.20),
whether or not the differential voltage phasors for the nodes outside the red path are zero,
depends on the value of other parameters in (2.20). In either case, the same zero/non-zero
condition would hold for any other node in the same partition.

As a result, there exists a group sparsity among the nodal voltages in differential

mode for the buses that are in the same partition V;, Vi € {1,--- ,4} outside the red path.
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For example, in Fig. 2.1(c), the parameters in (2.20) are such that the differential voltage
phasors for the nodes in partition V; are all non-zero and the differential voltage phasors

for the nodes in partition Vs, are all approximately zero.

4) Fundamental Conclusions

We can combine the analysis to conclude the following corollary; which builds a

foundation for our analysis:

Corollary 1: At each time slot ¢, we can divide the state variables in differential

mode into four types:

1. Differential current phasors known to be zero: For all the line segments in set

L\E, AI would be zero.

2. Differential current phasors known to be non-zero: For all the line segments

in set £, AI would be non-zero.

3. Grouped differential voltage phasors: For all buses in each of the sets V;, Vi €

{1,---,4}, either AV would be (approximately) zero or non-zero for all such buses.

4. Differential voltage phasors known to be non-zero: For all buses in set V, AV

would be non-zero.

The proof of Corollary 1 is as follows:
Consider the network in Fig. 2.2, which is the equivalent circuit of a power distri-
bution feeder at the time of event that is obtained by applying the Compensation Theorem

[67]. The event at bus m is replaced by a current source which injects the same level of
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current due to the event to event bus. By applying the Kirchhoff’s Current Law (KCL) at

the event bus, i.e., the last bus on the red path, we have:

N
Aipy — Nig, + Z Nipyyy = 0. (2.21)
j=1

We can write a similar equation at node [ as
Ai; + Aty — Adyy, = 0. (222)

Based on the Compensation Theorem, since no event occurs at bus [, there is no
change in the injected current to this bus, i.e., we have: Aj; = 0. This is also true for all
other buses in set V. Thus, Ai,; = Adpy,. If we continue writing the same type of equations
for the buses on the red path until we reach the substation, we can conclude that the change
in the line current for all the line segments in set £ is equal to the change in the injected

current that is drawn from the substation:
Adgyp = Aipy, Vlm € £, (2.23)

Next, let us write the KCL at all nodes in set V). For the same reason, the change in
current for all the line segments in set & is equal to Ad,,;,. Consider the whole set of
(V1,&1) as a super node. If the value of injected current to this supper node, i.e., Aiml/l
is non-zero, then it means that this current is being injected to one of the inner nodes of
the super node, which means that there is an event somewhere inside the super node that
would be against our initial assumption; where only one event happens across the feeder

during each time slot ¢. Therefore, Aiml’l = 0. Accordingly, we have:
N
> Ay = 0. (2.24)
j=1
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Figure 2.2: Equivalent circuit of distribution feeder when an event happens at node m.

By replacing (2.24) in (2.21), we obtain:
Ni = Nigup. (2.25)

Therefore, when an even happens, the change in current for all the line segments in set &£ is
non-zero, and equal to the value of injected current from the substation node, or the value
of the equivalent current source. Also, the change in current for all the line segments in
set L\E is zero. This is exactly in accordance to the illustrative example that was shown
in Fig. 2.1(b). Next, let us write the Ohm’s law for line segment ml} as in (2.6). Since

Aty =0, we can obtain
Ry R(Avm) — R(Auvy)

= —= — . 2.26
Xouy ~ 3(Bum) — 3(Buy) (2.26)

Thus, based on the values of the parameters, there are two scenarios to consider. First, if

the impedance of line ml} and the differential voltage at node m are such that

le’ %(Av )
L~ n’. 2.27
)(ml’1 j(A’Um) ’ ( )
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then, we can (approximately) replace Avlfl by zero. This is the case that holds for the nodes
in set Vs in the illustrative example shown in Fig. 2.1(c). Second, if the corresponding
parameters are not such that (2.27) holds, then Avy # 0.

The discussion on the grounds for sparsity in this work are made based on the
assumption that only one major event happens across the distribution feeder during each
time slot of the proposed DSSE process. This is a reasonable assumption in practice; as it is
observed in the previous studies that have looked at real-world D-PMU data. However, for
the occasional scenarios, where two or more events occur simultaneously during the same
100 msec time slot, one may need to modify the grounds for sparsity that we discussed in
Section 2.2.3. Addressing such cases could be the subject of an extension of this work in
the future.

The grounds for sparsity that we discussed above are developed based on the
assumption that the distribution feeder has a radial topology; which is very common in
practice. The above discussions are not applicable to transmission systems, where the
network has a meshed topology. Therefore, the analysis in this work is specific to the
DSSE; because it takes advantage of the features of power distribution systems.

Note that, in principle, we do not know the actual type for any of the above state

variables in advance; unless the location (i.e., the bus number) of the event is known to us.

2.2.4 Event Zone Identification

Based on the analysis in Section 2.2.3, the key to unlock the sparsity characteristics
in the DSSE problem in differential mode is to focus on the major events that occur across

the low-observable power distribution system.
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When an event(s) happens whose type and location is unknown to us, all our
information on the unknown vector would be limited to the fact that Ax? might be a suffi-
ciently sparse vector whose true value can be obtained by means of sparse signal recovery.
Additional information on the type and location of the event could be translated into a
partial knowledge on the support of unknown vector which is beneficial for the sparse re-
covery to improve the solution. This information might be such precise that tells us the
exact location of the event, and ultimately the location of zero and non-zero entries on the
unknown vector. Or, it might be less accurate even compromised with error such that only
leads into a brief knowledge about a subset of unknowns. Sparse signal recovery has got
the capability to leverage any information within this spectrum.

There are recent methods that use D-PMU measurements to identify the location
of events on power distribution systems, e.g., see [45]. If such methods are truly accurate,
then we can use them to identify exactly which state variables belong to each of the four
groups that we introduced in Section 2.2.3.

However, in practice, event location identification is not exact. This is particularly
the case in low-observable networks, where the number of D-PMUs may not be enough to
identify the exact location of all events. Interestingly, our approach here does not require
knowing the exact location of the event.

Suppose we do not know the exact location of the event at bus 29 in Fig. 2.1(a),
but we do know that the event occurs somewhere on the lateral that includes bus 26 to
bus 33. In other words, suppose we only know the zone of the event. In that case, all the

discussions in Section 2.2.3 on the features of voltage and current differential phasors for all
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nodes and line segments in (V1, &) and (Va, &) and (Vs, E3) would still be valid. Moreover,
all the previous analysis for the nodes and line segments on the path between the substation
and the event zone up to node 29 would also still be valid.

The difference between knowing the exact event bus versus only knowing the zone
of the event would affect our analysis only with respect to the differential voltage and
current phasors for the nodes and line segments in (V4,&4). Given that we do not know
the exact location of the event at bus 29, we can simply merge set (V4,&4) to set (V,E).
That is, we simply do not include set (V4,&,) in our sparsity assumptions; everything else
will remain the same as in Section 2.2.3. In this condition, without loss of generality, we
assume that (Vy, £4) belongs to the path of the event and we treat their corresponding state
variables as we do for the ones on the red path in Fig.2.1(a). Note that the predefined four
types of state variables will be deployed in the sparse recovery in terms of partial knowledge
on the support of unknown vector as we will discuss in next Section. Thus, as far as we
obtain a valid knowledge on a part of unknown vector and the error is small, we can expect
improvements. Accordingly, we should make sure that number of nodes in each zone are
such that the caused error on the side information is kept small. Meanwhile, the number of
nodes within each zone should be such that the event zone is detected correctly from the
available sensors.

As for how to obtain the event zone, we propose an extension of the event location
identification method in [45].

The method starts from two D-PMUSs, one at the substation and one at the end

of a lateral of interest. It then goes through a forward nodal differential voltage calculation
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Figure 2.3: A typical zoning of the radial distribution system.

that starts from the D-PMU at the substation and ends at the D-PMU at the end of the
latter; and also a backward nodal differential voltage calculation that starts from the D-
PMU at the end of the lateral and ends at the D-PMU at the substation. The bus number
for the event is then obtained by comparing the two nodal differential voltage calculations
as taking the minimum of their discrepancy, as in Eq. (12) in [45].

To find the zone of event, first, we split the distribution feeder into several mutually
exclusive zones and represent each zone by an index ¢. One simple way to form the zones
is to consider all the nodes on the same lateral as one zone, provided that we have installed
at least one D-PMU on each lateral. (see Fig. 2.3).

Then, we can simply replace Eq. (12) in [45] with the following:

¢* = arg min iHAVW‘ — AV, (2.28)
c Ne

where n. denotes the number of buses in zone ¢; AV/ is the vector of estimated differential
voltage phasors from the forward sweep in zone ¢; and AVS? is the same vector from the

backward sweep. For more details please refer to [45].
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2.2.5 DSSE as a Sparse Signal Recovery Problem

We now go back to the DSSE problem in differential mode based on the system of
linear equations in (2.18). Recall that this system of equations is undetermined. Based on
grounds for sparsity that we established in Section 2.2.3, we can now formulate this problem
in a form that can be solved using techniques in sparse signal recovery. Accordingly, we can
track the changes in the state variables across the power distribution network whenever an
event happens; despite the fact that the system is low-observable due to (2.14).

To recover a sparse solution of the system of equations in (2.18), we can solve
the following basis pursuit problem which is a well-known convex relaxation of the original

intractable fp-norm minimization problem in sparse recovery [41]:
IilirtlHAXtHl st Az* = HAXY, (2.29)
X

where || - || denotes the ¢;-norm.

Suppose, we do not know where the zone of event is and all of our information
about the vector of state variables is limited to the fact that it is a sparse vector. In that
case, we cannot distinguish the state variables from each other and all we can do is to solve
the optimization problem in (2.29).

The optimization (2.29) is convex but non-smooth, c.f. [22]. A computationally
convenient way to solve (2.29) is to use ADMM algorithm [22]. In this regard, we first

rewrite problem (2.29) as:

1
min ~||Az' — HAX'||3 + \||Ay||x
Axt,Ay 2 (2.30)

s.t. Ax! = Ay.
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Next, we use the following system of iterative equations to solve the above reformulated
optimization problem [22]:
Axi = (HTH+ pI) ' (HTAZ" + p(Ayr — u))
Aypy1 = S)\/p(AXi:—i-l + uyg) (2.31)
Upp1 = uy + AX) ) — Ay
where p > 0 is the penalty parameter for the augmented Lagrangian function, subscript &
denotes the k-th iteration, u is the dual variable corresponding to the constraint in (2.30),
and operator Sy, is the proximal operator.

It should be noted that the iterations in (2.31) are internal to each time slot. That
is, every time slot ¢ involves its own iterations as in (2.31) in order to obtain the state
estimation solutions at that time slot.

The ADMM iterations in (2.31) determine the values of the very small entries,
i.e. those that can be approximated by zero in the sparse recovery process, based on the
values of A\ and p, and the pre-determined maximum number of iterations. This provides
an advantage in implementing the DSSE algorithm because it provides a knob to control

the extent of the zero-approximation for the states that seem small.

2.2.6 Dynamic Reweighting

Given the differential nature of the state variables in this study, the performance
of the proposed DSSE problem can be further enhanced through learning its sparse charac-
teristics, i.e., learning which state variables can be zero-approximated. This can be done in
each time slot by using a dynamic reweighting based on the largest obtained values from the

previous time slot. The changes in the states of the system are due to changes in loads or
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grid components. The buses that experience the largest changes in their voltage are often
those that are close to such loads or grid components. In this regard, we propose to rewrite

(2.30) as:

1
min = ||Az' — HAX!||2 + \|Ay||x

Axt,Ay 2 (2.32)

s.t. FiAx! = Ay.
where F! is a diagonal N x N reweighting matrix. Suppose we are at time slot ¢. Let I';_
denote the set of half of largest differential states that were non-zero during time slot ¢t — 1,
i.e., during the previous time slot. Updating rule for entries of F? is:
1 ;if 1€l 4

i = (2.33)
1/|"" P 4+¢ ; otherwise

where € is a very small positive value. From (2.33), if the previous differential state was
within the half of largest non-zero, i.e., the voltage or current phasor corresponding to that
state variable had a considerable change, then the weight corresponding to that differential
state remains 1, which is the default value as in (2.30). However, if the previous differential
state was zero, then the weight is set in an inverse proportional relationship with its value
during the previous time slot. Devoting a small weight (here 1) to large non-zero elements
of state variables vectors, relaxes the constraint of sparsity on these entries. Regarding
the simulation results, large non-zero state variables are generally: 1) real parts of voltage
difference for the nodes that are closer to the node with the load change, and 2) current
difference for the line segments close to the substation node or node with the load change.
Inverse proportional relationship assigns large penalty coefficients to the approximately zero
element, which helps the algorithm to improve its accuracy in the next time slots by ignoring

the corresponding state variables.
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Given the updated matrix F! in each time slot ¢, the iterative solutions in (2.31)

are updated as:

Ax,; = (HTH + p(F)TF) " (HT Az’ + pF' (Ayy — wy))

Ay = Sy /p(F Ay +uy) (2:34)

Upa1 i= Ui + F"/AxfCJrl — Ay

Thus far, we have not incorporated any information about the zero/non-zero being

of state variables that we extract from the identification of events. In the next step, we
will modify (2.29) to incorporate the following “side information” so that we can solve the
above optimization problem:

1) the four groups of state variables that we introduced in Section 2.2.3; and 2)

the zone of the event that we identified in Section 2.2.4.

2.3 Solution Method, Uniqueness,

and Calibration

2.3.1 Incorporating Side Information

The sparse DSSE problem as written in (2.29) treats all the entries in the unknown
vector Ax! in a uniform manner and does not include any prior information on the support
of unknown vector. Since the side information provides us with an estimate of the support
of the unknown vector, we can exploit that knowledge to improve the performance of the
sparse recovery method. To incorporate the side information that we listed in Section 2.2.4,

we modify (2.29) into an adaptive group-sparse recovery problem [26]. Recall from Section
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2.2.3 that we divided all the state variables in differential mode into four types. Let us
refer to them as Type 1, Type 2, Type 3, and Type 4. Accordingly, suppose vector Ax?
is partitioned into P groups. Three partitions are formed based on the state variables of
Type 1, Type 2, and Type 4, respectively. For the state variables of Type 3, the number of
partitions is equal to the number of sets V;, as we defined in Section 2.2.3. As we discussed
in Section 2.2.3, the state variables in each partition have similar tendency towards being
(approximately) zero or non-zero. If instead of the event location, we use the event zone,
then the definition of partitions are adjusted accordingly, as we discussed in Section 2.2.4.

Let us represent the state variables in each partition p by AXZ, wherep=1,..., P.
Let w, denote the adaptive weight for partition p. Set w, = 1 for Type 1 state variables
because they can be replaced by zero. Set w, = 0 for Type 2 and Type 4 state variables;
since they are expected to be non-zero. Set w, for Type 3 state variables to be a number
between 0 and 1 based on their distribution of historical zero/non-zero values.

To incorporate the weights, we reformulate the basis pursuit problem (2.29) as the
following weighted ¢1-norm minimization:

P P
min ;wpmx;ul st. Azl = ;Hpr;, (2.35)

where H,, denotes a submatrix of H with only the columns associated with the state variables
in partition p.

It is more common to solve the related unconstrained relaxation of (2.35), a.k.a.,
weighted Lasso problem [104] as

P P
1
min o (A" = > HAKGE+ 2D wyl| A% 1, (236)
p=1 p=1

39



where A > 0 is a regularization parameter which controls the trade-off between the esti-
mation error and the sparsity level of the unknown vector Ax?. By changing A we change
the width of the yellow ribbon in Figs. 2.1(b) and (c). The first term in (2.36) is the
squared error loss and the second term is the weighted ¢1-norm penalty. If X is such that

Awy > [|H)) Azf|| o, then we force the corresponding estimated Ax? to be zero.

2.3.2 ADMM Solution

Similar to previous Section, we use ADMM to solve problem (2.36). We obtain

the augmented Lagrangian for (2.36), under constraints Ax; —p, =0, as

P P
1
£p(Ax ) = 51 A% — S HARE A wyln
=t =t (2.37)

+ plu, Ax' — p) +

(NS

P
2
|| Z(AX; - :u’p)H27
p=1
where Ax! and p are the primal variables, u is the dual variable, and p > 0 is a Lagrangian
parameter.

The ADMM method alternately updates all the primal and dual variables at every

iteration as follows

Ax' = argmin £,(Ax", 1, ) (2.38)
Axt
p = arg min £,(Ax", p, @) (2.39)
"
u=1i+ (Ax' — ), (2.40)

where (AX, f1,1) and (Ax, u,u) denote the estimates from the previous and the current

iteration, respectively. The solutions to (2.38) and (2.39) can be obtained by setting the
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derivatives of (3.29) w.r.t. Ax' and p!, respectively. The resulting closed form solutions

for the updates can be described as

Ax! = (HTH + pI) *(HTAZ! + p(fi — 1)) (2.41)
wm, = Swp)\/p(AX;; + ﬁp) Vp e P (242)
u=1i+(Ax' — p) (2.43)

where Sy, 5/ »(+) is a soft-thresholding operator; and p,, Axf), and 1, forms the p-th partition
of the respective vectors.

Importantly, the convergence of the ADMM is guaranteed for the above sparse
DSSE problem; because the objective function in the proposed problem formulation is the

sum of several convex functions with linear constraints, c.f [22].

2.3.3 Uniqueness of the Sparse DSSE Solution

The conditions for the uniqueness of the solution in a sparse signal recovery prob-
lem typically depend on the structure of the measurement matrix H, the number of non-zero
entries, and the support and the sign sequence of the non-zero entries. A number of criteria
have been developed to analyze the uniqueness of the solution which leads to extremely tight
sufficiency condition [24, 25, 41, 42, 104, 46]. Mutual coherence and restricted isometry-
based analysis address the worst-case scenarios and provide pessimistic results for matrices
with highly correlated columns.

Thus, to check the uniqueness of the sparse DSSE solution, we extend the dual
certificate-based method in [113], where we incorporate the side information by assigning

different values to w,, for different partitions p=1,..., P.
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Suppose the true sparse signal Ax in (2.18) has non-zero entries on an index set
I'. Let us denote Axp as the non-zero entries, sp = sign(Axr), and Hp as a matrix that
consists of the columns in H that correspond to the indices in I'. We can show that Ax is
also the unique solution of the ¢1-norm minimization problem in (2.36) using the following
theorem.
Theorem 1: A vector Ax that satisfies the equations in (2.18) with support I" and sign
sequence sp can be recovered from the unique optimal point of the optimization problem in
(2.36) if the following conditions are satisfied:
1. Submatrix Hr is full-rank.

2. For all v ¢ T, the following inequality holds:
|H,Hp(H} Hr) '"Wrsr| < w,. (2.44)
3. A and W are selected so that
sign(Axp — A(H;Hp)_lwrslﬂ) = sr. (2.45)

H., denotes the column of H with index v, Wr is a diagonal matrix whose diagonal entries
are w), for the partitions associated with the indices in I', and w,, is the corresponding weight
of the partition that v belongs to.

The proof of Theorem 1 is as follows:
We largely follow the procedure outlined in [46]. We will first discuss the necessary and
sufficient conditions that any optimal point of the convex optimization problem in (2.36)

must satisfy. Let us rewrite the problem in (2.36) in a compact form as
1
min - |Az — HAx||Z + \|[WAX]4, (2.46)
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where W is a diagonal matrix with weights w., for v € {1, ..., N}. The optimality conditions
can be obtained by using the first-order necessary KKT conditions that are also sufficient;
the optimization problem in (2.36) is convex. A necessary condition for vector Ax* to be
an optimal solution of (2.46) is that zero vector belongs to the subgradient of its objective.

We can write this condition as
H' (HAX* — Az) + AWJ||Ax*||; = 0. (2.47)
0||Ax*||; denotes the subgradient which can be defined as

sign(Ax*) Ax* #0
|| Ax*||; €
-1,1]  Ax* =0.

We can write (2.47) in a compact form as
[H] (HAX" — Az)| < Aw,.

One can show that the solution is a unique minimum if the following sufficient conditions

are satisfied [22]:

HI(HAX* — Az) = —dw,sign(Ax?), if Ax] #0 (2.48)

|HI(HAX* = Az)| < Aw,, if Ax] =0, (2.49)

We can now prove that if a vector Ax with support I' and sign sequence sp satisfies the
set of equations HAx = Az and the conditions in (2.44) and (2.45), then we can explicitly

write the unique solution of (2.46) supported on I" as
Ax} = Axr — A(H] Hr) 'Wrsr. (2.50)
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The sign condition in (2.45) implies that sign(Ax}.) = sp. To prove the optimality of Ax* in
(2.50), we need to show that Ax* satisfies the necessary and sufficient conditions in (2.48)

and (2.49). Let us first look at the condition in (2.48) as

H; (HrAx}: — Az)
= H{ (Hr[Ax — A\(H} Hr) 'Wrpsr] — Az)

= H] (HrAx — Az) — \Wpsp
N————

=0

= —)\WFSF = —AWpsign(xlf). (2.51)
For the condition in (2.49), we can show that for any v ¢ I'

|H]/—(HFAXF — Az)
= |[H (Hp[Ax — A(H{Hp)"'Wrsp] — Az)|
= [A\H Hr(H{ Hr)~'Wrs|

< Mw,. (2.52)

The last inequality is due to the main condition in (2.44). The above inequality completes
the proof; since Ax}, as defined in (2.50), satisfies the necessary and sufficient conditions
to be the strict optimal solution of the problem in (2.46).

The conditions in (2.44) relax the tightness of similar conditions discussed in [113]
for standard Lasso problem in which all weights w, are equal. From (2.44), if a w, is
very large, then the corresponding condition becomes irrelevant and does not affect the
uniqueness of the solution. This condition supports our claims that incorporating the side

information can help us recover the correct solution with provable guarantees.
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2.3.4 Computational Complexity

The main computational complexity for solving the Lasso problem in (2.36) comes
from the complexity of solving the least-squares optimization problem in (2.38). This opti-
mization problem is solved once at every iteration. The solution for this problem is provided
in (2.41). We can pre-calculate and store the inverse matrix (H"H+pI)~! and use it in every
iteration, for as long as the topological configuration of our network remains unchanged.
The typical computational cost for solving such least-square optimization problem for a
dense matrix H with size M x N is O(MN + N?). However, since H in our problem is
sparse, the cost of computing is reduced to O(kM + N?), where k is the number of nonzero
entries in each row of matrix H. For the base case scenario in our case studies where we
have only six D-PMUs in the system, we have: k& < 8. As for the number of iterations
in our case studies, in the worst case scenario, we approximately use a maximum of 1000
iterations in the process of solving the Lasso problem.

As for the WLS-DSSE method with linear equations, the cost of computation per
iteration is O(M N? + N3). Therefore, our proposed method is computationally less expen-
sive than the conventional WLS-DSSE method. We will further discuss the computation

time in the case studies in Section 2.4.1.

2.3.5 Sparse Tracking Linear DSSE

The solution for Ax? tells us whether and how the states of the power distribution
system change during each measurement interval. This by itself is an important result.

However, to make the DSSE results more useful to the utility operator, we need to convert
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the results from the differential mode back to the standard mode to obtain the standard
state variables. This can be done in the context of tracking state estimation.

Similar to the real-world power distribution networks, we assume that there are
other legacy meters available in addition to the D-PMUs, such as through a SCADA sys-
tem and/or an AMI. Regardless of how the legacy meters are installed at the primary side
and/or the secondary side of the network, they are assumed to be sufficient to achieve full-
observability at the moment when such legacy measurements become available. However,
importantly, as we discussed in Section I-A, the low reporting rate of the legacy meters
requires the power system operator to operate the power distribution system without up-
dating the state variables for 30 to 60 minutes, i.e., until the next readings of the legacy
meters become available [91]. Accordingly, our goal in this work is to take advantage of the
high reporting rate of the D-PMUs to continue updating the state variables; yet addressing
the low-observability in D-PMU measurements, i.e., the fact that in practice only a few
D-PMUs can be available on each power distribution feeder.

In this setting, the measurements from legacy meters are assumed to be used in
order to update the initial values for the tracking state estimation problem at time ¢ = 0.
The details on how such initial values are obtained by using the measurements from the
legacy meters are not of concern in this study; because they are beyond the scope of this
work.

Once the initial values are provided by the measurements from the legacy meters,
we start the use of the proposed DSSE method to continue updating the state variables

without access to any new measurement from the legacy meters. In this regard, we keep
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solving the low-observable DSSE problem in (2.18) once every 100 milliseconds solely based
on the measurements from only a few D-PMUs for the next 30 to 60 minutes. In this 30
to 60 minutes period, we keep adding the estimated values that are obtained in differential
mode to the initial values in order to obtain the nodal voltage phasors for the whole network
at each iteration:

t—1

Vi=VO4 ) AVT (2.53)

=1

where VO denotes the vector of the initial voltage phasors that is obtained at time t = 0
by using the measurements from the legacy low-reporting-rate meters in the system. Note
that, if needed, the time-step for the proposed tracking DSSE can be adjusted with respect
to the time frame in which the dynamics in the power distribution system may change due

to the events.

2.3.6 Drift Identification and Calibration
Drift Identification

By solving the adaptive group Lasso in (2.36), we minimize the error in estimating
the differential voltage phasors at each time slot. However, as time goes by, we inevitably see
accumulative error in estimating the voltage phasors in (2.53). If the time interval between
the two consecutive AMI readings is too long, then such accumulative error can ultimately
result in a considerable drift in the DSSE results from the true values. Therefore, we need
a mechanism to detect drifting and calibrate the estimated values. In order to identify a

possible drifting in the state estimation results, we check the following condition:

|l2* — Hx'[|3 > 5, (2.54)
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where 3 is a threshold parameter. If condition (2.54) holds at any time ¢, then we trigger

a calibration mechanism.

Calibration

Our calibration method works based on the assumption that D-PMU data is re-
liable and the bad data is already removed. At each time interval ¢, D-PMUs can serve
as reference to obtain voltage at the few specific locations where D-PMUs are installed.
Accordingly, whenever calibration is needed, we use the available D-PMU measurements in
each partition p as the reference point to calibrate the voltage estimation for all the nodes

within the same partition through:

t Yyt .
V! =V x G, (2.55)

cal *

where ¢, is the ratio of the voltage phasor measured by the D-PMU to the voltage phasor
estimated at the same bus in partition p. The ratio is calculated separately for the real part

and the imaginary part of the voltage phasor.

2.4 Case Studies

The case studies are done by simulating the IEEE 33-bus distribution test network
[18]. Tracking DSSE is performed upon receiving the D-PMU measurements at 100 mil-
liseconds intervals during the one hour period between two consecutive AMI readings. The
legacy meters’ data provide the initial states for the proposed tracking DSSE. At most, one
event is assumed to occur within each time slot between the two readings of D-PMUs. Each

event can be a change in active/reactive power load, distributed generation, or capacitor
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bank switching; and it is assumed to be within £50% of its value at the previous time slot.
The loads are assumed to be constant-power loads.

Unless we state otherwise, we consider five zones in the network. The longer lateral
is divided into two zones. Each shorter lateral is one zone. One D-PMU is placed at the
substation; and five D-PMUs are placed at the end of each zone, i.e. at buses 9, 18, 22, 25,
and 33. Thus, the ratio of the available measurements to the unknowns is 12/65 = 0.185.
Error in D-PMU measurements have zero mean and standard deviation of oy = 0.1% for
voltage measurements and oy = 1% for current measurements. A total of 120,000 random

scenarios are generated in MATPOWER in MATLAB R2018b.

2.4.1 Performance Comparison

Performance comparison is done with the conventional WLS-DSSE method [57].
For the WLS-DSSE method, we inevitably need to add pseudo-measurements to make the
network fully-observable; otherwise the WLS-DSSE method cannot solve the undetermined
system of equations for the DSSE problem. To have a consistent comparison with our
proposed method, we used the initial measurements from the legacy meters at time ¢t = 0
as pseudo-measurement for the rest of time slots. Of course, the pseudo-measurements that
come from the legacy meters will be updated at the next interval when new measurements
become available, i.e., after 30 to 60 minutes. Since differential synchrophasors are small, we

use mean absolute percentage error (MAPE) to assess the estimation of differential phasors:

N
1 m(Ai'Z — A.%'Z)
MAPE = — —_—"
2N ; < ‘ %(Al‘z) +

(2.56)
j(A.f, — AQS‘Z)
' I(Az;)

> x 100%,
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where Az; denotes the estimated value and Ax; denotes the true value of the i-th differential
state variable, respectively. Also, we use the mean absolute error (MAE) to assess the

estimation of the synchrophasors:

N

MAE = % 2 ( 1R(&; — @) + [3(&i — )| ) (2.57)
where Z; denotes the estimated value and x; denotes the true value of the i-th state variable,
respectively.

The statistical results for performance comparison are shown in Table 2.2. We
can see that the proposed method has a much lower MAPE and MAE:; both in terms of its
mean and its standard deviation. In 97.9% of all the scenarios, the MAPE is less for the
proposed method than WLS-DSSE.

Given the sparsity in the vector of state variables, the true value for some of state
variables is zero; this causes the denominator in (4.16) to be zero. As a result, if a state
variable with zero value is estimated incorrectly with a non-zero value, then it would cause
the MAPE to become infinity; which would make the MAPE useless. Therefore, for those
rare scenarios, we consider the percentage error of the associated state variables to be 100%
(as the maximum error level). Importantly, in our proposed DSSE method, the weighted
Lasso optimization in (2.36) has an ¢;-norm penalty term whose associated weights are
assigned such that the above misestimation is avoided. On the contrary, the conventional
WLS-DSSE cannot prevent such misestimation; because it is not designed to recover a
sparse vector. This is one of the reasons that MAPE for the WLS-DSSE is quite larger.

The average computation time, as well as the total number of divergent cases,

are shown for each method in Table 2.3. We can see that the computation time of the
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proposed sparse DSSE method is much lower than that of the conventional WLS-DSSE.
Also, unlike the WLS-DSSE method, the proposed method does not experience any case

with divergence.

Table 2.3: Comparison of Computational Time and Convergence Ratio of DSSE Methods

Method Average'Computatlonal . Number of
Time (ms) Divergence Cases
The Proposed Sparse
Tracking DSSE 764 0
The Conventional 9934 3748

WLS-DSSE

2.4.2 State Estimation Profiles and Impact of Calibration

The state estimation results for an example scenario for differential voltage phasors
and ordinary voltage phasors are shown in Figs. 2.4 and 2.5. Real parts of the estimated
states are shown here. The results for the imaginary parts are similar and omitted due to
space limitation. We can see that the proposed DSSE method significantly outperforms the
other two methods. Moreover, the proposed calibration method has further enhanced the
performance of voltage estimation in comparison to the case without calibration. Impor-
tantly, the calibration method is not applicable to the WLS-DSSE. That is why the curve
for WLS-DSSE does not include the calibration.

Furthermore, the changes over time in the gross error in state estimation of the
voltage phasors is shown in Fig. 2.6. As we can see, when the state estimation error hits
the drift identification threshold § as in Eq. (2.54) at ¢t = ¢, the proposed calibration

mechanism is triggered and it helps the tracking DSSE method to reduce the gross error.
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Figure 2.4: The estimation of the real part of differential voltage phasors at all buses in
a typical scenario: a) the proposed sparse tracking DSSE with side information; b) the
proposed sparse tracking DSSE with dynamic reweighting; and ¢) The conventional WLS-

DSSE method in [57].

No need to say that this calibration can improve the performance only to a certain limit

and the gross error inevitably continues to rise; until the next cycle when the measurements

from the legacy meters become available at ¢ = t5. At that moment, the system becomes

momentarily fully-observable; thus, the state estimation error is reset to zero. It is worth

clarifying that, based on the setup in our case studies, the difference between using and not

using the proposed calibration method is visible in Fig. 2.6 only during the period between

t =11 and t = t9. That is why the blue curve is visible only during this period.
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Figure 2.5: The estimation of the real part of the ordinary voltage phasors at all buses: a)
the proposed sparse tracking DSSE with side information; b) the proposed sparse tracking
DSSE with dynamic reweighting; and ¢) The conventional WLS-DSSE method in [57].

2.4.3 Importance of Side Information

Next, to examine how the side information improves the performance of the pro-
posed DSSE method, we repeat the scenarios in Section 2.4.1 but this time we use non-
adaptive sparse recovery, i.e., we do not use the side information. This results in using the
same weights for all the unknowns in the problem formulation. The average MAPE increases
from 4.51% to 15.58%; and the average MAE increases from 8.2 x 1073 to 12.4 x 1073, The
new error levels are still less than that of the conventional WLS-DSSE. These results show
the importance of using the side information; which is one of the key contributions in this

work.
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Figure 2.6: The gross estimation error of voltage phasors over time for the proposed sparse
tracking DSSE method.

2.4.4 Impact of Renewable Energy Resources

In this section, we study the performance of proposed DSSE method in presence of
distributed renewable energy resources. In accordance to our initial assumption that only
one major event may happen at each time slot ¢, we assume that generation level changes
only at one generation resource. Without loss of generality, suppose the distribution network
has four renewable generators at nodes 14, 20, 23, and 30. Fig. 2.7 shows the DSSE results.
Increasing the penetration rate of the renewable energy resources results in decreasing the
accuracy of the DSSE method. The degraded accuracy in the DSSE algorithm is due to
the degraded accuracy in the event zone identification. This makes the classification of
state variables more challenging; although the basic sparsity features remain the same. In
other words, the unknown vector is still a sparse vector even under high penetration of

renewable energy resources; however, obtaining the side information about the location
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Figure 2.7: Average MAPE versus the penetration rate of renewable generation.

of the zero/non-zero entries is more difficult. This is not a surprising result; because the
increasing penetration of renewable energy resources is a major challenge in practically

every DSSE method; e.g., see a similar concern in [107].

2.4.5 Importance of the Number of D-PMUs

So far, we have assumed using five D-PMUs. However, increasing the number of
D-PMUs can improve the performance of the proposed DSSE method; even though the
network may still remain low-observable. The average MAPE with respect to the number
of installed D-PMUs is shown in Fig. 2.8. Note that, the number of D-PMUs also affects
the number of zones and the way that we extract the side information. However, to have a
consistent comparison, we do not change the way that the zones are defined and identified.

Based on the results in Fig. 2.8, adding more sensors slightly lowers the average estimation
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Figure 2.8: Average MAPE versus the number of newly installed D-PMUs.

error; however, we believe that for the defined sparse DSSE in a low-observable network,
some points near the knee point on the curve can be assumed as the optimal number of
sensors. One practical way to add new sensors is to simply equip buses which have the

highest estimation error.

2.4.6 Importance of the Location of Event

To figure out the effect of the location of event on the performance of the proposed
method, the distribution of average MAPE versus the node of the event is plotted in Fig. 2.9,
where the red bar shows the median and the blue box shows the distribution of the first
to the third quartile of MAPE. As we can see, the higher MAPE belongs to the scenarios
wherein the event occurs at locations which have greater distance from the substation.

This lowers the sparsity level of the unknown vector. Thus, the capability of the proposed
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Figure 2.9: Distribution of MAPE with respect to the node of event

sparse DSSE method to recover the solution is compromised in such scenarios. Of course,
the magnitude of the event also has impact on the MAPE. Events with lower magnitude
cause such small changes in the operating points of the system that sparse DSSE method
cannot track them. Once the magnitude is larger, the performance of proposed method is

enhanced.

2.4.7 Importance of Measuring Phase Angle

A unique feature of D-PMUs is their ability to measure phase angle [82]. In
this section, we seek to answer the following question: is it critical is to use phase angle
measurements? To answer this question, we repeat all the scenarios, but we assume that
phase angel at all nodes is zero. This will cause the average MAPE to increase from 4.51%

to 11.76% and the average MAE to increase from 8.2x 1073 to to 11.39x 10~3. Furthermore,
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removing phase angle causes a negative effect on the calibration mechanism to the extend
that it increases the average MAE from 6.1 x 1073 to 18.67 x 1073. Therefore, the use of

D-PMUs is indeed necessary in this method.

2.4.8 Impact of Unbalanced Three-Phase Operation

In this section, we examine the IEEE 123-bus test system [2]; which is a highly
unbalanced distribution network with Wye load connections. We use the percentage un-
balance (PU) in current at the substation as the metric for unbalance in the network. We
assume that only 19 D-PMUs are available; and they are installed at nodes 6, 11, 16, 18,
32, 39, 47, 56, 59, 66, 71, 75, 85, 86, 96, 101, 114, 250, and 450. This means that the ratio
of the available measurements to the unknowns is 38/245 = 0.156. Same as in the previous
cases, we assume that each D-PMU measures one voltage phasor and one current phasor at
the location where it is installed. All phasor measurements are three-phase.

We have constructed 100,000 via MATPOWER in MATLAB. We set the initial
PU to 8%. Next, we modify the loads across the network to increase the PU level. As shown
in Fig. 2.10, under various PU levels, the average MAPE is much lower for the proposed
DSSE than for the conventional WLS-DSSE. Note that, since the DSSE formulation based
on synchrophasor measurements is inherently linear; the unbalanced operation of the dis-
tribution system does not affect the core characteristics of the proposed sparse DSSE. The
small increment in the MAPE is due to the increase in the neutral current as the unbalance
level increases. Moreover, the estimation error in this case study is higher than that of
the previous case studies based on the IEEE 33-bus test system. This is due to the higher

number of small laterals for the IEEE 123-bus test system. It is not due to the unbalanced
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Figure 2.10: Average MAPE versus the percentage phase unbalance.

operation. The performance can be improved if we add more D-PMUs to the laterals; even

while the system still remains low-observable.

2.4.9 Examining the Uniqueness of Solution

As we discussed in Section 2.3.3, the exactness of the solution in a sparse recovery
problem directly depends on its uniqueness. Of interest in this context is the tightness of
the theoretical sufficient conditions to assure that the obtained DSSE solution is unique.
Importantly, the sufficient conditions in [113] are satisfies only in 0.8% of the scenarios.
However, the sufficient conditions that we developed in Theorem 1 are satisfied in 11.3% of
the scenarios. Thus, the theoretical optimality conditions have significantly improved in our
analysis; compared to the conventional sufficiency conditions for a generic sparse recovery

problem without side information. Of course, since these theoretical results are based on
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sufficient conditions, in theory, the rest of the scenarios may or may not achieve the unique
solution. Nevertheless, our numerical results confirm that the mean square error in state

estimation is less than 10~% in 96.4% of the scenarios.
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Chapter 3

Event-Triggered Distribution
System State Estimation: Sparse
Kalman Filtering with Reinforced

Coupling

3.1 Introduction

3.1.1 Motivations

With the transition of power distribution systems from passive non-changing net-
works to active time-varying types, there is a growing need to develop real-time continuous
monitoring and control systems at the distribution level [105]. In practice, this has to be

done by using the combination of the traditional legacy meters in SCADA systems as well
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as the advanced sensors that have emerged recently, such as D-PMUs, a.k.a., micro-PMUs
[82]. However, this is a challenging task, in particular when it comes to DSSE problem. In

this regard, the following issues need to be addressed:

Low-Observability

Unlike the transmission level, power distribution systems are not fully-observable,
i.e., there is not enough measurements redundancy to obtain the state variables [20]. Due
to the expanded size of the network and limitations on the communication infrastructure,
the grid operator cannot install sensors at every location in the power distribution system
to maintain full-observability. Therefore, the proposed DSSE method must be capable
to address the DSSE problem under the low-observability setting, and from the limited

available measurements.

Dynamic and Time-Varying System

Power distribution systems are becoming increasingly dynamic and time-varying
due to the high penetration of renewable energy resources with uncertain and intermittent
generation. A typical sudden change in the load or in the output power of renewable
generators can cause a sudden deviation in the state variables in the system. Thus, static
DSSE methods cannot capture and track these frequent changes in the system; because
of their inherent assumption on steady-state operation of the power distribution systems
[56]. This is particularly the case in the DSSE methods that must rely on using pseudo-
measurements, alongside other measurements in order to maintain full-observability [116].

To address this issue, dynamic DSSE methods are proposed as an alternative for monitoring
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and control of the power distribution systems that are subject to different dynamics. A
major aspect which distinguishes dynamic state estimation methods from each other is the
selection of state variables [116]. In the dynamic setting, state variables are two type. The
First type are the system states such as machine internal states, i.e., rotor speed, inertia, etc.
The second type are the algebraic states such as voltage phasors and current phasors. At the
distribution level, what matters for the gird monitoring is mainly the voltage and current
as opposed to the transmission level where system states are also important, especially
for dynamic stability analysis. A particular dynamic state estimation method which only
includes the algebraic state variables is forecasting-aided state estimation [40]. Meanwhile,
the majority of the works in the limited literature of forecasting-aided DSSE considers
a pseudo-dynamic setting for the DSSE problem wherein they typically take a common
but simplifying assumption that the state transition matrix is an identity matrix; e.g., see
[100, 95, 27, 59].

While this simplification might work in a fully-observable network, it may further
aggravate the challenges in a network with low-observability conditions. Therefore, selection
of state-space model under low-observability condition is crucial; and improvement in the
accuracy of state-space model is desired. To the best of our knowledge, no previous work in
the literature has made an effort to obtain an accurate state-space model for the dynamic

state estimation neither in the transmission level nor the distribution level.

Computation Burden

Communication issue and limited bandwidth are another hinders in the distribu-

tion feeders against achieving a reliable monitoring system. While the high reporting rate
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of D-PMUs can potentially give the utility operator a unique opportunity to enhance sit-
uational awareness, processing the heavy streams of D-PMU data remains a challenge by
itself. Interestingly, in practice, a major portion of the D-PMU data does not carry much
useful information [7, 55]. Therefore, a well-designed DSSE mechanism that focuses on ex-
tracting the most informative pieces of measurements under the inherent low-observability
in the power distribution system can help also reduce the computational and communi-
cation burden. Moreover, the state of the power distribution system may not necessarily
change by small fraction of time, repetitively. An alternative solution that is proposed
in the literature for such sensor networks which deal with the communication issue is the
event-triggered state estimation [120]. A properly designed event-trigger mechanism only
sends the measurements to the estimation center in case that a major event is detected
across the network. This alone helps the network to avoid unnecessary transmission of data

packets when no remarkable deviations in the operating points of the system are occurred.

3.1.2 Literature Review

Table 3.1 shows an overview summary of the related literature, in comparison with
the proposed method. So far, the most common approach to address low-observability has
been to increase the observability by using pseudo-measurements, whether in static DSSE
methods [35, 95], or in dynamic DSSE methods [100, 95, 27]. Pseudo-measurements are
typically generated from historical or proxy data and by using methods such as artificial
neural networks [79] or Gaussian mixture model [98]. There have been efforts also to enhance

the accuracy of pseudo-measurements, such as by considering load uncertainty [87].
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A more recent approach to tackle low-observability is to use sparse recovery tools
from signal processing to solve the DSSE problem without making it fully-observable [43,
13, 9, 8, 6]. However, all the existing methods in this line of work so far seek to solve the
DSSE problem in a static setting, i.e., they do not use any dynamic model, such as a state
transition matrix, in the formulation of the problem. Therefore, they cannot capture the
dynamic nature of the modern power distribution systems.

Importantly, a method that is dedicated to address the DSSE problem, not only
under low-observability conditions but also in a dynamic setting, is still missing. In [95], a
dynamic DSSE method is proposed using Iterated Kalman Filter (IKF). In [27], a past-aware
DSSE method is proposed which uses the estimation results from the previous time slots to
correct the estimation for the current time slot through the use of Ensemble Kalman filter
(EnKF). In [59], a forecasting-aided DSSE method is proposed by using a robust EnKF to
increase redundancy in measurements. However, the dynamic DSSE methods in [95, 59, 27|
do not address low-observability and they do not utilize the inherent sparsity in the DSSE
problem.

Finally, although there are few studies that use event-triggered models in the filed
of power system state estimation, they have mostly focused on wide area measurements
in power transmission systems, such as in [68, 71]. Recently, a DSSE method based on
event-triggered transmissions is proposed in [33]. However, the method in [33] does not
address the low-observability issue, which is the primary challenge in this manuscript, and
it also does not involve the learning mechanisms for the state space model; both of which

are the foundation of the method that is proposed in this work.
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Therefore, it is still an open problem to design a comprehensive DSSE method

which can address all of the three-fold challenges mentioned in Section 3.1.1.

3.2 System Model and Assumptions

Consider a three-phase power distribution network that is represented by graph
G := (N, L), where N denotes the set of three-phase nodes and £ denotes the set of three-
phase distribution lines. To avoid heavy notations, we skip using a specific index for the
phases; however, all the phasors in our formulations are assumed to be in three-phase. We

assume that the understudy network has a typical radial topology.

3.2.1 State Variables

Traditionally, it is very common in the power systems literature to model the power
system dynamics using time-triggered state space models, in which the state variables in the
system may change on fixed time intervals. However, in principle, one can model a dynamic
system also by using event-triggered state space models, in which the state variables in the
system may change due to the occurrences of events [66]. The advantage of considering the
event-triggered paradigm is that we can run and solve the DSSE problem only when a major
event is detected in the system, rather than doing so every single time that a measurement
is obtained; while no significant change has happened in the state variables.

Here, an “event” is defined broadly. It can be a reliability event, such as a fault
incident, or a benign event, such as a load switching, a capacitor bank switching, a sudden

change in the generation level of a renewable generator. In all these cases, the event may
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cause changes in the state variables in the system; which in turn triggers a new state
estimation.

At each event k, let Vj denote the vector of voltage phasors at every node in
set N. Also, let I denote the vector of current phasors at every line in set £. In this
study, we represent all phasors in the rectangular coordinates. Thus, each phasor has two
associated quantities, i.e., the real part denoted by 9i(.), and the imaginary part denoted
by J(.). Similarly, let Sy denote the vector that contains the injected apparent power to all
the nodes in NV at event k.

Suppose xj denotes the vector that contains Vy, Iy, and Sg. Unlike most other
formulations in the DSSE literature, we define the state variables in differential mode. We

define Ax; as the vector of differential state variables as follows:
AXk =X — Xp—1- (31)

Here, Ax;, denotes the vector of the changes in all the system state variables that are caused
due to the occurrence of event k, in comparison with the status of the system at event k£ — 1.
The vector of state variables in our problem formulation contains all differential voltage

phasors, all differential current phasors, and all differential apparent power injections:

.
Axp = | (AV)T (AL)T (ASK)T | - (3.2)

3.2.2 Available Measurements and Network Observability

Since the state variables in our problem formulation are defined in differential
mode, we need to know the initial values of state variables, such that we can add them

to the estimated differential phasors to obtain the regular state variables after each event.
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Hence, we assume that at & = 0, the initial values of the state variables are known. Subse-
quently, during the events k = 1,..., K, we assume that low-observability condition holds,
where the measurements are limited to the voltage and current synchrophasors that come
from only a small number of D-PMUs on the power distribution feeder. We only rely on
the measurements of D-PMUs, which have high reporting rates, because other types of
sensor measurements, such as from legacy meters or pseudo-measurements, are inadequate
to capture the sudden changes that happen in the state variables due to the events [100].

At each event k, let y, denote the vector of voltage phasor measurements at the
nodes in set N,, € N and the current phasor measurements at the lines in set £,, C
L. Similar to (3.1), we can define the vector of differential phasor measurements in the
rectangular coordinates as:

Ayr = Yi — Yk-1- (3.3)

Therefore, measurement vector Ay can be defined as:

Ay = | (AV)T (AT | (3.4)

where superscript m indicates the measurements.

As we can see in (3.4), we do not collect any power measurements in the proposed
formulation of the DSSE problem. Yet we want to reinforce our DSSE problem formula-
tion with physics-based couplings that exist between the differential state variables in (3.2),
because of the advantages of doing so; which we will unmask throughout this work. There-
fore, despite not having power measurements in (3.4), we have intentionally included the
differential power phasors in the vector of state variables in (3.2), such that their values are

estimated as a part of our proposed DSSE problem.
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Based on the available measurements, we introduce measurement matrix Hy to
relate the measurements to the state variables. In its basic form, matrix Hy has three block
rows, denoted by H,lc, Hz, and Hi, as we will explain next. We will also discuss a fourth
block, denoted by Hi, in Section 3.2.5.

In the first set of equations, the differential voltage phasor measurements are
mapped to the differential voltage phasors in the vector of state variables via an identity
mapping:

Hi:Z[U00]7 (3.5)
where U is the adequate identity block matrix.

In the second set of equations, the available differential current phasor measure-
ments are mapped to the differential voltage phasors in the vector of state variables by

applying the Kirchhoff’s current law (KCL), as follows:
ALY = YAV, (3.6)
where Y is the admittance matrix. Accordingly, we have:

Hi:[Yoo]- (3.7)

The equations in (3.6) only include a small subset of line segments, i.e., those
in L,,. For the rest of the line segments, i.e., those in £\L,,, we do not have any direct
measurements. Thus, we instead add the KCL equations associated with the line segments
that are not equipped with D-PMUs as auxiliary equations to the DSSE problem formulation

as follows:

0= YAV, — AL. (3.8)
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Accordingly, we have:

Hitz[Y U 0]- (3.9)

3.2.3 Event-Triggered State-Space Model

In a static DSSE problem where time index is not a matter of fact, one can solve an
optimization problem that leads to the solution of equation (3.19) to estimate the operating
points of the system. However, the increased penetration of renewable energy resources
at the the distribution level has changed the nature of power distribution systems to be
dynamic and time varying. Since static DSSE methods work based on the assumption of
steady-state model, they are inherently incapable of addressing the dynamic characteristics
of the modern power distribution systems. To address this issue, we need to formulate the
DSSE problem in a dynamic setting.

Dynamic state estimation has different variants based on the type of state variables,
as well as the type of state-space model. Since in our model, our choice of state variables
are the algebraic state variables, i.e., voltage and current phasors, and we look forward to
modeling the state-space in a linear form, we use forecasting-aided state estimation as a
sub-class of dynamic state estimation [116]. Let us start by representing the power system

in differential mode based on its state space model as:
Axy = ApAxp_1 + qg, (310)

where Ay is the state transition matrix at event k and qi ~ N (0,Qy) is the zero-mean
process noise with covariance Q. Since our focus is on event-triggered state estimation,

the DSSE problem is solved only if a major event occurs in the network. The events include
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but are not limited to load switching, capacitor bank switching, a sudden change in the
generation level of renewable energy resources, etc. The occurrences of major events are
detected based on a pre-defined event detection criterion. In our proposed event-triggered
DSSE problem formulation, measurements are sent to the control center and processed only
once a major event is detected based on a pre-defined event detection criterion. In fact,
there already exists a wide range of event detection methods that can be readily used to
detect major events, such as from [45].

Importantly, these existing methods not only detect the occurrence of the event,
but also identify the approximate location (node) of the event based on the phasor mea-
surements from only a few D-PMUSs, one at the substation, and one at the end of each
lateral. In other words, they can approximate the location (node) of the event under the
same low-observability assumptions that we consider in this work. Thus, for the rest of
this work, we assume that the occurrence of the events and their approximate locations are
known. We assume that only one event can happen at a time. The challenge is to formulate
and solve the DSSE problem that is triggered by an event.

The study of events in this work is based on the findings in [118, 45] about event-
detection in real-world D-PMU data. They have shown that, in practice, it is almost always
the case that only one major event may happen at a time on a typical real-world distribution
feeder. Accordingly, unless it is stated otherwise, we assume in this work that only one event
happens at a time. However, for the special case where one major event and multiple smaller
events happen at the same time, the proposed method can still perform reasonably well, as

we will see in a case study in Section 3.5.6.
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3.2.4 Sparsity in Voltage and Current Phasors

Consider an event that occurs on the feeder. Consider the path between the
substation and the node where the event occurs. Let us denote such path by a tree T :=

(V,E). Let us denote the rest of the network by 7' := (', £’). Note that:

TUT' =G and TNT =2. (3.11)

In previous Chapter, we presented a rigorous analysis on the sparsity features of the power
distribution feeders upon the occurrence of an event. We showed that, once a major event
happens at the distribution feeder, the vector of differential voltage phasors and the vector
of differential current phasors become sparse. Only the differential voltage phasors at the
nodes in V, and only the differential current phasors at the line segments in £ would be
non-zero. The differential current phasors for all the line segments outside tree T, i.e., those
in & would be zero. As for the nodes in V', group sparsity holds among the differential
voltage phasors, as there would be groups of nodes whose differential voltage phasors would
be either all (approximately) zero or all non-zero. That is, in each group, if the differential
voltage phasor is zero for one node, then it would be zero for the rest of nodes that are on

the same group. For more details please refer to [9].

3.2.5 Sparsity in Power Injections

Let us assume that all the load and generation components at each node on the
power distribution feeder are collectively modeled as a constant power component. This is
a common model, e.g., see [21]. An important implication of this assumption is that, once

an event occurs, the differential power injection is zero at all of the nodes across the power
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distribution feeder, except at the node where the event occurs. Since the event detection
method gives us the location of the event, c.f. [45], we accordingly know at which nodes
the differential power injection phasors are zero. By incorporating this information with
the DSSE problem through the power flow equations, we can derive an additional set of
equations to enhance the observability of the power distribution system.

Throughout this work, we call the above additional set of differential zero-injection
equations as virtual measurements, as we do not have any direct measurement for the power
in our setting. However, the outcome of our event detection method gives us the value of
differential power injection at every node, but the node of event which should be estimated.
While these additional equations do not necessarily make the undetermined system of equa-
tions in the DSSE problem full-rank, they reinforce the DSSE problem formulation with
physics-based coupling among the state variables, which helps us with recovering the state
variables at each event.

The above idea can be materialized by incorporating the power flow equations
into our analysis. Since we defined the state variables in differential mode, we need to
modify the standard power flow equations accordingly. After that, we need to linearize the
resulting differential power flow equations. Interestingly, the linearization of the power flow
equations in differential mode is justified mathematically beyond the typical linearization of
the standard power flow equations. Let S ; denote the injected power to node i at event k.
For each event k, we can rewrite the injected power as the sum of its value at the previous

event, i.e., k — 1, and the differential power phasor at event k:

Ski = (Pi—1,i + APy ;) + §(Qr—1,i + AQy.). (3.12)
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Let vy ; denote the voltage phasor of node i at event k. We can rewrite (3.12) based on the

voltage phasors as:
Ski = [Eﬁ{vk_u + Avg i} + §I{vgp—1i + Avg i} } X
[Zjej\/ (Rij — jXi5) (R{ve—1,j + Avg,} (3.13)
— 3ok + vy}
where 9{.} denotes the real part, J{.} denotes the imaginary part, R;; and X;; denote the

resistance and admittance of the line segment between nodes i and j, respectively. From

(3.12) and (3.13), and after reordering the terms, we can obtain:

Apk,i ~ Z [%{Avk,i} (Rij%{vk,u} - Xijj{kal,j})
JEN
+I{Avp} (RijH{vk—1,5} + XijR{vk—1,5}) (3.14)

—}—%{AUk’j} (Rijm{vk—l,i} + Xz‘jj{vk—l,i})
+3{Avk7j} (Rijﬁ{vk_u} — Xl-ji)%{vk_u}) s
AQri~—) [%(Avk,z’) (RijI{vr—1,} + XijR{vk-1,})
JEN
+3{Avg i} (—RijR{vk-1;} + XijT{vk—1,5}) (3.15)
+R{Avyj } (= RijI{vg—1,i} + XiyR{vg—1,})

+3{ vk} (RigR{ve i} + X I 1)) |-
The approximations in (3.14) and (3.15) are due to the fact that we discarded the terms
that are the products of two differential voltage phasors, because such products are very
small. Importantly, this approach is different from the typical Taylor expansion that is used

in the literature to linearize the power flow equations. In (3.14) and (3.15), the differential
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power injections and differential voltage phasors for the current event k are unknowns, while
the values of voltage phasors for the previous event, i.e., k — 1 are known.
The resulting linearized differential power flow equations are obtained in an ab-

stract form as:

0 =J,AV, — AS;, (3.16)

where Jj, is the Jacobian matrix.
From (3.16), we can now obtain the last block row of the measurement matrix

which we denote by H?, as follows:

Hj = [Jk 0 —U]- (3.17)

Note, we do not use any power measurement or any power pseudo-measurement,
yvet we do take advantage of the power flow equations in differential mode by including
the fourth block row in the measurement matrix. Thus, we catch the physics-based cou-
plings that exist among the differential voltage phasors, differential current phasors, and

the differential power injections in an event-triggered DSSE problem.

3.2.6 Event-Triggered DSSE Formulation

For notational simplicity, we introduce Az as a new vector for all measurements
in differential mode. It is an extension of vector Ayy in (3.4), where we also add ad-
ditional vector of zeros corresponding to the auxiliary equations in (3.8) and the virtual
measurements in (3.16):

Az, =[Ayr 0]. (3.18)
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Accordingly, we can obtain the following ultimate relationship between the new

vector of differential measurements and the vector of differential state variables:
Az, = Hp Axy, + 1y, (319)

where matrix Hy, in (3.19) is constructed by putting together matrices H,lg, Hz, Hz, and Hi.
The added term ry ~ N(0,Ry) is the measurement noise that is assumed to be zero-mean
Gaussian with covariance matrix Rj;. The measurement noises at different D-PMUs are
assumed to be mutually independent.

Together, the relationships in (3.10) and (3.19) provide the core formulation for
the event-triggered DSSE problem. Given the fact that the state estimation problem is
dynamic, the state estimation process is done in the following two stages.

First Stage: In this stage, at the beginning of each sequence, the state variables
at the current sequence are predicted based on their values in the previous sequence and by
using the state-space model in (3.10). The outcome of event detection is directly taken into
consideration in (3.10). An important aspect in the analysis in this first stage is to have an
accurate state transition matrix as part of the event-triggered state space model in (3.10).
In this work, we use Elastic Net Regression to learn the state transition matrix. We will
discuss this subject in Section 3.3.

Second Stage: In this stage, the measurement model in (3.19) is used to cor-
rect the prediction of the state variables. In this work, we use a novel sparse Kalman
filter /smoother, given that our focus is on sparse recovery in order to address the low-

observability in the power distribution system. We will discuss this subject in Section 3.4.

78



3.3 Offline Learning of Transition Matrix

via Elastic Net Regression

As we mentioned in Section 3.2.6, the accuracy in predicting the current state
variables based on the event-triggered state space model in (3.10) depends on the accuracy
of the state transition matrix Aj. However, obtaining matrix Ay is a challenging task. In
fact, it is common in the literature to assume that the state transition matrix in the DSSE
problem is always an identity matrix [95]. While there have been some recent efforts, such
as in [65], to estimate the time-varying state transition matrix, no prior study has aimed
to obtain such matrix under the low-observability conditions. Also, no prior method is

designed for event-triggered DSSE formulations.

3.3.1 Event-Triggered State Transition Matrix

Suppose event k is detected and its location is identified as bus si. Suppose the

location of the previous event, i.e., event k — 1, is bus s;_1. Our goal is to obtain
Ak = B(Skfl, Sk) (320)

for the transition of the system in differential mode from an event at bus s;_; to a subsequent
event at bus sg. In order to explain the role of matrix B, let us first consider an example.
Suppose K = 10, and the location of the events are identified as buses 5, 8, 15, 1, 7, 10, 4,
8, 15, 6, respectively. Notice that, at event k = 3, we have s;_1 = 8 and s; = 15. Similarly,

at event k = 9, we have sp_1 = 8 and s = 15. Therefore, we set

As = Ag = B(8,15). (3.21)
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Therefore, matrix B(n,m) is defined as the event-triggered state-transition matrix
that captures the changes in the state variables in the system for any case where the previous
event occurs at bus n and the current event occurs at bus m.

In total, we have (JN|—1) x (|[N]—1) possible transitions from one event location to
another event location. Therefore, there are exactly (|[N]—1) x (|N|— 1) matrices B(n,m).

For any two buses n and m in set M\{1}, we can obtain matrix B(n,m) by
examining the set of all historical events of index k for which we have s,_1 = n and
sk = m. We can learn the event-triggered state transition matrix B(n,m) by solving the

following optimization problem:

B(n,m) = arg min Z ||Ax, — BAx, 1|[3 (3.22)
KeEK
where
K={k|Sk—1=n,8,=m}. (3.23)

The above training is done offline by analyzing the events in the historical data.
Once we obtain B(n,m) for all the (JAV/|—1) x (JAV| —1) possible event-triggered transitions,

we can obtain Ay for any event k by using the relation in (3.20).

3.3.2 Elastic Net Regression

While the formulation in (3.22) is conceptually valid, we may face numerical issues
in solving this optimization problem. Such numerical issues are due to the inherent sparsity
in matrix B, which is due to the same reasons that we mentioned in Section 4.1.3. In fact,
since each node in a radial network topology is connected to very few nodes, each row of

matrix B is highly sparse. Therefore, we propose to formulate the optimization problem in
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(3.22) as a elastic net regression [115]. The new formulation is obtained as:

B(n,m) = argmin Y _ [|[Ax, — BAx, 1[5+ Ao|[BI[F + A1 [[Bl[11, (3.24)
KEK

where ||-|| denotes the Frobenius norm and ||-||1,;1 denotes the {1 ; matrix norm. Parameters
A1 and Ao are weight factors.

The reason for using the above elastic net regression in this study is the fact
that, each row of matrix B is sparse due to the radial topology of the distribution feeder,
yet the non-zero entries are correlated because of the spatial-temporal correlation of the
state variables in a power distribution feeder [13]. Elastic net regression has the advantage
to make a trade-off between these two properties by adjusting the penalty parameters A;
and Ag. Similar to any other regression model, the values of these weight parameters are
determined based on the values of data in practice. The larger A; is, the more sparse and
less correlated the entries of matrix B would be.

The solution for the elastic net regression is a matrix, whose element in row 7 and

column j is obtained as:

bus[if]| — M/2}"

pig] = PSR i) (3.25)
1+ Ao

where {-}* = max{-,0} and brg[ij] is the element in row ¢ and column j of the following

matrix:

> Axg_1(Axg) " (3.26)
KEK

In a feeder with a large number of nodes, it may not be possible to capture all
the (JMV] — 1) x (|N] — 1) transitions in the system. On the other hand, the distribution

network has got a radial topology in which there exists a high correlation among the voltage
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phasors of nodes and the current phasors of lines that are in the same proximity. Therefore,
when a same event happens in different nodes that are on the same laterals, it would cause
a similar general impact on the operating points of the system. Accordingly, one solution
is to group multiple nodes into one zone, such that instead of finding the transition from
the nodal location of one event to the nodal location of the next event, we seek to find the

transition from the zonal location of one event to the zonal location of the next event.

3.4 Event-Triggered DSSE Problem Formulation as Sparse

Signal Recovery and Its Solution

After learning the transition matrix, we can now solve the event-triggered DSSE
problem. In this section, we provide the problem formulation and also two different solution

methods.

3.4.1 Problem Formulation

At each event k, our goal is to estimate the most recent differential state variables,

i.e., Axy, as well as to refine and update the estimation of the previous differential state

variables, i.e., Axy,..., Ax;_1. In this regard, suppose we stack up the vectors of differential
state variables Axy, ..., Ax; and denote the resulting vector by Axj.,. Similarly, suppose
we stack up the vectors of differential measurements Az, ..., Az, and denote the resulting

vector by Azy.,. From (3.10) and (3.19), and given the fact that the vector of the differential

state variables is a sparse vector, we can estimate Axy.; by solving the event-triggered DSSE
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problem which is formulated as the following generalized group Lasso problem:

k
| _
minimize 7 g IR;Y? (Azy — H AX,) |2

Axy.p ]

k
1 _
5 2R (At = At

(3.27)
1, 172
311G (Axy —my) |3

k P
+ /\Z an,pHAXH,pHI-

k=1 p=1

Here, Q, and Ry, are the covariance matrices that are used in (3.10) and (3.19), respectively;
m; and G, are the mean and covariance of the initial differential state variable, which are
assumed to be known; and A is the sparsity regularization parameter. Subscript p is the
index for each partition of the differential state variables with respect to the concept of
group sparsity that we discussed in Section 4.1.3; and w, ) is the weight associated with
partition p at event k. More details on selecting the partitions and their weights can be
found in [9].

For notation simplicity, we can further rewrite the optimization problem in (3.27)

in the following more compact form:

1
minimize §||R_1/2 (Azyy, — HAX1 ) |[3

Axy
51Q7 (@A — m) | (3.28)
+ A|WAX1.]]1
where matrix R is the block-diagonal representation of matrices Ry, ..., Ry, matrix H is
the block-diagonal representation of matrices Hy, ..., Hy, matrix Q is the block-diagonal
representation of matrices G, Qa, ..., Qx, matrix ® is the block-diagonal representation of

matrices Ao, ..., Ag, matrix W is the adequate block-diagonal representation of the weights
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in (3.27), and vector m is obtained by stacking up vector m; following by k& — 1 vectors
denoted by 0, which are zero vectors of the same size as m;. Next, we discuss two different

approaches to solve the optimization problem in (3.27).

3.4.2 Approach 1: Batch ADMM Solution

A common approach to solve a generalized group Lasso optimization problem is
to use the ADMM algorithm [22]. We can obtain the augmented Lagrangian function for

the problem in (3.28) under constraint WAx;.; — p = 0 as:
I
Lp(Axiy, pyu) = SR 2 (Azyy, — HAx ) |3
1, .
+ iHQ Y2 (®Ax1 —m) |3
(3.29)
+ Al + (0, WAX, — p)
p 2
+ §||WAX1:k — pll2
where u is the vector of dual variables and p is a regularization parameter. For each set of

the variables, ADMM alternatively solves the following minimization problems and obtains

the optimal values for the (7 + 1)-th iteration of alternation as:

1
AXYI;H) = arg min §HR_1/2 (Azy. — HAX; ) H%

AXl:k

1, . _
+21Q72 (@Axiy — m) |}

(3.30)
+(u", WAXx — ")
P T2
2w -
pU Y = argmin A||p, + (uT,WAxgz;H) — )
H (3.31)

P T+1
+ CIWAREY — w3,
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u™ =u" 4 p (WAXY;I) — M(TH)) . (3.32)

By taking the derivative of the least square problem in (3.30), the optimal solution

of Axjy. in iteration (7 + 1) of the ADMM algorithm takes the following closed from:

ATV —H RT'TH+8'Q & + pW W]

(3.33)
H R 'Az1, + @ 'Q 'm+ pW  p* + WTuk].
We can also solve the problem in (3.31) as:
pl =8, (WAng,j Y4 up) : (3.34)

where S(.) is the soft-thresholding operator.

3.4.3 Approach 2: Kalman Filter and Smoother

Although the ADMM algorithm is exact and effective, it can be computationally
expensive; because it requires calculating products and inverses for large matrices in (3.33).
Hence, in this section, we propose an alternative approach to solve (3.28).

Suppose we remove the last line in (3.28), i.e., the line with the ¢;-norm. What
would be left in (3.28) would take the form of the optimization problem which can be solved
by a conventional Kalman filter /smoother [19]. This is of interest due to the computational
efficiency in Kalman filtering.

Based on the above observation, we propose to first make changes that we men-
tioned in the previous paragraph in (3.28), and obtain the corresponding solution for Axy
by using Kalman filter. Next, to take into account the impact of sparsity, we project the

obtained solution for Axj into a sparse domain. Finally, we use a conventional Kalman
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smoother to refine the previous estimation for Ax;.;_1 that is already obtained at event
k — 1 based on the projection of solution for Axy.

These steps will provide us with an approximate solution for Axj.g, i.e., the op-
timal solution for (3.28). As we will discuss in next Section, the difference between the
approximate solution in Approach 2 and the exact solution in Approach 1 is negligible.

Kalman Filtering

At each event k£ > 1, we can use the state space model in (3.10) to conduct a

preliminary one-step ahead prediction of the state variables as follows:
Axppp—1 = ApAxgy. (3.35)
The covariance matrix for Axy;_; is obtained as:
Gip1 = ApGr1A) + Qy. (3.36)

From (3.19), we can similarly make a one-step ahead prediction of the differential measure-

ment as follows:

Azk|k71 = HkAXk:\kfl- (337)

We can obtain the measurement residual as Az — Azy,_;. Therefore, we can correct the

preliminary one-step ahead prediction in (3.35) by applying the Kalman filter as follows:
Axyip = Axpyp1 + Ki (Azg — Azgypy) (3.38)
where K, is the gain of the Kalman filter:

Ky, = Gy Hy S, (3.39)
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and S is the covariance of Azy;_; as

Sk = HiGyp1 H], + Ry.. (3.40)
We can obtain the covariance matrix of Axy, as:

Gk = Gyppo1 — KiSiKJ . (3.41)

Note that, the process to obtain Axy, does not take into consideration the inherent sparsity

in the solution.

Incorporating Sparsity

In the next step, we project the obtained estimation from Kalman filter, i.e., Axyy,
to the sparse domain with respect to its corresponding weight vector Wy by solving the

following optimization problem:
1
miliimize §\|Axk — Axypll3 + AW, Axy):. (3.42)
Xk

Here we obtain Axy, such that it is as close as possible to Axy, while it meets the sparsity
constraints.

Since problem (3.42) does not have a closed-form solution, we cannot obtain a
closed-form expression for the covariance of its solution. Thus, we assume that the covari-

ance of Axy, is Gi = Gy,

Backward Smoothing

After obtaining a computationally efficient sparse solution for Axy, we successively

apply the Kalman smoother to all the previous state estimation results in order to update

87



Axj._1. First, we replace Axy_; with
Axp_ 1+ Fi_q (Axk — Axk\k—l) , (3.43)

where Fj_4 is the gain of the Kalman smoother:

Fj1=Gr1A G- (3.44)
Finally, we update G;_1 by replacing it with
Gi—1 4+ Fio1 (Gr — Gppmr) F_ . (3.45)

We then continue with applying the above backward smoother similarly to events k — 2, k —

3,...,1 to update vector Axy.5_1.

3.5 Case Studies

This section includes several case studies based on both computer simulations as
well as real-world measurements.

The computer simulations are done based on the IEEE 33-Bus power distribu-
tion test system [18], where we kept the default load profiles. MATPOWER in MATLAB
R2018B is used to simulate the events. The magnitude of the events are set to be at most up
to 50% of the associated load in the pre-event condition. The events include load switching,
capacitor bank switching, and sudden major changes in the output of renewable generation
units. Unless stated otherwise, we define five zones in the network. Accordingly, there are
5 x 5 = 25 possible choices for matrix B to model transitions from s;_; to s;. For each

transition, we train an offline model to learn the corresponding transition matrix.
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Only five D-PMUs are assumed to be available, at buses 9, 18, 22, 25, and 33. Each
D-PMU reports nodal voltage and for the bus of installation line current phasors for the
connected line once every 100 milliseconds. If the event detection method, as in [45], detects
an event between any two consecutive readings of any D-PMU, then the proposed event-
triggered DSSE is conducted. We assume that the initial value of every voltage phasor,
current phasor, and complex apparent power is available to us from the legacy meters at
k = 0. For the D-PMUs, the standard deviation in measurement error is oy = 0.1% for
voltage and o7 = 1% for current. The noise covariance matrices are obtained offline during
the training of the event-triggered state transition matrices. We define 100 scenarios. In

each scenario, we simulate K = 1000 events.

3.5.1 Performance Comparison

Performance comparison is done against the DSSE methods in [95, 57, 9]. The
method in [95] is a dynamic DSSE based on conventional iterated Kalman filtering. It uses
non-linear power flow equations. The method in [57] is a static DSSE based on conventional
weighted least square analysis. Because the DSSE methods in [95] and [57] require full-
observability, the initial measurements by legacy meters are used as pseudo-measurements
for the rest of the events for these two methods.

We use mean absolute percentage error (MAPE) to evaluate the accuracy of esti-

mation for differential state variables:

x 100%, (3.46)

where N is the length of the vector of state variables, and Axy; and Az ; denote the true
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Table 3.2: Comparing different DSSE methods in Estimating synchrophasors and differen-
tial synchrophsors

Method Dynamic Sparsity MAPE Ax RMSE T x
Proposed Method v v 3.82% 7.25
[95] v 21.72% 32.67
[9] v 4.84% 8.58
[57] 19.93% 27.78

t The RMSE values come with a 103 coefficient.
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Figure 3.1: The estimated and actual values for the magnitude of voltage phasors at bus
29 for 100 events: (a) differential mode (b) regular mode.

value and the estimated value for the i-th differential state variable at event k, respectively.

Also, we use root mean square error (RMSE) to evaluate the estimation of the state variables

over the sequence of events:

1 K 1 N
P o FRp— . 2
RMSE = 21 ¥ ;1 s — zp] (3.47)

The statistical features of simulation results are summarized in Table 3.2. As we

can see, the estimation accuracy for is better for the proposed method than the other three
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methods, whether in terms of MAPE for the differential mode or in terms of RMSE for
the regular mode. It is evident from Table 3.2 that our ability to integrate sparse recovery,
dynamic state estimation, and virtual measurements has improved the DSSE performance
across all variables.

An example for the outcome of the proposed method is shown in Fig. 3.1, where
the results are at bus 29, for one random scenario, and across 100 consecutive events. The
magnitude of the true and the estimated voltage phasors in differential mode are shown in
Fig. 3.1(a). Notice the sparsity in the results, i.e., the fact that the differential voltage is non-
zero at only a small subset of the events. Furthermore, the proposed method can identify
the sparsity almost perfectly; and overall estimate the differential voltage phasors with a
high accuracy. The magnitude of the true and the estimated voltage phasors in regular
mode are shown in Fig. 3.1(b). We can see that the proposed method can reasonably follow

the state variables.

3.5.2 Performance Comparison: IEEE 123-bus system

To show the scalability of the proposed method, we also test it over the IEEE
123-bus test system [2] which has single phase, two phase, and unbalanced three phase
loads with Wye connection. We assume there are 19 D-PMUs available at nodes 6, 11,
16, 18, 32, 39, 47, 56, 59, 66, 71, 75, 85, 86, 96, 101, 114, 250, and 450 which measures
the voltage and current at the location of installation as shown in Fig. 3.2. The results for
this test network are shown in Table 3.3. As we can see, the performance of the proposed
method under the unbalanced operation and for the larger test system is still quite well

and it outperforms the conventional methods in the literature. It worth mentioning that
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Figure 3.2: One line diagram of IEEE 123-Bus Test System.

unbalanced operation does not impact the discussed sparsity pattern in the vector of state
variables and the extracted sparsity features are valid under the unbalanced operation as

well.

3.5.3 Comparing Approach 1 and Approach 2

Next, we compare the performance of the two methods that we proposed in pre-
vious section, i.e., Approach 1 and Approach 2. Table 3.4 shows the results based on three

different metrics. As we can see, both methods converge in 100% of the simulated random
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Table 3.3: Performance Comparison for IEEE 123-Bus Test System

Method MAPE Ax RMSET x
Proposed Method 7.87T% 10.12
[95] 27.36% 36.05
[9] 9.14% 11.64
[57] 25.39% 32.89

T The RMSE values come with a 103 coefficient.

Table 3.4: Comparing the convergence rate, computation time, and accuracy of the two
proposed DSSE approaches
Method Convergence Rate Computation Time MAPE
Approach 1 100% 5.03 Seconds 3.80%
Approach 2 100% 0.75 Seconds 4.12%

scenarios. Approach 1 performs better in terms of the state estimation accuracy, but Ap-
proach 2 performs much better in terms of the computation time. The computation time
in Table 3.4 corresponds to the total time for estimating the differential state variables for
1000 events.

It is worth mentioning that similar computation time for the method in [95], which
uses non-linear power flow equations, is 24.56 seconds, which is much higher than both
Approach 1 and Approach 2. Also, the conventional DSSE method in [95], experiences a

few cases of divergence in its iterative algorithm.

3.5.4 Effect of Learning the Transition Matrix

In this section, we investigate the importance of learning the event-triggered state
transition matrix. We compare two cases in Table 3.5. First, an identity state transition
matrix, as in [27]. In this case, we always assume that A = I. Second, we learn the

state transition matrix, as in this work. In this case, we set Ay as in (3.20). As we can see,
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Table 3.5: The importance of learning the state transition matrix
using discriminative elastic net regression

Method MAPE of Ax; MAPE of Axyx_1
Using Identity Matrix 5.36% 18.36%
Learning the Matrix 3.98% 6.77%

learning the state transition matrix significantly improves the state estimation performance,
which is understood from the improvement in MAPE of Axy. Here, we also check the ability
of the state transition matrix Ay in accurately predicting the differential state variables at
the next event as in (3.10). From (3.35), such prediction is denoted by xj,_1. As we can
see, the MAPE of x;;_; can drastically improve, meaning that the accuracy of the state
space model in (3.10) can drastically improve by using the proposed method to learn the
state transition matrix Ay.

We also studied how the results may change if we change the number of zones in
learning the state transition matrix in Fig. 3.3. We check the ability of the state transition
matrix Ay in accurately predicting the differential state variables at the next event in (3.10);
thus we again use the MAPE of xj;,_; as the metric. We can see that as we increase the
number of zones, we can enhance the accuracy of prediction, and ultimately the accuracy
of estimation. However, it would come with an increased computation time to learn the
state transition matrix. Also, increasing the number of zones might lead to overfitting and
higher sensitivity to the outcome of the event location identification algorithm, both of

which should be avoided.
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Figure 3.3: The impact of increasing the number of zones on the power distribution system

on the performance of the proposed event-triggered state transition matrix in predicting
the differential state variables at the next event.

3.5.5 Effect of Virtual Power Measurements

A major feature of the proposed method is the use of virtual differential power
measurements in matrix Hi. In order to directly evaluate the importance of this innovative
feature, next, we compare the state estimation with and without use of virtual power
measurements. The results are shown in Table 3.6. We have compared the results for the
line power flow and nodal injection power. As we can see, the use of virtual power can
significantly improve the accuracy in estimating both of these power quantities that are not
being measured directly. They also help improve the overall accuracy of the DSSE results,

as seen here in terms of RMSE V and RMSE 1.
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Table 3.6: Effect of using virtual power measurements

RMSE ST RMSE S
t t
Method (Node) (Line) RMSE VI RMSE I

With Virtual
Power Measurements
Without Virtual
Power Measurements

6.12 6.46 7.39 6.44

8.25 7.86 7.88 7.12

T The RMSE values come with a 1073 coefficient.

3.5.6 Multiple Simultaneous Events

In this section, we examine the rare case wherein multiple additional events occur
simultaneously; however, those additional events are relatively minor events compared to
the main major event. The main event is a sudden change in the net power of one node
and between 10% to 50% of its pre-event value; while the minor events are less than 10%
changes in the net power at some other nodes.

The results are shown in Fig. 3.4. As the number of additional minor events
increases, the performance of the proposed method gradually degrades. However, the per-
formance degradation is much higher for the other methods in the literature in comparison
with the proposed method. Note that, there is a trade-off between adding more sensors to
the network to make network fully-observable versus relying on a much lower number of
sensors to obtain less exact but still accurate estimation of the state variables in a more

practical setting.
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Figure 3.4: Performance evaluation of DSSE when multiple events occur simultaneously;
one major event with a few additional relatively minor events.

3.5.7 Real-World Measurements

To further validate the performance of the proposed event-triggered DSSE method,
in this section, we apply it to D-PMU measurements from a real-life power distribution
feeder at the campus of the Swiss Federal Institute of Technology (EPFL) in Lausanne,
Switzerland. The single line diagram of the understudy EPFL power distribution feeder is
shown in Fig. 3.5. A total of five D-PMUs are installed on this feeder, labeled as PC-2,
which is installed at the substation, and EL-L, EL-G, EL-E, and EL-A. The last one is
installed at the end of the feeder. The availability of several D-PMUs in this real-world
test-bed can help us validate the performance of the proposed DSSE method. Here we use
the measurements from the two D-PMUs at the head and the end of the feeder to run the

DSSE algorithm; and then we compare the results with the direct measurements from the
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Figure 3.5: The one-line diagram of the real-world EPFL power distribution feeder with
five buses and five D-PMUs, one at each bus.
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Figure 3.6: The true versus the estimated voltage phasors in differential mode at a typical
bus in the real-world EPFL power distribution feeder.

rest of the D-PMUs. We only use the measurement that comes from the D-PMUs installed
at node PC-2, which is the head of feeder and node EL-A at the end of feeder.

We have detected multiple major events over a period of time within the available
measurements and run the proposed DSSE method. For a typical node, the true values the
and estimated values of the magnitude of the voltage phasors are shown in Fig. 3.6. The

high accuracy of the state estimation is evident in this real-world example.
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Chapter 4

Joint Sparse Estimation of
Sensitivity Distribution Factors
and Power Flows in
Low-Observable Power

Distribution Systems

Sensitivity distribution factors (SDFs), such as injection shift factors (ISF) and
power transfer distribution factors (PTDF) are powerful computational tools to help grid
operators to obtain the solution of the power flow problem without the need to repeatedly
solve the non-linear power flow equations. SDFs have various applications, such as in

contingency analysis [111], energy dispatch [88], and voltage regulation [110].
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In general, there are two different types of methods to obtain the SDF matrices:
model-based and measurement-based. In model-based methods, SDF matrices are obtained
from the Jacobian matrix of the power flow equations. Based on the application, the power
flow equations might be in form of DC approximations [96] or non-linear AC equations
[16, 30]. Because of the higher ratio of R/X in power distribution lines, DC approximation
typically does not work well. As for the methods that use non-linear power flow equations,
the accuracy of the analysis depends on the operating points of the system, which either may
not be necessarily known or might be changing frequently. Needless to say that, non-linear
power flow models also suffer from higher computation cost.

In measurement-based (i.e., data-driven) methods, the SDF matrices are obtained
by applying linear regression to the available measurements [31, 84]. For instance, to esti-
mate the ISF matrix, which is the main focus in this work, the typical required measurements
include the changes in the nodal power injection at every node, and the changes in the line
power flow in every line segment. One advantage of the measurement-based methods over
the model-based methods is that the measurement-based methods do not need any prior
knowledge about the power system topology, parameters of the lines, or the time-varying
operating points of the system. However, the accuracy of the measurement-based methods
highly depends on the type of the regression model, as well as the error and sufficiency of
the available measurements.

The sufficiency of the available measurements can be discussed with respect to
two aspects. The first one is whether or not the measurements are available at every bus

and every line segment in the system, such that a regression analysis can be established
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based on the available measurements. At a power transmission network, such comprehensive
measurements might indeed be available due to the measurement redundancy. However, this
is not the case in a typical power distribution network. Distribution feeders typically suffer
from low-observability [9, 6, 20, 21], as the grid operator cannot install sensors at every
bus or every line, for reasons such as larger size of the distribution grid and insufficient
communication infrastructure. Therefore, unlike the existing measurement-based methods
that are developed for use at the transmission level, one should take into account the issue
of low-observability when it comes to estimating the SDF matrices using the measurement-
based methods in power distribution systems.

To the best of our knowledge no previous work in the literature has looked into
this aspect of the problem.

The second aspect to discuss about the sufficiency of the available measurements
is the sufficiency of the measurement samples. Even if it is the case that measurements
are available at every location, the number of measurement samples may not be enough to
solve the linear regression problem through a conventional method. If there are not enough
measurement samples, then the measurement matrices are not full-rank. In that case,
special methods are needed to deal with rank deficiency in the problem. In [29], a method
based on singular value decomposition (SVD) is proposed to obtain the sensitivity matrix
from the low-rank measurement matrices. In [88], a recursive partial least square method is
proposed to address the same issue. In [32], the rows of the SDF matrix are sparsified based
on the electrical distance of the buses and the lines of the power transmission network, and

used sparse recovery to obtain the SDF matrix from insufficient measurements.

101



In this work, our focus is on power distribution feeders with their typical radial
topology. We show that such radial topology can create physics-based sparsity features,
whose utilization in this low-observability problem makes up for the low-rank properties
of the measurement matrices. Accordingly, we address both issues about the sufficiency of

measurements in a low-observable power distribution network.

4.1 Problem Statement

4.1.1 System Model

Let us represent a radial power distribution feeder by graph G := (N, £), where N
denotes the set of nodes and € denotes the set of line segments. Let Az! denote the change
in the nodal power injection at node i at time t. Accordingly, let Ax? € R™ "™ denote the
vector that captures Azl for all buses in A at time ¢, where n is the number of nodes in
the system. Also, let Ay;’i denote the change in the power flow of line segment j at time t.
Similarly, let Ay? € R'! denote the vector which contains Ay§ for all line segments in £
at time ¢, where [ is the number of line segments in the system. Our goal is to obtain the

linear sensitivity ISF matrix such that:
Ay' = Ax'H, (4.1)

where H € R™*! is the ISF matrix. Based on equation (4.1), the change in the power flow

of line segment j, for any j € £, can be obtained as:

Here, hyj, ..., hyj are the entries of j-th column in matrix H.
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4.1.2 Problem Statement

The current measurement-based models in the literature, such as in [31, 84, 29, 32],
assume that the changes in the nodal power injection, i.e., Ax’, and the changes in the
line power flow, i.e., Ay’, are known quantities measured by a variety of sensors that are
installed across the power system. Hence, they form a linear regression model to obtain the
unknown entries of the ISF matrix. In this measurement-based approach, the total number
of unknowns is n x [. But, the number of equations in (4.1) is only [. Therefore, at least
n X (I — 1) more independent measurements are needed, such that the unique solution of
(4.1) can be obtained.

Next, let AY € RT*! be the matrix which includes all the measurement samples
of the changes in the line power flows, i.e., the matrix whose rows are vectors of Ay’ from
time instant ¢ = 1 to time instant ¢ = 7. In a similar way, let AX € RT*" be the matrix
which includes all the measurement samples of the change in the nodal power injection.

Accordingly, we can rewrite equation (4.1) as:
AY = AXH. (4.3)

If the measurement matrix AX is a full-row-rank matrix, then the system of equations in
(4.3) is overdetermined. Therefore, the solution to the linear system of equations in (4.3)

can be obtained from the least square estimation as:
H=(AXTAX)'AXTAY. (4.4)

In order to use the above closed-form solution, we need the two measurement

matrices AX and AY to be known. However, having measurements at every location
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is not a common setting in power distribution systems. Therefore, while the least square
estimation in (4.4) can be used for the estimation of the ISF matrix through a measurement-
based model in a power transmission network with sufficient number of measurements, it
cannot be used in a power distribution network which often suffers from lack of observability.
Therefore, we need to develop a new model which can directly address the issue of low-

observability in the estimation of the ISF matrix.

4.1.3 Sparsity Pattern of Power Flows and Distribution Factors

Consider the radial power distribution system that is shown in Fig. 4.1. As marked
on the figure, suppose a change in the nodal power injection occurs at bus 31. Let us call
the path that connects bus 31 to the substation as the substation connector path associated
with bus 31. This path is marked with red color on the figure. Based on the Compensation
Theorem in Circuit Theory [67], when a change happens in the power injection of a node,
then we can replace the element that causes such change by an equivalent current source
which injects a level of current to the circuit that causes the same changes on the operating
points of the system. Therefore, approximately, the equal amount of current flows from bus
31 all the way up to the substation through the substation connector path, see [8]. The
reason is that the impedance of the Thevenin equivalent circuit of the power grid as seen
by the distribution feeder at the substation is much less than the impedance of the loads
[81]. As a result, once a change in the nodal power injection happens, it only changes the
power flow of those distribution line segments that are on the substation connector path,

while the power flow for the rest of the line segments remains approximately unchanged.
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Figure 4.1: An illustrative example for substation connector path in a radial power distri-
bution network. The red path corresponds to the injection at bus 31.

For each node i € N, let us define tree 7; := (V;,&;) as the sub-graph which
includes the nodes and lines that are on the substation connector path. Based on the above
discussion, once a deviation in the power injection of node ¢ happens, it only changes the
power flow in those line segments that belong to set &;, while the power flow in the rest of line
segments remains unchanged. To take advantage of such physics-based approximation, let
us denote the set which includes all the nodes that line segment j belong to their associated

set &; as:

Ij={VieN|je&} (4.5)

A major observation here is that, if the change in the nodal power injection for every node in
I'; is zero, then the change in the line power flow of line j would be zero. This observation
plays an important role in the estimation of sensitivity distribution factors. The above
statement means that the line segments which do not belong to set &; are insensitive to a

change in the nodal power injection of node ¢. Therefore, we have:

hij =0, Vj¢ & (4.6)
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4.2 Physics-Aware Measurement-Based Model

In this section, we consider three scenarios for the availability of the measurements.

We develop our proposed method to estimate the ISF matrix in each scenario accordingly.

4.2.1 Scenario 1: Nodal Power Injections and Line Power Flows are Fully

Measured

Let us start with the least challenging scenario with respect to the availability
of measurements. Suppose we can measure the power flow at every node and every line
of the power distribution feeder. As discussed in section 4.1.1, this does not necessarily
make the system of equations in (4.3) overdetermined. The reason is that the availability
of measurements at every line and every node does not necessarily make the correspond-
ing measurement matrices, i.e., AX and AY, full-rank, since there may not be enough
measurement samples. Thus, in Scenario 1, we deal with low-rank measurement matrices,
and our goal is only to obtain the entries of the ISF matrix. Based on the discussion in
Section 4.1.3, we know that each column of the ISF matrix is sparse, and we have already
extracted the sparsity pattern of the columns in (4.6). Therefore, we can formulate the

problem in Scenario 1 as:

!
miniﬁnize \|AY—AXH|]2F+)\;|C(H,i)|’1 wn

subject to AH =0,
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where ||.||F is the Frobenius norm, ¢(H, ) is the operator which returns the i-th column of
the matrix, A is the sparsity regularization parameter, and matrix A is constructed based
on the sparsity patterns in equation (4.6). The minimization problem in (4.7) is convex and

can be solved by any convex optimization solver, such as the CVX toolbox [52].

4.2.2 Scenario 2: Nodal Power Injections are Fully Measured but Line

Power Flows are not Fully Measured

In this scenario, we consider a more realistic and more challenging case, where
the nodal power injection measurements are available for every node, but the line power
flow measurements come from only a few lines in the system. This is a common scenario in
practice. Due to the setting of the problem in this scenario, some entries in the measurement
matrix AY are unknown, because they are not directly measured. Instead, they have to be
simultaneously be estimated simultaneously.

To address Scenario 2, let us split the measurement matrix for line power flows
into two sub-matrices as:

AY = AY, + AYy, (4.8)

where AY, denotes the unknown part and AY} denotes the known part. Based on the
discussion in Section 4.1.3, we know that matrix AY is a sparse matrix, and its sparsity
pattern is a function of the sparsity pattern of matrix AX. In particular, since we know

which entries of matrix AX are non-zero, we also know which entries of the unknown matrix
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AY, are zero. Therefore, we can modify the minimization problem in (4.7) as:

l T
mpigize IAY, + AV, = AXH|lE 25 k(LI +7)_lIAY, )l
1= J]=

4.9
subject to AH=0 (4.9)

BAY, =0
where ~ is the sparsity regularization parameter, and B is the matrix which captures the
sparsity pattern of the line power flows based on the values in measurement matrix AX.
The optimization problem in (4.9) is a convex minimization problem which can be

solve by a commercial solver.

4.2.3 Scenario 3: Neither the Line Power Flows nor the Nodal Power

Injections are Fully Measured

In this scenario, we consider the most challenging case, where only a subset of
line power flows and only a subset of nodal power injections are measured. Therefore,
similar to equation (4.8), we split the matrix of nodal power injection measurements into
two sub-matrices as follows:

AX = AX, + AX}, (4.10)

where AX, denotes the unknown part and AXj denotes the known part. Unlike the
minimization problem in (4.9), we cannot define a matrix similar to B, because some of the
values of the changes in the nodal power injection are unknown to us. Therefore, we need
to develop a way such that the sparsity pattern of the power flows can still be utilized.

To do so, let us define a binary variable b!. It is 1, if the node i experiences a

change in the nodal power injection at time t, otherwise it is zero. At each time ¢, let us
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stack up all the binary variables into vector bt € R!*". We have:

—M.b! < Ax! < M.b?,

(4.11)

where M is a large number. Based on matrix AXy, we already know the value for some of

the binary variables. However, for the rest of the nodes that we do not measure their power

injection directly, the associated binary variable is unknown.

For each line segment j, from the definition of I'; in (4.5) in Section 4.1.3, we know

that if all of the binary variables that are associated with the nodes in set I'; are zero, then

the change in the line power flow of line segment j is zero. We can mathematically express

this observation as:
—M.max{btpj} < Ay < M.max{bfﬂj}, VjieL.

Now, we can rewrite the minimization problem in (4.9) as:

L _ 2
ppinimize [|AY, + AY, — (AX, + AX)H||%

l T
A e )|l 47 ) [le(AY,,5)[h
i=1 j=1

T
+w > [[e(AX,, 1)l
j=1

subject to AH =0

Egs. (4.11) — (4.12)

where w is the sparsity regularization parameter.

(4.12)

(4.13)

The minimization problem in (4.13), is non-convex, because of the bilinear term

in the objective function. Therefore, we propose to break down the minimization problem

in (4.13) into the following two optimization problems:
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jminimize [JAYy + AYy — (AX, + AX)H||%

3 U

T T
+ > e(AY )l +w ) [le(AX], 5)]h (4.14)
j=1 j=1

subject to Egs. (4.11) — (4.12)
and

l
minimize ||AY* ~ (AXH||E + +A D [le(H, )|
i=1 (4.15)

subject to AH = 0.

In the optimization problem in (4.14), we obtain the solution of b, AY,, and AX,, for a
given initial value for matrix H, which is denoted by H°. Once the estimations of the power
flows are obtained by solving (4.14), next, we solve the optimization problem in (4.15) in
order to update matrix H. After that, we will continue to iterate between (4.14) and (4.15)
until we convergence to a solution. It is worth to mention that, the choice of the initial
value for the entries of matrix H has impact on both convergence and the accuracy of the
obtained solution. One good choice to obtain the initial matrix HY is to hypothetically
assume that the power distribution system is lossless, and set all the non-zero entries equal
to one. Another option, which might be more accurate, is to use the estimated values for
the previous time slots as the initial choice for H?. More discussion on this issue will be

given in the next section.

4.3 Case Studies

In this section, we test the performance of our proposed method in jointly estimat-

ing both the uknown power flows and the ISF matrix. The case studies are completed by
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simulating the IEEE 33-bus distribution test network which has a radial topology. We use
MATPOWER in MATLAB to run the power flow simulations. We use the default values
the of loads per the IEEE 33-bus test system as the operating points of the system. We
assume that the measurement noise is Gaussian with zero mean and standard deviation of

0.01.

4.3.1 Performance Evaluation

For all the three scenarios in Section 4.2, we consider a range of 20 to 200 mea-
surement samples to be available for each measurement. For Scenarios 2 and Scenario 3,
we assume that between 10% to 50% of the power flow measurements are unknown. We
compare our proposed method with the conventional least square estimation only for Sce-
nario 1, as it cannot address the cases in Scenario 2 and Scenario 3 with unknown entries
in measurement samples. We use Mean Absolute Percentage Error as the index for this

assessment as:

h

1 1
MAPE:ZZﬁZ

VieL — VieN

Bi — P
LI % 100%, (4.16)
J1

where ﬁji is the estimated value and hj; is the true value of the sensitivity factor, which is
the entry of the ISF matrix. The result for this comparison is shown in Fig 4.2.

As we can see, the proposed method outperforms the conventional least square
method in Scenario 1. Also, from the curve of the Scenario 2 and Scenario 3 in which
30% of the measurements are unknown, we can see that missing measurements can cause a
degradation on the performance of the proposed method; however, it still outperforms the

conventional least square method which is not built to deal with rank deficient matrices.
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Figure 4.2: The comparison for estimation accuracy of the ISF matrix for different methods.
The LS method is applicable to only Scenario 1.

Moreover, as we can see, increasing the number of measurement samples for all methods
leads to improvement in the performance of estimation.

We also investigate the impact of missing date percentage on the accuracy of the
proposed method in Scenario 2 and Scenario 3. To the best of our knowledge, we are the
first who studies this problem under the settings in these two scenarios. Therefore, we only
compare the accuracy of estimation for the missing values with respect to their true value for
different level of missing data ranging from 10% to 50%. The results are shown in Fig. 4.3,
where the number of measurement samples is 200. As we can see, higher percentage of

missing data causes the accuracy of the proposed method to degrade.
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Figure 4.3: The performance of the proposed method under different levels of low-
observability severance, i.e., different percentage of missing measurement data. Scenario
1 is not included; because it assumes no missing data.

4.3.2 Importance of Initial Guess for the ISF Matrix

As mentioned earlier, solving the non-linear optimization in (4.13) through the
proposed iterative approach in (4.14) and (4.15) depends on the choice for the initial guess
of the decision variables, in particular the choice of H?. An inappropriate initial guess can
cause convergence issue. Also, it drastically impact the accuracy of the obtained solution.
In this section, we study this impact by comparing the convergence rate and the value of
the objective function for multiple initial guesses.

As explained in Section 4.2.3, a good choice for the initial guess is to start from
the lossless system, and assume every non-zero entry in the ISF matrix to be one. The
second choice is to use the estimated ISF matrix from the previous time instances ¢ = 1

to t = T, as the initial estimation at time ¢t = T'4 1. Besides the above two options, we
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Table 4.1: Impact of initial guess on the convergence and  accuracy of estimation

Initial Guess Converged No. Iterations MAPE

Point 1 Yes 382 31%
Point 2 Yes 566 26%
Point 3 No - -

Point 4 Yes 573 45%

have also randomly selected two other initial guesses as the third and the fourth selections.
The performance of the above four initial guesses on the convergence and accuracy of the
results are shown on Table 1, where 25% of the measurements are unknown and the total
number of available measurement samples is 200. We can see that, when we get the initial
guess based on estimated values of the previous time slots, proposed method converges to
the solution in lower number of iterations, and additionally, its accuracy is higher. Also,

random selections of initial guess can cause either to convergence and divergence.
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Chapter 5

Conclusions and Future Work

5.1 Summary of Conclusions

In this thesis, we have addressed the challenges in distribution system state esti-
mation that are caused by the low-observability of the power distribution system.

In Chapter 2, a novel sparse tracking DSSE method is proposed to address the
low-observability in power distribution networks, where the measurements come from only
a small number of D-PMUs. The analysis is done using differential synchrophasors and by
dividing the state variables into four types based on their group sparsity properties. Prior
to solving the formulated DSSE problem, an event zone identification analysis is applied
to augment the proposed sparse DSSE with the side information on the support of the
unknown vector. The DSSE is modeled as an adaptive group sparse recovery problem to
estimate the differential synchrophasors, which are added to the initial values to estimate
the voltage phasors in standard mode at each time slot. Since the proposed method has

a tracking scheme, a drift identification and calibration method is developed to enhance
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robustness. The proposed method is tested on the IEEE 33-bus and IEEE-123 bus power
distribution feeder and the simulation results show the effectiveness of the proposed method
over the conventional WLS-DSSE method which is aided by the pseudo-measurements.

In Chapter 3, a novel event-triggered state estimation method is proposed to tackle
low-observability in power distribution systems, where the measurements come from a hand-
ful of D-PMUs. The proposed method simultaneously addresses three main challenges that
exists in the DSSE problem. First, the event-triggered nature of our design can help to
avoid imposing unnecessary burden on the operation center. Second, to properly capture
the dynamic nature of the modern distribution systems under the low-observability condi-
tions, the problem is formulated over the differential state variables as a generalized group
Lasso optimization, which leverages the sparsity features that exist in the system under
the event-triggered paradigm. To further improve our ability in conducting a sparse recov-
ery, the DSSE problem formulation is reinforced by a novel set of linear differential power
flow equations, and in forms of virtual measurements. Third, to improve the accuracy of
the state-space model, the event-triggered state transition matrix is learned in an off-line
fashion through discriminative elastic net regression. Extensive performance evaluations
confirmed the effectiveness of the proposed methodologies.

In Chapter 4, a new physics-aware measurement-based approach is proposed for
joint estimation of the ISF matrix and the power flows in power distribution systems with
low-observability. Due to low-observability, the measurement matrices, whether for mea-
suring nodal power injection or line power flow, have several unknown entries. The ISF

matrix too is assumed to be unknown. To address low-observability, sparsity pattern of the
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ISF matrix and the changes in power flows are approximated based on the radial topology
of the power distribution systems. Accordingly, three scenarios are defined based on the
availability of the measurements: 1) nodal power injections and line power flows are fully
measured; 2) nodal power injections are fully measured but line power flows are not fully
measured; 3) neither the line power flows nor the nodal power injections are fully measured.
The proper optimization problem is formulated and solved in each case. The performance
of the proposed method was verified through numerical results. Case studies included ex-
amining the impact of the number of measurement samples as well as the extent of the

low-observability.

5.2 Future Work

While we have mainly studied the low-observability issue from the aspect of mea-
surements, in future works, other aspects of low-observability in the power distribution
systems can be studies. This can include lack of knowledge about the parameters of the
system and topology of the network. Also, one can further study the problem when mul-
tiple major events happen on the distribution feeder at the same time. Also, one can
investigate how adding other types of measurements, such as load measurements, or power
measurements that are obtained from the voltage and current phasors at the D-PMUs, to
the existing phasor measurements in our proposed tracking DSSE method may affect the
problem formulation and the results. Moreover, one can study how use of machine learn-
ing techniques can help to better exploit the sparsity pattern that might exist in different

problems related to the operation of power distribution systems. Finally, detection of false
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data injections and developing resilient DSSE methods with respect to low-observability
condition can receive some attentions, and in particular with similar use of sparse recovery

tools.
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