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State Estimation: Application and Algorithms for the Distribution System
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INTRODUCTION

To a power engineer, the term state estimation quickly brings to

mind a statistical application, central to the operation of the bulk

power energy management system, that uses a redundant set of mea-

surements and a bus-oriented network model to compute a statisti-
cal estimate of the system operating state. This concept was first
formulated as a mathematical solution for transmission systems by
Fred Schweppe and his team in 1969, and is now a mission-critical
component of transmission system operations. State estimation
importantly combines the present system topology and real-time
measurements of different qualities to provide the best statistical
estimate of the state of the system. In this context, what is meant by
state are the key measurements (voltage magnitude and angles, cur-
rent magnitude and angles, and power) at each bus. These estimates
provide accurate situational awareness, and also support key opera-
tional applications (e.g., transmission contingency analysis, optimal

network configuration).

Over the past number of years, as distribution management systems
(DMSs) have evolved and become more widely deployed, the concept
of distribution system state estimation (DSSE) has become deeply em-
bedded in the core DMS architecture, as shown in Figure 1.

In fact, the concept of distribution system state estimation (DSSE)
has become so widely discussed that engineers who are not working
directly on this solution are likely to give it no more than a brief
thought and assume that it consists of simply taking the statistical
methods that work so well in realm of transmission systems and ap-
plying them to distribution systems. But is that true? The purpose of
this paper is first to define what should be understood when some-
one hears or reads the term DSSE. Then, the state of the industry
with respect to DSSE will be summarized, from the perspective of

research, application requirements, and the need for future research.
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Figure 1 — Distribution management system application architecture

DSCADA

DSSE VS. TSSE

Again, without being deeply connected to the solution, many
engineers would assume that the weighted least squares statistical
methodologies long deployed on transmission energy management
systems would work just as well on distribution management sys-
tems. Why would the algorithm care about the voltage level? That
is a fair question. However, there are in fact a number of important
differences between the distribution system and the transmission

system that make the answer not so easy (see Table 1).
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Table 1 - Key differences between transmission and distribution

Feature
Topology

Line Impedances
Lines

Observability (Sensors)

Measurement Types

Observability (Switch
Status)

Observability (Volt/VAR
Optimization Status)

Phase Load/Voltage
Balance

Topology Balance

Number of Nodes/

Buses

SCADA Polling

Measurement
Synchronicity

Transmission
Highly networked
High X/R ratfio
Consistent conductor

sizes

At every bus
P Q, voltage, current

At every device

Tap position and
capacitor sfafus is
generally monitored

Balanced

All three phases
follow the same path

Low

10-second analogs
typical

Entire system
measured within
10-second cycles

Distribution

Mostly radial
Low X/R ratio

Lines change size
often

Limited but growing
Current, voltage

Limited monitoring of
switch status

Limited monitoring
of regulator and
capacitor positions

Unbalanced

Phases may follow
different paths;
regulators tapped per
phase

High

Often uses exception
reporting

Measurements come
at a variety of cycles
and latencies

Each of these differences creates a challenge to simply applying the

transmission system state estimation (TSSE) algorithm directly to

distribution.

DSSE VS. POWER FLOW

Distribution feeders are modeled using planning tools that perform

various types of studies based on power flow, including voltage drop,

protection coordination, and distributed energy resources (DER)

impact analyses. The ability to calculate the voltage at any node or

the current through any branch is what separates power flow models
from the topological models contained in a geographic information
system (GIS) or elsewhere. Typically, the physical characteristics of
each device (conductor, transformer, switch, fuse, etc.) in a distribu-
tion feeder are modeled with high enough accuracy that planning
engineers can use these models to answer “what if” type questions

without needing to make field measurements. While the topology

and physical characteristics of the distribution feeder are very accu-
rate, the individual loads are often approximations at best. Utilities
have a clear understanding of their assets and infrastructure, but the

visibility of customer usage remains cloudy.

The traditional approach to customer load allocation in power flow
models is based on substation supervisory control and data acquisi-
tion (SCADA) measurements and distribution transformer kVA
rating. A time series measurement at the feeder head determines the
peak load and load profile, and individual customers are allocated

a portion of that load based on the kVA rating of the distribution
transformer serving them. All customers are assumed to have a load
profile that matches the feeder head. This method is accurate at
reproducing the aggregate load and profile at and near the feeder
head, but there is an error factor that tends to increase with distance

away from the substation.

Several methods exist that can increase the accuracy of traditional
load allocation. For starters, monthly energy consumption from
customer billing cycles can be used to refine the load allocation to
individual customers. Load profiles for different classes of customers
(residential, commercial, and industrial) can also be used to reduce
the error in power flow load allocation, especially in feeders with a
highly mixed customer base. The most accurate form of load alloca-
tion uses individual customer load profiles derived from full deploy-
ment of advanced metering infrastructure (AMI); however, few
utilities have achieved this level of deployment. Even with 100%
AMI installed, the data requirements for this type of analysis can be
overwhelming and possibly prohibitive for planning tools to solve in

a reasonable amount of time.

Without accurate measurements along the feeder or near the feeder
edge there is no way to know that errors exist in the power flow
models. The traditional kVA allocation method generally results in
satisfactory simulation and operation of distribution feeders, with
utilities being able to maintain appropriate customer voltage levels
throughout their service territories. However, modern power devices
such as electronic reclosers, remotely operated switches, DER, and
AMI have the ability to measure voltage and current at various loca-
tions throughout the distribution feeder, and these measurements can
be used to determine errors between power flow model results and
real measurements. Planning engineers and operators are now faced
with differences between the power flow results and the real measure-
ments coming in from intelligent electronic devices (IEDs) around

the feeder. So what can utilities do to rectify these discrepancies?

November 2018



E

APPLICATIONS

gmm

\SVARIABLE )
=L DATA 2
% NETWORKS =05,
= i

s | 0GIT o gy "

TRAINING &

USE ANOTHER

= CONPANY

I— U|FFER[NT 'ﬁniuuwn nssmmﬂ\n‘u: Mlll.TINl]MIAI.m
uuwmsx r ‘ S

bgp NEURAL
00N e ] FIINIITIIIN

e OFTEN I—

BN — L DISGRETE
APPLICATION &
=MLL

£ LEARNIG g

COLLECTION DUF

SETEUMSIH‘

=

CASES L]

SPLINES PATTERNS

State Estimation: Application and Algorithms for the Distribution System

As mentioned, transmission system operators have leveraged state
estimation since the 1970s to provide the best estimate of real-time
system conditions. System states can be defined as either the vector
of all node voltage magnitude and angles, or of all branch currents
and angles. It has been widely suggested that a similar approach can
be used for the distribution system, hence the term distribution sys-
tem state estimation (DSSE). However, even though the formulation
of traditional state estimation can be translated to the distribution

system, the application of DSSE has yet to be fully investigated.

Conceptually, DSSE uses a set of measurements to provide the

best estimate of the actual voltages or currents across a distribution
feeder. In a sense, power flow models also use a set of measure-
ments, in the form of load allocations, to determine the voltages and
currents across the feeder. What separates DSSE from power flow
models is the use of redundant measurements to detect bad data or
measurements. In DSSE, the load shapes and peak loads generated
by load allocation methods are considered pseudo-measurements,

or approximations of the real conditions at the grid edge. Real
measurements are those measurements that are streamed from IEDs,
AM]I, and so on. In order to identify bad data from real measure-
ments or pseudo-measurements, there must be more measurements

than there are system states.

At a high level, the proposal that there must be more measurements
than states (to enable bad data identification) could be overwhelm-
ing to a planning engineer, given that traditional load allocation
uses only one measurement from the substation to allocate loads.
However, the allocation factors at each customer, combined with
substation measurements, are considered pseudo-measurements.
Therefore, incremental deployment of AMI or IEDs may provide
sufficient redundant measurements to effectively address the state

estimation problems, including the issue of bad data detection.

USE CASES FOR DSSE

Given the described challenges to the application of DSSE, a logical
follow-up question would be “What are the application use cases for
DSSE in distribution system operations?” The high-level consensus
in the industry today is that DSSE will be required to manage the
complex and dynamic distribution system of the (very) near future,
with DER penetration levels growing to very significant levels. But
is that really true? Let’s consider a comprehensive list of DSM ap-

plications one at a time (see Table 2).

The analysis presented in this paper supports the widely held
perspective that some solution/algorithm is required to estimate

the near real-time state of the distribution system. There can be no
doubt that this is true. Even though the needed solution/algorithm
for the distribution context may be completely different from the
established transmission system state estimator, it seems reasonable
to refer to it as distribution system state estimation. The question,
then, is which DSSE solution/algorithm is best suited to provide the
answers. The following section explores recent research into algo-

rithms being studied in academia and deployed by vendors.

ALGORITHMS BEING STUDIED

State estimation is more than just the state estimation algorithm
itself. As a broader process, state estimation is made up of a subset
of smaller functions that can include network topology verification,
observability analysis, application of the state estimation algorithm,
measurement error detection, and network parameter error detec-
tion. For distribution state estimation, nerwork topology verification
refers to ensuring that the feeder model accurately represents the
lines (e.g., three phase, single phase), connections (e.g., switch states),
and other devices (e.g., capacitor bank status, voltage regulator taps).
The observability analysis helps to ensure that there are enough
measurements to obtain a state estimation solution, and the state
estimation solution algorithm provides the state estimation solution.
There are various solution algorithms that can be used (as discussed
below). The state estimation solution algorithm can be just one of
the many algorithms listed, or a hybrid/combination of multiple
algorithms. During the solution process there is usually some sort of
error detection. Unfortunately, it is typically not possible to detect
both measurement and network errors at the same time. This section
describes various state estimation solution algorithms and some of

the terminology and names used to describe solution techniques.

WEIGHTED LEAST SQUARES

Weighted least squares is one of the most popular state estimation
techniques. It assumes that the measurement errors (metering ac-
curacy, historical data, etc.) are Gaussian in shape with a zero mean
and a known variance. There are four main measurement types:

line power flows, bus power injections, bus voltage magnitudes and
angles, and line current flow magnitudes. The measurements them-
selves will be discussed in more detail later. Weighted least squares is
an iterative technique, and it requires the recalculation of the Jaco-

bian and gain matrix with each iteration, sometimes resulting in long
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Table 2 — Applications of DSSE

Application
Use Case

Situational
Awareness

Topology Error
Detection

Sensor Error
Detection

DA - Automated
Restoration

Operator-Directed
Restoration

Volt/VAR
Optimization (VVO)

Planned Switching

ShortTerm load
Forecasting

ShortTerm DER
Forecasting

solution times. However, solution times can be decreased by utilizing
decoupled or dc power flow techniques where applicable. There are
also other various techniques proposed in academic literature to help
improve the accuracy, decrease the complexity, and reduce the solu-

tion time of the weighted least squares technique for state estimation.

Discussion

As more and more DER are deployed on the disfribution system, it will no longer be possible to estimate the operational state of
a feeder based purely on a substation breaker measurement, or a few distribution automation switch measurements. With two-
way power flow and high levels of infermittency of DER supply, the DMS must be able to provide a reasonably accurate near
realtime picture of the distribution system.

Due to planned expansion projects, temporary states, and restoration activities, the distribution system is in a state of constant
flux. In most implementations, the as-designed topology is maintained in the GIS and then synched with the DMS on a regular
basis. The Outage Management System maintains the as-operated fopology based on this. With this continuous high level of

change, it is common for topology errors to appear. One of the potential applications of DSSE is the detection of these errors.

The original reason for stafe estimation in the transmission system was the prevalence of measurement errors. The sensing
technologies in use during the 1950s (CTs, PTs, transducers, and analog to digital converters) were quick to become
uncalibrated. As a result, power flow algorithms converged to an incorrect solution, or may not have converged at all. Present-
day sensing technologies deployed on the distribution system (CTs, PTs, and IED inputs| are much more accurate and consistent.
The errors are perhaps different now, including inconsistent timing of data transmissions (including reporting on exception), and
more likely errors in modeling to reflect the true location (and phase) of the sensor.

Second- or third-generation distribution automation (DA) systems could simply rely on the measurements af the DA device [switch,
sectionalizer, recloser). These automated restoration systems followed rules based on the current that was monitored immediately
prior fo initiating operation of the protective device. Next-generation DA systems must take info account the loss of DER supply,
the location and type of DER, and other factors to model the impacts on power flow and voltage prior to initiating resforation
switching.

Similarly, distribution control center [DCC) system operators must be able to model and analyze the impacts of restoration
switching steps. In the past, with predictable radial feeders, this planning could be done using simple models. In the future,
operators may rely on DMS modeling, supported by DSSE, to accurately predict the impacts of restoration switching steps.

As with distribution automation, the management of voliage and VARs on the distribution system has become much more difficult
due to the influx of DER. Based on a significant body of industry research by EPRI and others, it is clear that neither local controls
nor centralized logic will alone be able to manage DER-induced overvoltages, while maintaining desired power factors. What
will be needed is a hybrid control architecture based on a foundation of centralized modeling of the distribution system to “see”
beyond the sensors.

As with restoration switching, planned switching must incorporate modeling and analysis to defermine the impacts of restoration
switching steps. This may be more complex, because planned switching analysis is often performed days or weeks in advance.
Again, in the past, with predictable radial feeders, these switching analyses could be done using simple models. In the future,
operators may rely on DMS modeling, supported by DSSE, to accurately predict the impacts of restoration switching steps.

Operation of the distribution system is completely dependent on the loads and how they change. The science of developing
accurate load models and load forecasts is evolving rapidly. New measurement system approaches including AMI are providing
robust data to support this application. However, it is yet unclear whether DSSE can provide an additional support.

A new requirement for distribution system operations is the ability fo develop short-term forecasts of DER production. Many of
the installations (specifically low-voltage connected DER in countries/states that do not require separate meters) are essentially
unmonitored. The esfimates and short-term forecasts of DER production will become pseudo-measurements that serve as inputs fo
the DSSE algorithm. It is unclear to what extent DSSE can support these forecasts, or whether the forecasts will instead dictate
how accurately DSSE can be accomplished.

The Jacobian matrix is the same as for a standard power flow, and
the gain matrix is formed from both the Jacobian matrix and the er-
ror covariance matrix. The error covariance matrix is just a diagonal
matrix of variance of the measurement errors when the measure-

ments are considered independent.
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State Estimation: Application and Algorithms for the Distribution System

LOAD ADJUSTMENT

Another state estimation technique, mainly used for distribution
system state estimation, is load adjustment (sometimes called load
estimation). Unlike the bulk system, the distribution system has few
redundant measurements, let alone enough measurements for the
number of nodes in a circuit. Therefore, the load adjustment state
estimation adjusts the models’ loads based on the available measure-
ment data (real or pseudo-measurements). Load adjustment state
estimation assumes that the measurements are 100% accurate, and
only the model needs to be adjusted. Like the weighted least squares
methodology, load adjustment state estimation techniques typically
involve an iterative process using Gauss-Seidel load flow techniques
instead of Newton-Raphson. Various other methodologies have been
proposed as well, including more simulation-based approaches like
particle swarm optimization. The issue with simulation-based tech-
niques is that they do not guarantee the best/optimal solution. The

accuracy required can greatly influence the required solution time.

DYNAMIC STATE ESTIMATION

Dynamic state estimation is the general name for any state estimation
technique that utilizes measurements from different points or refer-
ences in time. For example, a phasor measurement unit (PMU) may
provide measurements every minute, whereas for AMI the interval
is every 15 minutes. Even if all the measurements used the same
time step, they would not come in at the same time. Therefore, it
would be inappropriate to assume that the solution would converge
utilizing the measurements alone. Dynamic state estimation takes
the various measurements (at various points in time) and forecasts
them to the same point in time in order for the estimation to con-
verge. This is a recursive process, and several past measurements are
required for this methodology. The forecasted measurements may be

considered pseudo-measurements.

ROBUST STATE ESTIMATION

One of the purposes of state estimation is to detect and identify
bad measurements. Robust state estimation is just a general name,
like dynamic state estimation, for any state estimation technique that
remains unaffected by major deviations in the limited number of
measurements. The following are two key terms that are used to

help describe robust state estimation:

*  Breakdown point — the ratio of measurements that can be
infinitely wrong while the state estimation remains bounded

compared to the total number of measurements

*  Leverage point/measurement — a measurement that lies outside
the space of the rest of the measurements (an error at such a

point may be difficult to detect)

Some examples of where leverage points may occur include:

* An injection or flow measurement at a bus that is incident to a

large number of branches

* An injection or flow measurement at a bus that is incident to

branches of very different impedances

*  Using a large weight for a specific measurement, compared to

others

These leverage points may appear to be bad measurements even
when they may not actually be bad. A robust state estimation should

be able to handle such measurements.

Techniques for robust state estimation include M-estimators (modi-
fied weighted least squares technique), which are an approach to
estimating maximum likelihood, and least absolute value estima-
tion, which can be formed as a linear program. Both techniques try
to minimize the measurement error, subject to various constraints.
Machine learning algorithms have also been cited in literature as

a means to provide robust state estimation. However, they have

one main caveat—they only work for the data they are trained on.
That is, the estimator will possibly need to be retrained for any

new network configuration, and should be trained for all network

configurations.

DISTRIBUTED STATE ESTIMATION

Another type of state estimation is distributed state estimation. The
idea is to split up the distribution network into multiple individual
areas, allowing any state estimation technique to be applied to solve
each area separately before reconciling them all into one estimation
for the network. It could be possible to use different techniques
depending on the area, the use case, and so on. The main advantage
to this type of technique is speed. Reducing the problem variable
size—Dby splitting the variables into multiple smaller-size variables
sets—should improve the solution speed, helping improve the
possibility of real-time calculations. However, this is currently not
practical, because there are not enough measurements available for
a single distribution system state estimation method. It would be

impossible to solve more than one area with any sort of accuracy.
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State Estimation: Application and Algorithms for the Distribution System

PROCESSED LOAD FLOW

The differences between a power flow solution and a DSSE have
been discussed, but it may be possible to utilize a power flow if
enough pre-processing of the models has been accomplished to
ensure that the power flow solution will converge to an accurate es-
timate of the states. This method includes pre-processing of load al-
location using feeder head and any additional sensors (DA switches,
AM]I, etc.), as well as pre-processed simulation of the regulator and
capacitor statuses (implying knowledge of their control algorithms),
and finally some methodology to automatically identify measure-
ments that are not correct (finding them to be outside of reasonable
values or inconsistent with other measurements, for example). EPRI
has successfully utilized this approach for a limited set of studied
feeders using OpenDSS, and this approach has also been observed

in commercially available vendor solutions.

FEEDER /LOAD MODELS

Having an accurate feeder model is just as important as having accu-
rate measurements for state estimation. Topological errors produce
larger errors in state estimation, making them more easily identi-
fied. However, state estimation can only be used to detect one type
of error at a time—either measurement errors or model errors, but
not both. (There is current work being deployed that can do both at
once, but it is for the bulk system.) While it is important to model
the feeder as accurately as possible, the network model should not
be overdetailed. The model should only be as detailed as it needs to
be to represent the system accurately. Typical network parameters

that should be considered are the following:

Transformer models (typically, the losses can be underestimated)
Network changes (not always updated)

Ambient temperature

Other network modifications (e.g., tap changes, as-operated

switching)

If there are errors in the feeder model it can lead to a degradation of
results, to measurements being incorrectly flagged as bad, to loss of
the operator’s confidence in the state estimation, or to other unde-

sirable consequences.

Depending on the state estimation algorithm/methodology, accurate
load models may be more or less critical. However, in distribution
state estimation a highly accurate model may not be necessary, as
most DSSE methodologies adjust the loads based on the available
measurements. Reactive power is harder to estimate accurately due
to load allocation algorithms and available feeder model data on

capacitor banks, switching, and so on.

OBSERVABILITY

In state estimation the question of system observability often arises,
but it is not clearly defined outside of the mathematical domain.

In plain terms, observability is the ability to provide an estimate of
the system state using the set of available measurements. The state
estimation problem uses a set of equations to relate system mea-
surements to an estimate of the system state. The problem is only
solvable, or observable, if certain conditions for the set of equa-
tions and number of measurements are satisfied. The two sufficient
conditions for observability are that the number of measurements
be greater than or equal to the number of states, and that the rank
of the state equation matrix be equal to the number of states. While
these conditions may be clear from a mathematical perspective, their

application to distribution systems is not.

Consider the following example, which demonstrates the observ-
ability problem as it applies to distribution systems, using a simple

three-node distribution feeder as shown in Figure 2.

® ®
\/

®

Figure 2 — A simple three-node distribution system

For the classical state estimation problem, the linearized system

measurements are given by the following equation:

Z=Hx+n Eq. 1
Where:
Z is an m-vector of system measurements
x is an n-vector of system states
H is the linearized matrix representation of the system
equations relating the system states to the measurements

7 is an m-vector of measurement error
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State Estimation: Application and Algorithms for the Distribution System

To meet the sufficient conditions for observability, the number of

measurements must be greater than or equal to the number of states,
and the rank of H must be equal to the number of states. Math-
ematically, the rank of a matrix is defined as the span of the column
space of the matrix; for state estimation this condition implies

that there is an equation for each state that relates to at least one
measurement. Consider the case that the available measurements are
the voltage magnitudes at each node and the real and reactive power

between nodes 1 and 2, as shown in Figure 3.

© ®
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®

P121Q12

v, Vs

Figure 3 — The simplified three-node distribution feeder showing
the available measurements of node voltages and the power flow
between nodes 1 and 2

If the system state is the vector of all node magnitudes and angles

the elements of Equation 1 take the following form:

Z= [P12 Q12 V1 Vz V3]T
X = [V1 8, Vy & V3]T

1 11 0 0

1 11 0 O
H=|1 0 0 0 O

0 01 0 O

0 0 0 0 1

Even though the number of measurements is equal to the number of
states, the sufficient conditions for observability are not met because
the rank of H is not equal to the number of states. In the terms of
the distribution system, this means that the measurements and state
equations are not sufficient to define all of the states, namely the
voltage angle at node 3. What can be done to rectify this problem

and achieve full observability? There are two options.

The first option is to add another measurement to the system that
results in full observability. Consider that the real power is measured

between nodes 2 and 3, as shown in Figure 4.

® ®
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PlZlQIZ P23

v, Vs

Figure 4 — The simplified three-node distribution feeder with an
additional power measurement between nodes 2 and 3

With the additional measurements, the elements of Equation 1

become:
Z=1[P, Q2 Pz V3 V, V5]7
x=[V & V, 8 VT
1 1 1 0 O
1 1 1 0 O
101 1 1 1
H=11 90 0 o
0 01 0O
0 0 0 0 1

In this case observability is achieved because the number of mea-
surements is greater than the number of states, and the rank of H

is equal to the number of states. For each state there is an equation
relating a state to a measurement. While observability has been
achieved, there is also added complexity with this option in that the
measurement must be collected and delivered to the state estimator.
Adding measurements can be cost-prohibitive from the standpoint
of the physical measurement devices required and because of the
communication requirements. However, there exists another option

for achieving observability.

The second option for solving the observability problem presented
above is to perform a system reduction. If the state of node 2 is not
a critical result of the state estimator, it is possible to reduce the dis-

tribution system model by removing the node, as shown in Figure 5.
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State Estimation: Application and Algorithms for the Distribution System

F’13'(113

V, V, L'

Figure 5 — The simple three-node distribution system can be reduced
by eliminating non-critical nodes.

By removing node 2 the terms of Equation 1 become:

Z=1[0Q1z Qi3 Vi W]"
x=[V & V]
1 11
_|11 1 1
H=11 0 o
0 0 1

In this case observability is achieved because the number of mea-
surements is greater than the number of states, and the rank of H

is equal to the number of states. For each state there is an equation
relating a state to a measurement. The system was reduced and the
state at node 2 is no longer available, which may or may not be of
concern to the distribution planning engineer. System reduction is
an effective way of limiting the data and communication require-
ments of DSSE while maintaining the accuracy of the system states.
This method does require a simplified system to be created and vali-
dated, which may require significant time. There are existing tools
for distribution system reduction, but reduction alone may not solve

all observability problems.

Observability analysis is one of the first steps to state estimation,
and it determines whether an estimation of the system state can be
obtained from the available measurements. Classifications of mea-

surements for system observability include the following:

o Critical measurement — a measurement that when removed will
result in an unobservable system

*  Redundant measurement — a measurement that is not critical

Critical pair — two redundant measurements that when removed

simultaneously will result in an unobservable system

*  Critical k-tuple — k redundant measurements that when re-

moved simultaneously will result in an unobservable system

Observability and the associated required/critical measurements are
a great concern for DSSE. The topology of the network can have a
major effect on the number and location of critical measurements.
As mentioned previously, the typical network configuration of a
distribution system (radial) differs greatly from that of the bulk sys-
tem (meshed), typically increasing the number of critical measure-
ments required for full network observability. However, full network
observability may not be necessary, depending on the use case of the

state estimation.

DATA USED /REQUIRED

As mentioned earlier, there are various types and sources of measure-
ments for state estimation. The main types of measurements include

the following:

* Line power flows

e Line current magnitudes

* Line current angles

*  Bus/Node power injections (P, Q)
*  Bus/Node voltage magnitudes

*  Bus/Node voltage angles

Bus voltage magnitudes and angles are the most common for bulk
system state estimation, while power or current flows, and injec-
tions, are better for distribution system state estimation. Typically,
distribution system operators are more focused on current. For
DSSE, the measurements may come from equipment in substations
or on the distribution feeders, or from AMIs at the customer point
of connection. These measurements will most likely be at different
time steps and resolutions, and may differ between an instantaneous
measurements and average measurements over the time step. As
discussed in the section on dynamic state estimation, steps will need
to be taken to reconcile the measurements for use in state estima-
tion. The historical meter data can also be used to create pseudo-
measurements, or forecasted measurements used to make a “best
guess” of sorts, when not enough real measurements are at hand. If a

real-time state estimation is required, this may be a major barrier.
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The issues with measurement data on the distribution system are
quite different from the issues with the transmission system. These
differences involve the types of devices installed, the amount of time
and effort required to add new measurements, and the types of com-

munications infrastructure available to obtain those measurements

(see Table 3).

IDENTIFYING BAD DATA

The presence of bad data negatively impacts the accuracy of the
state estimate. It is critical that incorrect data be detected, identified,
and ignored. This goal is achieved with information provided from
redundant measurements, a typical requirement of a state estimator.
This involves two requirements: first, detecting the existence of bad

measurements; and second, identifying which data is bad.

There are several techniques that have been developed in association
with transmission state estimation to identify the presence and loca-
tion of bad sources of data, and then exclude those bad data sources
from the results. The commonly applied method is the chi-squared
test, which evaluates the probability that the weighted sum of
squares with n degrees of freedom is less than a chi-squared distri-
bution. If that test is successful, then the analysis can proceed with
confidence that there aren’t any bad measurements. If the test is not
successful and the confidence level is low, then bad data exists in the

measurement set. Note that the chi-squared test does not indicate

which data is bad.

Table 3 -

Issues regarding DSSE data

Data Issue

Measurement
Latency

Measurement Types

Rolled Phases

Missing
Measurements
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Distribution automation systems often rely on low-bandwidth, high-latency communications media. To economize on the resources
involved, DA systems often employ exception reporting on analog measurements. This not only infroduces a measurement
accuracy issue, but also impacts the ability to gain measurements from different locations within a reasonable amount of time.

Measurements on the disfribution system may be reported as instantaneous [typical for DA| or average [typical for AMI).
The installation of three sensors on a distribution pole can be accomplished without specific drawings, and there is no way fo
locally verify if the measurements viewed upon testing are correct. Thus, the opportunity for phase error is not frivial.

The biggest single issue with distribution systems is the significant lack of measurements. While this situation is getting better, it is
likely that there will never be enough measurements to achieve observability in the traditional sense.
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Identifying which data is bad is more complicated. An initial step

is to identify data outside of operational norms (ratings, ranges). If
that does not resolve the low confidence level, then additional, more
computationally intensive statistical techniques are used. The residu-
als of the weighted least squares test are evaluated. Data with large
residuals is excluded, and then the chi-squared test is re-executed

to determine if that improves the confidence levels. A significant
improvement helps identify the bad data. Obviously, this technique

is reliant on redundant information.

Considering a distribution state estimation solution with a differ-
ent algorithmic approach to getting a solution will likely involve a
different process and algorithm for detecting and identifying bad
data. Three possible approaches for data error detection and location
are flagging measurements that are outside of some tolerance band
around nominal, applying KirchhofF’s laws to detect anomalies, and

flagging measurements that are stale, missing, or have error codes.

CONCLUSIONS AND NEXT STEPS

Considering all of the evidence and research available, it is clear that
DSSE will be a necessary component of a DMS moving forward.

A number of mission-critical operational applications have been
identified that will require accurate near real-time estimates of the
state of the system. Some insights gained in the course of developing

this white paper follow.

Discussion
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this goal across a number of utilities and implemented solutions.
This project could evaluate state estimate accuracies and intentional-
ly subject the algorithms to known issues (data errors, model errors,

abnormal operating conditions) to gauge their resiliency.

Table 4 — Conclusions about DSSE

Distribution state estimation does not necessarily have to use the same algorithmic solution as transmission state estimation. All it really needs to do is
provide some systematic, automatic, and accurate method of “estimating the state” of the distribution system, and we can continue to call it DSSE, with
the understanding that although “estimating the state” is still the goal, the algorithm and process will be very different.

Distribution stafe estimation implies a structured process that includes accurate topology, measurements, abilifies to identify/exclude bad measurements,
analysis of voltage profile, analysis of power flow, and presentation of results.

Key distribution operations applications like VVO, FLISR, short-term forecasting, and planned switching are going fo be more dependent on DSSE as the
levels of DER penetration increase.

Some planning applications, such as load allocation and reactive planning, are also going to be dependent on an accurate assessment of the state of
the distribution system during peak conditions (or other analyzed cases).

Observability requirements for DSSE must be designed with the practical limitations imposed on the ability fo invest in sensors and deploy them on the
distribution system.

Feeder topology reduction techniques may contribute to improving the observability requirements, but af the cost of less granular results.

Pseudo (predicted/forecasted/best guess) measurements may play an important role in distribution state estimation because there are not enough true
measurements available in the distribution system. Various sources for their creation have been proposed, such as AMI data.
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