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An Adaptive-Importance-Sampling-Enhanced
Bayesian Approach for Topology Estimation in an
Unbalanced Power Distribution System

Yijun Xu
Lamine Mili

Abstract—The reliable operation of a power distribution system
relies on a good prior knowledge of its topology and its system state.
Although crucial, due to the lack of direct monitoring devices on
the switch statuses, the topology information is often unavailable
or outdated for the distribution system operators for real-time
applications. Apart from the limited observability of the power
distribution system, other challenges are the nonlinearity of the
model, the complicated, unbalanced structure of the distribution
system, and the scale of the system. To overcome the above chal-
lenges, this paper proposes a Bayesian-inference framework that
allows us to simultaneously estimate the topology and the state of
a three-phase, unbalanced power distribution system. Specifically,
by using the very limited number of measurements available that
are associated with the forecast load data, we efficiently recover the
full Bayesian posterior distributions of the system topology under
both normal and outage operation conditions. This is performed
through an adaptive importance sampling procedure that greatly
alleviates the computational burden of the traditional Monte-Carlo
(MC)-sampling-based approach while maintaining a good estima-
tion accuracy. The simulations conducted on the IEEE 123-bus test
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system and an unbalanced 1282-bus system reveal the excellent
performances of the proposed method.

Index Terms—Topology estimation, power distribution system,
Bayesian inference, adaptive importance sampling.

I. INTRODUCTION

N ACCURATE and efficient estimation of the topology
A in power distribution systems is becoming an important
and timely research subject. On one hand, it serves as a pre-
requisite for the reliable and efficient operations and plannings
of modern power distribution systems where the deployment
of the renewables and other distributed energy resources are
increasing rapidly. On the other hand, it serves as a fundamental
tool for a fast restoration of the power distribution system
after an unexpected disruptive event. However, the network
topology is typically unavailable or outdated due to the limited
information of the network switch statuses and their insufficient
visual verification by crew members. Furthermore, the access to
switch statuses of the underground cables in urban areas by crew
members can be costly, time-consuming, and labor-intensive,
which makes it impossible to rely on for online applications.

Although the topology estimation problems have been studied
extensively in the past decades for power systems, mature tech-
niques are, in general, more focused on transmission systems.
Some examples include a robust Huber estimator proposed by
Mili et al. [1] and a Bayesian-based hypothesis testing advocated
by Lourengo et al. [2] to identify the topology errors; a traveling-
wave-based technique initiated by Korkali and Abur [3], [4] to
locate the source of topology change caused by disturbances;
a mixed-integer quadratic programming considered by Caro et
al. [5] to estimate the switch status. As for the simultaneous de-
tection of multiple outages, an offline-trained model is suggested
by Zhao et al. [6] Besides, an interesting state estimation proce-
dure without topology processor was advocated by Donmez and
Abur [7] and a neural-network-based approach was introduced
by Krstulovic et al. [8], to cite a few. Yet, considering that the dis-
tribution system is, typically, radially operated in an unbalanced
three-phase structure with low observability, these techniques
cannot be naturally extended to the distribution systems [9].

To overcome the above difficulties, more and more researches
are conducted in the power distribution system topology esti-
mation today. Apart from the literature focusing solely on the
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general grid structure learning [10], [11], or the switch statuses
for the reconfiguration tracking [12], some research studies also
explore the joint estimation considering the topology uncertainty
as follows. More specifically, Deka et al. [13] propose to utilize
a spanning-tree-based graphical model to jointly estimate the
topology and the power injections. Similarly, the topology and
the line parameter joint estimation are explored by Park et
al. [14] using graph theory, and by Yu ez al. [15], [16] using a
data-driven approach, etc. Besides, a topology and outage joint
estimation scheme is recently addressed by Gandluru et al. [9].
Typically, the abovementioned distribution system topology es-
timation related works have the following concerns. First, the
distribution system model is complicated due to its nonlinear
model and unbalanced three-phase structure. To alleviate these
difficulties, some researches adopt a DC model [6], [17], [18] or
alinearized model [9], [11], [12], [19]. Some works simplify the
three-phase structure by ignoring the mutual coupling between
phases with a single-phase distribution system model [11], [12],
[15], [16], [20]. Although simple and straightforward, all these
simplifications inevitably sacrifice model accuracy. Second, the
observability in the distribution system is typically insufficient
since the utility operators monitor distribution grid with meters
only at a few buses [20]. Although the deployment of mea-
surement devices (e.g., phasor measurement units (PMUs)) is
growing, it might still be bold to assume that all the buses are
directly measured [21]. Subsequently, optimal sensor placement
is extensively studied in [12], [19], [22]-[26]. Alternatively,
different measurement devices are also advocated in the liter-
ature, such as smart meters [20], probing technique [27], ping
measurement [9], or even pseudomeasurement from forecast and
historical data [9], [28]. Besides, using some publicly available
market data (e.g., online energy prices) to enable topology
tracking is innovatively proposed by Kekatos et al. in [17].
Third, the distribution system is, in general, radial. Even though
exceptions exist for some mesh and loop structure in the urban
area [28], topology changes in the distribution system are still
likely to occur, most likely to induce outages. Therefore, it
comes as no surprise that the recent topology estimation work
is simultaneously conducted with outage estimation [9]. Lastly,
the size of the distribution system remains a bottleneck for most
of the existing methods, which are tested on small-size systems
(e.g., the IEEE 13-bus and 33-bus systems [10], [11], [21], [29]),
and the demonstration of methods on a utility large-scale system
has not yet been fully explored [9].

Facing these challenges, this paper proposes a new adap-
tive importance sampling (AIS) scheme under the Bayesian
inference framework to simultaneously estimate the topology,
the outages, and the power injections of a distribution system,
while considering the latter as byproducts. Unlike the Bayesian
topology inference proposed in [29], our AIS-based Bayesian
inference is derivative-free and, therefore, can easily be extended
to more complex, three-phase, unbalanced, larger-scale distribu-
tion systems.

The contributions of this paper are as follows:

e A formulation of a Bayesian-inference framework that
enables a general operational topology, outage, and states
joint estimation is provided. This framework has no limi-
tation on the type of the model, which therefore, makes
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it applicable to a realistic nonlinear distribution system
model with a three-phase unbalanced structure.

e This Bayesian framework is further merged into a two-
stage estimation procedure that enables us to not only use
limited measurement (i.e., a meter in the primary feeder
combined with meters only in small portion of the user-end
and forecast data), but also theoretically eliminate the esti-
mation bias caused by the incorrect pseudomeasurement,
i.e., the forecast data, in the outage area without using any
ping measurement for connectivity identification [9].

e To avoid an exhaustive search of all possible topologies,
which might be impractical for an online application to a
large-scale system [15], [18], [30], we propose to merge an
AIS scheme into the Bayesian-inference framework [31],
for the first time, in the distribution system topology es-
timation procedure to achieve a faster convergence with
the adaptively fine-tuned parameter space. The weights
of the AIS further facilitate the recovery of the Bayesian
posteriors that quantify the confidence of the estimation. It
not only overcomes the drawbacks of the exhaustive search
algorithm, but also outperforms the traditional importance
sampling algorithm in terms of computing time and per-
formance, and, therefore, can serve as a cost-effective tool
for online applications.

The performance of our proposed method has been ana-
lyzed through simulations that are carried out on an IEEE test
feeder and a real utility-scale system. These simulations reveal
the excellent performance of the proposed method from the
standpoint of simulation accuracy and computing efficiency. We
also demonstrate that the proposed method has a quite stable
performance for radial and loop-structured networks and for a
wide range of R/X ratio, from moderate to very large values,
which induce a strong nonlinearity of the model.

This paper is organized as follows: in Section II, the problem
formulation is presented. In Section III, the background on
importance sampling and adaptive importance sampling are
introduced. Section IV presents the proposed method. Case
studies are presented in Section V, followed by the conclusions
and future work in Section VL.

II. PROBLEM FORMULATION

In this section, we will first briefly introduce the three-phase
power distribution system model. Then, we will also formulate
it into the Bayesian inference framework.

A. Model Description

1) Basics of a Three-Phase Distribution System: Following
the notations in [21], let us use a graph G = (N, &) to represent
a multi-phase power distribution system model. Here, the nodes,
N ={1,2,...,N}, corresponding to the N buses and the
edges, £ C N x N, represents the set of the distribution lines.
Each line connects ordered pair of Buses (m, n) between Buses
m and n. To extend the notations into the distribution system,
let P,, = {an, by, ¢, } denote the three phases of the system at
Bus n and let Py, = {@mn,bm.n,Cm.n} denote the phases
of Line (m, n). Accordingly, we obtain the three-phase voltage
with respect to ground at Bus 1 as Vi, = {V,,*}ocian b cn)s
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and its injected currents, I,,, as I, = {In¢}¢e{an,bn,cn}? re-
spectively. The current for Line (m,n) is denoted as I, , =
{Im,nd)}qbe{am,n,bm,n,cm,n}-

Further, by denoting the phase-impedance and shunt-
admittance matrices of the m-equivalent model, (m,n), as
Zmm € CIPmnlX[Pmnl and Y, , € C/PmalxPmal where C
represents the set of the complex matrices, and by consider-
ing the admittance matrices of all the other components (e.g.,
transformers), we obtain the assembled admittance matrix for
the distribution system as Yj,s. Subsequently, we obtain

I Yii Yig ... Yin Vi
I Y1 Yor ... Yon Va
S R : @)
Iy Yni Yno ... Yan ]| | VN
~—— N——
Ibus }/bus Vi)us

Till now, we have presented the basic model of a three-
phase distribution system. Within this framework, other system
variables, such as the per-phase net active and reactive power
injection at Bus n, denoted by P, = {Pn¢}¢e7)n and Q,, =
{Qn¢}¢€pn respectively, and the per-phase active and reactive
power flow in the line connecting Buses m and n, denoted by
Pm,n = {Pm,n(b}zbepm,n and Qm,n = {Qm,n¢}¢€77m,n respec-
tively, can be calculated. The vectors that collect P, and @, at
a bus are defined as P;, and Q);, whereas the vectors that collect
Py, »n and @y, » in a line are denoted as P; and Q;, accordingly.

2) Switch Status in the Model: Now, let us consider the
topology uncertainty brought by the switch statuses. Following
the existing literature [6], [9], [12], let us introduce the binary
variables capturing the status of the switch between Buses m
and n as s,, . Here, let us define that s,,, ,, = 1 if Line (m, n)
is connected and s,,, ,, = 0 for a disconnected one. For a power
distribution system with N, switches, we define the set of the
switches as S, and a vector B that collects the binary variables,
By, .., to capture the status of the switch s,, ,. Now, given
switch statuses in a distribution system, we can recover its
topology as reflected in the admittance matrix Y;, that can
be determined accordingly with the physical parameters of the
system. Till now, we have completed the presentation of the
distribution system model considering its topology uncertainty.

Remark 1: Tt is worth pointing out that the Yj,s-matrix ele-
ments are determined by the line parameters, the tap ratios of
transformers or regulators, the capacitor banks as well as the
switch statuses, among others. In this paper, we are interested in
solving the topology uncertainty problem raised by the switch
statuses as done in [6], [9], and [12]. The detailed parameter
estimation problems for other model components are beyond the
scope of this paper. In practice, although some parameters of the
power distribution system model (e.g., the line parameters) may
be unknown or not be precisely known, utilities can conduct
parameter estimation as a prior stage of topology and state
estimation [9], which allows the latter tasks to be executed using
a reasonable model. For example, Yu et al. in [15] and [16]
propose such an effective parameter-topology-parameter joint
estimation scheme. In the same vein, parameter estimation of
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other model components (e.g., transformer tap ratios and line
phases) can be performed independently [32]-[34].

B. Bayesian Inference

Let us briefly introduce the Bayesian inference that has been
widely applied in inverse problems in many industrial applica-
tions [35]-[39]. First, following the notions in [35], let us express
the forward model used in Bayesian inference as

y=f(x) +e, 2
where y € RP contains the observations of dimension D;
x € RN= is expressed as a random vector that contains the
parameters to be estimated; N, is the number of parameters
to be estimated, which depends on the specific application;
f () is the vector-valued forward function that includes the
abovementioned distribution system model, which maps the
model parameter vector x to the observation vector y; e € RP
stands for the measurement-error vector whose components are
assumed to be mutually independent random variables with the
joint probability density functions (pdfs), ., defined as

D
Te = Hﬂ'ei (&;). 3)
i=1

In the Bayesian inference, each parameter x; is also viewed as
a random variable with a given prior probability distribution,
whose pdf is denoted by 7;(z;). Note that here e and x are
assumed to be mutually independent. The corresponding joint
prior density function for a vector x is given by Tprior(€) =
Hf\’;l 7;(x;). Given the observation vector y, the posterior pdf,
Tpost (X |y ), for the parameter vector « is derived as

'/Tpost(w|y) X Wlike(y|m)7rprior(m); (4)

where e (y|@) denotes the likelihood function expressed as
Tiike(Y|x) = Te(y — f(x)). Apart from the full Bayesian pos-
terior distribution, 7y (|y), that allows us to quantify of the
uncertainty of the unknown parameters, we utilize a vector of
the deterministic value using a maximum-a-posteriori (MAP)
estimator defined as

Tmap = argmin - {—mpos(|y) }- 5)

Note that due to the nonlinearity of the distribution system
model, f(-), an explicit expression of mpos(|y) is extremely
difficultly to derive. This is especially true for our topology
estimation problem, where a group of 0-1 binomial distributions
representing the status of the switches and another group of con-
tinuous random variables representing unknown system states
are considered simultaneously. This motivates us to leverage the
AIS method to recover all the Bayesian posterior distributions
for the unknown parameters following different types of distri-
butions.

III. ADAPTIVE IMPORTANCE SAMPLING

Although IS is more widely known in the realm of rare-event
estimation [31], [40], in this section, we will present the recovery
of the Bayesian posteriors using the weights of the IS. Then, we
will further elaborate a more cost-effective AIS.
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A. Importance Sampling

Let us present the principle of the importance sampling (IS)
method. Following [31], this method consists in drawing K

independent samples, {w(k)}iil, samples from the proposal
pdf, (), which has heavier tails than the target function, 7p (x),
does. Each sample has an associated importance weight given
by

W) = 2@

( (k)) 7"'7K7 (6)

where w(*) represents the importance of the sample 2(¥) for
the approximated target function 7r(x) given the proposal
function ¢(x). For the parameter estimation problem we have
considered in this paper, the target function, 77 (), comes from
the Bayesian posterior pdf, mpo(|y); the pdf, ¢(x), comes
from some prior belief and typically has heavier tails than the
posteriors. This enables us to draw a sample set from ¢(x) to

- K
represent parameter uncertainties as { ) } x—1 and evaluate the
weight w(¥) at each parameter value through

(k)
(k) _ 7"'post(:l" |y) o
Wl = BT k=1 K )
Then, the normalized weight @(*) is calculated as
(k)
ok — W 8
° Zszl w®’ ®

The normalized weights {w(k>}kK:1 allow us to recover the full
probability distributions of ﬂpogt(a:|y) via

Zw

where 0 represents the Dlrac delta function. More specifically, to
obtain the posterior distributions using the normalized weights,
we suggest the use of equal-weight samples illustrated in detail
in [41, §2.2]. Also, for the readers’ implementation convenience,
it is straightforward to use the built-in randsample function
in MATLAB platform to achieve the recovering procedure.

Using the obtained non-Gaussian posterior distribution for
Tpost(Z|Y), we can obtain the estimated model parameters via
the aforementioned MAP estimator in (5). Also, the mean for
Tpost(Z|y) can be further obtained via [42]

K
po =3 @M.
k=1

The detailed steps for estimating the unknown parameters
via IS have been summarized in Algorithm 1. It can be seen
that, although IS is known as a variance-reduction technique
to accelerate the Monte-Carlo sampling, Step 5 can still be
time-consuming since the distribution system model f(-) is
repeatedly evaluated for the recovery of the Bayesian posteriors,
(4). Besides, as shown in Step 1, g(x) is obtained through
an initial guess, which might be quite inaccurate in practice,
diminishing the efficiency of the IS scheme. To overcome these
shortcomings, we introduce a more advanced AIS scheme next.

We would like to emphasize that the importance sampling
technique has been widely applied in power system rare-event

Tpost (Z|Y) = (x —x k)) 9)

(10)
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Algorithm 1: Importance-Sampling-Based Bayesian Infer-
ence for Parameter Estimation.
1:  Set proposal function ¢(x) based on an initial guess;
2:  Construct the model f(+), i.e., the distribution system
model in Section II-A;

Draw a sample set, {m(k)}le, from ¢(x);
fork=1,..., K do
Evaluate Bayesian posteriors’s likelihood at sample
values for mpos (2F)|y) via (4);
Evaluate weights for all samples via (7);
Normalize the weights via (8);
end for
Recover the pdfs for mpoq (x|y) via (9);
Use MAP to estimate parameters via (5).

Dok w

YD

simulations [40], secure operation design [43], reliability assess-
ment [44], risk assessment [45], to cite a few. It can also be flex-
ibly combined with other techniques (e.g., cross-entropy [43],
[45] and antithetic variate [40]) to further improve its estimation
accuracy and computational efficiency. However, all of the above
cited papers use the properties of IS for a forward uncertainty
quantification problem. On the contrary, our work adopts the
IS technique for a typical inverse uncertainty quantification
problem, i.e., the topology estimation problem. A more detailed
review of IS applications is provided in [31].

B. Adaptive Importance Sampling

The AIS method is based on an iterative process for gradual
evaluation of the proposal functions to accurately approximate
the posterior functions [31]. This AIS method consists of three
basic steps: (i) generate samples from proposal functions; (ii)
calculate weights for samples; and (iii) update the parameters
that define the proposals to obtain the new proposal for further
iterations.

More specifically, for our parameter estimation problem with
N, unknown parameters, the AIS algorithm is initialized with
a set of N, proposals {g, (%@ 1)}"=,. Bach proposal is
parameterized by a vector ©,, 1, Wthh can initially come
from the Bayesian prior pdfs, Tyrior(). After drawing a set
of samples nl,n =1,...,N,,k=1,..., K, we can obtain
the normalized weights. These weights enable us to obtain a
discrete probability distribution that approximates the target
Bayesian posteriors mpo () via (9) or the mean of the Bayesian
posteriors via (10). Then, the parameters of the nth proposal are
updated from @,, ; to ®,, 5 based on the nth Bayesian posterior
in Tpest (). This process is repeated to make ©,, ; in the jth
iteration to move to ®,, ;1 in the (j + 1)th iteration until an
iterative stopping criterion is satisfied. Similarly, we can obtain
the estimated parameters either via the MAP estimator using
(5) or via the mean estimator using (10) in the last iteration
as the final results. This updating enables us to find a better
proposal function that will allow us to draw more samples
from the sample space with high likelihood and, therefore, will
increase the estimation accuracy and efficiency of the AIS-based
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Bayesian inference. Here, for the 0-1 binomial distributions, pa-
rameterized by a success probability ppino € [0, 1], representing
the status of the switches, if we obtain the MAP or the mean
of the switch’s posterior with a success probability greater than
0.5, then we perceive it as a closed one, and vice versa [6].

IV. THE PROPOSED METHOD

In this section, we will formulate the detailed Bayesian infer-
ence model for the topology, outage, and states joint estimation
with very few measurements using the AIS technique.

A. Bayesian Formulation of the Topology Estimation

1) Traditional Bayesian Formulation: First, let us present
one possible Bayesian model for our topology estimation prob-
lem as

Byap = argénin {—mpost(Bly) }. an
Starting with the measurement model, let us define the per-
phase measured value of the active and reactive power in
a distribution line as {Pf"‘b}d)epmm and {Q“L\"(b}(bepmm; the
per-phase forecast value of the active and reactive power
in the bus as {PM%}sep. and {QM”}yep,: and the per-
phase metered value of the active and reactive power in

the end-user bus as {PM%},cp and {QY%}yep, . respec-
tively. They all may be modeled as measurement errors added
to their true values, that is, Pf” =P +epyr, Qﬁ’l =Qr+
eor, PM = Pr+ epp, Q¥ = Qr + eqr. P = Pg + epp,
Q/J;j/l =Qp+ €QE- Here, epy,, €QL> ePF, EQF> €PE, and €QE
are subvectors of the measurement-error vector, e, in (3). It is
clear that a metered value has a smaller error compared to a
pseudomeasurement, i.e., the forecast data. For example, we
can assume that epr, egr, epg, and eqp are independent and
identically distributed (i.i.d.) Gaussian error with a standard
deviation of 0.1% or 1% while the values for epr and e can
range from 5% to 15%. Note that in practice, different types of
loads (e.g., commercial, industrial, and residential) can exhibit
different statistical properties. For instance, their standard devi-
ation or ranges depend on the accuracy of both the measurement
devices and the forecast procedure. Although we do not address
this problem in this paper, these statistics should be carefully
chosen for a better estimation performance. However, since our
algorithm is a general Bayesian approach whose performance
barely depends on them, it is rather straightforward to adjust
their values based on the implementation conditions. This will
be further discussed in Section V-B. Also, the forecast errors,
epr and egr, of our method are assumed to be known. The
development of a detailed forecasting technique goes beyond
the scope of this paper.

To be more realistic, let us assume that we only have one meter
placed in the primary feeder to measure the power in the line, and
a small portion (e.g., 15% and 30%) of the end-users have mea-
surement devices. All the other end-users that have no meters
rely on the forecast data seen as pseudomeasurements, which are
much less accurate. Note that the measured quantities can vary
in practice. In our framework, although the quantities assumed
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to be metered are power measurements, they may equally be

voltage or current measurements. Within this framework and

using the aforementioned distribution power-flow model, the

Bayesian inference framework can be formulated as

B= arg min
B
maoa(BILPL. QY7 P, Q7 P, QD).

(12)

The only optimized variables in this formulation is the vector

of the binary variables, B, that can account for the topology

uncertainties brought by switch statuses [9], [12].

However, in practice, the power injections from the end-users
are also unknown. They represent the unknown states in the
system that can also influence the model output in the distribu-
tion system. Therefore, an alternative formulation is proposed
as follows:

min

B,P,Q»

PE.QE D} (13)
In this new formulation, the optimization problem becomes more
complicated since both the switch statuses and state variables are
estimated jointly.

2) Drawbacks of Using Pseudomeasurements: As we statein
Section I, due to the radial structure of the distribution system,
the topology change in distribution system is more likely to
induce outages. Therefore, the operation topology estimation
should account for the outage estimation as well [9].

However, within the outage area, where the the distribution
lines and loads are not energized, the forecast data cannot act like
a “real measurement” to reflect the de-energized load, but remain
unchanged and, therefore, become outliers that can fully bias the
estimator formulated in (12) or (13). Currently, one solution in
the literature is to seek help from the ping measurement that can
check the connectivity of the load to ensure the proper usage of
pseudomeasurement, which allows us to still use (12) or (13).
However, to the best of our knowledge, the ping measurements
have not yet been widely deployed in practice due to issues
related to privacy, cost, etc. Therefore, we choose not to rely
on the ping measurement in this paper, but rather we propose a
two-stage estimation procedure as proposed next.

3) Bayesian Reformulation Facing Outages: Within the two-
stage estimation procedure, this first-stage procedure remains
the Bayesian inference. But, we propose to formulate it as

¢
{~Tpos (B, Py, Qu[{PM?, Q1% PM? QM1

¢ ¢ ¢ ¢
{_’”post(Ba-PbaQbHPL/M aQéA 7P£‘/1 aQ?‘/l 5

min
B,Py,,Qy
(14a)
st. g(B,Py,,Qy) =0 (14b)
P, <P, < P (14c)
Q' < Q< Q™. (14d)

As is shown in (14a), the reformulation eliminates the pseu-
domeasurement from the measurement model to avoid to use of
biased data in the outage area. The equality constraints from g(-)
represent the physics-constrained power-flow equations given
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the parameters, { B, P}, Qy}. In order not to waste the informa-
tion in the forecast data, we introduce the lower bounds, Pbl and
le, and upper bounds, P;," and Q;", for the optimized states,
Py, and Q. For the pseudo-metered buses at the user-ends,
these bounds are calculated from the forecast data. Let us take
the mean and the standard deviation for the P, and Q) as the

Py. Q,. 6, and the 6,,. By taking the forecast data P and

Q/}W as the values for P, and @Q,, we can set the bounds as
Pyl = Py —36,,, Py" =Py +35,, Q' =Q,—3J,, and
Q" = Qp + 39, sinceitcan cover the 99.7% probability under
a Gaussian assumption' for the forecast error. The same logic
applies to the power injections at the metered buses using the

metered data P” and Q7. By this way, the reformulation
in (14) can not only make use of pseudomeasurements, but also
avoids the bias induced by errors in outage estimation.

4) An Additional Island-Component Detection Procedure:
Although the above reformulating in (14a) can avoid the biased
estimation results in the non-outage area (i.e., the energized
region), it cannot avoid the biased results in the outage region
where no meter is placed. Therefore, the second-stage estimation
will focus on the correction in the outage area. Following the first
procedure, we can obtain the estimated statuses of the switches,
B, from which we can subsequently recover the structure of
the distribution grid. With this structure, we can identify the
components located in the outage area as island components.
Then, we set the estimated Pb and Qb in this area to be 0,
and identify the switches in this area as the inestimable ones.
Till now, we have completed the presentation of the two-stage
estimation procedure that enables the topology, outage, and state
joint estimation.

B. AIS-Enhanced Bayesian Inference

Using the above two-stage estimation procedure and the AIS
technique, the detailed procedure for the proposed method is
described in Algorithm 2.

In Algorithm 2, the stopping criterion is obtained by setting
a threshold, j,ax, to the maximum number of iterations (e.g.,
4 or 6) that can be tuned accordingly. Moreover, to update
the parameters of the proposal function from {©, ;})=, to
{O, 11 }gil , there exist different strategies, such as population
Monte Carlo (PMC) [47], deterministic-mixture PMC [48], and
adaptive multiple IS [49]. Here, we choose the PMC for its
simplicity. In this scheme, we only need to update the location
parameters of the proposal functions for the next iteration [31].
These location parameters can be easily obtained from the MAP
or the mean estimator for the recovered Bayesian posteriors at
the current iteration. For the continuous variables, Py, Qy, if

"Here, it is worth emphasizing that although we adopt the Gaussian assump-
tion like most of the existing literature on topology estimation, the behaviors of
the load in practical power distribution systems can follow a different distribution
and sometimes exhibit discrete jumps. Accordingly, we need to adjust the pdfs
to improve the modeling accuracy. For example, for the load modeled with some
discrete distributions, the discrete Poisson distribution may serve as a suitable
candidate. Furthermore, for some loads that exhibit more complex behaviors,
a hybrid technique may be considered [46]. In this paper, we solely apply the
Gaussian assumption for simplicity; the detailed load modeling issue and its
associated forecasting techniques are outside the scope of this paper.
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Algorithm 2: A Bayesian Approach for Distribution System
Topology Estimation via AIS.

1:  Set proposal functions {q, (z|©y, 1)}, for the

parameters, { B, Py, Q;}, and initiate {©,, o} 2=

2:  Formulate the distribution system model and its

measurement model with

{_Trpost(Ba Py, QbHPL/Vl(bv jS/l¢’ PI/E\Ad)v Q/Ig@})}’

Initiate iteration number j;

while (stopping criterion is not met) do
fork=1,...,Kdo

Draw the proposed sample set,

{B®), P,"), Qb(k)}iil, from
{an(@|On,1) )21

7 Evaluate the Bayesian posterior likelihood at
sample values for

{_Wposl(B(k)yPb(k)yQb(k)|{P£A¢7Q£4¢7PL/Z\'A¢7
Q¥1)} via (14a);

AR A

8: Evaluate weights for all samples via (7);
9: Normalize the weights via (8);
10: Use MAP or mean estimator to approximate
parameters via (5) or (10);
11: Update {@,, ;1= to {©,, j11}2=, from

Tpost (Z|Yy) to get new proposal functions
{Qn(w|®naj+1)}fmvil;

12: end for

13: Update j = 5 + 1;

14:  end while o

15:  Read the estimation results for { B, Py, Q;};

16:  Recover the structure of the grid via switch statuses,

B;
17:  Correct the estimated variables in the outage area.

a sample drawn from the proposal function goes beyond the
bounds as listed in (14c) and (14d), then we can simply place
them at the value of the bound. Since itis suggested to have heavy
tails for the proposal function in [31], pyin can be extremely
close to 0 or 1 for some scenarios. To maintain a relatively thicker
tails, we can simply set the lower and upper bounds for the value
of Puino in the proposal functions, to 0.15 and 0.85, respectively.
Now, we have completed the presentation of parameter tuning
in the AIS.

We would also like to emphasize that although our frame-
work can simultaneously approximate the topology, outage, and
states, our initial and major goals are the topology and outage
joint estimation. It should be noted that the state estimation
comes as a byproduct of our estimator. Furthermore, since it
is well-known that the number of the possible topologies can
be approximated as 2™V¢, which requires an exhaustive search
as Ny grows large, we do not expect the AIS method to always
approach the global optimal for B due to the nonlinearity of the
model, the scale and NP-hardness of the problem, and limited
measurements. Yet, we are still able to use a MAP or mean
estimator to obtain the switch status by judging the success
probability, ppino, for the binomial distribution of a switch. Note

Authorized licensed use limited to: to IEEExplore provided by University Libraries | Virginia Tech. Downloaded on December 31,2023 at 23:25:25 UTC from IEEE Xplore. Restrictions apply.



2226

Bayesian

| Samples in AIS
Inference

| Update Model |

[ COM Interface ]

A
Fig. 1. MATLAB-OpenDSS co-simulation environment for the implementa-
tion framework.

OpenDSS

Power Flow Analysis

that, if we get a value of py;,, very close to 0.5 (e.g., 0.45 to
0.55) for a switch, that means the Bayesian posterior reflects a
solution with a low confidence; then, we suggest the distribution
system operator not to trust the current estimation result for
such a switch. Till now, we have completed the presentation of
the proposed AIS-enhanced Bayesian approach in the topology,
outage, and state joint estimation for the unbalanced distribution
system.

V. SIMULATION RESULTS

Using the proposed method, various case studies are con-
ducted on the modified IEEE 123-bus test system and a mod-
ified unbalanced 1282-bus system. Their data can be accessed
through the Open Distribution System Simulator (OpenDSS)
package [50]. The simulation framework is tested with the
MATLAB R2020b version on a laptop with 2.60-GHz Intel
Core™ i7-6600 U processors and a 16 GB of main memory.
The unbalanced distribution system is modeled and calculated
in the OpenDSS. More specifically, we use MATLAB to con-
trol the OpenDSS through a component object model (COM)
interface that allows us to change the parameters for loads,
closed/open switches, and evaluate power-flow solutions [51].
Here, as suggested in [9] and [21], the control mode is disabled
in the OpenDSS in order to ensure that the transformer taps
are not automatically adjusted. Thus, we can focus on the
switch-status-induced topology, outage, and state joint estima-
tion problem. The parameters of the model components are
assumed to be known based on our discussion in Remark 1. The
general framework for implementing our proposed method in the
MATLAB-OpenDSS co-simulation environment is depicted in
Fig. 1. Then, various case studies are conducted to validate the
performances of the proposed method.

A. Demonstration on the IEEE 123-Bus Test System

1) Experiment Settings: First, let us present a demonstration
of the proposed method applied in a small-scale IEEE 123-bus
system, which is well-known for its unbalanced structure that
consists of 3-, 2-, and 1-phase, distribution lines associated with
91 loads with different types of connections. Its topology and
the location of the 13 switches are shown in Fig. 2. Here, let us
assume that 30% of the end-users are equipped with the meters,
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Fig. 2.

Topology of the IEEE 123-bus system.

TABLE I
ACCURACY OF THE PROPOSED ESTIMATION METHOD APPLIED TO THE
MODIFIED IEEE 123-BUS SYSTEM

jmax =1 jmax =2 jmax =3
p1si[ %] 86.15 96.15 96.62
p2nal %] 88.77 99.54 100
Time [s] 8.9 17.1 24.3

whose measurement errors, epg and eg g, is set to have an i.i.d.
Gaussian distribution with a standard deviation of 1%, while
the remaining 70% of the end-users are using forecast data with
their errors, epr, e r, following the i.i.d. Gaussian assumption,
whose standard deviation is 10% with respect to their mean.
To explore the status of the 13 switches in the test system,
an exhaustive exploration will require 213 = 8, 192 tests for all
possible topologies. This task is nontrivial since we also need to
estimate the unknown system states. Here, let us first use this test
system to demonstrate the efficiency of the AIS method in the
topology estimation by using a sample size much smaller than
8,192 while providing an accurate estimation result. To make the
estimation task more challenging, we set the true state vector
of the switches to be B =[1,1,0,1,0,0,1,0,0,1,1,0,1]. In
this case, nearly half of the switches are open and, therefore,
inducing multiple outage areas simultaneously. Note that in the
second stage for the correction elaborated in Section IV-A4, use
of (4) is quite necessary. For example, since Switch 5 is open,
Switch 6 is de-energized and, therefore, needs to be identified as
the inestimable switch. To make a fair comparison, we conduct
the estimation 100 times separately to calculate the estimation
accuracy? for all the switch statuses using the AIS with different
maximum iteration number, Jax.

2) Comparison Studies Using Different Iterations: From Ta-
ble I, it can be seen that with only ordinary IS without iter-
ation (i.e., jmax = 1), the proposed method can still correctly
approximate most statuses of the switches. More specifically,

2Here, the estimation accuracy is defined as the ratio of the switch status
estimated correctly. For example, for 10 switches, if 9 of their statuses are
correctly estimated, then the accuracy is said to be 90%.
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Fig.3. Bayesian posterior for the active power of Load 44. The MAP estimate
(blue circle) is at 20.6522 kW while the true value (red square) is at 20 kW.

TABLE II
TESTS USING DIFFERENT BOUNDS FOR pgino

0.85 0.9
99.54  99.1

0.99
96.23

Pbino 0.8
pond[%]  99.69

approximately 12 out of 13 switches are accurately estimated
with the MAP while only less than 1/8 of all the possible
topologies have been explored. Further, once we use the AIS,
even the iteration number is low (e.g., jmax = 2), it becomes
almost impossible to obtain an incorrect estimation for a switch
position although the estimation time increases. Here, thanks
to the super-fast calculation speed of the OpenDSS, thousands
of samples can still be evaluated in a reasonably short time,
rendering it applicable for online applications.

3) Capability of State Estimation: It is also worth pointing
out that our Bayesian formulation has the natural ability to
estimate the power injections.? This is demonstrated in Fig. 3
by considering Load 44. Here, we can get a Bayesian posterior
distribution for this system state. However, we acknowledge that
although the computing time of our algorithm is acceptable for
the topology and outage estimation, it is not fast enough for
a regular online state estimator. Therefore, we view the state
estimation capability of our method as a byproduct—not the
main contribution.

4) Key Parameter Tuning: Like most of the Bayesian statis-
tical inference algorithms (e.g., the Metropolis-Hastings mecha-
nism [52]), the parameter tuning needs to be performed carefully
to have a good performance achieved by the IS-based Bayesian
inference scheme. To demonstrate that, let us test the perfor-
mances of our proposed method using different values for the
bounds set for pyino, Which is briefly mentioned in Section I'V-B.
We set jmax = 2 since it has been proven to be a reliable value in
the aforementioned test. The other settings remain unchanged.
It is shown in Table II that the upper bounds range from 0.8-0.95
(i.e., the lower bounds range from 0.05-0.2), the accuracy is still
quite high. However, when it comes to values of 0.99, which

3Here, we specifically mean that the load behavior is properly modeled, e.g.,
with a Gaussian distribution, whereas the aforementioned complicated load
behaviors we discussed in Section IV-A are not considered.
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Fig. 4. Structure 1 of the modified topology of the IEEE 123-bus system.

Fig. 5. Structure 2 of the modified topology of the IEEE 123-bus system.

indicates almost no bound is set since it is close to a probability of
1, we can see a relatively larger drop in the estimation accuracy.
This justifies setting such a bound. This is important in Bayesian
inference since for a nonlinear optimization problem such as the
one formulated in (14), setting a bound gives the algorithm a
certain possibility to jump out from a local optimum to better
search for a global optimum. Otherwise, the estimation accuracy
will be inevitably reduced to some degree.

5) Tests Using Loop-Structured Distribution Network: In
principle, the Bayesian method has no restriction on the structure
of the system—>be it radial-type or loop-type. The latter has been
investigated by Zhao et al. [6] in the power transmission system
topology identification problem, where the system structure is
typically meshed and, therefore, non-radial.

Since a loop structure may exist in urban power distribution
systems, we further investigate the applicability of the proposed
method to such systems. To this end, we modify the IEEE
123-bus system as shown in Fig. 4, for which the dashed red
lines are added to create a loop structure of the network. The
line connecting Buses 56 and 61 is three-phase while the left
two are single-phase. Then, we further increase the number of
loops by adding three more three-phase lines as shown by the
dashed blue ones in Fig. 5. Again, we repeat the simulations
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TABLE III
VALIDATION OF THE PROPOSED ESTIMATION METHOD IN THE MODIFIED IEEE
123-BUs SYSTEM WITH LOOP STRUCTURES

jmax =1 jmax =2 jmax =3
Structure | pona%]  87.95 99.66 100
Structure 2 pong[%)] 88.6 96.4 98.1
TABLE IV

ACCURACY OF THE PROPOSED METHOD UNDER DIFFERENT ESTIMATION
CONDITIONS APPLIED TO A 1282-BUS SYSTEM

Group 1 under Different Measurement Accuracy

Samples Iterations Meter Forecast Meter Time P2nd
Std. Std. Ratio [s] [%]
Dev. Dev.

1,000 6 1% 5% 30% 111 95.2

1,000 6 0.5% 5% 30% 112 95.86

1,000 6 0.1% 5% 30% 110 97.71

Group 2 under Different Forecast Accuracy
1,000 6 1% 5% 30% 111 95.2
1,000 6 1% 10% 30% 113 94.2
Group 3 under Different Observability

1,000 6 1% 5% 30% 111 95.2

1,000 6 1% 5% 20% 110 92.57

1,000 6 1% 5% 10% 113 87

Group 4 for Comparison with IS

1,000 10 1% 10% 30% 203 94.64

1,000 10 1% 5% 30% 202 96.21

10,000 1 1% 10% 30% 202 84.2

10,000 1 1% 5% 30% 199 82.3

conducted in Section V-A2 with these modified structures. The
simulation results are summarized in Table III. It can be seen
that the proposed method can provide quite accurate estimation
results for both loop structures. Besides, although the accuracy
slightly drops when more loops are added, the AIS algorithm
can still improve its accuracy by simply adding more iterations
to fine-tune its results. Therefore, we conclude that the Bayesian
scheme does have the flexibility to perform well in a system with
a loop structure, which is, indeed, an advantage compared to the
spanning-tree algorithm, which assumes a radial structure.

B. Case Studies on a Larger-Scale Test System

1) Validation of the Proposed Method: Now, let us further
validate the proposed method on a larger-scale test system, i.e.,
the unbalanced 1282-bus system located in the southeastern
U.S with its 13-kV feeder supplying power to approximately
500 commercial and residential customers. Here, we place 20
switches in the system that can create 22 = 1, 048, 576 possible
topologies. For an online distribution system application, it is
obviously not practical to have an exhaustive search over more
than 1 million possible topologies considering the computing
time and the storage burden of the computing units. Again,
in order to create a very challenging case, we set 8 switches
to be opened when the intent is to create multiple outages
simultaneously. To make a fair comparison, we still conduct
the estimation 100 times separately to calculate the average
estimate accuracy for different experiment settings. The detailed
simulation results and the settings are provided in Table I'V.
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From Table 1V, the following conclusions can be drawn:

e From the cases studies in Group 1, we can see that the
proposed method provides accurate estimation result un-
der different levels. In general, with a smaller noise, the
estimation accuracy increases slightly.

® From the experiments in Group 2, we can see that although
the standard deviation of the errors in the forecast data have
an impact on the estimation accuracy, the proposed method
still provide a stable estimation results under a relatively
large forecast error.

® From the observability tests in Group 3, we can see that
the ratio of the end-users that are equipped with the meters
has a major impact on the estimation accuracy. In general,
for this large system, to obtain a good estimation result, the
ratio should not be too low.

® In Group 4, we conducted comparison studies between the
AIS method and the IS method with the same amount of
the total samples. It is quite clear that the incorporating
of the adaptive procedure enables a better performance of
the AIS method compared with the traditional IS method.
Furthermore, we observe that by combining the cases in
Groups 2 and 4, the number of iterations further increases,
which only brings a marginal improvement in accuracy
while significantly increasing the computing time. This is
also observed in the estimation accuracy versus the number
of iterations displayed in Fig. 6. Indeed, it can be seen that
after approximately 5 iterations, the estimation accuracy
tends to level off. Note that the jump in the 11th iteration
is induced by the execution of the second-stage correction
procedure.

® In general, the proposed AIS method achieves a good
estimation accuracy (i.e., around 95%), which means we
can correctly estimate 19 switches out of the 20. The
estimation accuracy still has the potential for further im-
provement if more end-users are equipped with meters with
higher measuring accuracy or the forecast accuracy can be
further improved. We need to emphasize that the purpose
of introducing the AIS method is to avoid the computing
challenges met by the traditional exhaustive-search-based
method, considering the aforementioned 22° = 1, 048,576
possible topologies, our AIS algorithm achieves a quite
good estimation accuracy by only exploring a few thousand
possible topologies, which is even less than 1% of all the
possible ones. This demonstrates a significant improve-
ment compared with the exhaustive-search-based method.
Finally, its computing time is typically less than 2 min,
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TABLE V
VALIDATION OF THE PROPOSED METHOD UNDER DIFFERENT R/X RATIOS

Samples Iterations Meter Forecast Meter R/X P2nd
Std. Std. Ratio Ratio [%]
Dev. Dev.

1,000 6 1% 5% 30% x1.0 95.2

1,000 6 1% 5% 30% x1.5 93.9

1,000 6 1% 5% 30% x2.0 91.7

which is acceptable for the topology and outage estimation
in practice.*

2) Validation of the Proposed Method Under Different R/X
Ratios: Itis well known that a high R/X ratio in a power system
can increase the nonlinearity of the model [53], and sometimes
can even lead to convergence issues of a power-flow solver [54].
This fact holds especially true in power distribution systems,
which typically exhibit a higher R/X than transmission systems
do. Therefore, this incentivizes us to validate the performance
of the proposed method by further increasing the R/X ratio in
the original model [9]. To this end, we multiply the R/X ratio
of the distribution lines of the original base case by different
factors, e.g., 1.5 and 2. Again, we conduct the estimation 100
times separately to calculate the averaged estimation accuracy.
The simulation results are shown in Table V. It is demonstrated
that even when the nonlinearity of the system model is increased,
we still obtain reasonably good estimation results after only 6
iterations and using a meter ratio of 30%. Here, the accuracy of
the results only drops slightly with an increase in the R/X ratio.
This makes sense since the Bayesian framework has no linear
assumption and, in principle, is applicable to nonlinear systems.

C. further Discussions

1) Discussions on Parameter Tuning: In general, parameter
tuning is almost an inevitable task for the statistical-inference-
based algorithm. The same story applies to our proposed AIS
algorithm as well. In our method, the tunable parameters mainly
include: (i) the upper and lower bounds for pyin,, (ii) the iteration
number, j,ax, and (iii) the sample size for each iteration. In this
paper, we have conducted extensive case studies that reach the
following conclusions for the tuning process of each parameter.
As shown in Table II, the upper bounds cannot be set to a
number very close to 1 to ensure the algorithm’s capability to

“4Here, as one reviewer has pointed out that although the computing speed
of OpenDSS is fast, the communication between the simulation and inference
blocks might be a performance bottleneck. This is, indeed, an important issue
that needs to be addressed. In OpenDSS, there are two popular ways to import
OpenDSS simulated data into the MATLAB® platform for further inference.
One is to first save the OpenDSS data into a. csv (or. txt) file. Then, we load the
data of the Excel file into the MATLAB® workspace. Another way is to directly
read data from the COM Interface as shown in Fig. 1. In this way, we need to first
set the active elements of OpenDSS simulator in the MATLAB® platform (e.g.,
DSSObj.ActiveCircuit.Loads for the loads, DSSObj.ActiveCircuit.Lines for the
network lines, etc.). Then, we can directly read their data from the COM Interface
via MATLAB®. Here, we found that the computational speed for the second way
is much faster than the first way. Therefore, to maintain a high computational
efficiency for the online application, it is very important to directly read the
data from the COM Interface instead of using the Excel file. In this way, the
communication challenge between the simulation and inference blocks can be
greatly overcome to guarantee its computing efficiency for the online application.
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better search for the global optimal in each iterations. Also, as
shown in Table IV, we only need a small number of iterations
(e.g., 2) for the IEEE 123-bus system and 6 for the 1282-bus
system, and a reasonable sample size, e.g. 1,000, to attain a
good estimation accuracy while enabling fast computation for
online applications.

2) Statistical Inference Versus Optimization: Let us now
compare the statistical-inference-based algorithm (see, e.g., our
work as well as [6] and [29]) to the optimization-based method
(see, e.g., [9] and [12]) in the topology estimation problem. In
general, the optimization-based method can directly formulate
the topology estimation problem into a mixed-integer program
that can be efficiently solved through some packages or com-
mercial software. In general, it demonstrates a good estimation
accuracy and a higher computing efficiency than a statistical-
inference-based algorithm that relies on the sampling procedure.
However, the statistical-inference-based algorithm also has its
own benefits. Unlike the optimization method that only pro-
vides a detailed value for the estimation result, the statistical-
inference-based algorithm also provides a confidence interval
of the solutions. To illustrate, some of the switch statuses are
incorrectly estimated in our case; if the values of the estimated
posterior B are close to 0.5, we will place less confidence on
the estimation results, which are useful information in practice.

3) Discussions on Observability: Here, we would like to
emphasize that although we randomly select the locations of the
meters without using an advanced meter placement strategy, our
algorithm already demonstrates quite good estimation accuracy
as shown in Group 3 in Table IV. We also believe that if proper
sensor placement strategies (e.g., in [12], [19], [22]-[26]) are
adopted, the performance of the proposed method still has the
potential to be further improved. Also, since the meter placement
strategy is not the focus of this paper, we will not initiate further
discussion on it.

Also, it is worth pointing out that although we simplify the
observability problem to only compare the meter-ratio index of
the end-users as shown in Table IV, the actual problem is much
more complicated for the following reasons:

o First, the observability analysis is problem-dependent. It
is related to not just intrinsic properties of different test
systems (e.g., the size, structure, etc.), but the aforemen-
tioned meter locations. Further, different events or outages
can give rise to different system topologies that also have
impacts on the system topology.

e Second, while we do not consider the high-renewable-
penetrated distribution system in our work, its observability
analysis may become even more challenging if the uncer-
tainties brought by the stochastic nature of renewables are
considered. Indeed, in our recent research on the observ-
ability analysis for a stochastic system, we realize that
the traditional deterministic-technique-based observabil-
ity analysis tool has some limitations in quantifying the
observability of a stochastic power system, which exhibits
more complicated phenomena, e.g., puny and brawny ob-
servability phenomena addressed in our recent work [55],
[56]. This is also addressed in [57].
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Therefore, the observability analysis in distribution system
topology estimation is, indeed, a complicated problem that
deserves more careful consideration.

4) Discussions on Outlier Issues: In practice, there exist
three types of outliers (i.e., the observation, innovation, and
structure outliers) [S58] that can bias the estimator. Thus, it comes
as no surprise that several robust techniques have been proposed.
Examples include the ¢;-norm estimator [4], the Huber estima-
tor [1], or more advanced projection-statistic-based generalized
maximum-likelihood-type estimator (known as the GM estima-
tor) that can better handle the leverage points [58]. Moreover,
it is important to point out that although we do not address the
data asynchronism issue in this paper, the asynchronous data
do pollute the measurement quality in practice [59], which can,
in turn, bias the estimator. Our proposed Bayesian method is
not robust to the aforementioned outliers or bad data as its
influence function has not yet been designed to be bounded.
Thus, robustifying our proposed Bayesian framework would be
a worthwhile future effort.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we propose an adaptive-importance-sampling-
enhanced Bayesian framework to conduct the topology, outage,
and state joint estimation with limited measurement devices.
Under the validity of the assumptions underlying the proposed
Bayesian framework, the bias in the state estimation caused
by the pseudomeasurement is canceled in the outage section
without the usage of the ping measurement. By various cases
studies conducted in a MATLAB®-OpenDSS co-simulation en-
vironment, the excellent performances of the proposed method
are demonstrated in two unbalanced distribution systems.

As we discussed earlier, the topology estimation problem in
practice might be more complicated than the one stated in this
paper. To further improve the proposed method’s applicability
to practical problems, as part of our future work, we will explore
the following aspects:

® In practice, the measurements may be corrupted by outliers

that can bias the estimators while our current Bayesian esti-
mator has not yet been robustified. Thus, the robustification
will be addressed in a future work.

® The loads in practical distribution system can demonstrate

non-Gaussian and discrete behaviors that deserve further
exploration in the topology estimation problem.

® Observability of a distribution system is a bottleneck for

most of the estimation techniques and this is especially true
if the penetration of the renewables (e.g., wind and solar)
is high since it can greatly increase the uncertainties in the
distribution system, which will inevitably affect the accu-
racy of the estimator. Therefore, we will further develop a
strategy to improve the performance of the estimator under
high penetration of renewable units.

ACKNOWLEDGMENT

We would like to appreciate the valuable suggestions and the
industrial experiences provided by our colleagues from Domin-
ion Energy and Dr. Hao Huang. Furthermore, careful reading and

IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 37, NO. 3, MAY 2022

helpful suggestions of the editor and four anonymous reviewers
markedly improved the manuscript.

REFERENCES

[1] L.Mili, G. Steeno, F. Dobraca, and D. French, “A robust estimation method
for topology error identification,” IEEE Trans. Power Syst., vol. 14, no. 4,
pp. 1469-1476, Nov. 1999.

[2] E. M. Lourenco, A. S. Costa, and K. A. Clements, “Bayesian-based
hypothesis testing for topology error identification in generalized state
estimation,” IEEE Trans. Power Syst., vol. 19, no. 2, pp. 1206-1215,
May 2004.

[3] M. Korkali, H. Lev-Ari, and A. Abur, “Traveling-wave-based fault-
location technique for transmission grids via wide-area synchronized
voltage measurements,” [EEE Trans. Power Syst., vol. 27, no. 2,
pp- 1003-1011, May 2012.

[4] M. Korkali and A. Abur, “Robust fault location using least-absolute-value
estimator,” [EEE Trans. Power Syst., vol. 28, no. 4, pp.4384—4392,
Nov. 2013.

[5] E. Caro, A. J. Conejo, and A. Abur, “Breaker status identification,” IEEE
Trans. Power Syst., vol. 25, no. 2, pp. 694-702, May 2010.

[6] Y. Zhao, J. Chen, and H. V. Poor, “A learning-to-infer method for real-
time power grid multi-line outage identification,” IEEE Trans. Smart Grid,
vol. 11, no. 1, pp. 555-564, Jan. 2020.

[7] B. Donmez and A. Abur, “Static state estimation without topology
processor,” IEEE Trans. Power Syst., vol. 36, no. 5, pp.4712-4722,
2021.

[8] J. Krstulovic, V. Miranda, A. J. A. Simdes Costa, and J. Pereira, “Towards
an auto-associative topology state estimator,” IEEE Trans. Power Syst.,
vol. 28, no. 3, pp. 3311-3318, Aug. 2013.

[9] A. Gandluru, S. Poudel, and A. Dubey, “Joint estimation of operational
topology and outages for unbalanced power distribution systems,” IEEE
Trans. Power Syst., vol. 35, no. 1, pp. 605-617, Jan. 2020.

[10] D. Deka, M. Chertkov, and S. Backhaus, “Topology estimation using
graphical models in multi-phase power distribution grids,” IEEE Trans.
Power Syst., vol. 35, no. 3, pp. 1663-1673, May 2020.

[11] D. Deka, S. Backhaus, and M. Chertkov, “Structure learning in power
distribution networks,” IEEE Trans. Control Netw. Syst., vol. 5, no. 3,
pp. 1061-1074, Sep. 2018.

[12] G. Cavraro, A. Bernstein, V. Kekatos, and Y. Zhang, “Real-time identifia-
bility of power distribution network topologies with limited monitoring,”
IEEE Control Syst. Lett., vol. 4, no. 2, pp. 325-330, Apr. 2020.

[13] D.Deka, M. Chertkov, and S. Backhaus, “Joint estimation of topology and

injection statistics in distribution grids with missing nodes,” IEEE Trans.

Control Netw. Syst., vol. 7, no. 3, pp. 1391-1403, Sep. 2020.

S. Park, D. Deka, S. Backhaus, and M. Chertkov, “Learning with end-users

in distribution grids: Topology and parameter estimation,” IEEE Trans.

Control Netw. Syst., vol. 7, no. 3, pp. 1428-1440, Sep. 2020.

[15] J. Yu, Y. Weng, and R. Rajagopal, “PaToPa: A data-driven parameter and
topology joint estimation framework in distribution grids,” IEEE Trans.
Power Syst., vol. 33, no. 4, pp. 4335-4347, Jul. 2018.

[16] J. Yu, Y. Weng, and R. Rajagopal, “PaToPaEM: A data-driven parameter
and topology joint estimation framework for time-varying system in dis-
tribution grids,” IEEE Trans. Power Syst., vol. 34, no. 3, pp. 1682-1692,
May 2019.

[17] V. Kekatos, G. B. Giannakis, and R. Baldick, “Online energy price matrix
factorization for power grid topology tracking,” IEEE Trans. Smart Grid,
vol. 7, no. 3, pp. 1239-1248, May 2016.

[18] R. A. Sevlian and R. Rajagopal, “Distribution system topology de-
tection using consumer load and line flow measurements,” 2015,
arXiv:1503.07224.

[19] T. L. Baldwin, L. Mili, M. B. Boisen, and R. Adapa, “Power system

observability with minimal phasor measurement placement,” IEEE Trans.

Power Syst., vol. 8, no. 2, pp. 707-715, May 1993.

S. Bhela, V. Kekatos, and S. Veeramachaneni, “Enhancing observability in

distribution grids using smart meter data,” IEEE Trans. Smart Grid, vol. 9,

no. 6, pp. 5953-5961, Nov. 2018.

O. Ardakanian et al., “On identification of distribution grids,” IEEE Trans.

Control Netw. Syst., vol. 6, no. 3, pp. 950-960, Sep. 2019.

[22] R. A. Sevlian, Y. Zhao, R. Rajagopal, A. Goldsmith, and H. V. Poor,
“Outage detection using load and line flow measurements in power distri-
bution systems,” IEEE Trans. Power Syst., vol. 33, no. 2, pp. 2053-2069,
Mar. 2018.

[14]

[20]

[21]

Authorized licensed use limited to: to IEEExplore provided by University Libraries | Virginia Tech. Downloaded on December 31,2023 at 23:25:25 UTC from IEEE Xplore. Restrictions apply.



XU et al.: ADAPTIVE-IMPORTANCE-SAMPLING-ENHANCED BAYESIAN

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

(32]

(33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

Authorized licensed use limited to: to IEEExplore provided by University Libraries | Virginia Tech. Downloaded on December 31,2023 at 23:25:25 UTC from IEEE Xplore. Restrictions apply.

B. Gou, “Generalized integer linear programming formulation for optimal
PMU placement,” IEEE Trans. Power Syst., vol. 23, no. 3, pp. 1099-1104,
Aug. 2008.

T. C. Xygkis, G. N. Korres, and N. M. Manousakis, “Fisher information-
based meter placement in distribution grids via the d-optimal experimental
design,” IEEE Trans. Smart Grid, vol. 9, no. 2, pp. 1452—1461, Mar. 2018.
J. Liu, F. Ponci, A. Monti, C. Muscas, P. A. Pegoraro, and S. Sulis,
“Optimal meter placement for robust measurement systems in active distri-
bution grids,” IEEE Trans. Instrum. Meas., vol. 63, no. 5, pp. 10961105,
May 2014.

J. Liu, J. Tang, F. Ponci, A. Monti, C. Muscas, and P. A. Pegoraro, “Trade-
offs in PMU deployment for state estimation in active distribution grids,”
IEEE Trans. Smart Grid, vol. 3, no. 2, pp. 915-924, Jun. 2012.

S. Bhela, V. Kekatos, and S. Veeramachaneni, “Smart inverter grid probing
for learning loads: Part I-Identifiability analysis,” IEEE Trans. Power Syst.,
vol. 34, no. 5, pp. 3527-3536, Sep. 2019.

Y. Liao, Y. Weng, C.-W. Tan, and R. Rajagopal, “Urban distribution grid
line outage identification,” in Proc. Int. Conf. Probab. Methods Appl.
Power Syst., 2016, pp. 1-8.

R. Singh, E. Manitsas, B. C. Pal, and G. Strbac, “A recursive bayesian
approach for identification of network configuration changes in distribu-
tion system state estimation,” /[EEE Trans. Power Syst., vol. 25, no. 3,
pp. 1329-1336, Aug. 2010.

V. Zamani and M. Baran, “Topology processing in distribution systems by
branch current based state estimation,” in Proc. North Amer. Power Symp.,
2015, pp. 1-5.

M. F. Bugallo, V. Elvira, L. Martino, D. Luengo, J. Miguez, and P. M.
Dijuric, “Adaptive importance sampling: The past, the present, and the
future,” IEEE Signal Process. Mag., vol. 34, no. 4, pp. 60-79, Jul. 2017.
J. Peppanen, M. J. Reno, R. J. Broderick, and S. Grijalva, “Distribution
system model calibration with Big Data from AMI and PV inverters,”
IEEE Trans. Smart Grid, vol. 7, no. 5, pp. 2497-2506, Sep. 2016.

R. C. Pires, L. Mili, and F. A. B. Lemos, “Constrained robust estimation of
power system state variables and transformer tap positions under erroneous
zero-injections,” IEEE Trans. Power Syst., vol. 29, no. 3, pp. 1144-1152,
May 2014.

T. A. Short, “Advanced metering for phase identification, transformer
identification, and secondary modeling,” IEEE Trans. Smart Grid, vol. 4,
no. 2, pp. 651-658, Jun. 2013.

J. Kaipio and E. Somersalo, Statistical and Computational Inverse Prob-
lems. Berlin, Germany: Springer Science & Business Media, 2006.

A. Tarantola, Inverse Problem Theory and Methods for Model Parameter
Estimation. Philadelphia, PA, USA: SIAM, 2005.

Y. Xu, L. Mili, X. Chen, M. Korkali, and L. Min, “A bayesian approach to
real-time dynamic parameter estimation using phasor measurement unit
measurement,” /[EEE Trans. Power Syst., vol. 35, no. 2, pp. 1109-1119,
Mar. 2020.

Y. Xu, L. Mili, M. Korkali, and X. Chen, “An adaptive bayesian parameter
estimation of a synchronous generator under gross errors,” IEEE Trans.
Ind. Informat., vol. 16, no. 8, pp. 5088-5098, Aug. 2020.

N. Petra, C. G. Petra, Z. Zhang, E. M. Constantinescu, and M. Anitescu, “A
bayesian approach for parameter estimation with uncertainty for dynamic
power systems,” IEEE Trans. Power Syst., vol. 32, no. 4, pp. 2735-2743,
Jul. 2017.

Q. Chen and L. Mili, “Composite power system vulnerability evaluation
to cascading failures using importance sampling and antithetic variates,”
IEEE Trans. Power Syst., vol. 28, no. 3, pp. 2321-2330, Aug. 2013.

W. Li and G. Lin, “An adaptive importance sampling algorithm for
bayesian inversion with multimodal distributions,” J. Comput. Phys.,
vol. 294, pp. 173-190, 2015.

Y. El-Laham, V. Elvira, and M. F. Bugallo, “Robust covariance adaptation
in adaptive importance sampling,” IEEE Signal Process. Lett., vol. 25,
no. 7, pp. 1049-1053, Jul. 2018.

L. de MagalhdesCarvalho, A. M. L.da Silva, and V. Miranda, “Security-
constrained optimal power flow via cross-entropy method,” IEEE Trans.
Power Syst., vol. 33, no. 6, pp. 6621-6629, Nov. 2018.

L. d. M. Carvalho, R. A. Gonzailez-Ferniandez, A. M. Leite da Silva, M.
A. da Rosa, and V. Miranda, “Simplified cross-entropy based approach
for generating capacity reliability assessment,” I[EEE Trans. Power Syst.,
vol. 28, no. 2, pp. 1609-1616, May 2013.

A. M. Leite da Silva and A. M. de Castro, “Risk assessment in probabilistic
load flow via monte carlo simulation and cross-entropy method,” /EEE
Trans. Power Syst., vol. 34, no. 2, pp. 1193-1202, Mar. 2019.

[46]

[47]

(48]

[49]

[50]

[51]

[52]

(53]

[54]

[55]

[56]

(571

(58]

[59]

-
_“< T

r‘fn’ﬁ-

(|

2231

F. M. Mele, R. Zarate-Minano, and F. Milano, “Modeling load stochastic
jumps for power systems dynamic analysis,” /[EEE Trans. Power Syst.,
vol. 34, no. 6, pp. 5087-5090, Nov. 2019.

O. Cappé, A. Guillin, J.-M. Marin, and C. P. Robert, “Population monte
carlo,” J. Comput. Graphical Stat., vol. 13, no. 4, pp. 907-929, 2004.

V. Elvira, L. Martino, D. Luengo, and M. F. Bugallo, “Improving popula-
tion monte carlo: Alternative weighting and resampling schemes,” Signal
Process., vol. 131, pp. 77-91, Feb. 2017.

J.-M. Cornuet, J.-M. Marin, A. Mira, and C. P. Robert, “Adaptive mul-
tiple importance sampling,” Scand. J. Stat., vol. 39, no. 4, pp. 798-812,
Dec. 2012.

R. C. Dugan and T. E. McDermott, “An open source platform for collabo-
rating on smart grid research,” in I[EEE Power Energy Soc. Gen. Meeting,
2011, pp. 1-7.

T. Theodoro, P. Barbosa, M. Tomim, A. de Lima, and M. C. de Barros,
“MatLab-OpenDSS co-simulation environment: An alternative tool to
investigate DSG connection,” in Simposio Brasileiro de Sistemas Eletricos,
2018, pp. 1-7.

Y. Xu et al., “Response-surface-based bayesian inference for power system
dynamic parameter estimation,” /[EEE Trans. Smart Grid, vol. 10, no. 6,
pp- 5899-5909, Nov. 2019.

D. Rajicic and A. Bose, “A modification to the fast decoupled power flow
for networks with high r/x ratios,” IEEE Trans. Power Syst., vol. 3, no. 2,
pp. 743-746, May 1988.

L. Mili, J. Valinejad, and Y. Xu, “Alleviating fractal and ill-conditioning
problems of the AC power flow using a polynomial form,” IEEE Trans.
Netw. Sci. Eng., vol. 8, no. 3, pp. 2495-2505, Jul.—Sep. 2021.

Z.Zheng, Y. Xu, L. Mili, Z. Liu, M. Korkali, and Y. Wang, “Observability
analysis of a power system stochastic dynamical model using a derivative-
free approach,” IEEE Trans. Power Syst., vol. 36, no. 6, pp. 5834-5845,
Nov. 2021, doi: 10.1109/TPWRS.2021.3079919.

Z.Zheng et al., “Derivative-free observability analysis of a stochastic dy-
namical system,” IEEE Trans. Netw. Sci. Eng., vol. 8,n0. 3, pp. 24262437,
Jul.—Sep. 2021.

A. A. Augusto, M. B. Do Coutto Filho, J. C. S. de Souza, and V. Mi-
randa, “Probabilistic assessment of state estimation capabilities for grid
observation,” IET Gener. Transm. Distrib., vol. 10, no. 12, pp. 2933-2941,
2016.

M. A. Gandhi and L. Mili, “Robust kalman filter based on a general-
ized maximum-likelihood-type estimator,” IEEE Trans. Signal Process.,
vol. 58, no. 5, pp. 2509-2520, May 2010.

G. Cavraro, E. Dall’Anese, and A. Bernstein, “Dynamic power network
state estimation with asynchronous measurements,” in Proc. IEEE Glob.
Conf. Signal Inf. Process., 2019, pp. 1-5.

Yijun Xu (Senior Member, IEEE) received the Ph.D.
degree from the Bradley Department of Electrical and
Computer Engineering, Virginia Tech, Falls Church,
VA, USA, on December, 2018. He is currently a
Research Assistant Professor with Virginia Tech-
Northern Virginia Center, Falls Church, VA, USA.
He was a Postdoc Associate with the same institute
during 2019 to 2020. He did the computation intern-
ship with Lawrence Livermore National Laboratory,
Livermore, CA, and power engineer internship with
ETAP — Operation Technology, Inc., Irvine, Califor-

 eutp'\

nia, in 2018 and 2015, respectively.

His research interests include power system uncertainty quantification, un-
certainty inversion, and decision-making under uncertainty. Dr. Xu is currently
an Associate Editor for the IET Generation, Transmission & distribution and an
Associate Editor for the IET Renewable Power Generation. He is the Co-Chair
of the IEEE Task Force on Power System Uncertainty Quantification and
Uncertainty-Aware Decision-Making.


https://dx.doi.org/10.1109/TPWRS.2021.3079919

2232

Jaber Valinejad (Member, IEEE) is currently work-
ing toward the Ph.D. degree with the Bradley De-
partment of Electrical and Computer Engineering,
Virginia Tech, Greater Washington, D.C., USA. He
is also working toward the M.Sc. degree with the
Department of Computer Science at the same school.
He is with an NSF-sponsored interdisciplinary disas-
ter resilience Program. His current research interests
include power systems, resilience and community
resilience, cyber-physical-social systems and social
computing, artificial intelligence, and learning.

Mert Korkali (Senior Member, IEEE) received the
Ph.D. degree in electrical engineering from North-
eastern University, Boston, MA, USA, in 2013. He is
currently a Research Staff Member with Lawrence
Livermore National Laboratory, Livermore, CA,
USA. From 2013 to 2014, he was a Postdoctoral
Research Associate with the University of Vermont,
Burlington, VT, USA.

His current research interests include the broad
interface of robust state estimation and fault location
in power systems, extreme event modeling, cascading
failures, uncertainty quantification, and probabilistic grid planning. He is the
Co-Chair of the IEEE Task Force on Standard Test Cases for Power System
State Estimation and the Secretary of the IEEE Task Force on Power System
Uncertainty Quantification and Uncertainty-Aware Decision-Making. Dr. Ko-
rkali is currently the Editor of the IEEE OPEN ACCESS JOURNAL OF POWER AND
ENERGY and of the IEEE POWER ENGINEERING LETTERS, and an Associate
Editor for Journal of Modern Power Systems and Clean Energy.

Lamine Mili (Life Fellow, IEEE) received the Ph.D.
degree from the University of Liege, Belgium, in
1987. He is a Professor of Electrical and Computer
Engineering, Virginia Tech, Blacksburg. He has five
years of industrial experience with the Tunisian elec-
tric utility, STEG. At STEG, he worked with the plan-
ning Department from 1976 to 1979 and then with the
Test and Meter Laboratory from 1979 to 1981. He was
a Visiting Professor with the Swiss Federal Institute
of Technology in Lausanne, the Grenoble Institute
of Technology, the Ecole Supérieure D’électricité in
France and the Ecole Polytechnique de Tunisie in Tunisia, and did consulting
work for the French Power Transmission company, RTE.

His research interests include power system planning for enhanced resiliency
and sustainability, risk management of complex systems to catastrophic failures,
robust estimation and control, nonlinear dynamics, and bifurcation theory. He
is the Co-Founder and Co-Editor of the International Journal of Critical Infras-
tructure. He is the Chairman of the IEEE Working Group on State Estimation
Algorithms and the Chair of the IEEE Task Force on Power System Uncertainty
Quantification and Uncertainty-Aware Decision-Making. He was the recipient
of several awards including the US National Science Foundation (NSF) Research
Initiation Award and the NSF Young Investigation Award.

IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 37, NO. 3, MAY 2022

Yajun Wang (Senior Member, IEEE) received the
B.Sc. and M.Sc. degrees from the School of Electrical
Engineering, Wuhan University, Wuhan, China, in
2012 and 2014, respectively, and the Ph.D. degree
in electrical engineering from the University of Ten-
nessee, Knoxville, TN, USA, in 2019. She is currently
working as a Senior Power System Engineer and
Distribution Storage Technical Lead with Dominion
Energy Virginia, Richmond, VA. Her research inter-
ests include energy storage system, renewable en-
ergy integration, vehicle-to-grid, Big Data analytics
in power systems, stability and control, and system restoration.

Xiao Chen received the Ph.D. degree in applied math-
ematics from Florida State University, Tallahassee,
FL, USA, in 2011. He is a Computational Scientist
and a Project Leader with the Center for Applied
Scientific Computing, Lawrence Livermore National
Laboratory, Livermore, CA, USA. He works primar-
ily on the development and application of advanced
computational and statistical methods and techniques
to power engineering, reservoir simulation, subsur-
face engineering, and seismic inversion. His research
interests include uncertainty quantification, data as-
similation, and machine learning.

Zongsheng Zheng (Member, IEEE) received the
Ph.D. degree in electrical engineering from South-
west Jiaotong University, Chengdu, China, in 2020.
During 2018-2019, he was a Visiting Scholar with
the Bradley Department of Electrical and Computer
Engineering, Virginia Tech-Northern Virginia Center,
Falls Church, VA, USA. He is currently an Research
Associate Professor with the College of Electrical
Engineering, Sichuan University. His research inter-
ests include uncertainty quantification, parameter and
state estimation.

Authorized licensed use limited to: to IEEExplore provided by University Libraries | Virginia Tech. Downloaded on December 31,2023 at 23:25:25 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


