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Multisource Data Fusion Outage Location in

Distribution Systems via Probabilistic
Graphical Models
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and Fankun Bu

1 Abstract—Efficient outage location is critical to enhancing the
2 resilience of power distribution systems. However, accurate out-
s age location requires combining massive evidence received from
4 diverse data sources, including smart meter (SM) last gasp sig-
s nals, customer trouble calls, social media messages, weather data,
s vegetation information, and physical parameters of the network.
7 This is a computationally complex task due to the high dimen-
s sionality of data in distribution grids. In this paper, we propose
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a multi-source data fusion approach to locate outage events in
partially observable distribution systems using Bayesian networks
(BNs). A novel aspect of the proposed approach is that it takes
multi-source evidence and the complex structure of distribution
systems into account using a probabilistic graphical method. Our
method can radically reduce the computational complexity of
outage location inference in high-dimensional spaces. The graph-
ical structure of the proposed BN is established based on the
network’s topology and the causal relationship between random
variables, such as the states of branches/customers and evidence.
Utilizing this graphical model, accurate outage locations are
obtained by leveraging a Gibbs sampling (GS) method, to infer
the probabilities of de-energization for all branches. Compared
with commonly-used exact inference methods that have exponen-
tial complexity in the size of the BN, GS quantifies the target
conditional probability distributions in a timely manner. A case
study of several real-world distribution systems is presented to
validate the proposed method.

Index Terms—Approximate inference, Bayesian networks,
data fusion, outage location, partially observable distribution
system.

I. INTRODUCTION

REQUENT power outages are becoming a critical issue
F in the U.S. In 2018, the Department of Energy estimates
that outages are costing the U.S. economy $150 billion annu-
ally [1]. 1.9 million customers in Midwest were affected by
1.4 million outages between August 10 and 13, 2020 [2].
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Outage detection in distribution grids is an immediate and
indispensable task after service disruptions, without which util-
ities cannot obtain needed situational awareness for initiating
repair and restoration. This suggests an urgent need of efficient
approaches to shorten the time of lateral-level outage loca-
tion. Traditionally, outage location inference has been done
based on manual outage mapping, which in addition to volt-
age and current components measured only at the substations,
has mainly depended on customers’ trouble calls. However,
trouble calls alone are not a reliable source for outage loca-
tion inference. It is estimated that only one-third of customers
report the events in the first hour of outages, which might pro-
long the location determination process [3]. Also, customers
might contact utilities due to temporary and individual prob-
lems rather than system-level outage events, which can mislead
the location process and result in additional truck rolls to verify
power outages.

One way of avoiding these problems is to rely on advanced
metering infrastructure (AMI)-based techniques, which can
send outage notifications at the grid-edge by leveraging the
bidirectional communication function of smart meters (SMs).
Researchers have dedicated great efforts to this topic. In [4],
a hierarchical generative model is proposed that employs SM
error count measurements to detect anomalies. In [5], a multi-
label support vector machine model is developed that utilizes
the state of customers’ SMs to identify states of distribution
lines. In [6], a two-stage method is presented to detect non-
technical losses and outage events using real-time consumption
data from SMs. In [7], a framework that combines the use of
optimally deployed power flow sensors and load forecasts is
proposed to detect outage events. In [8], a hypothesis testing-
based outage location method is developed that combines the
power flow measurements and SM-based load forecasts of the
nodes. In [9], by using data from SMs and fault indicators, a
multiple-hypothesis method with an extended protection tree is
presented to detect a fault and identify the activated protective
devices. The main challenge is that most AMI-based meth-
ods require full observability for distribution grids, i.e., SM
installation for all customers. This assumption is not neces-
sarily applicable to practical distribution systems, mostly due
to utilities’ budgetary limitations. To perform outage detection
in partially observable systems, we have proposed a generative
adversarial network (GAN)-based method to efficiently iden-
tify outage region [10]. Although this method is guaranteed to
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TABLE I
AVAILABLE LITERATURE ON DATA-DRIVEN OUTAGE DETECTION IN DISTRIBUTION SYSTEMS

Approach

[4] Hierarchical generative model

[5] Support vector machine

[6] Fuzzy petri network

[7] Maximum a-posteriori method Smart meter

data

[8] Hypothesis testing approach

[9] Multiple-hypothesis method

[10] GAN-based method

[11] Polling method

[12] Distributed approach

[13] Ensemble learning approach

(14] Natural Lzr:)gpl:ziz}:’rocessmg e
meter data

[15] Mixed-integer linear program

Multi-layer perception neural
network
Dynamic-programming-based
method

[16]
[17]

[18] State estimation-based method

capture the maximum amount of information on outage loca-
tion, it does not provide granular outage location estimation
at the branch level due to the limitations of the single data
source. This issue is further exacerbated considering that SM
signal communication to the utilities’ data centers can fail due
to hardware/software malfunctions and tampering [4].

Rather than using SM data, an alternative solution is to
utilize other grid-independent data sources to identify outage
events in real-time. In [11], an AMI-based polling method is
proposed to enhance outage detection. In [12], a distributed
outage detection algorithm is proposed with the primary
objective of addressing scalability and communication bot-
tleneck concerns. In [13], weather information data is used
to detect outages in overhead distribution systems employ-
ing an ensemble learning approach. In [14], a data-driven
outage identification approach is proposed that extracts tex-
tural and spatial information from social media. In [15], a
mixed-integer linear program (MILP) is formulated to identify
the topology under both outage and normal operating con-
ditions using line flow measurements, forecasted load data,
and ping measurements from a limited set of SMs. In [16],
a modified approach of Kleinberg’s burst detection algorithm
is proposed to ensure the prompt detection of power outages.
In [17], a dynamic programming-based minimum cost sen-
sor placement solution is proposed for outage detection in
distribution systems. In [18], the classical distribution system
state estimation tool is extended to infer the status of switches.
Nonetheless, the considerable uncertainty of these data sources
can lead to erroneous outage location and additional costs for
utilities. For example, only a part of SM last gasp signals
can be delivered to the utility’s data center due to hard-
ware and software issues. Thus, to handle the limitations and

Pros an n

S

(+) Using hierarchical structure of the network and multivariate counts data, (-) Ignore interdependence
between data sources and branches/customer status, accuracy decline for poor observable systems

(+) Fast and accurate, (-) Fully observable system assumption

(+) Using real-time consumption data from smart meters, (-) Fully observable system assumption

(+) Optimal line flow sensor placement with load forecasts, (-) Additional cost

(+) Combining power flow measurements and smart meter-based load forecasts to handle poor observability,
(-) Lossless system assumption, fixed branch failure probability assumption
(+) Robustness for missing outage reports and fault indicators, (-) Assuming most two concurrent events can

occur in a scenario, full observable system assumption

(+) Capturing maximum amount of information on outage location from smart meter measurements, (-)

Zone-based outage location

(+) Integration the operation of SCADA and smart meters, (-) Fully observable system assumption

(+) Following a distributed manner to address scalability, (-) Requiring sensor (both power flow and smart

meter) measurements and nodal load forecast statistics

(+) Using public weather information data to handle poor observability, (-) System-level outage analysis

(+) Identifying outage-related tweets to handle poor observability, (-) System-level outage analysis, accuracy

decline for rural systems

(+) Simultaneously estimating the operation topology and outage sections, (-) Requiring line flow

measurements and forecasted load data

(+) Using social sensors to handle poor observability, (-) System-level outage analysis, accuracy decline for

rural systems

(+) Optimal line and nodal sensor placement for outage detection, (-) Additional cost, specific assumption for

nodal sensors

(+) Well-developed method (-) Requiring data redundancy or high-confidence pseudo-measurement

uncertainties of individual data sources, this paper proposes
a multi-source data fusion strategy to combine outage-related
information from diverse sources for accurate outage location.
A summary of the literature is shown in Table I.

One fundamental challenge in multi-source outage location
is the computational complexity of the problem: first, outage
location inference is the process of computing the probabilities
of topology candidates after disrupting events by leveraging
available information received by utilities. Estimating these
probability values requires obtaining the joint probability dis-
tribution function (PDF) of the unknown state variables and
the evidence, which is a high-dimensional mathematical object.
Considering that outage data sources and branches/customer
status are interdependent, directly quantifying this joint dis-
tribution requires enumerating probabilities of all possible
combinations of variables, which is computationally infeasible
in actual distribution systems. In addition, outage data sources
have heterogeneous characteristics such as accuracy levels and
reporting rates. Further, they may provide inconsistent and
contrary information. How to integrate these data sources is a
challenge. In [19], a probabilistic method is proposed for fault
location by combining the measurements from digital relays
at substations, intelligent electric devices along primary feed-
ers, SCADA sensors in the feeder circuit, and smart meters.
Statistics of historical fault location data are used to estimate
fault location errors with probability in real time. The diffi-
cultly we face in this work, is to effectively integrate data
from non-metered data sources (i.e., trouble calls, social media
messages, and weather data), which makes the construction of
a data fusion outage location framework challenging.

To address these challenges and the shortcomings of the
previous works in the literature, a multi-source data fusion
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Historical Outage Data
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Geographic
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Fig. 1. Graphical approach towards outage location inference.

144 method is presented to identify and locate the lateral-level
1s outage events in partially observable distribution systems.
1s To achieve this, we have adopted a probabilistic graphical
147 modeling approach towards data fusion to reduce the com-
148 putational complexity of representing high-dimensional joint
149 PDF of the system. The basic idea of this methodology is
150 to use a graph-based representation as the foundation for
151 encoding the joint distribution. Specifically, we first investi-
152 gate statistical relationships among outage data sources and
1s3 branches/customer status to build a Bayesian network (BN)
1.« for each distribution feeder. System topology in normal oper-
155 ations and context data, such as weather data and vegetation
1ss information, from geographic information system are used to
157 design the architecture of the BN, as shown in Fig. 1. The
158 graph parameters are learned empirically from historical out-
159 age data. It should be noted that the proposed method does
10 not consider information of distributed energy sources. The
11 rationale behind this is that most customer-level rooftop pho-
162 tovoltaics are integrated into distribution systems at behind-
163 the-meter. Also, use of customer-level batteries in distribution
164 systems has not become prevalent, which hinders utilities from
1es using distributed energy data to detect power outages. By uti-
166 lizing the proposed BN-based method, the high-dimensional
17 joint PDF of the system is decomposed into a set of more
1es manageable probabilistic factors. Then, the conditional PDF of
160 the state of network branches and the connectivity of customer
70 switches can be inferred by solving a probabilistic infer-
171 ence over the BN given the observed evidence in real time.
122 This inference task is solved by leveraging a Gibbs sampling
173 (GS) method. As a Markov chain Monte Carlo (MCMC)-
174 based algorithm, GS can provide a full characterization of the

distribution of unknown variables by generating a sequence
of samples. We have used multiple real-world distribution
systems from our utility partners to validate the performance
of the proposed method. The main contributions of this paper
can be summarized as follows.

o A probabilistic graphical model-based approach is
proposed to seamlessly integrate heterogeneous outage-
related data sources. The statistics of historical outage
data are used to explicitly model the uncertainties of
different data sources by graph parameterization. By uti-
lizing this method, different data sources can complement
each other to increase the amount of outage information,
thus addressing low smart device coverage or customer
report rates in actual grids.

« Multiple conditional independencies are explored to sim-
plify the probabilistic graphical modeling. Meanwhile, a
fragility model is integrated with the graph to formulate
the conditional independence between the branch state
and context data. These strategies can reduce the overfit-
ting risk in the graph parameterization caused by outage
data scarcity.

o An MCMC-based method is utilized to simplify the
multi-dimensional summation in the outage location
inference, which leads to an exponential reduction in
detection and location time. This method can provide a
good representation of a PDF by leveraging random vari-
able instantiations, without knowing all the distribution’s
mathematical properties. The proposed technology deter-
mines the outage location by estimating the states of all
the branches and customers.

The rest of this paper is constructed as follows. In Section II,
the statement of the outage location problem is described.
Section III presents the proposed BN-based data fusion model,
along with structure selection and parameter learning schemes.
An MCMC approximate inference algorithm is given in
Section IV. The numerical results are analyzed in Section V.
Section VI concludes the paper with major findings.

II. OUTAGE LOCATION PROBLEM STATEMENT

Considering that outage events cause topological changes
in the grid, outage location is the process of inferring the
probabilities of post-event operational topology candidates.
In general, the accuracy of outage location depends on the
completeness of outage information. Compared to traditional
outage detection using only customer calls, combining differ-
ent outage-related information, including SM last gasp signals,
customer trouble calls, social media messages, wind speed,
vegetation information, and physical parameters of the grid
will greatly improve the accuracy and speed of outage detec-
tion. Different data sources can complement each other to
increase the amount of outage information, thus address-
ing low SM coverage or customer report rates. It should
be noted that this combination means integrating data from
diverse sources as well as different customers. Hence, the
proposed method aims to take full advantage of all avail-
able data in actual grids without the need to install additional
metering devices for accurate outage detection and location.
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This ensures the practicability of the proposed method for
real-world applications. Specifically, SM last gasp signals and
customer trouble calls are generally available in the distribu-
tion systems [4]-[6]. As demonstrated concretely in [14], most
customers are already actively engaged in social media such
as Facebook and Twitter in this information age. By applying
suitable natural language processing methods, social data can
be converted into binary outage evidence, similar to customer
trouble calls and last gasp signals. The rationale behind the use
of wind speed and vegetation information is that 87% of major
power outages happen because trees are blown into power
lines, or poles are destroyed by high intense winds [5]. To
estimate the impact of these information, physical grid param-
eters, including the number of conductor wires and distribution
poles, are necessary.

These data sources can be easily obtained after a power
outage has occurred. Specifically, SM will automatically send
the last gasp signal to the head-end system of the AMI after
power disruptions. Trouble calls and social media messages are
reported by customer’s phones and Twitter. Wind speed and the
physical parameters of the grid can be found from neighboring
land-based station and grid model, respectively. Note that the
proposed method does not have specific requirements for the
range of wind speeds. Our method follows the line of fragility
analysis using 3-s gust wind speed and grid physical param-
eters to calculate the probability of failure of the individual
branch when the neighboring upper-stream branch is ener-
gized [20]. This fragility analysis is applicable to both normal
and extreme weather. Regarding the vegetation evidence, the
tree coverage data adjacent to power lines is utilized. Utilities
can add or remove data sources in probabilistic graphical
model according to their situations. For example, for systems
lacking extreme weather events, vegetation information and
wind speed can be removed to reduce the complexity of the
model, as these two data sources may not have a signifi-
cant impact on outage detection and location during normal
weather. After data collection, last gasp signals, customer trou-
ble calls, wind speed, vegetation information, and physical
parameters can be directly transformed into outage evidence
as input to the proposed model. For social media messages, a
natural language processing tool is required to extract outage-
related words, as proposed in our previous work [14]. Then,
social media messages are converted into binary outage evi-
dence, similar to customer trouble calls and last gasp signals.
Note that all formulations in the paper are implicitly phase-
based, meaning that separate equations should be written and
applied to each phase of the distribution system to consider the
multi-phase and unbalanced nature of the grid into account.
With this in mind, and for the sake of clarity and tractability,
phase-related notations/signs are dropped from all equations.

Regarding notation, vectors/matrices are represented with
bold letters. Uppercase letters refer to random and evidence
variables. Lowercase letters are the assignment of values to
the related variables. For example, for a random variable
X, let x denotes its realization. Given the multi-source evi-
dence, E, the inference process is mathematically formulated
using the Bayes estimator [21], where the conditional PDF of
network topology, Y, given the set of evidence is represented

IEEE TRANSACTIONS ON SMART GRID

as P(Y = y|[E = e) and calculated in terms of the joint
distribution of Y and E, denoted by P(Y = y,E = e). The
most probable candidate topology, which also determines the
location of the outage event, is obtained by maximizing this
conditional PDF, as:

P )
y* = argmax P(Y = y|E = ¢) = Pre(.e)
y PEg(e)

where, y* is the most likely network topology after the out-
age. Y is a multinomial variable which is represented in terms
of the states of primary network branches (D) and the con-
nection of customer switches (C), as ¥ = {D, C}. Here,
D = [Dy,...,D;], where k is the number of branches in
the feeder and D; is a binary variable representing the con-
nectivity state for the i’th branch in the feeder: D; = 0
means that the branch is energized. In other words, there is
an uninterrupted path between the branch and the substation.
D; = 1 indicates that the branch is de-energized. Similarly,
C =|[Cy, ..., Cyl, with C; representing the set of connection
states for all the customers that are supplied by the i’th branch.
Hence, C; = [Cl.l, ey Cf"], where z; is the total number of cus-
tomers that are connect¢d to the i’th branch, and le. is the state
of the j’th customer: C; = 0 means that the customer is ener-
gized, and Cf = 1 implies that the customer is de-energized.
Note that the pre-outage topology is determined by assigning
0 to all the state variables (i.e., all branches are energized and
customers are energized). Thus, P(Y = y|E = e) in (1) can
be rewritten in terms of the joint PDF of the newly-defined
variables, Pp ¢ g, c, e), as follows [22]:

Ppci(c e
Pg(e)
Using (2), the maximization over topology candidates can be
conveniently transformed into finding the best values for the
individual branch/customer states belonging to {D, C} using
their conditional PDFs, Pp,g(d;le) and Pcf:lE(c/ile). These
conditional PDFs are obtained Vi,j using a marginalization

process over the joint PDF, as follows [23]:

Ppe(dile) = Y Ppcrd.cle)=

)

P(Y =y|E =e) =Pp,c(d cle) = )

PpcEeW,c,e)

{d.c}\d; {d.c)\d; PE(e)
3)
' PpcEg,c,e)
Pc{\E(CJiW) = Z »PD,C|E(d,c|e) = Z _T@
e dend
4)

where, A \ B represents all the elements in A that specifically
are not in the set B.

In general, the goal of the proposed work is to solve (3)-(4)
in real time. However, considering the complexity of distri-
bution grids, obtaining the explicit representation of the joint
PDF, Pp.ck(d,c,e), is unmanageable for two reasons: (I) a
complete description of Pp c g(d, ¢, e) induces an exponential
complexity in the order of 2" — 1, where r is the total cardi-
nality of all the unknown variables, r = |D| + |C|. Hence,
modeling this joint PDF using brute-force search over all
possible combinations of branch/customer states is computa-
tionally infeasible for large-scale distribution systems. (II) Due
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Assumptions

Joint PDF Decomposition
Single-directional

Power Flow

\_

( PDCE d,ce
Small Variation of Wind Y ( P )
Speed A the Syste:

L pe cross the System * * *

-

Availability of Tree factory - ... factor,

Coverage Data

Independence of
Vegetation and Physical
\___ Parameters Evidence

}
]_
]_
Jf

Online BN-based Sampling

Last Gasp Signal
Trouble Call
Social Media
Wind Speed

Vegetation Information
Grid Physical Parameters

Pp,g(1le) Pepp(lle)

PDk|E(1|e) Pc;klE(lle)

Observed Outage Evidence Outage Location Inference

Fig. 2. Assumptions of the proposed method.

to the outage data scarcity in distribution grids, it is impossi-
ble to acquire enough historical data to robustly estimate the
massive number of parameters of this joint distribution. One
solution is to use naive classification by assuming full indepen-
dence among all evidence and unknown state variables [23].
However, this assumption is not applicable to practical distri-
bution systems and may lead to severe misclassification due
to overfitting.

1II. BN-BASED DATA FUSION MODEL

To counter computational complexity and overfitting in the
outage location inference, we propose a BN-based method.
A unique feature of our method is a seamless integration of
heterogeneous data sources by leveraging conditional inde-
pendencies inherent in the grid and data. These conditional
independencies enable a scalable and compact graphical rep-
resentation of different data and enhance outage inference
efficiency. More precisely, by using the proposed method, the
joint PDF Pp c r(d,c,e) is decomposed into a set of factors
with significantly smaller size. Using this computationally effi-
cient BN-based approach, we can infer the conditional PDF
of the state of each primary branch and the customer switch
given outage-related evidence from various data sources in
real time, shown in (3)-(4), to rapidly identify the location
of lateral-level outage events. Given the unbalanced nature
of distribution networks, the proposed algorithm is applied to
each phase separately. Specifically, for three-phase unbalanced
systems, we build three different Bayesian networks based on
the information regarding which customers are connected to
which service transformers or phases. In rare systems without
this knowledge, the previous customer grouping methods can
be applied before establishing the graphical models [24]-[26].

As shown in Fig. 2, this work is based on several assump-
tions, which are listed below.

o The proposed method only considers distribution
networks with single-directional power flows. Otherwise,
the conditional independencies regarding the state of
the upstream and downstream branches will become
ambiguous.

o The vegetation data adjacent to power lines is assumed
to be available for utilities. In rare cases without such
records, the tree coverage data in the census tract includ-
ing the power lines can be used [27].

« All the branches are assumed to be subjected to the max-
imum wind speed at the middle point of the system in
this work. The rationale behind this is that the variation
of wind speed across the distribution system is minimal.
This assumption is consistent with the previous fragility
analysis [20].

o The vegetation and physical parameter evidence for each
specific branch is assumed to be independent of those
in other branches. Relaxation of this assumption will be
further investigated in future works.

A. Factorization of the Joint PDF and BN Representation

The main idea of a BN-based representation is to use
conditional independencies, encoded in a graph structure, to
compactly break down high-dimensional joint PDFs with a
set of factors. Here, a factor refers to a low-dimensional and
more manageable conditional PDF that is determined by two
components: a child variable, such as D; and a number of
parent variables denoted by Pa(-), such as Pa(D;). Parent vari-
ables represent the direct causal sources of influence for a
child variable. In other words, each child is a stochastic func-
tion of its parents [23]. Thus, if the values of the parents are
known, then the child variable becomes conditionally indepen-
dent of random variables that do not directly influence it in a
causal manner. It can be shown that by using chain rule over
these conditional independencies, defined by parent-child rela-
tionships, the joint PDF of a set of random variables can be
simplified as the multiplication of the identified factors [23].
In the outage location problem, this factorization leads to the
following data fusion representation for the joint PDF:

k

Pp.ce.c.e) = ([ [ Poiraoy(dilPaldy))
i=1

HJUPCMP () (C”P“(‘Jl))

x E PEﬁfj|Pa(E§fj) (e?ﬂpa (e?,j))
u
x ,11 PE;f’j|Pa(E;j;) (ei-f’ija (e:"])) ©))

|E|, and the factors are Pp, ‘pa(D)(d |Pa(d,)),

Cj\Pa(C/ (Cllpa(cl)) PEffj\Pa(Eﬁj)(ei,j|Pa(ei,j))’ and
PE;{}IP::(E;f’j)(ei,j|Pa(€?,1j))’ Vi, j. Elh] denotes the human-
based evidence from the customer-side, including trouble
calls and social media messages; Elm] represents meter-based
evidence from customer-side, such as smart meter last gasp
signals. When an outage occurs, utilities can determine the
values of Eh iy and E’”, according to the information received.
For example, if one customer calls to report a power outage,
this customer’s human evidence is identified as 1; otherwise,

where, u
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it should be 0. Compared with the original model in (2) that
requires 2" — 1 independent parameters, the new representa-

tion in (5) only needs Y~ 21Pe@dl 4 Yk PRyl LG

> pIPE) +30 2PED) parameters. Tt can be observed
that the number of parameters in the new representation is
a function of size of parents for each variable. Considering
that the number of variables’ parents is typically small, the
new representation achieves a radical complexity reduction in
outage location inference.

As a directed acyclic graph, BN offers a convenient way
of representing the factorization (5). Accordingly, the ran-
dom variables, {D, C, E}, are represented as the vertices of
the BN. Using the identified factors in (5), the vertices of
the BN are connected by drawing directed edges that start
from parent vertices and end in child vertices. Specifically,
BN encodes the conditional independencies defined by the fac-
tors as follows: any vertex, X, is conditionally independent of
its non-descendant vertices in the graph, Nd(X), if the val-
ues of its parents are known. This is symbolically denoted by
(X L Nd(X)|Pa(X)) [28]. Nd(X) is the set of the vertices of the
BN, excluding parents of X, to which no directed path exists
originating from X. A L B means that A and B are marginally
independent.

B. BN Structure Development and Parameterization

Developing a BN requires discovering the structure of the
graph and the parameters of the conditional PDFs. To do this,
a knowledge discovery-based method is utilized in this paper.
An inherent feature of radial grids is their tree-like structure,
resulting in a unique one-directional path between all nodes. If
this path is disrupted at any branch, then the states of all down-
stream branches can be inferred as de-energized without a
need for further search. Based on this feature, the parent-child
variables of each factor in (5) can be described as follows.

(1) Factor Pp,|pup;)(dilPa(d;)) represents the conditional
independencies of the form D; L Nd(D;)|Pa(D;). The par-
ents of branch state variable are selected as Pa(D;) =
{Di—1, EY, E}, Ef’}, as shown in Fig. 3. Here, D;_ is the state
of the neighboring upper-stream branch. {E}, EY, Ef’ } are the
evidence for the i’th branch. Specifically, E}" denotes 3-s gust
wind speed collected by local land-based station. The value
of E} is determined by the maximum wind speed at the mid-
dle point of the system. E} refers to vegetation information,
which contains vegetation constants and diameters of the trees
adjacent to each branch. Ef’ represents the i’th branch’s phys-
ical parameters, including the length of conductors and the
number of poles of each branch. Based on this parent selec-
tion scheme for branch state variables, Nd(D;) includes all the
variables that are not downstream of the i’th branch in the
feeder (see Fig. 3). To show the direct causal influences of
these four variables on D;, two cases are described: D;_1 = 1
and D;_; = 0.

In the first case, when the parent branch is de-energized,
then D; = 1 with probability 1. Consequently, all variables
on the path from the substation to D;_;, represented with
{D1, ..., Di_3}, are conditionally independent from {D;} given
D;_1 = 1. The intuition behind this is that in radial networks
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Fig. 3. BN of a typical radial distribution system.

there is only one unique path between the substation and
each branch; if this path is interrupted at any arbitrary point
in {Dq,...,Dj_»}, we can automatically conclude D;_; = 1
regardless of the location of outage in the path. Hence, con-
sidering the binary nature of variable D;, the conditional PDF,
PDI,‘D[__I’E[_W’E;’E? (dill, e, e, ef?), can be formulated as:

w v b\ _
PD;\D,-,I,E,W,E,Y,E?<1|L€1' i ei) =1

Ppy s (0|1, e, eﬁ’) —0. 6)

In the second case, if the neighboring upper-stream branch
is energized, then all upstream branches of the i’th branch are
also energized with probability 1, and have not been impacted
by outage, {D; =0, ..., D;_> = 0}. In this case, D; = 1 will
only occur when this branch is damaged. As demonstrated
concretely in [27], the majority of branch damage is caused
by tree contacts to power lines and broken poles due to high
wind speed. Thus, three context variables E}", EIV and El’-’ are
serve as causal evidence for the i’th branch state to estimate
the probability of outage at the i’th branch. The conditional
PDF, PDiID,-_l,E,‘”',E,-V,E,’-’ (di]0, ¢, e7, ef’), can be formulated as a
Bernoulli distribution as follows:

Pj ford; =1
1 —P;fordi =0
@)

. w v b\ _
P oD, By B E? <d1|07 €6 ei) = {

where, the probability of failure for branch i, denoted as P!,
is a function of e}, e}, and ef’ . To formulate this function,
a fragility model is leveraged. Basically, the fragility model

is a series model with the fragility analysis of each pole and
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conductor within the branch:

L (£)Y) £ |
r=1-T1( -0 7 ) | TT0 - ter.en)

d=1 f=1

where, L is the number of distribution poles used for support-
ing branch i, K is the number of conductor wires between two
neighboring poles at the i’th branch, ¢ is the standard normal
probability integral, x is the median of the fragility function,
& is the logarithmic standard deviation of intensity measure,
and Py (e}, e}) represents the failure probability for conductor

(®)

l’l

s14 f of branch i which is modeled as follows:
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Pr(ef’. €f)
= (1 — p,) max {min{FWiLf(ei), 1},a -P,(ef)} 9)

Frog(e}’)

where, p,, is the probability of conductor f being underground,
F\vina r(e}’) represents the wind force loading on the conduc-
tor and F, r(e}") demonstrates the maximum perpendicular
force of the conductor wire determined as shown in [20]. «
describes the average tree-induced damage probability of over-
head conductor, and P;(e}) is the fallen tree-induced failure
probability of conductor f computed as in [27]. Hence, for
the case D;_1 = 0, equations (8) and (9) are utilized to esti-
mate the probability of outage for branch i given the values of
the context variables Elw E;’ and Elh To summarize, the con-
ditional PDFs given in equations (6) and (7) fully determine
the factors of the form Pp,\Pa(Dy) (di|Pa(d))).
(2) Factor PC{| Pa( C{) (ci-|Pa(c§)) represents the conditional
PDF of the status of customer j given parent variables. The par-
ent of customer state variable is selected as Pa(Cf) = {D;} (see
Fig. 3). Here, D; is the state of the immediate upper-stream
branch that supplies the j’th customer. To show the casual rela-
tionship between C]i and D;, two cases are considered: D; = 1
and D; = 0.

In the first case, if the primary branch is de-energized, the
probability of Cf = 1 is 1 due to the radial structure of the

feeder. Utilizing this deterministic relationship, PC/:|D«(CJl:|di)
can be written as follows: ’
qu =1

In the second case, if the primary branch is energized, then
the path between the substation and the i’th branch is active.
Hence, customer outage, Cj = 1, can only be caused by over-
loading/faults at the customer-side occurring with probability
mp. This case is represented using a Bernoulli distribution
adopted from statistical outage information [29]:

b9} forcj 1
CJ|D <Cl|0) { 1 — 7, for c’ =0.

To account for the uncertainty of parameter mp, a beta dis-
tribution is defined with user-defined hyper-parameters on
and B,:

Y

3 ~ Beta(aa, B2) = yors®” (1 — mp) P! (12)

where, y» is a normalizing constant and defined as y, =
T(o 4 Bo) with T = [° 7~ le~"dr [23].

(3) Factor PEffj\ Pa(Effj) (e |Pa(e )) represents the condi-
tional independencies Eh J_ Nd(Effj)|Pa(Effj). The parents
of human-based ev1dence E; > are selected as Pa(Effj) =
{Cﬁ, AT}, as shown in Fig. 3. AT refers to the time elapsed
after the outage occurrence. More precisely, AT embodies the
time period that utilities need to wait before outage reports
are issued [30]. It is clear that there is a trade-off between
the amount of human-based evidence and waiting time of out-
age location inference. For example, when feeder observability
is extremely low, utilities may increase AT to receive more
human-based evidence for outage location inference. Within
the AT period, the time at which the human-based evidence is
received, 7, after outage occurrence at time, Ty, is distributed
according to an exponential distribution as shown in [31]:

f(T=t|To=to, d= 1) = A M=), (13)

Thus, given At, the probability of P(Effj = 1|C{ =1,T-Ty <
Ar) can be calculated as:

P(E!, =1Cl=1,T~ Ty < An)

At ,
:/ Ale_kltdt/z—
0

Ef’-ICJ,:,AT(er|C{" Ar) is obtained as follows:

El; fileA AT( t/|Cl At)

—eMA Y for el =1, =1

eTMAL L] (14)
Hence, the factor P

p

e for ef.’l. =0,c =1 1s)
™ for ¢} ;= 1,6, =0
1—m3 for ¢ ;= 0,¢,=0

where, w3 denotes a small user-defined value to take into
account the possibility of false positives, such as illegitimate
trouble call and social media data processing errors.

(4) Factor PEm |pa(Em)(e |Pa(em)) is the conditional inde-
pendencies Em i Nd(Em)|Pa(Em) Compared to the human-
based signals Eff] AMI- based notlﬁcatlon mechanism will be
delivered almost instantaneously to the utilities. Thus, the par-
ent of meter-based evidence is selected as Pa(E;’fj) = {Cé}
(see Fig. 3). When the state of customer switch is known, E;"j
becomes conditionally independent of the remaining variables,
as encoded by the factor:

4 fore;"j—lcj 1
; 1—n4f0re-»_0d_1
P, -(e’."-cf.)= AR 16
EfSIC; 0416 s forej_l,c{.:O (16)
1 — 75 for . = 0,c, =0

i.j
where, 4 and 75 represent the AMI communication reliability
and the SM malfunction probability values, respectively. For
concreteness, 4 is the probability that the last gasp can be
delivered to the utilities correctly for outage notification. w5 is
the probability that the SM loses power due to its own failure
and sends a last gasp signal. In this work, the values of these
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3-node lateral and matching BN graph.

two parameters are determined based on the historical outage
reports. Considering the size of the historical data is limited,
beta distributions are used to model the uncertainty of these
two parameters as follows:

74 ~ Beta(aa, Ba) = yam st~ (1 — mg) P!

5 ~ Beta(as, fs) = ysms (1 —ms)P 71 (A7)

To help the reader understand how a Bayesian network is
built, an example is shown in Fig. 4. This toy system includes
3 nodes and 4 customers. First, since the state of each branch
is directly impacted by weather, Vegetation information, and
physical parameters, EY 1 E‘l’ |» and E1 | are modeled as par-
ent nodes for Dj. Then, given the tree-like structure of the
system, the state of the branch 1 serves as the immediate
casual source of influence for the states of its immediate
downstream branch and customers (i.e., Dy, cl, C%). When
the state of the customer, C%, is known, outage evidences
from this customer become conditionally independent from
D;. Further, if the utility knows that C% is in outage, prob-
abilities of receiving SM last gasp signals and trouble calls
from that customer are uncorrelated. Hence, C1 is modeled as
parent node for EY'; and E1 | in the graph. Th1s exemplary
system can be treated a block cell for any radial feeder in
general, which means that the proposed method can be gener-
alized to any radial distribution system. Also, some high-level
context evidence, including weather information and vegeta-
tion information, affect multiple neighboring branches in the
same region, as shown in Fig. 4 (a). However, the size of
the region is impacted by several factors (i.e., the geographic
location of weather station and the grid infrastructure) and
is hard to quantify and draw. Therefore, to avoid misunder-
standing, two assumptions are utilized to build a more general
BN graph, as shown in Fig. 4 (b). The details of the assump-
tions can be found at the beginning of Section III. In sum, the
evidence from the branch-side (i.e., wind speed, vegetation
information, and the physical parameters) is causal sources
of branch states, which is formulated as a fragility model.
When the branch state is observed, the branch-side evidence
becomes independent from the states of the connected cus-
tomers. In contrast, the evidence from the customer-side (i.e.,
human- and meter-based evidence) is independent from the

IEEE TRANSACTIONS ON SMART GRID

rest of state and evidence variables, if the state of upstream
customer is known, which is denoted as conditional indepen-
dency. Furthermore, if the utility knows that a customer is
in an outage, the probabilities of receiving SM last gasp sig-
nals and human-based evidence will become uncorrelated. In
this case, customer states are causal sources of the evidence.
Thus, customer states are modeled as parent nodes for these
data sources.

IV. BN-BASED OUTAGE LOCATION INFERENCE USING GS

The data fusion outage location process is transformed into
a probabilistic inference over the graphical model. After con-
struction and parameterization of the BN, Pp c.g(d, ¢, e) has
been simplified. However, solving (3)-(4) still requires calcu-
lating computationally expensive summation operations Pg(e)
over all nodes of the graph simultaneously, which is not scal-
able for large-scale distribution grids [23]. To address this, a
GS algorithm is used to perform the inference task over the
BN [32].

A. GS Algorithm

GS is an MCMC-based approximate inference method,!
which allows one to provide a good representation of a PDF
by leveraging random variable instantiations, without knowing
the distribution’s mathematical properties [32]. The key advan-
tage of this method is that it employs univariate conditional
distributions for sampling, which eliminates the dependency
on the dimension of the random variable space. Thus, com-
pared to the commonly-used exact inference methods, such
as variable elimination and clique trees, GS is insensitive to
the size of BN [22]. This indicates that the GS method is
especially beneficial for complex real-world applications.

When an outage occurs, the de-energization probabilities of
branches/customers are inferred using the GS algorithm and
the BN structure. To do this, first, all the outage evidence
from the customer-side, {E1 e Efk o Ei”l, o, Ezmk,k}’ is
collected after AT has elapsed 1f utilities receive trouble
call/tweet or last gasp signal from the j’th customer at branch i,
the corresponding evidence E ij or E”; is set to 1. In con-
trast, if the trouble call/tweet or last gasp signal is missing,
the Elhj or El"; is set to 0. Also, the branch-level evidence,
{EY,....ElE|,... E], Ell’, el EIZZ}, is set to the local wind
speed, vegetation data, and i’th branch’s physical param-
eters, respectively. After transferring these data to outage
evidence, arbitrary initial samples are randomly assigned to
all the unknown state variables {D, C}: [D| = dio), , Dk
d(o) C] = c}’(o), . ..,C,Z("’(O)]. Then, an arbitrary state vari-
able is selected as the sampling starting point, e.g., D;. At
iteration t + 1 of GS, following the structure of the BN,
the assigned samples to the parents and children of D; are
inserted into a local Bayesian estimator [22], as shown in (20),
to approximate the conditional PDF of D; given the latest

IMCMC is a subset of Monte Carlo methods. Unlike the common Monte
Carlo methods that generate independent data samples from a specific distri-
bution, MCMC methods generate samples where the next sample is dependent
on the existing sample.

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684



68!

@

68

3

687

688

689

69

o

69

692

69:

@

694

695

696

697

698

699

700

70

702

703

704

705

70i

>

707

708

709

710

7

712

713

714

715

716

77

718

71

©

720

72

722

72

5}

724

725

726

727

72

®

729

73

S

73

YUAN et al.: MULTISOURCE DATA FUSION OUTAGE LOCATION IN DISTRIBUTION SYSTEMS 9

samples:

Po (di|d—i(r)>
_ Ppypapy (dilPa(di)Pcnpype;) (Ch(d) |PC(d;)
> a. Ppi\papy) (dilPa(di) Pcnpy) ;) (Ch(di) [PC(d;))
(18)

where, d_;(? is all the latest samples except for d;, including
values of evidence variables, and:

Popa0) ilPad)) = Ppy o e o (dildT) el e} )
(19)
Pcnpypcp;) (Ch(dy)|IPC(d;))

2(7)
:PDI'+1|DI',E;V,E;/,E?< l+]|dl’e:v’ :)’ l) HPC/‘D (CI i |d)
(20)

Hence, P<p(d,-|d_,-(’)) can be directly calculated using the
determined factors, (6)-(17), in Section III-B. Note that
because Po (d;|d—_;) is a PDF over a single random variable
given the samples assigned to all the others, this computa-
tion can be performed efficiently. Utilizing Pq>(d,-|d_,-(’)), a
new sample d; <« dETH) is drawn using the inverse trans-
form method [23] to replace dl.(r). Then, the algorithm moves
to a next non-evidence variable of BN to perform the local
sampling process (see (20)). When all the unknown variables
of the BN have been sampled once, one iteration of GS is
complete. This process is able to propagate the information
across the BN and combine the data from diverse sources
to infer the location of outage efficiently. The sampling pro-
cess is repeatedly applied until a sufficient number of random
samples are generated for the unknown variables, {D, C}. It
has been theoretically proved that the approximate PDFs,
P& (-), are guaranteed to approach the target conditional PDFs,
Pp,e(djle) and P ~|E(cjle) defined in (3)-(4) [23]. Thus,

Pp,e(d;le) and P (cj le) can be estimated by counting the

samples generated by the GS algorithm. As an example,
Pp,E(1]e) is estimated as follows:

Yrlod;
M
where, M is the number of iterations. After the GS process,
the most likely value of each branch/customer state is deter-
mined based on the obtained approximated conditional PDFs
to solve (1). To achieve this, due to the binary nature of the
state variables, a 0.5 threshold is used, e.g., Pp,g(lle) < 0.5
indicates branch i is energized. After the connectivity states
of all the branches/customers are inferred, the location of out-
age events are obtained by selecting the nearest de-energized

branch to the substation. See Algorithm 1 for details.

Pp;e(lle) = 1)

B. GS Calibration Process

One challenge in GS is how to determine the number of iter-
ations, M. In general, if the iterations have not proceeded long
enough, the sampling may grossly misrepresent the target dis-
tributions, thus decreasing the inference accuracy. In contrast,

Algorithm 1 Outage Location Inference Using GS

Require: : BN G; iteration number M; evidence E;
I: Randomly generate iid. samples x© <« (D; =
d(o) C] = cjl (O), Vi,j} from uniform distribution;
x(o) <~ x(o) UE
:fort=0,...,M do
fori=1,...,|D+C| do
Select one random variable X; € {D, C}
x_i@  x® 4

Obtain Pa(X;) and Ch(X;) from G
Px; 1pacx;) (il Pa(xi))Pencx;) x; (Ch(xi) |xi)

Z Px; Pacx;) (xil Pa(xi)) Pon(x;) x; (Ch(xi) |xi)
Draw a new sample, x(tH) ~ Py
9: ET—H) <~ x(T)
10: end for
11: end for

12: Return sample vectors: d;
(O M i

M d(f)
13: PD |E(1|e) <~

N R

—)Pq>

®

= (d?,...,d"™} and & =

, Vi
M d‘” .
14: P |E(1|e) <~ T,Vz,]
15: If PD,|E(1|e) <05 = 4d; = 1,Vi; if PC,‘E(1|e)
0.5 = =1,Vij

16: Select the nearest de-energized branch as the outage
location

IA

if the value of M is large enough, the theory of MCMC guar-
antees that the stationary distribution of the samples generated
using the GS algorithm [22]. However, such a strategy leads
to high computational time, which increases outage duration
and cost. Hence, by using GS, a trade-off exists between the
accuracy and computational time of outage location. To find
a reasonable maximum iteration number for a specific BN, a
potential scale reduction factor, R, is utilized to diagnose the
convergence of the GS at different numbers of iterations [33].
The basic idea is to measure between- and within-sequence
variances of generated sample sequences. Specifically, for each
M, we start with n sample sequences produced by the GS for
each unknown variable in the BN. After discarding the sam-
ples generated in the warm-up period, each sequence is divided
into two halves of the same size, m, and used to complement
the original sequences. All sample sequences are concatenated
into a matrix of size 2n x m, denoted as 6. Utilizing this
matrix, the between-sequence and within-sequence variances
are calculated as follows:
2n

m - - \2
Bi=2n_1;(0,j—0._)

2n

1 2
Jj=

where, B; is the between-sequence variance of variable i, V;
is the within-sequence variance of variable i, 0 ;j 18 the within-
sequence means that can be calculated using 0 ; = % Z:":_ 195
0__ is the overall mean that can be computed using 6 =
0 Jr s denotes the j’th sample sequence variance

(22)

(23)

2n
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obtained as s]z = ﬁ >0 — 6_[]-)2. Utilizing V; and B;, R;
is defined and computed as [22]:

75

®

75!

©

ly +1p;

Vi '
In theory, the value of R; equals 1 as 2m — oco. R; > 1
72 indicates that either estimate of the variance can be further
763 decrease by more iterations. In other words, the generated
764 sequences have not yet made a full tour of the target PDF.
Alternatively, if R; =~ 1, the sequences are close to the tar-
766 get PDF. Here, following the previous work [22], a threshold
77 Ry = 1.1 is adopted to select the value of M. Thus, M < 2m
768 is set as the number of iterations that satisfy R; < Ry, Vi for
79 the BN. To have the same level of R, the number of iterations
770 M is different for systems with different scales and evidence.
771 In general, the number of M is determined by the size of vari-
772 ables (|D]|+ |C| + |E]). It should be note that |D|+ |C| + |E| is
773 not equivalent to the system scale. For example, urban systems
774 can have the similar number of primary nodes as rural systems,
775 but with a significant difference in the number of customers
776 and evidence (both human-based and meter-based evidence).

760 R; = (24)

76

@

76!

a

77 C. Application Challenges

77 As detailed below, we discuss some application challenges:
779 o In actual grids, utilities may have incomplete information
780 regarding secondary topology. This lack of knowledge

781 inhibits the development and parameterization of BN
782 structure. One solution is to apply field inspection or
783 data-driven methods for secondary network topology
784 identification.

785 o The graphical structure of the proposed BN is established
786 based on the network’s topology in normal operations.
787 However, the distribution system often undergoes recon-
788 figuration, which can impact the topology of the grid.
789 Thus, before running the proposed outage detection and
790 location method, previous state estimation-based meth-
791 ods can be utilized to update the topology in normal
792 operations.

793 e Directed probabilistic graphs alone cannot capture con-
794 ditional independencies when there are multi-directional
795 power flows caused by meshed topology or high DER
796 penetration. The future work will be done to meet this

797 gap by investigating hybrid graphs.

798 V. NUMERICAL RESULTS

790 This section explores the practical effectiveness of the
soo proposed data fusion outage location method. Three real-world
so1 distribution feeders are utilized in this case study, which are
sz publicly available online [34]. The topological information is
sos shown in Fig. 5. For each test system, we have evaluated the
so4 proposed method under three different observability levels,
sos 25%, 50%, 75%. Note that the observability level is calcu-
sos lated as the ratio of customers with SMs to those without
sz SMs. To validate the average performance of the proposed
sos method, a Monte Carlo approach has been utilized to gener-
so9 ate 1500 outage scenarios for each case (a total of 9 cases).
s10 In each scenario, the outage location is randomly chosen. All
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77-Node
Test Feeder

51-Node
Test Feeder

Fig. 5. Three test feeders with different sizes.

aforementioned evidence, including trouble calls, social media
messages, last gasp signal, vegetation information, and wind
speed, are utilized to perform outage detection and location
using the proposed method. Specifically, a portion of cus-
tomers are randomly selected to install SMs. When a customer
1s assumed to have the SM, this indicates that the customer is
likely to send a last gasp signal when an outage occurs. Based
on the historical data, this probability that refers to AMI com-
munication reliability is assigned as 82% in this work. The
amount and location of meter-based evidence in each scenario
is therefore determined by pre-defined system observability,
the geographical distribution of SMs and the location of simu-
lated outages. For the customer trouble calls and social media
messages, the human-based evidence is generated using an
exponential PDF given AT. Note that the parameter of this
PDF is considerably different from that of (14) to simulate the
uncertainty of the BN parameterization in real-world applica-
tions. Consequently, in the outage inference task, we do not
know the PDF used to generate evidence and the conditional
PDF of the outage location. Basically, in each scenario, the
amount and location of the human-based evidence is deter-
mined by the total number of customers, the locations of
simulated outages, and AT. For all scenarios, the value of
AT is assigned as 10 minutes, which indicates that only a
fraction of customers are active in making trouble calls or
posting social media messages. For each test system, the veg-
etation information and the branch’s physical parameters are
provided by our utility partners. For some unknown parame-
ters, such as tree diameter, we refer to the previous work [27].
Further, depending on the geographical locations of the avail-
able systems, the wind speed data is obtained from national
oceanic and atmospheric administration (NOVAA) [35]. Since
vegetation information and weather data can affect multiple
neighboring branches in the same region, the related evidence
of the branches in the region is considered to be the same.
Moreover, to simulate real-world power outages, 10%, 15%,
and 3% of total evidence is assumed to be wrong to simulate
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TABLE II
OUTAGE LOCATION OBSERVABILITY SENSITIVITY ANALYSIS

System Name

Observability  Branch-level Accuracy Branch-level Precision

Branch-level Recall Branch-level F;  System-level Accuracy

25% 99.05% 86.48% 99.56% 90.65% 69.73%
51-Node Test Feeder 50% 99.65% 92.77% 99.82% 95.07% 83.93%
75% 99.89% 98.38% 100% 98.93% 96.33%
25% 98.7% 83.47% 98.88% 88.05% 69.5%
77-Node Test Feeder 50% 99.41% 92.43% 98.86% 94.32% 86.6%
75% 99.60% 92.82% 99.89% 95.24% 88.1%
25% 98.92% 83.91% 99.05% 88.61% 69.6%
106-Node Test Feeder 50% 99.58% 91.11% 99.54% 94.1% 80.9%
75% 99.92% 98.19% 100% 98.88% 92.6%
5 , 19— T ‘
E —Energized-Branch 1.8+ >k : x:;ggg )
E —De-energized Branch 171 - * M=4000 b
08 - “Threshold 0.5 16 o, |--Threshold R =1.1) -
® g 15 . 1
;0-6 ___________________________________________________ 31_4,3'*' ) .. J
= T>u 131 o * . N . 7
§0.4 121 - . * " )
[ * PO Y R . S
[ 11 I P P L S £
i \\ B i 1l * LIS SRS SN 2 A A MR S R T IO 5
g e — | 0.9 I I I I I I I I I
5 0 0 5 10 15 20 25 30 35 40 45 50
g o 500 1000 1500 2000 2500 3000 3500 4000 Variable Index
& Number of Iteration
a
Fig. 7. GS algorithm calibration results for the 51-node system.

Fig. 6. Branch de-energization probabilities for one outage case.

the illegitimate calls, natural language processing errors, and
AMI communication failure.

A. GS Calibration Results

Basically, the GS calibration is a trial and error process
using a specific index, R. Hence, in each test feeder, we have
generated 500 sample sequences for each unknown variable
in the BN at different sampling iterations, M. Fig. 7 shows
the values of R; in the 51-node test feeder. As can be seen, by
increasing the number of M, the values of R;’s tend to converge
to 1. By selecting M = 4000, all R;’s drop below the user-
defined calibration threshold, Ry = 1.1, which indicates that
GS has reached a reasonable number of iterations in this BN.
Note that GS calibration is a offline process; as a result, the
high computational burden of the trial and error process does
not impact the real-time performance of the proposed method.

B. Performance of the Proposed Data Fusion Model

Fig. 6 shows the GS-based inferred dis-connectivity prob-
ability values of primary branches in the 51-node test feeder
in single outage scenario. As can be seen, for branches down-
stream of the outage location, these probabilities converge to
significantly higher values compared to the branches that are
not impacted by the outage event. By using the threshold,
the energized branches and the de-energized branches can be
easily distinguished to locate the outage. This demonstrates
that the BN-based outage location inference method is able
to correctly determine the state of the system. Note that there

are many blue lines overlapping with the x-axis (with zero
de-connectivity probability).

To evaluate the performance of the proposed outage loca-
tion method for 1500 generated outage cases in the test
systems, several statistical metrics are applied among all pri-
mary branches and customers, including accuracy, precision,
recall, and F score [36], [37]. These indexes are determined
as follows:

TP + TN
Accuracy = (IP + IV) (25)
(TP + FP + FN +1TN)
.. (TP)
Precision = ————— (26)
(TP + FP)
TP
Recall = L 27
(TP + FN)
Fi = (,32 + 1) * Prec * Recall (28)

(B? * Prec + Recall)

where, TP is the true positive (i.e., state of branch is inferred
as de-energized while its actual state is also de-energized), TN
is the true negative (i.e., state of branch is considered as an
energized while its true state is also energized), FP is the false
positive (i.e., state of branch is inferred as de-energized while
its actual state is energized), FN is the false negative (i.e.,
state of branch is inferred as energized while its actual state
is de-energized), P and N are the numbers of total positives
and negatives, and S is the precision weight which is selected
to be 1 in this paper. The average values of these indexes are
presented in Table II for the three different test feeders with
various observability levels. In all cases, the lowest accuracy,
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precision, recall, and F; score are 98.7%, 83.47%, 98.88%,
and 88.05%, respectively. For 50% and 75% observability
cases, all branch-level indexes reach values over 0.9. Also, the
system-level accuracy is calculated for all cases. Specifically,
the system-level accuracy refers to the percentage of times
that the states of all the branches/customers have been inferred
correctly in outage scenarios. In other words, even though the
outage location is inferred correctly, the system-level accuracy
may fail because of one misclassified branch. For example, for
77-node test feeder, our method can accurately infer the states
of all the branches/customers for about 1300 of the 1500 out-
age scenarios when the observability level is 50%. In this case,
the system-level accuracy is around 86.6%. As shown in the
table, when the observability is 25%, the system-level accuracy
is about 70%. This could be due to the evidence scarcity. We
have analyzed the failed scenarios. In more than 80% of these
scenarios, the proposed method can infer the actual location of
the outage but misjudged the status of one or two branches.
For the cases that have 75% observability, the system-level
accuracy is about 90%. This result is not surprising since
we have assigned false positive and false negative alarms in
each scenario. Such alarms reduce the completeness of outage
information. By comparing the results of the three feeders, it
can be concluded that the performance of the proposed out-
age location method improves as the observability increases,
due to the high confidence levels of meter-based evidence.
Also, the proposed algorithm shows almost the same level of
performance over the different test feeders. This result demon-
strates that the BN-based outage location method is nearly
insensitive to the topology of the underlying network.

To further evaluate the performance of our method, coincid-
ing multiple outage events are generated in three test systems.
Note that coinciding outage events refer to multiple simulta-
neous outages that take place at different locations that are
randomly selected. For concreteness, we have also calculated
the accuracy under 25%, 50%, and 75% observability lev-
els. Fig. 8 shows the performance indexes as a function of
observability level and the number of outages for the three
systems. As can be seen, almost in all cases, higher observabil-
ity improves the performance indexes regardless of the number
of coinciding outage events. In all cases, even though the
system observability is only 25%, almost all statistical indices
are above 90%. When the system observability is 75%, almost
all statistical indices are higher than 98%. Also, the indexes
have nearly similar values in cases with single and multiple
outages. Hence, we can conclude that the method has a stable
performance for multiple outages.

To explore the impact of information on the performance,
two more extreme cases are simulated. In the first case, all
human-based evidence is removed in the Bayesian network.
In the second case, the uncertainty of meter-based evidence
is manually increased. Specifically, by changing the values
of s and B4 (see (16) and (17)), the probability that the
last gasp can be delivered to the utilities correctly for out-
age notification is substantially set to 50%. Hence, when a
customer is assumed to have the smart meter, there is only
50% probability that the meter will send a last gasp signal
when an outage occurs. Using the three real-world test feeders,
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Fig. 8. Sensitivity analysis with coinciding multi-outage events.

different scenarios are simulated, and the results for system-
level location accuracy are summarized in Fig. 9. Testing
results show that the performance of the proposed method is
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(c) Results of the 106-node test system under different evidence scenarios

Fig. 9.
scenarios.

Performance of the proposed method under different evidence

impacted by the amount of outage information. By comparing
the results among the three cases, it is clear that incorpo-
rating non-metered information (i.e., customer trouble calls
and social media messages) is critical for distribution systems
with low observability. For the systems with high observabil-
ity, the uncertainty of the SM last gasp signals can limit the
performance of the proposed method.

C. Method Comparison

We have conducted numerical comparisons with two exist-
ing outage location methods, a support vector machine
(SVM) based approach [5] and a probabilistic approach [19].
Specifically, in [5], smart meter last gasp signals have been
utilized to train a SVM mode, one of the state-of-the-art clas-
sification models, for estimating the outage location. In [19],
the measurements from digital relays at substations and smart
meter signals have been incorporated for probabilistic diag-
nosis. Note that since there are no remote fault indicators
installed in the test systems, two constraints (i.e., constraint

SVM-based method([5]
90 MM Probabilistic method[19]
I Proposed data-fusion method
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(a) Comparison results of the 51-node test system
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(c) Comparison results of the 106-node test system

Fig. 10. Comparison of outage location results with two previous methods.

(4) and (5) in the [19]) are ruled out in the simulations. To
ensure a fair comparison among the three methods, the accu-
racy of all three was assessed based on the same branch-level
criteria. The comparison results are demonstrated in Fig. 10.
It can be observed that [19] and the proposed method gen-
erally outperform [5], especially when the system has low
observability. This indicates that our method and [19] can
achieve good outage location accuracy with smaller number
of smart meters by integrating heterogeneous outage-related
data sources, which makes it a suitable method in most dis-
tribution grids that are only partially observable. Among the
data-fusion-based methods, our method performs slightly bet-
ter than [19]. The difference between these two approaches
is that the proposed method not only uses data from smart
meters, but also effectively combines data from non-metered
data sources (i.e., trouble calls, social media messages, and
weather data).
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Fig. 11. Average simulation time for the five test feeders.

D. Computational Complexity Analysis

The case study is conducted on a standard PC with an
Intel Xeon CPU running at 4.10GHZ and with 64.0GB of
RAM and an Nvidia Geforce GTX 1080ti 11.0GB GPU.
To provide a comprehensive computational complexity anal-
ysis, the proposed method is conducted on two additional
real-world distribution feeders: a 17-node and 164-node feed-
ers. The detailed information of these feeders can be found
in [10]. Fig. 11 shows the average computational time of
outage inference for the test feeders. As described in the fig-
ure, by using our standard PC, the average computational
time for outage location inference in five test feeders are
{2.7s, 12.58s, 21.64s, 30.14s, 51.59s}, respectively. Also, the
proposed model does not infer outage location in a system-
wide fashion, but performs feeder-level location estimation.
This strategy enables parallel computation of different feeders
to further reduce the computational time. These salient features
can facilitate the application of practical distribution systems.

VI. CONCLUSION

In this paper, we have presented a novel multi-source data
fusion approach to detect and locate outages in partially
observable distribution networks. The problem is cast as the
process of inferring the probabilities of post-event operational
topology candidates. Our method encodes the network’s topol-
ogy and the causal relationship between outage evidence and
branch states into BNs by leveraging the conditional inde-
pendence inherent in distribution grids. By constructing the
BNs, the proposed method is able to infer the connectivity
probability of individual primary branches with nearly lin-
ear complexity in the size of the network. Moreover, this
method exploits data redundancy to reduce the impact of data
uncertainty, and is suitable for arbitrary radial distribution
systems. Based on simulation results on real-world networks,
the proposed method can accurately detect and locate outage
events within a short time.

Future study will seek to extend the proposed method
in meshed grids with high penetration distributed energy
resources. BNs alone cannot fully capture conditional indepen-
dencies when there are multi-directional power flows. Hence,
we plan to explore hybrid graphs that consist of both directed
BNs and fully undirected Markov networks. Further, a joint
Boltzmann distribution function will be investigated to embody
graph parameters.
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