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for Outage Location 1n Looped Distribution Systems
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Zhaoyu Wang~', Senior Member, IEEE, Yiyun Yao", Member, IEEE, and Fei Ding

Abstract—Accurate outage location is essential for expediting
post-outage power restoration, minimizing outage duration, and
enhancing the resilience of distribution networks. With the
advent of advanced metering infrastructure, data-driven outage
location methods have significantly advanced beyond traditional
approaches that rely on manual inspections. However, existing
methods still face critical challenges, like reliance on single-source
data, limited ability to handle partially observable systems or
difficulties with loop networks. To the best of our knowledge,
no single approach has comprehensively addressed all of these
challenges at once. To this end, this paper proposes a comprehen-
sive multisource data fusion framework for outage locations via
probabilistic graph networks. The framework consists of three
key phases. First, a novel method for reconstituting distribution
networks with loops is developed, transforming looped networks
into multiple radial subnetworks that retain all outage causalities
of the original network. Second, Bayesian network (BN) models
are established for each subnetwork, integrating multiple data
sources and network structures. Finally, a joint Gibbs sampling
mechanism, featuring forward and backward information flow, is
designed to merge data from separate BN models and maximize
the utilization of limited evidence, ensuring accurate outage
location identification. The framework was validated on two
modified public test systems, and comparative studies confirmed
its effectiveness.

Index Terms—Distribution system resilience, outage location,
probabilistic graph model, multisource data fusion.
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DFS Depth-first Search

DN Distribution Network

DSO  Distribution System Operator
EDR  Evidence Density Ratio

JGS Joint Gibbs Sampling

LPM  Linear Pooling Model

MDF = Multisource Data Fusion
Obs-Le Levels of Observability

PDF Probability Density Function

SCADA Supervisory Control and Data Acquisition

SM Smart Meter
SVM  Support Vector Machine
Sys-Le System Level
Constants
o Information entropy-based weight
B Fixed weight for distribution mixture
AT Information collection time after outage
n Set of all evidence types
T Threshold for sampling branch/customer status
K JSP iteration number
M Minimum number of constructed subnetworks

Indices and Sets
B Probabilistic graph network set
Bseq Ordered BN set
G* Set that collects all the reconstructed subnetworks
L; Path set of the node i

Py Path sets of all the nodes in the network
Variables

P_¢ Weighted mixture distribution from fusion opera-
tion

C Status of customer switches

D States of the primary network branches

h() Information entropy-based metric

Yy Distribution network topology

Z Multisource evidence

() Probability fusion module

B.U(m) m-th BN in the Beq

f Status of customer i connected to branch i

Ch(-)  Represents the child nodes of the target node

di(k)’[m] State of the branch i in subnetwork m in (k+ 1)z
JGS iteration

d; Binary state of branch i
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Fo I(\) Inverse transform to sample states from distribution
Gy Subnetwork utilized to build By ()

Pa(-)  Represents the parent nodes of the target node
r([f] Evidence density ratio of subnetwork i

2 Grid parameters of branch i

z%f . Human-related evidenceof customer j

zi"j Meter-related information of customer j

zy Vegetation data of branch i

zy Weather conditions of branch i

I. INTRODUCTION

EVER power outages caused by recent extreme weather
S events have emphasized the urgent need to improve the
resilience of distribution power systems [1]. One critical yet
challenging aspect of strengthening power system resilience is
the accurate and efficient location of the outages, particularly
within DNs, where the majority of outage events occur [2], [3].
Traditionally, outage locations are identified through customer
trouble calls or manual inspections. However, relying on
trouble calls alone is unreliable, as it is estimated that only
one-third of customers report outages within the first hour
post outage [4]. While manual inspections, combined with
expert knowledge, can provide acceptable outage locations [5],
this approach is labor-intensive, costly, and time-consuming,
making it suboptimal for DSOs.

The recent development of AMI-based techniques has
brought promising solutions to the outage location problem.
Through bidirectional communication, SMs can transmit “last
gasp” signals to utilities when there is a loss of power [6].
While some utilities have fully observable systems, meter
malfunctions and communication delays can render it imprac-
tical for utilities from relying solely on last gasp signals to
accurately assess the current state of the system and further
make informed predictions regarding the location of outages
in real time. In addition to SMs, other advanced sensors
with real-time communication abilities (e.g., second-level line
measurements) have also shown potential for solving outage
detection issues and have been explored in previous studies
[7]. However, due to budgetary constraints of utilities, the
widespread deployment of these advanced devices, particularly
among smaller utilities, remains limited [8]. Furthermore, the
growing integration of DERs has added complexity to the
design and operation of DNs [9], [10], raising concerns about
the continued effectiveness of traditional outage location meth-
ods. These challenges highlight the needs for more practical
and scalable solutions to improve outage location.

To tackle these challenges, recent studies have increasingly
focused on data-driven methods for outage detection. Existing
research in this area can be broadly categorized into two
groups based on the data sources used: SM data-based and
non-SM data-based methods.

Class I - SM data-based methods: These methods primarily
leverage SM measurements and last gasp signals for out-
age detection. Reference [11] proposed a classification-based
outage location model using a multi-label SVM, where the
SMs’ last gasp signals are used to pinpoint outage branches
in fully observable networks. In our previous work [2], a
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generative adversarial network-based approach was introduced
to detect outage regions, even in partially observable systems,
distinguishing it from the method in [11]. Similarly, [12] intro-
duced a probabilistic and fuzzy logic algorithm for analyzing
outage data using AMI. Reference [13] developed an outage
monitoring method leveraging stochastic time series analysis
and SM voltage measurements, which showed significant
changes post-outage. This method was validated on both
radial and looped DNs, which are common in urban settings.
Reference [14] proposed a spectral clustering method based
on SM outage notifications, which provides accurate outage
detection results, but the large outage areas identified instead
of branch-level results offer limited information to operators.

Class II - non-SM data-based methods: in contrast to Class
I methods, Class II approaches leverage information from var-
ious external sources to detect outages in distribution systems.
Reference [15] utilized social sensors within a probabilistic
framework for outage detection, while [16] integrated weather
data into an ensemble learning model to identify outages in
distribution systems. In [17], an outage location framework
tailored for systems with tree structures is proposed. This
framework integrates real-time line flow measurements with
predicted loads, facilitating both efficient outage detection and
optimal sensor placement. Moreover, [7] presents a mixed-
integer linear programming model that utilizes line flow
measurements and AMI data to identify the topology of the
distribution system under various operation conditions, outages
and normal situations. Similarly, [18] addresses outage identi-
fication, system state estimation, and topology error correction
concurrently, through an optimization framework based on
mixed-integer quadratic programming. Despite the increas-
ing deployment of distribution system line measurements in
some utilities, widely equipping such measurements remains
impractical due to budget limitations. Rather than relying
on new sensor installations, researchers have increasingly
focused on leveraging the complementary nature of various
data sources to enhance outage detection. In [19], a two-phase
knowledge-based system for outage location is proposed,
which fuses multiple data sources. This framework integrates
traditional escalation to locate outage areas and meter polling
to confirm statuses, using data from trouble calls, SCADA
systems, and automated meter readings. Further advancing
multisource data fusion, [20] proposes a transformer-based
deep learning model that fuses operational and meteorolog-
ical data to provide power outage warnings. Similarly, [21]
utilizes BNs to incorporate multisource evidence and network
structures, enabling accurate outage location in partially
observable distribution systems. However, due to the inher-
ent limitations of BNs, this method is not suitable for
looped DNSs.

Despite extensive research on data-driven outage location
methods, several challenges are yet to be unresolved. First,
assuming full observability across all distribution systems is
impractical, as not all customers have SMs, and SM signal
communication failures during extreme events can undermine
the model performance. Second, while some methods address
partial observability, they lack the granularity needed for
branch-level outage detection, as they rely on a single data
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source. Third, most methods are designed for radial networks,
with only a few that can be extended for loop systems.
However, these methods don’t account for the unique charac-
teristics of looped systems, resulting in a lack of stability. To
tackle these challenges, this study introduces a comprehensive
framework for integrating information from multiple data
sources to pinpoint outage locations in distribution systems.
The key contributions are as follows:

« This research develops a comprehensive MDF framework
for outage location in distribution systems. By fully
utilizing the complementary characteristics of multiple
data sources, the integrated framework accommodates
varying levels of system observabilities and provides
stable outage location results.

« A novel network reconstitution method is developed
for DNs with loops, which examines the constraints of
employing BNs in outage location applications, specif-
ically focusing on the limitations imposed by the use
of directed acyclic graphs. The method serves as a
foundational step for the framework, enabling our outage
location framework to be applied to both radial and
looped networks.

o A JGS mechanism is proposed to infer outage locations
based on the multiple BNs. It addresses the high-
dimensional challenges posed by multi-source data and
the application of the framework in large-scale DNs.
By incorporating both information forward and backward
phases, the utilization of limited evidence, which is
common in real scenarios, is optimized.

The remainder of this paper is organized as follows.
Section II outlines the problem statement for outage location.
In Section III, the DN reconstitution method is presented.
Section IV details the proposed multisource data fusion
framework. Numerical results are provided in Section V, and
conclusions are drawn in Section VI.

II. PROBLEM STATEMENT OF OUTAGE LOCATION

Outage events inherently result in topological changes
within the electrical grid, making the identification of outage
locations dependent on inferring the probabilities of various
post-event operational topologies [21]. Effective outage loca-
tion relies on comprehensive outage information. Traditional
methods, which often rely solely on customer reports, are
limited in their effectiveness. By contrast, integrating a broader
spectrum of outage-related data, also referred to as multiple
data sources or multisource data, such as SM last gasp signals,
customer reports, and weather information, has the potential
to significantly enhance both the accuracy and timeliness of
outage detection [22]. The diverse data sources complement
one another, addressing issues like low SM coverage or
limited customer reporting, without the need for additional
metering devices. Weather information, such as wind speed
and extreme weather events, is a critical factor in the reliability
of distribution systems and has been previously incorporated
into outage location studies [16]. This information is typically
obtainable from local weather stations and online sources.

Despite industrial surveys indicating that utilities often under-
utilize SM data [23], last gasp signals, which are easily
retrieved through direct communication with individual SMs,
are already integrated into outage management systems as a
critical complement to customer trouble reports. Moreover,
technological advancements, particularly in natural language
processing, have facilitated the extraction of valuable data
from social media platforms such as Facebook and Twitter,
which function as social sensors [15]. This data can be system-
atically processed and converted into binary evidence, making
it suitable for further application in outage detection and
analysis. While this study emphasizes specific data sources, it
does not imply that these are the only applicable inputs for the
proposed outage detection model. With the continued devel-
opment of measurement technologies, devices, e.g., micro
phasor measurement units [24] and fiber optic sensors [25] also
offer significant potential for enhancing outage detection and
localization. However, to preserve the model’s general appli-
cability across various DSOs, these sources are not extensively
discussed in this work. Nonetheless, the proposed method,
designed as a general framework, retains the flexibility to
incorporate additional data sources as they become available.

The data from various sources discussed above can serve as
evidence supporting the accurate localization of outages. We
utilize Bayes theory to mathematically formulate the outage
inference process based on the multisource evidence Z. The
conditional PDF of DN topology ), considering the post-
outage evidence Z, is expressed as P(Y =y | Z2 =2). It
is derived from the joint distribution of ) and Z, denoted
by Py z(g,z) and marginal distribution of Z, ie., Pz(z).
The outage location is identified by determining the most
likely candidate topology, which is achieved by maximizing
the conditional PDF as follows:

y'=argmax P(Y = y|Z =2z) = Fy.20-2)

y Pz(2)
where y* represents the most probable DN connection fol-
lowing the outage. The variable ) is a multinomial variable
that captures the states of the primary network branches D
and the status of customer switches C, collectively represented
as {D, C}. The variable D € B, where B = {0, 1}, indicates
the binary state of the primary network branches. Specifically,
di = 1if d; with i € {1,2,...,n} is outaged, and d; =
0 otherwise. Similarly, C € B for customers, takes the
value 1 if the customer is disconnected from the network.
The process of maximizing over topology candidates can be
achieved by identifying the most probable states of individual
branches or customers through their respective conditional
PDFs, Pp,z(d; | z) and PC:‘ Z(ch | z), which are formulated as
follows.

Ppyz(di|z)= Y Ppez@dcln= ),

) ey

Ppc,zWd,c,z)

{d.ehd; deong, 2@
()
. j _ _ Ppc.z, c,2)
Poz(dz) = X Poaz@eln= 3 T
{d.c}\c} {d.c}\c:
3)

where, A \ B denotes the set of elements in A but not in B.
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Generally, the primary objective of the outage location by
multisource data fusion is to solve (2) and (3) after the outage
occurs. To accomplish this, an outage location method based
on a BN is introduced in our previous work [21]. The BN
approach significantly reduces the computational complexity
of outage location inference in high-dimensional spaces and
effectively leverages tree-like features of DNs to facilitate
outage inference. However, the basic BN model is limited in its
application to DNs with loops, as it is only suitable for directed
acyclic graphs. Despite this limitation, the characteristics of
the BN model offer distinct advantages for outage location,
particularly in weakly meshed networks, where most of the
network remains radial. To overcome the limitations of the
existing model, an integrated outage location framework via
BN is proposed in this paper, which is designed to handle both
looped and radial DNs.

Given the BNs are only applicable to directed acyclic
graphs, the fundamental and direct strategy for managing
weakly meshed networks is to reconstitute the complex
network into multiple radial networks. These radial networks
must encompass all the outage causalities present in the
original meshed network. For instance, if the system network
contains a loop, the target branch within the loop will have
two potential paths to the power source. These two paths
represent all the potential routes for energizing the target
branch. By decomposing the weakly meshed network into
two radial subnetworks, each containing one of the paths, the
BN can be utilized to infer the status of the target branch
based on the evidence from these subnetworks. Consequently,
the outage inference results for the target branch in the DN
can be obtained by combining the inference results from
multiple BNs. This idea is clear, but it raises three essential
questions: 1) How can we decompose the looped network into
radial subnetworks that comprehensively capture all potential
outage scenarios while ensuring the decomposition is optimal?
2) How can we extend our existing BN model to perform
inference for each subnetwork? 3) How can we effectively
integrate the inference results from each subnetwork to derive
a reliable final outage location?

In this paper, our proposed integrated outage location
framework addresses these questions separately. Detailed
explanations and solutions will be provided in the following
sections.

III. DISTRIBUTION NETWORK RECONSTITUTION

To address the first question, it is essential to design a
method for decomposing and reconstituting the DN with
loops. This section proposes a two-step approach, consisting
of a DFS-based network decomposition model and a network
reconstruction model using an iterative method, serving as the
first module of the framework.

as A. DFS-Based Network Decomposition Model

349

350

35

352

The problem of ascertaining the energization status of a
branch or customer can be formulated as identifying feasible
paths between the concerned branch or customer and power
supply sources, herein represented by substations. Consider a
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Algorithm 1 DFS-Based Network Decomposition Algorithm
Require: Adjacency matrix of the network A, target node
index i, power source node index s.
1: initialize path set of node i as L; = {}; current directed
path ¢ and its end node v,; visited status as g € R1*”

2: execute the procedure DFS

3: procedure DFS(A, i, s, ¢q, ¢)
4 if i == s then

5: Li < L;U/{c}

6 return

7 end if

8 q; < 1, B < {jlA;j > 0}; ¢ < ¢+ (vi, v)
9: for k from B do

10: if g, > O then

11: DFS (A, k, s, q, ¢)
12: end if

13: end for

14: q; <0

15: return

16: end procedure
17: return L;

DN represented by an undirected graph G = (V, E), where
V ={vi,..., v} U{vs} denotes the set of primary bus nodes
and £ = {(v;,vj) | vi,v; € V} denotes the set of primary
network branches. During a system outage, branches that lose
power are categorized into the set EF, while those remaining
energized constitute the set EV, satisfying E = EN U EF.
For each node v; in the network, there exists an ensemble of
paths, denoted L; = {li], ...,lf’}, each of which establishes
connectivity from v; to the source node v;. A path lf-’ is
classified as “active” if all its constituent edges are members of
EVNie., Vej €l ¢ € EN. The aggregation of all active paths
of node v; is denoted as L{. Outage areas within the network
can be precisely identified by locating nodes for which the set
Ll?" is empty. Hence, to deduce the status of variable C or D,
the initial step is to identify the ensemble set of L; for each
node i. This process decomposes the original network into
multiple sets of paths. While manual decomposition is feasible
for simple networks, it becomes impractical for networks
with thousands of buses. Consequently, we introduce a DFS-
based model for network decomposition to efficiently handle
complex network structures.

DEFS is an algorithm used for traversing or searching tree
or graph data structures. Starting from a root node, it explores
each branch as deeply as possible before retracing its steps.
Essentially, it dives deep into a graph, visiting a node and
proceeding to its adjacent, unvisited nodes sequentially until
it reaches a dead-end. Then, it backtracks and explores other
unvisited nodes in a similar manner. In our case, for each
node v;, we use the DFS method to find all paths from
the node v; to vy, i.e., L;, then the path sets of all the
nodes form the network path set Py = {L;|li = 1,...,n},
which will be the input of second step. The details of the
DFS-based network decomposition method are provided in
Algorithm 1.
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Original Network
+
DFS-based Network Decomposition l
v
Py={L;|i=1.2,..N}
M = max(|L;]),i=12,..,N

Rule-based Network Reconstruction l

v
G={Gf| j=12,..,M}

Generated subnetwork

counts
N

Subnetworks

o

Fig. 1. The flowchart of the network reconstruction via iterative method.

B. Network Reconstruction via Iterative Method

The status of each path from L;, whether active or inactive,
can be inferred either directly from multisource information or
derived from the previous BN-based outage location method
[21]. However, implementing these ideas presents practical
challenges. Firstly, the computational feasibility of these
approaches is compromised by the exponential increase in
the number of paths within L;, especially in complex meshed
DNs. Secondly, a high degree of redundancy exists among
the models, as paths in L; may share a majority of nodes
or branches, leading to the construction of similar models
for overlapping paths. Thirdly, treating the status of paths in
isolation impedes the flow of observable information, such as
trouble calls, between models, resulting in suboptimal data
utilization and, ultimately, diminishing the model performance.
To address these issues, we propose a network reconstruction
method that employs an iterative method. The reconstructed
networks, referred to as subnetworks below, enhance the
efficiency and accuracy of downstream inference models in
pinpointing outage locations. The flowchart of the method
is shown in Fig. 1. Based on the network path set Py,
the rule-based network reconstruction is performed, with the
primary rule being the avoidance of looped subnetworks
during path merging. The objective is to create equivalent
networks without loops, ensuring they are suitable for BN
construction. The algorithm proceeds by first selecting one
of the active paths /2 of node m that has the largest active
path set L,, to serve as the initial subnetwork G?. This is
because the number of final subnetworks cannot be smaller
than the maximum size of any path set, as discussed in more
detail below. Another active path [ is randomly selected from
the set Py \ {Ln, G]s. }. If merging G; and /4 does not create
loops, the merge proceeds, and G; is updated accordingly.
This merging process is repeated until no more paths can be
combined without creating loops. Once merging is complete
for ij , it is stored, and the process begins anew with another
path lﬁj’l from L,,. This continues until all active paths from
L, are incorporated into subnetworks. If active paths remain
unprocessed, the algorithm restarts the merging process until
all paths are considered. The stopping criterion here is based
on reaching the theoretical minimum number of subnetworks.
Without this criterion, the random selection of paths during the

merging process could lead to variations in the composition
of G* and the total number of subnetworks. To minimize the
computation burden of subsequent BN modeling and outage
inference, it is advantageous to find the G* with the smallest
possible size |G®|, which has been proven to correspond
to the maximum size of the path set L; across all nodes

i =1,2,...,N. The details are outlined in Proposition 1.
All the subnetworks G; form the subnetwork set G* =
{G]“-v | j = 1,..., M}. The resulting subnetworks capture all

outage causalities of the original network, and the proposed
method ensures the minimum number of subnetworks, thereby
reducing the complexity of the subsequent outage inference
models.

Proposition 1: The lower bound for the number of con-
structed subnetworks, denoted as M, is at least equal to
the maximum size of the path set L; across all nodes i =
1,2, ..., N. Formally, this is expressed as M > max(|L;|).

Proof: Assume, for the sake of contradiction, that M <
max(|L;|). Let Ly be the path set with the largest number of
paths, i.e., k = argmax;|L;|. In this case, more than one path
from L; would need to be merged into the same subnetwork.
Consider any two distinct paths /; and [} from L;. Both
paths include the target node vy and the source node vj.
Merging these paths into the same subnetwork would result
in a loop, violating the network reconstruction rule. Thus,
our assumption that M < max(|L;|) leads to a contradiction.
Therefore, M > max(|L;|), proving the proposition.

C. Discussions on Network Reconstitution

Regarding the proposed DN reconstitution method, several
points should be further clarified. Firstly, computation effi-
ciency is an important consideration for making the method
practical. However, since the network reconstruction is con-
ducted offline, it has a higher tolerance for computation time
compared to online methods. Therefore, computing efficiency
is not our primary concern. Additionally, as previous work has
shown [26], [27], the looped distribution power system is usu-
ally weakly meshed with a small number of cycles, resulting in
a lower computational burden. Consequently, the computation
cost is not a significant issue for our method. Furthermore,
distribution network reconfiguration is common in operational
practice. By handling the topology reconfiguration process
offline, frequent topology changes do not significantly impact
the efficiency of outage location inference. For each topology
configuration scenario, a dedicated network reconstitution is
performed, and the corresponding subnetwork sets G° are
precomputed and stored. During real-time operations, the
appropriate model is selected based on the current topology,
enabling efficient and seamless integration into the outage
location framework. Additionally, the proposed framework
is designed to operate in three-phase systems. The network
reconstitution process and the outage detection framework
are executed independently for each phase. The results from
the three phases are subsequently integrated to determine the
final outage location outcomes. For simplicity and ease of
demonstration, this paper focuses on single-phase networks to
illustrate the performance of the proposed model.
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information, denoted by zf”j Additionally, weather conditions,
vegetation data, and grid parameters are considered, denoted
. zf?}, respectively. Then, the construction of the BN,
based on the structure of the physical DN and the dependencies
between variables and various forms of evidence, is illustrated
in Fig. 3. In this BN-based representation, four main factors,

encoded in a graph structure and marked in red, compactly

break down the original high-dimensional joint PDFs. The

v b
) 4) (7 Zfh 2 Zin
\ ‘ / vFaclor \ il / . Time Variable
/ \ D1 Branch
1 m 1 cee M
2] ¢} Zl ey (5 Customer

/

Zlm

&)~

h
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Fig. 3.

IV. PROBABILISTIC GRAPH INFERENCE-BASED OUTAGE
LOCATION FRAMEWORK

Based on the DN reconstitution method, subnetworks cap-
turing all causal information are prepared for outage location.
A probabilistic graph model, specifically a BN model, is
applied to each subnetwork. The BN-based approach addresses
computational complexity and prevents overfitting in outage

location inference. The key

in its ability to seamlessly integrate diverse data sources by
exploiting the conditional independencies present in both the

Tllustration of the BN model structure and four main factors.

/] ®

m h
Zig1,p i1,

Customer Report

Metering Signal

P

Cl|Pa(c]

status of customer j given parent variables. The evidence z;

factor Pp;pup;)(di | Pa(d;)) represents the relationship of
branch d; with four parent variables, denoted as Pa(d;) =
{d-q,z?,z{,zf’}, which has direct causal influences. Factor
) (ch | Pa(c})) represents the conditional PDF of the

h
i.j

is determined by the two parent variables: customer status
and time after the outage This relationship is captured by

strength of this approach lies

grid and data. These independencies allow for a scalable and

efficient graphical representation, improving the accuracy and
efficiency of outage inference. All BN models are combined
and inferred through the JGS mechanism. These procedures
form the outage location framework, as shown in Fig. 2.

Specifically, the proposed method decomposes the joint
s02 PDF Pp ¢ z(d, ¢, z) into a series of smaller, more manageable
so3 factors. As discussed in Section II, multisource data can

the factor ch \Pa(Z1, )(Z

| Pa(z )) Considering the SM

signals will be delivered to utlhtles almost 1nstantaneously
after the outage, the parent of evidence z’
customer status. Therefore, the final factor is constructed as
Pz;.’jj \Pa(Z2, )(zi’j | Pa(zi’j)). By utilizing this computationally
efficient BN-based method, the conditional PDF for the state of
each primary branch can be quickly inferred based on the data
from multiple sources, enabling rapid identification of outage
locations. More details about the BN structure development
and parameterization can be found in [21].

. will be only

Following the above procedure, a BN can be constructed

for each subnetwork in G*. These BNs collectively form the
model set B. In the next section, we will present an advanced
joint inference method for B, enabling the identification of
final outage locations. It is important to note that for the

original network, the unknown state variables {D, C} represent

so¢ be collected post-outage to form the evidence set Z. To

505

506

507

508

maintain generality, in this work, we select outage evidence

from the customer side, including trouble calls and social

media messages gathered within AT after the outage, which
is categorized as human-related evidence and denoted by zf’ -
so0 The last gasp signals from SMs are classified as meter-related

the universal set. For each subnetwork, the state variables
of the customers and branches will form a subset of this
universal set, marked as {D[i], C[i]} for B;, and (-)[) represents
the relationship with B;.

B. Outage Location Inference Using Joint Gibbs Sampling

Through network reconstitution and the construction of the

outage inference models, the original outage problem has
been significantly simplified. However, directly solving equa-
tions (2)-(3) remains impractical due to the computationally
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expensive summation operations Pz (z) overall nodes of the
graph simultaneously, particularly in large-scale DNs [28]. To
address this issue, the Gibbs sampling (GS) algorithm can
be introduced to conduct the outage inference over the BN
model. GS is a Markov Chain Monte Carlo method that sam-
ples from complex distributions by iteratively using simpler
conditional distributions [29]. It efficiently handles high-
dimensional spaces, making it ideal for large-scale BNs [30],
where exact methods are computationally infeasible. However,
different from a single BN model for the radial network,
the probabilistic graph network set B with multiple BNs is
obtained here to be further inferred. A common approach for
addressing this challenge is to apply the basic GS algorithm
to perform inference for each B; € B, Vi individually, and
then combine the results to obtain the final outage inference.
While this approach is theoretically feasible, it has two
significant limitations. First, the outage inference results from
different BNs may conflict due to the varying and incomplete
information received by the different subnetworks, introducing
challenges in resolving these conflicts. Moreover, while multi-
source data fusion enhances outage location accuracy, it also
increases the risk of misinformation from data collection
errors, such as erroneous “last gasp” signals from smart meters
or natural language processing inaccuracies in social media
messages. Separate inference in each subnetwork exacerbates
these issues, as the misinformation can propagate and lead
to inconsistent or inaccurate conclusions that are difficult to
reconcile. Second, in real-world applications, DNs are often
partially observable, leading to limited information for outage
location inference [2]. While there may be some overlap
of customers among subnetworks, separately inferring these
BN models risks underutilizing the available information,
particularly in emergency scenarios such as large-scale outages
caused by severe weather, where communication channels may
be blocked or damaged [31]. To address these limitations, we
propose the JGS method as the final step of the framework,
designed to enhance the accuracy and reliability of outage
location inference.

To enable simultaneous inference across the BNs, we
designed and integrated a two-phase information forward-
backward mechanism into the basic GS method, achieving
joint sampling. The core idea of this mechanism is to facilitate
the transfer of information between different subnetworks dur-
ing the iterative process, thereby maximizing the utilization of
limited data and ultimately enhancing inference accuracy. The
first challenge in implementing this mechanism is determining
the direction of information flow, specifically how to sequence
the BNs from B. The information collected from both the
customer side and the grid side during AT after the outage
trigger point is converted into evidence and serves as input for
the outage location inference task. Due to variations among
customers, the evidence received by each subnetwork may
differ. Naturally, information should flow from the subnetwork
with more evidence, and thus more information, to those with
less. To quantify these differences in information, we define an
EDR, denoted as r,, which represents the level of information
received by each subnetwork. This ratio can be expressed as
follows:

i1 _ ZKGI’]J 1 z/

= 4
e Cl - 11l @

where |Cl| denotes the total customer number in subnetwork
i; n represents the set of all evidence types, such as trouble
calls, Twitter posts, and SM last gasF signals; and || indicates
the number of evidence types. The 7' measures the proportion
of evidence collected during the outage event relative to
the theoretical maximum amount of evidence. Ideally, if
all customers in the subnetwork experience an outage and
successfully transmit last gasp signals through their SMs while
also reporting the outage via phone and social media, the
ratio would be 1. However, in practice, rg] tends to be lower
due to the restricted outage area, partial SM coverage and
limited customer interaction during the outage. Additionally,

’] will vary across subnetworks, reflecting differences in SM
1nstallat10n and customer feedback. Consequently, the BNs in
B can be organized in descending order of rg , forming a
sequence Bseq = (Bo(1), - - -» Bo(u))-

1) Information Forward Phase: Given the collected evi-
dence Z and the ordered BN set B, initial samples are
randomly generated across all the unknown state variables
(DO, €}, and the initial state of the samples in each subnet-
work can be initiated as {D@-11, -l v e {1, ..., M}. The
sampling process begins with the first BN model, B, .,y (Where
m=1) 1n the sequence Bgeq, with a randomly chosen state
variable d m] designated as the starting point. In the (k4 1)y,
iteration of the JGS, based on the structure of the By, the
designated samples to the parents and children of dl[m] are fed
into the local Bayesian estimator. The conditional PDF of dl[m]
is then approximated based on the latest sample as shown in
equation (5):

Po(d; | %)
_ Ppypay(di | Pa(di))Pcnyp;(Ch(d;) | di)
>4 Ppy\pany (di | Pa(di)Pcnpy)p; (Ch(d;) | di)
here, dﬁ. represents the latest updated sample excluding d;,
where £ denotes the variable script (k), [m] due to space con-
straints; Similar to the denotation of Pa(-), Ch(d;) represents
the child nodes of d;; and:
Ppi\papy) (di | Pa(di) = Pp, . | giwrb) (di |d2y, 2,3, Z?)
Penwyp; (Ch(d)) | d;)
Mi

R
=Pp Dt 11D, Z'””( i+1 |d,,el+1, i+1> € H‘I)HPCJ\D,(C] | d )

j=1

(&)

Considering the Pg(d; | dg? ’[m]) represents the PDF over
a single random variable dl[m], it can be efficiently calculated.
The new sample of dl-(k)’[m] is then drawn from this PDF using
the inverse transform method [28]. This sample is subsequently
used to update the current state of Bg(m_H),l i.e., d0-tm+1l
The newly generated samples dl.(k)’[m] contains the information
from the evidence provided by the customers in Bg -, for
m~ < m. Updating the state of network m + 1 represents

]Only the states of common variables between By (;;) and By (1) are
updated, considering subnetwork differences.
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the flow forwards of data from the previous BNs with higher
EDR, allowing for a better approximation of the PDF. This
process of PDF calculation, sample generation, and data flow
continues until the variable states of the final network By s
are updated, completing the information forward step.

2) Information Backward Phase: While the forward phase
facilitates the transfer of information from the first to the last
ordered BN, it does not support backward information flow.
This limitation is addressed in the backward phase. During
the backward phase, information is transferred back to each
BN by merging the approximated PDFs PE{)"] generated during
the forward process across all networks. To achieve this PDF
combination, an information entropy-based merging method
is employed within the probability fusion module, with its
specific formulation provided in equation (6):

h(D[’"])

P‘I"ZPm](M SN ”)

where, Py denotes the weighted mixture distribution from the
fusion operation; B represents the fixed weight, constrained by
B < M, and o = 1 — Mp denotes the dynamic component of
the weights based on entropy; the £ (D) is the entropy-based
metric shown as:

(6)

D)
Z}P@(d, 1|d_,) ln(Pq>(d 1|d ))
)

In information theory, entropy quantifies the uncertainty or
randomness within a dataset, measuring the unpredictability
and information content of a message or data stream. Here, we
design an entropy-based metric to assign appropriate weights
to each subnetwork’s results based on their respective levels of
uncertainty. BNs with lower uncertainties, indicated by higher
(D) values, are given greater weight in the probability
fusion process. The fusion module dynamically assesses the
reliability of inference results for each BN according to this
metric. Subsequently, a new sample is drawn from the fused
distribution Py, which is then used as the initial state for Bs (1)
in the next iteration. This marks the end of the backward phase,
initiating another forward phase.

The information flow of the forward and backward phases
is illustrated in Fig. 4. This two-phase JSP process is repeated
until a specific number of random samples, e.g., K, are
obtained for the unknown variables. The target conditional
PDFs, Pp;z(d; | 2) and P 7(c; | 2), can then be approx-
imated by tallying up the samples produced by the GS
algorithm, a method that has been theoretically validated [28].
After completing the JSP iteration, the most probable values
for each branch and customer state are determined based on the
estimated conditional PDFs to resolve equations (2) and (3).
Since the state variables are binary, a threshold value 7 is
applied to determine whether a branch i is energized. Once the
states of all branches and customers are obtained, the location
of the outage events can be easily identified. The detailed
procedure for outage location inference using JGS is presented
in Algorithm 2.

h(D'™
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Information forward
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inference results

Fig. 4. Illustration of the joint Gibbs sampling mechanism, demonstrated
with three subnetworks. Additional networks can be integrated similarly.

Algorithm 2 Joint Gibbs Sampling Algorithm
Require: Networks G°, BN set B = {B,, | m = 1,... M},
iteration number K, evidence set Z, cutoff threshold T
1: initialize samples 0 {d cj | Vi, j} randomly
generated from Binomial d1str1but1on of order 2; then,
update x©@ «— xO U Z.
2: order the BN set as sequence Bseq = (Bo(1), - - - »
ensuring re(G;(m_l)) < re(G‘;(m)) for all m < M.

Bsm)),

3. for k=0,...,K do

4 form=1,...,M do

5 x,Iml (k)

6: execute procedure PEI’)"] <~ GS(By (), x(R).lmly

7 draw x®-" from PEI’)"], x®-lml - 1(PE';’])

8 end for

9 Py <~ \I/(PE;], R P[g[]) > W(.) Prob. fusion module

x*HD « F=1(Pg) & F71(-) Inverse transform
11: end for
12: procedure GS(Bg; (), X)

13: fori=1,...,|D+ C| do
14: select one random variable x;
15: update x_; < x \ x;
16: Po < Py, pa(x;) Xil PaG)) Py (xy x,; (Chxi) xi)
' T Y Py ra(x,) CilPaG) Py ;) x; (ChGE) [x7)
17: end for
18: return
19: end procedure
20: return Py
K db
21: PD |z(d =1 |Z) <~ k:o , Vi
K Oc’ w ..
22: Z(d =1]z) « Vi, j
23: mference state by t: d; <= 1,Viif Ppz(di=112) > 1;
T c{. <~ 1,VYi,j 1fPC,_|Z(ch =1llz)>1
24: return c{ avi, j

V. NUMERICAL RESULTS

To evaluate the practical performance of the proposed
model, a series of numerical case studies are carried out in this
section. The two testing systems employed are derived from
a widely utilized IEEE 123-bus DN testing system [32], [33]
and a real-world 51 bus distribution feeder [34], referred to as
the IEEE system and Real system, respectively. Both systems
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Fig. 5. Topological information of the testing systems: modified IEEE 123
bus model (left) with two loops and modified real 51 bus system (right) with
two loops.

are publicly available online. To create weakly meshed DN,
two loops were added to each testing system, with detailed
topology information presented in Fig. 5. To simulate partially
observable scenarios akin to real-world applications, we define
three levels of observability, i.e., 25%, 50%, and 75%, which
correspond to the percentage of nodes equipped with SMs.
A total of 1,000 outage scenarios were generated using the
Monte Carlo method, with outage locations and SM locations
selected randomly, making the testing results not influenced
by any specific scenario setting. Among these scenarios, 500
involve a single outage block, 300 involve two outage areas,
and 200 involve more than two outage areas. Typically, one
or two outage areas occur simultaneously in normal weather,
covering most scenarios. However, we added the scenarios
with over two outage areas to account for severe events during
extreme weather. For each scenario, evidence information was
generated based on the outage location and system observ-
ability. Ideally, SMs are designed to transmit last gasp signals
immediately following an outage. However, considering the
reliability of AMI devices and the associated communication
infrastructure, only a portion of these signals is ultimately
received by utilities for outage localization. Based on historical
data, we set the signal collection ratio at 82%. Additionally,
customer trouble calls and social media messages are assumed
to be collected within AT (e.g., 15 minutes post-outage). In
the real application, this time can be adjustable according to
the customer reporting time tallied up from outage reports.
Following the approach discussed in [21], human-related
evidence is modeled using an exponential PDF with time
AT. To prevent information leakage from evidence generation
to outage inference, parameters substantially different from
the true values were chosen, reflecting the reality that actual
parameters are unknown. Furthermore, during real outages,
customers may report issues unrelated to the outage or request
other services, resulting in misinformation in trouble calls.
Errors in natural language processing and communication
failures may also reduce the accuracy of the evidence. To
account for these factors, we introduce around 10%, 10%, and
5% erroneous information into the generated evidence.

53 A. Network Reconstitution

754

755

Using the DN reconstitution method, the original looped
networks are transformed into multiple radial subnetworks.

Subnetwork 1 % Subnetwork 2 ¥ Subnetwork 3

: . Subnetwork 4

Fig. 6. Topology of subnetworks from modified IEEE 123 bus model by
network reconstitution.

o
®
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)

°
Y
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o

De-energized probability of single branch

o
)

200 400 600 800
Number of JGS iterations

1000 1200 1400 1600 1800 2000

Fig. 7. Iteration of joint Gibbs sampling process. This case is illustrated by
the outage in the IEEE system with 75% observability.

For both the IEEE system and Real system, four subnetworks
are generated, consistent with max(|L;|) for each system,
achieving the minimum number of subnetworks. The topology
of the four subnetworks for the IEEE system is illustrated
in Fig. 6. As we can see, not all load nodes are included
in each subnetwork; Subnetwork 4 contains the most nodes,
matching the original network, while Subnetworks 1 to 3
include only partial load nodes—107, 65, and 109, respectively.
This disparity in node numbers results in varying levels of
information. Based on the EDR, the subnetworks are then
ranked accordingly for BN construction.

B. Performance of the Multisource Data Fusion Framework

After constructing BNs for each subnetwork, the obtained
B is inferred using the designed JPS method. An example of
an iteration process for the JBS method on the IEEE system
with 75% observability is illustrated in Fig. 7. As observed,
for branches in outage-affected areas (marked in red), the
probabilities converge to significantly higher values compared
to unaffected branches (marked in blue). By applying the
threshold 7, de-energized branches can be identified, allowing
for accurate outage location detection. This demonstrates the
effectiveness of the proposed framework. To further assess the
framework’s performance under different scenarios and vari-
ous outage events, four commonly used metrics, i.e., accuracy,
precision, recall, and Fl-score, are employed to present the
branch level (Br-Le) accuracy. Detailed formulations of these
metrics can be found in [21]. Besides the four metrics, system
level (Sys-Le) accuracy is defined as the ratio between the
fully identified case number to the total outage events number,
to measure the system level performance.
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Fig. 8. Performance of the proposed framework under various evidence

scenarios on the IEEE system.
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Fig. 9.  Performance of the proposed framework under various evidence

scenarios on the Real system.

Fig. 8 and 9 illustrate the five performance indicators under
varying levels of observability (Obs-Le) for both testing
systems. The results indicate that the proposed outage location
framework delivers exceptional performance, with the four
primary classification metrics exceeding 98% in all three
scenarios. Although Sys-Le accuracy is somewhat lower due
to its more rigorous criteria, the worst-case scenario, with 25%
observability in the IEEE system, still achieves over 85%.
These findings showcase that while reduced observability does
affect accuracy, the framework remains highly effective in low-
Obs-Le situations, maintaining strong overall performance.

C. Outage Location Model Comparison

To further assess the performance of the proposed MDF
framework, a comparative analysis was conducted against two
previously established methods: the SVM-based approach [11]
and the LPM [1]. The SVM-based method applies a multi-
label SVM (MSVM) classification scheme to identify line
outages using SM data. The LPM aims to approximate the
global posterior probability of the line outages by linearly
combining local posterior probabilities from multiple data
sources. Consistent with prior work, a Br-Le evaluation was
used to ensure a fair comparison. The results, displayed in
Fig. 10, illustrate the performance of the three models across
various observability levels on two test systems.

As shown, the proposed framework consistently outper-
forms the other models in all scenarios, with Sys-Le accuracy
exhibiting the most significant differences. LPM shows the
lowest accuracy, as it neglects the dependencies between
system components, making it vulnerable to misinformation
and limited evidence. Despite using multiple data sources, its
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(a) performance of the three models in 75% Obs-Le scenarios
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(b) performance of the three models in 50% Obs-Le scenarios

Br-Le Pre.

Br-Le Fl-score Br-Le Fl-score {100
<100, \
\ Sys-Le Acc. ¥

LPM

Sys-Le Acc.

MDF=——— MSVM=——
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Fig. 10. Comparative results of the three models on two testing systems
across various observability levels. The green axis representing system
accuracy follows a different scale, ranging from 0% to 100%.

performance lags behind that of the proposed framework. On
the other hand, the MSVM model captures the relationship
between branch status and evidence data, but its reliance
on single-source meter data poses challenges, especially at
low observability levels. This is reflected in the decline
in performance metrics as observability level decreases. In
contrast, the proposed MDF framework fully accounts for the
interdependencies between system components and effectively
integrates data from both metered and non-metered sources.
This comprehensive approach enables more accurate and
stable outage location results, regardless of the system Obs-Le.

D. Sensitivity Analysis of Prior Information Bias

In field applications of the framework, certain prior
information, such as the SM last gasp collection ratio and
customer trouble call report ratio, can not be directly available.
While estimated values can be derived from historical data,
errors are inevitable. To evaluate the impact of deviations
in prior information, a sensitivity analysis was conducted to
assess the model’s performance under varying levels of param-
eter bias. Using the previously described outage scenarios,
prior probabilities were perturbed with error levels of 10%,
20%, and 30%. The resulting outage location accuracy across
different observabilities and testing systems is summarized in
Fig. 11. The results indicate that while system-level accuracies
decrease with increasing error levels, the overall accuracy
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Fig. 11. Results of the sensitivity analysis on the BNs’ prior information

bias. The Sys-Le Acc. for two testing systems under different observabilities
is presented. Br-Le accuracies are not displayed due to space limitations but
remain consistently above 90%.

remains within an acceptable range. At the 30% error level, the
Sys-Le Acc. experiences a more prominent decline than the
10% error level due to the inconsistency of the prior param-
eters. However, other Br-Le accuracy metrics remain above
90%, showcasing satisfactory performance. It is important to
note that, although the case study intentionally introduced
significant error levels, the accuracy of prior information is
expected to improve over time as utilities accumulate more
outage records and related information. This enhancement in
prior information will ensure the framework’s reliability in
practical applications.

E. Framework Computational Complexity

A standard PC equipped with an Intel Xeon E-2224 CPU
(3.40 GHz) and 16.0 GB of RAM was used to perform a
comprehensive computational complexity analysis. Both the
IEEE system and a real-world system were analyzed to eval-
uate performance. For the distribution network reconstitution
task, the average computation time across 20 repetitions was
0.765 seconds for the real-world system and 2.174 seconds
for the IEEE system, indicating slightly higher computational
requirements for the latter. In the outage location inference
step, the average computation times were 74.53 seconds and
107.67 seconds for the real-world and IEEE systems, respec-
tively. Notably, as the proposed outage location framework
operates the feeder-wise application, parallel computation of
different feeders can mitigate the computational impact of
large feeder numbers, enhancing its practicality for real-world
distribution networks.

VI. CONCLUSION

This paper proposed an integrated multisource data fusion
framework for outage location detection using a probabilistic
graph network. Specifically, a DN reconstitution method was
developed to manage DNs with loops by converting the
original looped networks into multiple subnetworks. These
subnetworks capture all outage causalities in the original
network and serve as a foundational step. By embedding
multiple sources of evidence and subnetwork structures, BN
models were established for each subnetwork. To maximize

the use of limited evidence, the JGP mechanism was designed
to enable interactive inference among the BN models, ulti-
mately producing the outage location results. The framework
was validated through simulations on two testing systems,
and a comparative study with prior works confirmed its
effectiveness in identifying outage locations in DNs with
loops. In future work, we plan to explore and integrate a
physics-embedded module that incorporates system protection
mechanisms into the framework to enhance its accuracy and
efficiency. Additionally, leveraging the proposed framework,
we aim to investigate methods for simultaneously addressing
outage location and network configuration challenges in radial
distribution systems.
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