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Abstract

Localization of faults in a large power system is one
of the most important and difficult tasks of power sys-
tems monitoring. A fault, typically a shorted line, can
be seen almost instantaneously by all measurement
devices throughout the system, but determining its loca-
tion in a geographically vast and topologically complex
system is difficult. The task becomes even more diffi-
cult if measurements devices are placed only at some
network nodes. We show that regression graph neural
networks we construct, combined with a suitable statis-
tical methodology, can solve this task very well. A chief
advance of our methods is that we construct networks
that produce localization without having being trained
on data that contain fault localization information. We
show that a synergy of statistics and deep learning can
produce results that none of these approaches applied
separately can achieve.
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1 | INTRODUCTION

Electric power systems are one of the most crucial infrastructures of any nation or economic area.
The functioning of any modern economy and society depends on an efficient power transmission
system. Cyberattacks that make information about parts of the power system unavailable or cor-
rupted are a distinct possibility even if these parts are not physically damaged. Natural disasters,
like floods or hurricanes, military action or terrorist acts can damage parts of the power grid and
cut off information from affected sensors.

Our objective is to show that graph neural networks (GNNs) can be used to recover enough
information to ensure that statistical fault detection can be used even if no information is streamed
from parts of a regional transmission system. We show how these deep learning networks must
be constructed and explain which forms of GNNs work well and which do not. Our conclusions
are based on statistical analysis of an exceptionally large database of faults simulated in a realistic
model of a regional transmission system. Statistical anomaly detection, including deep learning
methods, is a rapidly expanding area, see, for example, Harrou et al. (2020), and GNNs are receiv-
ing growing attention, for example, Zhou et al. (2020) and Chen et al. (2021). There have been
many recent advances in GNNs. For example, Hamilton et al. (2017), Abu-El-Haija et al. (2019)
and Ying et al. (2021). In the brief review below, we focus on most relevant contributions within
the framework of power systems.

Faults in power systems cause excessive currents and pose safety threats to people and
property, and may cause major fires with substantial economic and social impacts. Therefore,
there is an increasing interest in fault detection and localization to reduce the damage to the
system and inconvenience to customers. This motivates the development of new methods to
complement, or potentially replace, traditional methods. Data-driven methods can now be easily
implemented due to the installation of phasor measurement units (PMUs), Zhang et al. (2012);
Xu et al. (2014); Kokoszka et al. (2023), among many others. In principle, the entire power system
can be measured and monitored by using PMUs on each electric grid bus. However, such place-
ment could be costly and prone to increased device failure rates Shafiullah et al. (2022). Thus, the
research on fault detection and localization without the assumption of full network observabil-
ity has principal importance. This paper concentrates on the issue of locating a faulted line in a
transmission network under partial network observability.

Fault detection and localization under partial observability of the power grid using machine
learning have been the subject of study in recent years. Li et al. (2019) proposed a methodology
to detect a faulted line employing classification based on convolution neural networks (CNN)
using bus voltages and discussed the optimal PMUs placement. The study by Afonin and
Chertkov (2021) primarily focuses on using deep learning classification methods to locate faults
in a network under partial observability. They adopt a similar setting as Li et al. (2019), but inves-
tigate a wider range of models: linear regression (one-layer neural network), feed-forward neural
networks, AlexNet, and graph convolutional neural networks. All of these models are tuned in to
predict the location of the faulted line. The performance of the models depends upon the location
of PMU devices. Zhao and Barati (2021) proposed a methodology for fault localization in distribu-
tion networks based on a novel feature vector design and CNN classification. The feature vector
is built using the differences in voltage and current before and after the fault, the phase angle’s
difference of each phase before and after the fault, and zero, negative, and positive sequences
for phase voltages and currents. Results were tested on a real power distribution feeder with 25
possible locations for the fault. Han et al. (2022) proposed to locate the faults by converting mul-
tichannel electrical signals to similarity images. Using CNNs, which are traditionally used for
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image classification, the authors apply algebraic operations to power signals and convert them
to images. The model was tested on a fully observed 24-bus system. The authors argued that the
model they proposed was robust to changes in the topology of the power grid. Devi et al. (2018) and
Zainab et al. (2019) proposed a similar method as Li et al. (2019), but with additional utilization
of electrical area information. As the above review shows, the work done so far considers the lim-
ited availability of measuring devices (PMUs) to build classification models for fault localization.
Some work considers the approach where one trains the model on limited PMUs and examines
its performance Devi et al. (2018); Li et al. (2019); Afonin and Chertkov (2021). There are several
limitations to the above classification-based approaches. First, if a particular measuring device
fails, the model needs to be re-trained. Second, classification models provide only 0-1 answers
without additional information about the unobserved readings. Third, these models do not
incorporate the fact that with full PMU data availability, the current fault detection/localization
methods work with high accuracy Salehi-Dobakhshari and Ranjbar (2014); Furse et al. (2021).
We emphasize that classification-based methods perform very well when trained on rich and
appropriately selected data. However, during training, they must know the location of the fault,
even if the fault occurs in an area of the grid that is not covered by measuring devices.

Rather than proposing a new fault localization method applicable under partial network
observability, this study aims to bridge the gap between limited PMU availability and fault local-
ization methods that are highly accurate under the assumption of the full PMU coverage of the
power grid. We propose deep learning networks that can reconstruct data at locations where data
are missing. With such an approach, any method that works well under full grid observability
can be applied. Our approach is thus akin to data imputation, but with a specific focus on fault
localization. It is summarized by the following flow diagram:

Partial Use Deep Full Use Statistical Fault
Observability Learning for " Observability *| fault localization localization
reconstruction methods

Our approach is related to self-supervised learning that can be viewed as an extension of model
training enabling to obtain competitive results with less available training data, for example, You
et al. (2020). Our final recommended method aligns with the principles of self-supervised learn-
ing. In the self-supervised learning paradigm, one initially pre-trains the network to accomplish
a different task using the same data and subsequently proceeds with using the pre-trained model
to train for the primary task. In our case, we utilized network pre-training to achieve imputation
(which is not the primary task of fault localization) and subsequently employed the results in a
statistical approach to suggest the faulty location. Thus, the difference from self-supervised learn-
ing is that we propose for the last step to use a statistical approach instead of a neural network,
for reasons noted above.

The topic of missing data imputation in power grids has gained attention in recent years.
Zhu and Lin (2021) propose a method that utilizes spatiotemporal correlations for imputing
missing PMU data. This method is applied in situations where device malfunctions and com-
munication failures lead to poor PMU measurements and data loss. The approach utilizes not
only past information but also a global and local spatial perspective in order to achieve a higher
accuracy of data imputation. Foggo and Yu (2022) fill in missing values through the use of two
components: a non-dynamic component that is predicted using past data, and a dynamic com-
ponent that is inferred from all other available PMUs. The proposed model corrects past data
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and incorporates events data that can be inferred from all available PMUs data for the modulus
of voltage. However, these methods only address the missing data scenarios after the failure of
the PMUs and assume that the past data are available. Dynamic state estimation is another area
where significant progress has been made, Jakir and Rahnamay-Naeini (2021); Park et al. (2023).
These authors used deep learning methods and a large amount of diverse data to learn the rela-
tionship between power grid nodes under normal operating conditions. Our work has a different
focus. We use as little data as possible, namely the modulus of voltage, to reconstruct trajectories
during a fault with a focus of using them in statistical fault localization methods. Our data are
described in Section 2.

We are aware of only one study in the field of power grids that concentrates on employ-
ing reconstructed trajectories in certain fault detection techniques, namely Li and Deka (2021)
who developed a physics-informed learning approach for detecting high impedance faults. They
employed auto-encoders for feature learning and utilized unlabeled data for training, which is
similar to our methodology. Our research focuses on utilizing GNNs for reconstructing missing
trajectories, with specific applications in fault localization. We offer techniques for enhancing
the accuracy of the reconstruction process and propose models that can be utilized in various
data availability scenarios. Most research in this area has relied on labeled data (fault locations
are known). Our work addresses the challenge of localizing faults in situations where obtaining
labeled data is difficult or expensive. We propose employing GNNs to impute data trajectories at
buses without PMU devices during a fault in a power grid, and using these data in an existing fault
detection technique proposed in Kokoszka et al. (2023). Different techniques could be used, but
they are difficult to employ in our experimental test bed of the Western Regional grid due to the
lack of deployable code. We explore different feature transformations, loss functions, and strate-
gies for optimal PMU placement. We emphasize that our methodology uses only unlabeled data,
that is, the location of a fault is not available during network training. Moreover, our PMU data
reconstruction methodology contributes to research on mitigation of cyberattacks on power grids,
as we show that corrupted PMU readings can be replaced by imputed readings from our model.

The paper is organized as follows. Section 2 introduces the transmission system and the grid
data we work with. In Section 3, we formulate the problem and focus of the paper in greater
detail. In Section 4, we describe the methods we propose for data reconstruction using GNNs. We
examine various loss functions, optimal PMU placement, and success rates for fault localization.
Section 5 reports the performance of various of our method, while Section 6 summarizes our
contribution and main conclusions.

2 | DATA DESCRIPTION

We work with data generated using the miniWECC system, which is a reduced-order dynamic
model of the Western Electricity Coordinating Council system. The minniWECC has enough
complexity to reflect the relevant properties of the full Western Interconnection’s bulk power sys-
tem, which serves over 80 million customers in 14 US states and two Canadian provinces. The
simulations conducted with the minniWECC model have been used to work on various power
system mode estimation and event detection algorithms, which are now adopted for control room
applications, see, for example, Follum et al. (2017); Trudnowski et al. (2013); Byrne et al. (2016).
A more detailed description of the miniWECC can be found Trudnowski et al. (2013). A simpli-
fied one-line diagram of the minniWECC is given in Figure 3 in Section 5. Only high-voltage lines
are shown to make the graph readable. We use a version of the minniWECC that consists of 158
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lines between 122 buses (nodes). Some buses can be physically connected by more than one line,
but we treat all these lines as a single connecting line because measurements at end buses can-
not distinguish between them. Thus, each connection | € {1,...,158} has two buses (i,j) : i,j €
{1,...,122}, i # j. We consider only pairs (i, j) for which there is a line between buses i and j.

We simulated a large number of faults in the minniWECC using the Power System Toolbox
(PST), Cheung et al. (2009), which is based on MATLAB. The description of the fault-generating
mechanism in the next paragraph is technical and requires some background in power systems.
The essence is that we generated a very large number of faults that can realistically occur in a
regional transmission system. Our statistical approach does not require the knowledge of the
fault type or its characteristics. If the fault occurs closer to bus i, we call i the near-end bus and j is
the far-end bus.

The faults were generated using the switching condition matrix. The values of the zero
sequence impedance, z0, and the negative sequence impedance, zn, were generated randomly
for each simulation. System characteristics imply that they can be generated as random vari-
ables uniformly distributed on the interval [0.0004, 0.189] ohms. Using the random values of
Z0 and zn, four types of line faults can be generated: line-to-line (LL), line-to-ground (LG),
line-to-line-to-ground (LLG), and three-phase (TP) faults. Furthermore, the location of the fault
on a line between buses i and j can also be randomly simulated. Ignoring the randomness of z0
and zn, 1,264 unique faults (158 lines X 4 types X 2 ends). For each random pair (z0, zn), each of
the 1,264 options is chosen randomly. We added ambient noise to each simulation using Minni-
WECC parameters described in Trudnowski et al. (2013), which also increases the randomness,
but not crucially, as will become apparent in the following. The total number of distinct faults
that can be simulated is practically unlimited.

The simulated data consist of 120 measurements per second for 10 s. Define the time reso-
lution as § = 1/120. For this paper, we only consider % s before the fault and % after (in total,

64 time stamps). We assume that each simulation starts at ¢ = 0, the fault is applied at ¢ = %s,

and data are recorded up to t = %s. We set the time of the fault as & = %. The considered
length of simulation is approximately equal to 0.5 s. We use only the modulus of voltage, which
is sufficient to localize faults.

Figure 1 shows 500 randomly chosen readings at bus 105. Figure 2 shows responses at all
buses to three faults applied between bus 97 and bus 66, with bus 97 being a near-end bus. It
shows how all buses see the faults. The responses at all buses exhibit similar patterns, but there
is a possibility to identify the faulted line, at least the near-end bus. More detailed visual analysis
reveals that faults of certain types are more difficult to localize. The TP faults show much less
variability between the lines that would allow to identify the faulted line. Our methods are applied
without assuming any knowledge of the fault type.

3 | PROBLEM FORMULATION

In this section, we introduce suitable notation, define the problem, describe the tasks, and explain
the challenges that arise. We model the system as a graph G = (V,E), where V = {1,2,...,122} is
the set of buses, including both those with PMU devices and those without them, and E is the set
of lines connecting the buses. Notice that if (i, j) € E, then (j, i) € E. The neighborhood of bus i is
defined as the set N; = {j : (i,j) € E} of buses that are connected to i by a line. We assume that
the power grid G = (V, E) is fixed.
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FIGURE 1 Randomly selected modulus of voltage readings at bus 105. The three graphs represent

different time stages of simulations. The upper panel represents the whole trajectories, while the lower two
represent trajectories before the fault, and after the fault. Notice the different voltage scales at the different stages.
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FIGURE 2 Responses at all buses to three faults between bus 97 (near end) and bus 66. Responses at bus

66 are highlighted in solid black and those at bus 97 in dashed black. The three panels represent different types of
faults with different parameters.

We assume that a fault occurs at an unknown line [, € E. We consider a prediction 70 of the
faulted line to be correct if Iy = . Additionally, we consider a localization to be partly correct if
io = iy, where i, is the predicted near-end bus of the faulted line 70. The localization failure ratio
is defined by the ratio of incorrect predictions and the total number of simulations.
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Our framework assumes that PMUs are available only at a certain subset of buses, which we
denote by K C V. The count of buses in K is denoted by K := |K|. At buses in K, we have records
of modulus of voltage during a fault, with m data points before the known fault time {r and m
points after. This leads to a feature matrix Xxg € R?™X. The set of unobserved buses is denoted as
the U = V \ K with |U| = U. The trajectories at these buses are denoted as Xy € R?™<V. Denote
by X € R?™(U+K) the dataset under full availability of measuring devices.

The objective is to find a function f(Xx) = )/ZU that satisfies two conditions:

1. minimizes a suitable loss function Z(Xy, )A(U);
2. minimizes the difference in fault localization accuracy based on X = Xg U Xy (the available
and reconstructed values) relative to the same method based on X (the full dataset).

Objective 2 can be seen as applying a discrete, problem-focused loss function. The optimal
reconstruction should produce trajectories that lead to fault localization that is as close as possi-
ble to the localization based on the completely observed system. To our knowledge, no previous
work has addressed the task of training the model for imputing trajectories during a fault without
using information of the fault location with the intention to employ the trained model for fault
localization. We use the method of Kokoszka et al. (2023), but any other method for which code
applicable to minniWECC is available could be used. Our statistical evaluation approach could
also be used in different testbeds.

We consider two scenarios to obtain f: (1) The training process of f uses Xy, (2) The training
process of f does not use Xy. These two scenarios differ in the amount of information used during
the training process, and can be applied to different real-world situations. As we emphasized
before, in either scenario, during the training process, the information about which line is faulted
is not included. We refer to it as working with unlabeled data. In either case, the function f is a
network that is suitably trained, as described in the following.

We also explore the following options to potentially improve trajectory reconstruction and
fault detection:

1. investigate whether different choices of the loss function ¢ increase the accuracy of fault
localization;

2. examine feature transformation techniques that could help increase the accuracy;

3. investigate selecting an optimal set of K (optimal PMU placement).

In the next section, we only describe the methods that are used to obtain the final, tabulated
or displayed, results. However, in Section 5, we also discuss some other techniques and options
that we experimented with.

4 | METHODS

In this section, we describe the proposed methodology. We begin with a brief account in
Section 4.1 of GNNs focusing on aspects relevant to the methods we propose. In Section 4.2, we
explain the details of the proposed development of GNNs to make them the applicable to PMU
data reconstruction with the ultimate objective of fault localization. The remaining subsections
discuss the loss functions, selection of an optimal set K, a fault localization scheme used after
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trajectories in U have been reconstructed, and a benchmark model against which the performance
of our method is judged.

The development of the methodology in this section is analogous to the development of
traditional statistical methodology. We work with data objects that have the form of struc-
tured n X (2m) matrices, and we basically want to solve a missing data problem with a specific
objective in mind. For this, we need to propose a model for the data and show how it can
be estimated and used for purpose-focused data imputation. The model is formulated in
terms of the layers of a deep learning network. There are no explicit formulas for estimat-
ing the parameters of the layers: they must be estimated through a training process that
must be specified. Details of such approaches are presented, for example, in Goodfellow
et al. (2016) and Zhang et al. (2023), where terminology used in the remainder of this paper is
also explained.

41 | Graph neural networks

GNNs utilize graph data structures as inputs to learn and make predictions. They have seen a rise
in popularity due to their ability to generalize the convolution operator to graph structures, Kipf
and Welling (2017). These networks have proven to be effective in many applications, such as
drug discovery, recommendation systems, social networks, molecular structures, and electrical
grids, see Li et al. (2018); Yu et al. (2018), among many others. Reviews of the of GNN are given
by Xu et al. (2018) and Wu et al. (2021). GNNs have been extensively studied in recent years, with
significant progress in the development of various architectures and techniques for improving
their performance, for example, Zhou et al. (2020); Hamilton (2020). Under suitable assumptions,
a GNN model can approximate in probability all functions on graphs with any required precision,
Scarselli et al. (2009). Liao et al. (2022) discuss their applications in power systems. Recently,
models that combine kriging convolution networks and GNNs have been proposed Hamilton
et al. (2017); Wu et al. (2020); Appleby et al. (2020).

One of the key components of GNNs is the use of graph convolutional layers designed to cap-
ture the local and global structure of the input graph. The computation is driven by the input
graph topology, which is described by its adjacency matrix. The adjacency matrix A of a graph
G with n nodes is an n X n matrix such that A(i,j) = 1 if there is an edge between nodes i and
Jj» and A(i,j) = 0 otherwise. In our setting, nodes are buses, and edges are the lines connecting
them. The first layer of a GNN typically encodes the graph structure and the initial node fea-
tures, while subsequent layers aggregate information from the node’s neighbors and update the
node’s representation. The final layer of a GNN produces the output, which can be used for
tasks such as node classification, link prediction, or recommendation. These layers use the adja-
cency matrix of the graph and trainable weight matrices to compute the outputs according to
the equation

Hy =c(Hj;A,0O),

where H; is the output of the previous convolutional layer, A is the adjacency matrix, @, is the
weight matrix for the layer [ + 1, and o is an activation transformation.

Most inductive GNNs are designed to generalize to new, unseen nodes in a graph. In this
paper, we assume that the graph G = (V, E) is fixed, which does not fully align with the definition
of inductive learning. However, our model needs to generalize to buses that are in G, but their
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trajectories are unseen. To incorporate different data availability scenarios listed in Section 3, we
consider two approaches:

1. the training process of f can use both known and unknown trajectories Xx and Xy, respec-
tively. In this approach, the whole information about E is used, and the training set patterns
and their targets are used for training. This approach is similar to traditional regression models.
We call it regression graph neural network (RGNN);

2. the training process of f cannot use unknown trajectories Xy and thus needs to learn from the
known trajectories X with a knowledge of fixed edges E. We call this approach semi-inductive
graph neural network (SIGNN).

We need to predict the trajectories at unseen nodes, but the training can use the information
about these buses’ existence. Such information is crucial for letting the network properly learn
the message-passing mechanism. The work of Hamilton et al. (2017) showed that our considered
approaches are a reasonable attempt to tackle the challenges listed in Section 3. Although there
are more methods to tackle the problem under Scenario (1) than under Scenario (2), we chose to
use the same model concept for both to better understand the challenges that need to be addressed
when moving from (1) to (2). Moreover, efficient results under Scenario (1) can demonstrate the
proof of concept and provide a foundation for addressing the challenges of Scenario (2). Using
the same model for both scenarios, we can also investigate how the model’s performance changes
with respect to the availability of data.

4.2 | GNNs for PMU data reconstruction

In this section, we describe how we propose to use the RGNN and the SIGNN for the purpose of
PMU data reconstruction. We use the GNN architecture proposed by Wu et al. (2020) as the basis
of our work and develop it to fit our needs. The initial architecture uses an L-layer Diffusion Graph
Convolution Network (DGCN), Li et al. (2018). The DGCN performs the following operations:

K
™ K
Hyy = ZTk(A)Hl(’)E ),
k=0

where H; is the output feature matrix of layer [, A is the transition matrix calculated from the
adjacency matrix A, K is the maximal order of diffusion convolution, Ti(x) = x* (pointwise). We
denote by O the set of all weight matrices @;k). In the following, we use the term learning, to
describe finding the set ® such that some loss function # is minimized. The dimension of matrices
@;k) can be determined by the user by specifying the width of the network, z. Specifically,

ol er¥™z @Y eR>, 2<I1<L-1, O e R¥™ @)

Based on many numerical experiments, we determined that, in our context, better results are
obtained using the network

K
H, = o(ZTk(K)Hz_1®§k>> +Ho, 1<I<L @
k=0
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where o the scaled exponential linear unit (SELU) activation function, Klambauer et al. (2017),
with standard parameters. The initial input is the matrix Hy € R™?", where n = 122 is the
number of buses and m = 32 is the count of time points before and after the fault used in our
algorithms. We thus use only 64 measurements corresponding to the interval of about 0.53 s cen-
tered at the time of the fault. The input Hy has the unobserved trajectories masked, as described
in Algorithms 1 and 2 below. The masked buses only pass 0 to their neighbors in the first layer,
while the remaining L — 1 layers are responsible for more generalized representations. The Lth
layer is used to output the reconstructed trajectories for each bus. Thus, H;, € R™?" is the recon-
struction results that we use to calculate the loss and update weights @. In our experiments, we
explored different structures and building pieces (GAT, Chebynet, different activation functions)
that would bring the gain in fault localization accuracy without loss in efficiency. Through the
series of experiments, we found that the proposed structure is the most efficient for the specific
problem we aim to solve. In many applications L = 3 is sufficient; however, for power grid data,
deeper networks may be more effective, as demonstrated in a different context by Ringsquandl
et al. (2021). The parameters K, the order of convolution, and z, the number of hidden channels
of the weight matrix @;k), may also play an important role. Using small K values allows us to keep
the diffusion process more localized in a power grid, while the parameter z controls the number
of parameters for each filter Tx(A)H,_;. It is not practical to find the optimal values of L, K, and
z for each model and setup. We performed a limited grid search to find the optimal settings for L,
K and z. We discuss the results in Section 5. Other issues that must be addressed are: implement-
ing a validation scheme in order to choose the best model and getting reconstruction results from
H; . We proceed with detailed descriptions of all steps.

4.2.1 | Detailed description of the RGNN implementation

The learning process utilizes information from K to learn the trajectories of the voltage modulus
in U, and records the results of the loss function. The loss function is then used to update the
parameters . To achieve this, we utilize a mask matrix denoted as Msample, Which keeps buses in
K observed and buses in U unobserved. We calculate the Kronecker product of this matrix and
training data, and run the result through layers of GNN and compute the results using the true
readings in U. The Kronecker product is denoted by ® in line 7 of Algorithm 1. This operation sets
to zero all rows of the matrices in {X;.g} that correspond to buses in U. Therefore, the information
about the trajectories in U is only used during the loss step and not within the network. Please
refer to Algorithm 1 for all steps. Recall that we denote by X the n X (2m) matrix obtained from a
single fault simulation. In Algorithm 1, we denote by X' the set of simulations used in training
(we use 10,000 of them) and by X"V* the simulations used for validation (we use 2000). Due to the
structure of the model, it is recommended to use a high number of iterations.

4.2.2 | Detailed description of the SIGNN implementation

For each training iteration, we randomly divide buses from K into K, (prediction buses) and
K, (target buses). The size of these sets is K, and Kj, respectively. The training process utilizes
information from K, to learn the trajectories of modulus of voltage in K; and records the results
of the loss function. We utilize a mask matrix, denoted Mgumple, to keep buses in K, as observed
and buses in K; and U as unobserved, see Algorithm 2. The size K; is randomly selected as a
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Algorithm 1. Random mask generation and model learning for RGNN

Input: Training data X™, validation data X¥?, graph structure G, length of each simulation 2m,
observed buses K and unobserved buses U; Parameters: size of each iteration S, maximum
iteration I,x, maximum epoch Ep,y, loss function Z.

1: forepoch =1 : Epax do

2 for iteration=1 : I,;,x do

3 for sample =1 : Sdo

4: Randomly choose a simulation Xgample from X,

5 Generate a mask matrix Mgample Of the same size as Xsample,

. 1 ifieU
Msampieli, 11 = .
0 otherwise

end for
Use sets {X;:5} ® M;.s and ¢ to train GNNs (update weights matrix @)
end for
Calculate validation error Erfepoch using ¢ and XV with a predictor/response split K
and U.
10: end for
11: Final learned model is GNN with weight matrix @ = @y min

v X 3N A

epoche(l,..,,EmaX)Errepuch

number between 2 and 7 for each iteration. During this process, the adjacency matrix A remains
fixed. The information about the existence of U is contained only in A, no measurements in U
are used. The resampling of K, and Kj, in principle, allows the model to learn the relationships
between different trajectories, and generalize results over the nodes in U.

To ensure that the validation error is measured uniformly for each epoch, it is necessary to
determine sets Kgal and KYal before the training procedure. To better understand the validation
error over nodes that are not seen during training, we randomly select 3 nodes from K to create
KYaI. During training, we effectively have U to include K}’al and subtract it from K (i.e., U :=UU
K" and K := K\ K)*). As a result, the model cannot access trajectories at K\* during training,
but uses them to compute the validation error. This helps us to understand the generalization
power of the model, and choose settings that give optimal results for the test error.

The learning procedure is summarized in Algorithm 2. We emphasize that Step 8 in
Algorithm 2 guarantees that we preserve fixed graph structure G, but ensure that the training
process has no access to trajectories of buses without PMU devices.

4.2.3 | Reconstruction

We explain the process of reconstructing the trajectories in the unseen nodes U for each simula-
tion (sample) using both SIGNN and RGNN. Assume we have trained the model and obtained the
weight set @. First, we form masked signals X = [Xg, Xy]with Xy = 0and set Hy := XM

sample sample
~M
We input obtained ® and H, to the GNN described architecture and obtain Hy;. Set Xgample := Hi.
~M ~M A A~
The Xsample can be further split into Xgample = [Xk, Xy]. The GNN architecture outputs the fit of
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Algorithm 2. Random mask generation and model learning for SIGNN

Input: Training data X', validation data X", graph structure G, length of each simulation
2m, observed buses K and unobserved buses U; Parameters: size of each batch S, maximum
iteration In,x, maximum epoch Ep,y, loss function Z, fixed KYal set for validation.

1: forepoch =1 : Epax do

2 for iteration=1 : I,;,x do

3 Generate random integer k; € {2, ...,7}.

4 Randomly sample k; buses from K \ K‘{al to form K;.

5 Set Ko = K\ (K; UK.

6: for sample =1 : Sdo

7 Randomly choose a simulation Xgample from X,

8 Set rows of Xsample corresponding to buses in U and K}’al to 0.

9 end for

10: Generate a mask matrix Mgample Of the same size as Xgample,

. 1 ifieKy
Msample[l, :] = .
0 otherwise

11: Use sets {X;:s} ® M;.s and ¢ to train GNNs (update weights matrix @)
12: end for
13: Calculate validation error Erfepoch using 2, XV with a predictor/response split K?)’al and

K", and obtained weight matrix ©. Corresponding buses in U and K* of X¥*! are equal 0.
14: end for
15: Final learned model is GNN with weight matrix @ = g min

epoche(1,....Emax } Errepnch

the trajectories at all buses, but the final product of reconstruction is only Xy. During the training
process of RGNN, the intermediate results have the same structure as the final reconstruction,
but that is not the case for SIGNN. In SIGNN, a similar structure is used to obtain reconstruc-
tion results within each iteration, but Xé‘;’mple is replaced with Xﬁmple’Ko’Kl = [Xk,, Xk,, Xu], where
XKI =0and XU =0.

4.3 | Loss functions

In addressing the problem formulated in Section 3, a typical approach would be to use the mean
squared error (MSE) loss function. However, this may not always be the best approach. Most
deep learning methods rely on the MSE or its variants (such as MAE and quantile loss). In our
case, the primary goal is to accurately predict the fault location, which may not be best achieved
through the MSE alone. To address this, we have explored alternative loss functions, including
bias-weighted MSE, normalized soft time warping, and others Cuturi and Blondel (2017); Guen
and Thome (2022). We only discuss the MSE and the Bias-weighted MSE, as they are used to
report results. The methods are additionally evaluated by their ability to minimize fault detection
failure rate, see Section 4.5, which can also be seen as a loss function, even though it is not used
in training, but is used to arrive at final recommendations.
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To simplify the explanation, let us consider the case of evaluating the loss function for a sin-
gle simulation. This can be easily extended to multiple simulations by taking the average. In
this section, we define the matrix of reconstructed trajectories as Y= (¥1,---,¥,), and the true
matrix is defined as Y = (y,,...,y,), where r is the number of reconstructed trajectories. Further,
define each reconstructed trajectory §; = (Ji1,..., Yi2m) in terms of 2m data points. Similarly, set

yi = (.yl',lv . -,.Vi,Zm)-
The MSE loss function is defined as:

r r 2m
5 1 A 1 A
Zmse(Y,Y) = ;ZHYL' -vill* = ;ZZO’I‘J -y
i=1 i=1 j=1

For the bias-weighted MSE, we propose to decompose the MSE into two components: the dif-
ference in means (bias) and the difference in variance. This is motivated by the statistical fault
localization technique employed in this paper, where a significant bias in the reconstruction has a
lesser impact on the fault localization accuracy compared with a large difference in shape, approx-
imated by the variance. The bias of prediction for each i € {1,...,r} isdefined as b; = y; — ;, where
the averages are taken of the 2m data points. We then define the bias-adjusted reconstruction
matrix as SA(ba = (1 — by,...,r — by). With a few simple steps, it can be shown that

,
~ N 2m
mse(Y,Y) = £mse(Ypa, Y) + szzz

i=1

We propose weighting these two parts of Zamse(Y,Y), putting more emphasis on the first part.
Using this notation and including a tuning parameter a € (0,1), we define the bias-weighted
MSE as

,
A N 2
Cous(V.Y) = atise (Voo ¥) + (1= @) =2 3 b2,
i=1

The hyperparameter « is determined during the training process. Notice that if @ = 0.5, £pmsg =

1
~CMSE-
> U MSE

4.4 | Optimal PMU placement

Our framework assumes that PMUs are available only at a subset of buses K C V. A question of
interest is what the locations K should be to minimize aggregated loss functions and the fault
localization failure rate, given that K = |K| is fixed. A brute-force search for the optimal K by
testing every possible configuration given K is infeasible due to the astronomical number of pos-
sibilities. With K = 70 and 122 possible locations for PMUs, there are approximately 1.02E+35
possible combinations for different placement of PMUs.

PMU placement algorithms discussed in the literature, for example, Aminifar et al. (2010);
Enshaee et al. (2012); Abiri et al. (2014, 2015); Shafiullah et al. (2022) do not necessarily ensure
optimal results for reconstruction and fault localization accuracy, which are the criteria we use
in our work. To address this issue, we propose optimizing the PMU placement set K using one
of the proposed loss functions #. We propose a version of a regression technique called the
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Algorithm 3. Optimal PMU placement strategy

Input: Training data X™, validation data XV, graph structure G, length of each simulation 2m;
Parameters: sample size each iteration S, maximum iteration Iz, maximum epoch Ep,y,
desired K size K.

Output: Optimal set K, of size K

1: Set Kopp = {1,...,122} and Uy, = {}
2: while |K,p,|>K do

3: for b in K, do

4 Run Algorithm 2 with U := {U,,p, b} and K := K, \ {b}
5: Record validation error Erry

6 end for

7 Set b = arg minbeKuppErrb

80 SetKyp 1= Kopp \ {b} and Uypp := {Uypp, b}
9: end while

Backward Stepwise procedure, specified in Algorithm 3. Starting with K equal to the set of all
buses (K = 122, the algorithm progressively removes buses from the set K,,, of optional buses
and adds them to the set U,p, of used buses until |K,,,| = K. The decision of which bus to move is
based on the loss function #. We consider moving each possible bus from the set K,,, and evaluate
the cost of the decision using ¢. For simplifications, we employed this algorithm with a simpler
model (RGNN) using the MSE loss function and without features transformation (Algorithm 2).
As Algorithm 3 requires running Algorithm 2 many times, we reduced computational burden by
lowering settings (reducing dimension for graph convolution, using fewer iterations, and fewer
epochs). We provide a discussion in Section 5.2.

4.5 | Faultlocalization scheme

The overall structure of the proposed fault localization method under partial observability
involves two modules: 1) reconstructing the modulus of voltages at unobserved buses, and 2)
using existing methods, which require full grid observability, to predict the buses (iy, jo) connected
by the faulted line l,. Module 1) has already been described. In this subsection, we focus on
Module 2), assuming possession of the full data set X. In practice, this requires replacing X by X

In principle, any fault localization method can be used, but we use a slightly revised method of
Kokoszka et al. (2023) because we have code for it that works in the minniWECC setting, and we
have been unable to gain access to code for other methods. We assume that the time of the fault, ¢,
is estimated using one of the available methods, for example, Shafiullah and Abido (2018); Li and
Deka (2021); Kokoszka et al. (2023); Rimkus et al. (2023). In the following, tr is treated as known.

We have X = x;,..., X1, Where xx = x(0), Xk (5),...,X(2m - §) is a trajectory of the modulus
of voltage at bus k, and 6 is the time separation of the consecutive data points (5 = j} in this
paper). We denote by Sy and S; the time windows (in seconds) used to extract information from
trajectories around fault time #;. For each bus k, we set

Sy/6

1
NE ;xk(t - 15), (3)

Xk(t, So) =

85U8D|7 SUOLULOD BAITER1D 3|edi|dde aLyy Aq peussnob aie Sapile YO ‘88N 4O Sa|nJ 10} A%iq1T 8UIJUO AB]IA UO (SUOTPUOD-PUR-SWLBI LD A8 | IM"ATe1q 1jBu1|UO//SdNY) SUOIPUD pUe SLLB | 84} 88S *[9202/20/TT] Uo Ariqiauluo A8|im ‘AIseAIIN aTelS opeiojoD Aq £9.2T'SOB/TTTT 0T/I0pA0d 8| M Aeiq i jeul|uo//Sdny Wwoiy papeojumod ‘Z ‘G202 ‘69v6.97T



MScandinavian Journal of Statistics RIMKUS ET AL.
5,/6
my(t, S X (t+ 16 4
et 5) = 1+Sl/5z"( ) 4)
We obtain the prediction of the near-end bus by setting:
lo = arg max |my(ty, S1) — Xi(tr, So)l- (5)

kefl1,..,122})

Once we have predicted the near-end bus iy of the faulted line I,, we predict the far-end bus by
employing the properties of fault clearance. Notice that the prediction j, must be one of the buses
to which i, is connected by a direct line, so there are only a few (or no) choices. For each bus k,
we set

D;k(ta tf’ SO) = mk(t’ 0) - )_Ck(tf’ SO)’ > tf (6)
The time of the recovery, t, is defined as the smallest ¢ > ¢ such that

D;Z(t, tr, So) — D;Z(f — 6,1, 50)
Dy (t = 8, tr, So)

> 17. (7)

The parameter 7; was determined Kokoszka et al. (2023) who also explained that its choice is not
critical, as long as it remains in a reasonable range. We obtain the prediction of the remote end
bus by setting

Jo=arg max(|D (t, 17, So)| = [D(t = 6, t, So)D), (®)

where the maximum is taken over busses k that connect directly to .

The predicted faulted line Iy is the line between buses i andj,. Under the assumption of PMUs
at every possible bus, this methodology produces results with around 4% failure rate. To report
fault localization results under partial observability, we also use the failure rate—the percentage
of simulations where the faulted line/near-end bus was predicted incorrectly.

4.6 | Benchmark method

To assess the results of the proposed deep learning methodology, we use a relatively simple and
intuitive benchmark method (BM). To the best of our knowledge, there is no other work that
focuses on fault localization in a regional power grid without using labeled data, so we cannot
use an existing benchmark. Recall that U is the set of buses where trajectories need to be pre-
dicted and K is the set of the available buses. The BM is implemented for each trajectory y, with
k € U. It takes the trajectories of directly connected buses and averages them to estimate the miss-
ing trajectory. If some of the buses connecting directly to bus k € U are themselves in U, their
reconstructed trajectories are used, which are obtained through an iterative process. The itera-
tions continue until each bus in U has all neighbors with available trajectories The process can
be formalized by setting

Vi = |Nk| 2

JEN,
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where Ny is set of buses connecting directly to bus k. Some of the yj* can be real trajectories, if
Jj € K, some can be reconstructed trajectories, ifj € U.

5 | APPLICATION TO THE WESTERN INTERCONNECTION

In this section, we apply the methods of Section 4 to the data described in Section 2. We implement
them with 10,000 training simulations, 2500 validation simulations, and 9068 testing simula-
tions. As in all deep learning approaches, the performance of the methods is evaluated on the
testing simulations that were not used during the training and validation process. The selection
of the simulations for the three groups was random. The models were implemented using the
Torch framework Collobert et al. (2011). We utilized the Adam optimization algorithm Kingma
and Ba (2014), which includes the learning rate parameter determining the size of the step for
updating the GNN parameters. We conducted experiments with various learning rates (rang-
ing from 0.001 to 0.00005) to update the weight matrix represented as @ for different-sized
models with various hyperparameters M, z, and K described in Section 4.2, cf. (1) and (2). We
implemented our methods on the CUDA platform with an NVIDIA GeForce GTX 1080 Ti with
11 GB GDDR5X.

We first implemented the optimal PMU placement algorithm, Algorithm 3, using a small
RGNN (M = 3, z =150, K = 2), and obtained a sequence of the U sets (the buses without data)
used to present the results. Starting with U = 12 buses in U, we obtained the sets Uup to U = 77.
Recall that the total number of buses is 122. By construction, a set U with a smaller cardinality is
always a subset of a set U with a larger cardinality. Algorithm 3 is a useful tool in its own right.
It might allow grid operators to determine where monitoring devices should be placed if only a
limited number of them can be monitored. This is illustrated in Figure 3.

Second, we implemented a grid search to find optimal hyperparameters. Choosing the appro-
priate hyperparameters for neural networks is crucial, as poorly chosen ones can result in sub-
optimal performance such as slow convergence, overfitting, or underfitting Bengio et al. (2013).
There are several hyperparameters that can affect the results, including batch size, learning rate,
network depth, the size of inner layers, diffusion localization level, and number of epochs. In our
grid search, we focused on network depth M, the size of inner layers z, and diffusion localization
level K. Due to the resources required to train each model, it is not feasible to conduct such a
search for every U, so we only performed the grid search for RGNN and SIGNN with U = 17. The
grid search was implemented solely using validation results, leaving the test data untouched to
avoid data leakage. We recommend a similar search to determine the settings that work best for
any specific application. This issue is elaborated on in Section 5.2.

We evaluated the accuracy of trajectory reconstruction using the loss functions and localiza-
tion failure rate explained in Section 4.3. We compared these results to the BM of Section 4.6. Our
results are reported for two testing data splits:

(1) all testing simulations;
(2) testing simulations where the near-end bus of a faulted line is in the set U.

Finding the bus closest to the fault, the near-end bus, is the most important aspect of the
localization algorithm.

Finally, to better understand the mechanics of the models, we used two sets of data: the
unmodified data and the rescaled data. The rescaled data was generated by dividing each bus’s
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FIGURE 3 The squares indicate recommended locations, according to Algorithm 3, of monitoring devices.
Only buses connecting high-voltage lines are shown. Left: results for K = 27, Right: results for K = 57.

trajectory by its average value prior to the fault, which was determined through the system param-
eters given in Trudnowski et al. (2013). Such a normalization is feasible in a real system because
the average voltages of the lines under normal operations are either known or can be easily mea-
sured. The assessment of the models on both the unmodified data and the rescaled data facilitates
the identification of their strengths and weaknesses and reveals important distinctions between
them. Using the unmodified data, the BM and the SIGNN give results influenced by the dif-
ferences between the trajectories at different buses before the fault happens, the differences in
average voltages of the lines. As the focus of the paper is the reconstruction of the trajectories
during a fault, using rescaled data that eliminate this bias is justified. In the following, we use the
abbreviations BM or SIGNN to refer to these models trained on the unmodified data, by BM-R
and SIGNN-R to these models trained on the rescaled data. More precisely, the application of the
BM-R and the SIGNN-R involves the following steps: 1. use rescaled data to train the SIGNN (BM
does not need training); 2. use rescaled data to reconstruct missing trajectories; 3. rescale recon-
structed trajectories back to the unmodified data space; 4. calculate the MSE and fault localization
results as for other methods.

5.1 | The results

During a grid search for optimal hyperparameters, we observed that for RGNN we do not need
to use large z, L, and K values. This suggests that the learning is more local and the trajecto-
ries’ reconstruction is performed mostly using trajectories that are close in the grid. The results
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below are presented using the model with z = 200, L = 4, and K = 2 for U < 42. For U > 42, we
used L = 6.

Figures 4 and 5 demonstrate that the RGNN exhibits strong performance in terms of trajectory
reconstruction and fault localization, generally by a large margin. For a fixed U, the RGNN takes
about 30 min, while the BM methods about one minute (on Intel Core i7-6850K @ 3.6 GHz with
32 GB of RAM with NVIDIA GTX 1080Ti). We also examined analogs of Figure 4 using the RMSE,
the MAE, and the MAPE. The shapes of the three curves and the gaps between them change,
but the curve corresponding to the RGNN is always at the bottom (the best). With only 36% of
the power grid observed (U = 77), the RGNN correctly detects the faulted line 3 times out of 4.
Looking at the bottom two panels of Figure 5, one can see that the RGNN localizes a fault with
60% success rate, even if the fault occurs at a bus not measured by a PMU. That suggests that it can
successfully infer where the fault is and reconstruct the trajectories with high success. In Figure 6,
we illustrate the accuracy of the fit. We present results for U = 17 with a testing simulation in
which the line between buses 30 and 31 is faulted, with bus 30 being the near-end bus of the
faulted line. Bus 30 is included in U with U = 17. The relative performance of the RGNN remains
better than that of BM and BM-R if different loss functions are used, and there is not much change
in the localization success rates.

We now turn to the second scenario described in Section 3 (the SIGNN), in which the training
process cannot use trajectories in U, and thus needs to learn only from the trajectories in K,
with the knowledge of all edges E. The RGNN can use the trajectories in U during training. The
SIGNN must thus solve a much more challenging task. This corresponds to a situation where no
PMUs have ever been placed in U. The RGNN is trained on the actual data in U that may become
unavailable due to, say, a natural disaster or a cyberattack. In broadest terms, the default version
of SIGNN failed and did not outperform the benchmark models. The SIGNN-R performed slightly
better than BM and BM-R and noticeably better than both of them in simulation of the near-end
busin U.

Examination of Figures 1 and 2 suggests that using the Haar (rectangular) wavelet transform
might lead to better reconstruction results, as this transform is effective in decomposing signals

Model —— BM —— BM-R RGNN
All simulations Simulations with near end bus in U

0.05 4 0.10 1

0.04 1 0.08 1
L ] J
g 008 /\/VJVJ“ 0.06
=

0.02 1 S 0.04 1

ootd . 0.021

0.00 0.00 1

12 22 32 42 52 62 72 12 22 32 42 52 62 72

Number of buses in U

FIGURE 4 Comparison of reconstruction results in terms of the MSE for the RGNN and the benchmark
models BM and BM-R, with varying sizes of U. The expected trend of decreasing MSE as U increases is observed
in the second panel due to more trajectories being included in U.
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FIGURE 5 Comparison of fault localization results in te
model (BM and BM-R), with varying sizes of U.
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FIGURE 6 Trajectory reconstruction at bus 30 in U for U = 17. Bus 30 is the near-end bus of the fault. The

RGNN reconstruction visually almost coincides with the true.

with “rectangular blocks” into sparse representations. Interested readers are referred to Percival
and Walden (2000). We conducted experiments involving the application of the Haar wavelet
transform. The inputs and outputs of the GNNSs are represented as the wavelet coefficients. From
the outputs, the trajectories in time domain can be reconstructed exactly and diagnostics can be
applied to the reconstructed trajectories. Although the final results were comparable to those for
the raw trajectories, we observed that the application of the Haar wavelet transform facilitated
convergence to the solution for RGNN and SIGNN-R, necessitating fewer iterations for model
training. In many cases, the time needed to properly train these models decreases by half when

Haar wavelets were used.

O.I75 1.2)0
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5.2 | Additional information on network architecture,
hyperparameters and training

We conducted a grid search for SIGNN, SIGNN-R, and RGNN with U = 17 and U = 52 using the
validation error. We observed that the parameter £ had minimal impact on the results, and we
found that setting K = 2 produced reasonable results. We reported all results with K = 2, except
for models trained with L = 8. In these cases, due to GPU limitations, we used K = 1 instead.
Our findings also showed that there was no significant improvement in increasing z beyond 200.
Therefore, we reported all results using z = 200. Additionally, we observed that the parameter L
(the depth of the network) had an impact on the results, with larger L working better for more
complex problems that the network needed to solve. For smaller values of U (e.g., U = 17), the
SIGNN-R performed best with L = 6, while the RGNN with L = 4. However, for higher values
of U, the SIGNN-R performed the best with L = 8, while the RGNN with L = 6. This difference
can be attributed to the amount of time required for the network to distill the masked trajectories
in Hy. In broad terms, the depth L of the network may impact the quality of the reconstruction,
whereas increasing its width beyond z = 200 has little practical impact. We also experimented
with batch sizes and numbers of epochs and iterations, which have a qualitatively different status
because these adjustments do not change the network structure. We settled on the batch size of
S = 64, Emax = 200 epochs, and Inax = 10 iterations because increasing these values did not bring
better reconstruction results and resulted in longer run times.

6 | SUMMARY AND MAIN CONCLUSIONS

We proposed GNN s that can be effectively applied to reconstruct PMU trajectories with the aim of
power grid fault localization. Compared with previous methods employed for fault localization,
our learning networks do not require training with specified fault locations, the methods are not
given the exact fault locations to learn to find them in the future. We studied two scenarios for data
availability and proposed the RGNN and SIGNN networks (with various variants) that are appli-
cable to them. The RGNN is trained using data in U (the unobserved buses). The SIGNN is trained
without any access to data in U. We emphasize that in none of these scenarios information about
fault location is used, so none of the classification-based methods discussed in the Introduction
can be used. In particular, our approaches cannot be compared with any of them within our data
framework. For this reason, we introduced a BM, which by itself is a potential tool for trajectory
reconstruction and fault localization.
The conclusions and contributions of our research can be summarized as follows.

1. The RGNN performs very well and could form a basis for an industrial implementation.

2. The SIGNN and its variants perform broadly on par with the benchmark method. Since the
benchmark method is simpler, we cannot recommend any variants of the SIGNN at this point.

3. The benchmark method performs reasonably well in the second scenario where a large part
of the grid has never been observed. We are aware of no other published methods that are
applicable in such a scenario.

4. We propose an algorithm that identifies optimal buses for placing a limited number of PMUs
for the purpose of fault location identification. This algorithm could serve as a starting point
for an industrial implementation.
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5. Our method is based on reconstructing data at buses where PMUs are not available or do
not stream data for some reason. Such reconstruction algorithms, potentially with some
modifications, can be useful for other purposes, for example, mitigation of the effects of
cyberattacks.

6. We test the performance of the proposed methods on a realistic model of a regional transmis-
sion grid that covers about one third of the United States. This is a much larger grid than the
testbeds used in previous research.
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