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Abstract

As the trend in climate change continues, extreme weather events are ex-
pected to occur with increasing frequency and severity and pose a significant
threat to the electric power infrastructure. Regardless of the efforts a utility
puts towards hardening the grid, storm-induced damage to the utility assets
such as cables and distributed energy resources (DERs) that are particu-
larly vulnerable to such events is unavoidable. Access to a highly granular,
in space and time, outage forecasting tool with long lead times (i.e., days
ahead) will enhance the efficiency of service restoration efforts. In this study,
we propose to develop and implement a multi-model framework as an op-
erational tool based on a granular and multi-day outage forecasting model
using operational numerical weather prediction model forecasts and detailed
component outage information. An innovative two-layered recurrent neural
network, i.e., a long-short-term-memory (LSTM)-based variational autoen-
coder (VAE) framework and a sliding window are used to address the uneven
distribution of different types of weather events and make better use of the
time-series data. Case studies are performed to demonstrate the performance
of the new framework.

Keywords: Variational data augmentation, outage prediction, variational
autoencoder, recurrent neural networks, weather-related outages

1. Introduction

One of the impacts of climate change is the increasing frequency and
magnitude of extreme weather events. The electric power grid is vulnerable
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to such hazardous events [1], causing more than 90% of grid outages [2]. As
the weather events are recurrent and the damage to the assets is unavoidable,
quicker service restoration is critical to enhancing the system’s reliability
and reducing both the economic and social impacts. Grid restoration can be
significantly accelerated using accurate predictions and timely estimates of
the grid damage such that the repair crews and resources can be strategically
located and dispatched before and after the event, respectively. A high-
performance damage-forecasting tool would make the grid more resilient,
aiding a quicker recovery of the service when weather-related outages occur
[3, 4].

Many studies have been dedicated to developing models for damage fore-
cast/estimation of the power grid under various severe external events, es-
pecially weather-related events, e.g., [5, 6, 7, 8, 9, 10]. The methodology
behind these studies is the extraction of correlation between the occurrence
of damage to the grid and the associated weather conditions including related
environmental information such as vegetation coverage, tree trimming, and
soil moisture. Various techniques have been used to extract these correlations
such as statistical analyses [5, 6, 7, 8], fuzzy set theory [9], and regression
analyses [10]. However, these works still rely on the specific design of a pre-
diction model lacking the comprehensive use of archived weather data for
training.

Recently with the development of machine learning (ML) techniques, ML-
based approaches have been applied to the prediction of the number of out-
ages [11, 12, 13, 14], and the identification of outage events [15, 16, 17, 18].
Authors in [16] proposed an ML-based method for distribution systems to
identify factors connected with outage events by assessing both system and
weather data. In [17], authors introduced a conditioned outage prediction
model for categorizing the weather event by dividing the training dataset into
subsets of representative events. In addition to event classification, authors
in [13] developed an ML-based method for estimating the decision bound-
ary that identifies the potential outage of power grid components. In [14], an
event-driven prediction model is developed to forecast outages by considering
various types of events for different weather conditions. While many studies
have provided very useful solutions, the major issue with the existing studies
is the granularity of the outage forecast and estimation tools. Information
such as locations and times of outage occurrences can be used to deploy
crews more strategically [19, 20]. Following a significant weather event, this
full restoration effort is very expensive, and therefore, even a slight improve-
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ment in the accuracy of the granular prediction of outage numbers, types, and
locations can significantly reduce the restoration times and costs. Increasing
the granularity of the outage prediction requires both weather forecasts and
outage data with increased granularity. However, a trade-off must be made
due to the large uncertainties associated with weather-induced component
outages [10].

This work focuses on the development of a novel granular framework
for accurately predicting power outages using operational numerical weather
forecasts and detailed component outage information. The main challenges
in outage prediction include the complex temporal dependencies present in
weather forecasts, limited hazardous weather events and outage data, and
the scarcity of extreme weather events, which leads to a significant data im-
balance that negatively impacts prediction performance. In [17], the authors
proposed a conditioned outage prediction model (OPM) that mainly focused
on the occurrence of outages instead of predicting the outage number. It di-
vided a training dataset into subsets of events representative of the predicted
event’s severity. However, the pre-processing of training dataset requires a
specific domain knowledge. The authors in [21] developed a classification
model for outage prediction with a sampling method to deal with imbal-
anced datasets. In [22], an ML model was developed for prediction outage
events which achieves an improved performance using 12 hours of data before
the event. However, most of studies focused on identifying the occurrence of
outage events. The existing work in [12] attempted to embed the temporal
dependence by an average method. However, this approach may result in
the loss of detailed temporal features during the weighted average operation
over a given period. The work in [23] proposed a long-short-term-memory
(LSTM)-based model for outage prediction. However, its performance heav-
ily relies on the quality of the training data, which is often challenging to
ensure, particularly when using realistic historical weather data and real-time
weather forecasts.

One of the major challenges in developing outage forecasting models is
the scarcity of weather events, especially catastrophic weather events, e.g., a
category IV hurricane, that occurs with very limited frequency. When histor-
ical data are used for training the ML-based models, an extreme event may
not be well-captured due to its scarcity. Ideally, ML models for events of
different categories can be developed but are not practical since (1) extreme
events are still infrequent, (2) weather events are not easy to categorize, and
(3) having too many models may render the application complicated and
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difficult. Deep learning generative models, including generative adversarial
networks (GANs) as referenced in [24] and variational autoencoders (VAEs)
as cited in [25], have emerged as solutions to the challenge of data imbalance
across various domains, such as power systems [26, 27], particularly in aug-
menting infrequent event samples. GANs, known for learning and replicating
the original dataset’s distribution, tend to offer less control in the data gener-
ation process. The complexity and training difficulty of GANs, coupled with
their frequent suboptimal results and the challenge in evaluating their con-
vergence, often complicates the assessment of the synthetic data quality they
produce. This issue is notably significant in outage prediction, where the
unequal distribution of weather event types presents a substantial challenge.
In contrast, VAE-based generative models, as discussed in [28], provide en-
hanced control over generated data’s variability. This control is exercised
through the manipulation of the latent distribution’s standard deviation in
the original dataset. Utilizing this characteristic, VAEs can more effectively
manage the variability in the generated data, thereby addressing data imbal-
ance more efficiently. VAEs, as unsupervised machine learning models, have
already shown effectiveness in enriching training data for grid applications
[29, 30, 31]. In [29], the authors proposed a sampling method to enrich the
dataset with rare operating conditions. The method could generate datasets
that are representative relevant for different operating settings. However,
this method is still a supervised method requiring additional efforts such as
definition of target distribution and labeling. In [30], VAE-based method
was investigated for enriching the number of power theft samples. However,
the model architecture is insufficient to handling time-series data. Therefore,
there is still a need to fully account for data variants in data and time se-
ries weather data effectively for balancing datasets. By utilizing the power
of LSTM-based models in capturing temporal features and combining them
with VAE-based models, we expect that the LSTM-based VAE model can
generate new sequences that closely resemble the original data while intro-
ducing subtle variations.

As the trend of climate change continues, an increase in the severity of
extreme weather events is expected, posing a significant threat to the elec-
tric power infrastructure. The efficiency of service restoration efforts can be
enhanced by having access to a highly granular outage forecasting tool with
long lead times. To address these challenges, we propose to develop and im-
plement a multi-model framework as an operational tool that utilizes a gran-
ular and multi-day outage forecasting model based on operational weather
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forecasts and detailed component outage information. To address the un-
even distribution of different types of weather events and make better use of
the time-series data, an LSTM-based VAE together with an over-sampling
method is proposed to address data imbalance. Given the balanced data
constructed by combining synthetic samples with the original weather data,
a predictive model with a stacked LSTM architecture is designed for outage
number prediction. The overall scheme is illustrated in Figure 1. The major
innovations for improved outage prediction include the following:

• A variational autoencoder (VAE)-based augmentation method is de-
veloped as a generative model to extract weather input features by
interpreting their distributions rather than learning a deterministic la-
tent space. Therefore, it can better capture variations in weather data
by minimizing the Kullback–Leibler (KL) divergence and the recon-
struction error between the reconstructed data and the input data.

• A data preprocessing-related method is developed to address the imbal-
ance of real-world weather data via a novel variational data augmenta-
tion algorithm. It guarantees high efficiency for balancing the number
of samples considering both the balance ratio and outage consequence.

• The temporal dependence of weather conditions is captured by using
LSTM in both generative and prediction models, resulting in a granular
forecasting model for grid component outages with a lead time of up
to 120 hours based on North American Mesoscale (NAM) and Global
Forecast System (GFS) model forecasts.

This paper is organized as follows: the historical weather forecast and
outage data are discussed in Section II. Section III presents the problem
formulation. The data augmentation method is discussed in detail in Section
IV. The details of the forecasting model are elaborated on in Section V.
In Section VI, case studies are performed including the comparison of the
performance of models with and without the proposed techniques, which
verify the effectiveness of data augmentation and outstanding performance
of outage prediction. Section VII gives the conclusions of the study.
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Figure 1: Overall ML-based outage prediction scheme.

2. Historical Data

2.1. Weather forecast data

We used two numerical weather prediction forecast datasets: the NAM
forecast system and the GFS. Both datasets were obtained from the data
archive of the National Centers for Environmental Information (NCEI). These
datasets are produced to support operational weather forecasts and, there-
fore, include future meteorological conditions required for our outage pre-
diction model to forecast outages. NAM employs a horizontal resolution of
12 km over the continental United States region. Forecast simulations are
launched four times a day (00:00, 06:00, 12:00, 18:00 UTC) and continue for
up to 84 hours with an hourly output of up to 60 hours and every 3 hours af-
ter 60 hours. GFS data cover the globe with a resolution of 0.5 degrees. GFS
is launched at the same time as NAM with a three-hour interval output of
up to 120 hours. We produced a meteorological dataset that covers the New
York State (NYS) region for 0 - 120-hour lead time forecasts by combining
NAM from 0 to 84 hours with GFS from 84 to 120 hours. The GFS data are
horizontally interpolated into the grid points of NAM and the 3-hour interval
data are interpolated to an hourly temporal resolution such that the outage
model can be trained and evaluated hourly on the NAM grid. We used the
dataset from 2006 to 2014 and from late 2017 to 2020 when outage data were
available.

There are different categories of weather events such as hurricanes, sum-
mer thunderstorms, snow events, etc. These events are characterized by some
similar features, e.g., wind speed, as well as very different features such as
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precipitation or lightning strikes. All of them can cause outages of the same
grid components.

2.2. Outage data

The grid outage data were provided by an NYS utility, Orange and Rock-
land Utilities (ORU), from January 2010 to September 2014 and from Novem-
ber 2017 to December 2020. The outage data acquired here are based on
post-storm analyses and can be considered the best estimate of the outage
information. The information for each outage includes a unique outage ID,
a cause code, the coordinates of the component outage represented in terms
of state plane, the type of the outage (underground or overhead [OH]), the
times of outage occurrences, and the times of repair, as well as the type of
the components (e.g., an OH distribution cable or a pad-mount transformer),
and many other types of information, e.g., dispatch times and arrival times
of repair crews. Outages of forty-eight types of components were identified.
However, only OH cable is considered in this study as its outages are very
strongly related to weather events.

The most crucial information that is relevant to this study is the location
of the outage/component, outage occurrence time, and the type of the com-
ponent. In general, if the outage occurrence time overlaps with a storm, the
outages are considered storm-induced. The outages that occur before or after
a storm are excluded. However, it should be cautioned that the uncertainty
associated with reported outages in an ongoing storm still exists, especially
for the exact outage occurrence times. In addition to the outage data, ORU
also provides asset inventory data at high granularity for various overhead
cables, i.e., 1.4km by 1.1km, allowing great flexibility for developing forecast
models of different spatial granularity, i.e., for areas of different sizes within
the ORU’s service territory.

As an example, a snapshot of the forecasted gust wind speed and the
actual overhead cable outage data during Hurricane Irene are visualized in
Figure2. Hurricane Irene started as being Category III, and although down-
graded to a tropical storm in the New York metropolitan area, still caused
widespread outages in the ORU region. The size of the circles is proportional
to the reported outage number in an approximately 3km ×4km area adjacent
to the circle. The wind gust speed is from the NAM forecast launched at
noon UTC, on August 27, 2011. Note that gust wind speed is only one of
the many weather variables that impact the outage occurrences.
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Figure 2: Distribution of forecasted gust wind speed in m/s (colors) and number of
reported outages (circles) at noon UTC, August 28, 2011.

3. Problem Formulation

To develop a granular, outage forecasting model(s) based on numerical
weather forecasts up to a lead time of 120 hours, we propose to formulate a
framework shown in Figure 3. The storm starting and ending times are de-
termined based on the forecasted meteorological conditions. To facilitate the
discussion, the storm starting time is denoted as Storm Hour 0. Therefore,
the first relevant forecast will be performed at Storm Hour −120. Subse-
quently, other forecasts will be performed every six hours at Storm Hour
−114, −108, and so on. As time progresses, hourly weather forecasts during
the storm become available. The occurrence of outages is anticipated until
the end of the storm and can be predicted using weather forecasts.

Note in Figure 3 that the weather conditions during the storm that are
forecast at different times overlap, e.g., the forecasts performed at Storm
Hour −114 and Storm Hour −108 both cover the first six hours after the
storm starts. We develop a series of predictive models using the weather
forecasts every six hours before the storm begins. It is expected that the
uncertainties and biases inherent in each of the forecasts performed at dif-
ferent times can be captured by the corresponding model. When the tool
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Figure 3: Prediction framework using weather forecasts of different leading times.

is in operation, the model developed for the forecasts performed at different
times, i.e., Storm Hours −114, −108, . . . , −6, 0, . . . , will be used to predict
the outage occurrences in the first 6, 12, . . . , 114, 120, . . . , hours as the
storm progresses, as seen in Figure 3.

4. LSTM-based Variational Autoencoder (VAE) for Data Augmen-
tation

One major challenge in developing a unified outage forecasting model is
the uneven distribution of different types of weather events. Weather in-
formation collected in the real world could have skewed class proportions,
making the model biased in outage prediction. This work addresses this
issue by utilizing variational autoencoder (VAE)–based models to balance
data aiming to achieve the purpose of data augmentation. A VAE model is
developed to extract the weather event features and implicitly generate new
weather data based on embedded hidden features. To capture the temporal
dependency of weather event evolution, we further combined the LSTM net-
work with the VAE model targeting to improve the forecasting performance
using sequential weather data for all kinds of weather events.

4.1. Variational autoencoder

Given a data set consisting of N i.i.d. (independent and identically dis-
tributed) data points, a generative model can be developed to generate data
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by a random process describing the variations in given data input, which
leads to the following marginal likelihood

pθ(x) =

∫
pθ(z)pθ(x | z)dz (1)

where x is the original input data, z is the latent variable and θ represents
the model parameters, and pθ(z) is the prior distribution over the latent
variable z and pθ(x | z) is the conditional distribution. The VAE, as a variant
of general autoencoders (AEs), is to reconstruct original data by modeling
the conditional probability pθ(x | z) with machine learning models (e.g.,
neural networks (NNs)) [25]. As discussed in [25], it is generally intractable
to calculate the posterior pθ(z | x), which is addressed by maximizing the
evidence lower bound (ELBO) of the marginal likelihood to approximate the
posterior by qΦ(z | x) with Φ being the variational parameters.

Compared with AEs, the latent representation of the original data x is
replaced by stochastic variables with means and variances, where variational
inference is used to enhance the ability of feature extraction instead of simple
input reconstruction. The main goal of VAEs is to reproduce samples that
represent distributions in x accurately. A VAE includes three components,
1) an encoder, qΦ(z | x), processes the approximation of the true posterior; 2)
a bottleneck performs random sampling to generate a latent representation
z from embedded normal distributions; and a decoder, pθ(x | z), represents
the likelihood of data generation and reconstructs x from z.

The VAE optimizes these parameters by maximizing (2)

max EqΦ(z|x) −DKL(qΦ(z | x)||pθ(z)), (2)

where the first term in (2) is the expectation of the reconstruction term that
represents the expectation of the log-likelihood of the data given the latent
variables and measures how well the VAE can reconstruct the original data
given a sample from the latent space and DKL is the Kullback-Liebler (KL)
divergence between the variational approximation of the posterior and the
chosen prior. In a VAE, centered isotropic multivariate Gaussian is used as
the prior of z, and it approximates the posterior by a multivariate Gaussian
N(µ, σ2) with µ and σ2 being the mean and variance, respectively. These
Gaussian variables are parameterized by NNs in the encoder and decoder and
denoted by Φ and θ, respectively. The VAE is then converted to a generative
model by embedding the original inputs into this prior, sampling the latent
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representation z directly from the prior distribution, and passing z further
to the decoder for reproducing input data x.

4.2. Long-short term memory

LSTM is adopted to implement the VAE. LSTM is a type of recurrent
neural network (RNN), which is different from the conventional RNN by
introducing a memory cell to regulate the information flow of inner cells. An
example LSTM structure consists of an input layer, a hidden layer, and a
memory cell. In the memory cell, three non-linear gating units are included
to regulate their state ct, which circumvent the gradient-vanish problem and
enable it to capture long-term dependencies[32]. The following equations
conclude the computations in the LSTM given a sequential input at time t:

gt = tanh
(
Wgxxt + Ughht−1 + bg

)
(3a)

it = Sigmoid(Wixxt + Uihht−1 + bi) (3b)

ft = Sigmoid(Wfxxt + Ufhht−1 + bf ) (3c)

ot = Sigmoid(Woxxt + Uohht−1 + bo) (3d)

ct = ft · ct−1 + it · gt (3e)

ht = ot · tanh(ct) (3f)

where ht is the hidden state; ct is the cell state; and xt is the input data.
The input, forget, cell, and output gates are denoted by it, ft, gt and ot,
respectively. Each cell has the corresponding W weights for hidden states,
U weights for the input and b bias.

4.3. LSTM-based VAE model

This work introduces an LSTM-based VAE (LSTM-VAE) to take advan-
tage of both VAEs and LSTMs, as shown in Figure4. Specifically, we replace
the conventional feed-forward NNs in a VAE with LSTMs. Two LSTMs with
the same architecture are used in the VAE to model the encoder qΦ(z | x) and
the decoder pθ(x | z), respectively, such that the hidden state is conditioned
on xt−1 and zt−1. Therefore, the model can handle time-series data by cap-
turing sequential features. The proposed LSTM-VAE structure is illustrated
in Figure4, where x1:T = (x1, . . . , xt, . . . , xT ) is a multidimensional time se-
ries of weather information during T time steps. The encoder LSTM takes
sequential information as input and outputs the hidden state ht based on
(3). The embedded state ht is then used to a bottleneck layer with two fully
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Figure 4: LSTM-based VAE for data augmentation.

connected NN models to estimate the mean µ and log-variance σ of p(zt | xt).
Given the estimation of Gaussian variables, zt is randomly sampled from the
posterior p(zt | xt), which is fed into the LSTM-based decoder and further
into an output layer (i.e., a feed-forward NNs) to reconstruct the original
input x1:T . The parameters in the encoder and decoder are optimized by
minimizing the following loss function:

Lloss =
T∑
1

[DKL(qΦ(zt | xt)||pθ(zt)) + log pθ(xt | zt, xt)]. (4)

Given a time-series input x1:T , in (4), the loss function is composed of two
main parts: 1) the first part of the loss function is the KL divergence, which
acts as a regularizer. This component measures how much the learned dis-
tribution deviates from a prior distribution, typically a standard Gaussian
distribution. The KL divergence ensures that the distribution of the latent
variables does not deviate too much from the prior; and 2) the second part is
a Gaussian log-likelihood as the reconstruction loss that measures how well
the VAE can reconstruct the input data. The goal here is to minimize this
difference, encouraging the VAE to learn a good representation of the data.

4.4. Balancing weather data distribution via augmentation

This work utilizes the LSTM-based VAE to augment multivariate weather
sequences leveraging the synthetic minority over-sampling (SMOTE) method
[33]. SMOTE uses randomly sampled minority class observations via k -
nearest neighbors to generalize minority class decision region neighborhoods
such as for each of p randomly sampled minority observations, x(i) ∈ Rn,
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compute the k -nearest neighbors to x(i), denoted as J ∈ Rk×n, and generate
a synthetic example, x(i)′, between x(i) and each nearest neighbor, j(l):

x(i)′ = x(i) +Kg ∗ (j(l) − x(i)) (5)

where Kg is a random scalar between 0 and 1. The application of SMOTE
has been shown to effectively aid in generalizing the decision region for the
minority class(es) by synthetically creating minority class observations [33].
However, it runs the risk of “over -generalized” minority decision regions in
cases of significant class overlap.

VAE-based methods as generative models are unsupervised learning tech-
niques that can be used to generate synthetic data. The VAE-based methods
do not simply learn the boundaries between classes but model the distribution
by which the data itself was generated. Thus, we propose a new augmenta-
tion method by integrating SMOTE into a VAE model. The utility of us-
ing VAEs for balancing data is that the approximated posterior distribution
will generate synthetic examples that are more probabilistically archetypal
to the minority class samples. Note that both real weather sequences x1:T

and outage data y1:T are gathered to generate the augmented weather se-
quences x̃1:T and outage data ỹ1:T . The original dataset is replicated using a
new time-series sequence t ∈ T | t = x

⋃
y,∀x ∈ x1:T , y ∈ y1:T , and the aug-

mented dataset is given by t̃ ∈ T | t = x̃
⋃

ỹ,∀x̃ ∈ x̃1:T , y ∈ y1:T . Let Ly be
the number of classes given historical weather data and nmajority be the num-
ber of majority samples in Ly, the following algorithm concludes a generative
over-sampling approach building on a top of SMOTE, by which the obser-
vations in each minority class are used to fit a VAE model, and synthetic
examples are generated until the class is represented at the user-specified
ratio σ.

5. Outage Prediction Model

Given the augmented data from the LSTM-based VAE model as input,
this section introduces a stacked LSTM model to predict the outage number
during extreme events.

5.1. Sliding window approach

The temporal dependency of sequential data diminishes as its length in-
creases. A complete weather forecast sequence is typically too long (i.e., up
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Algorithm 1 LSTM-based VAE with SMOTE

1: procedure Balance({x̃, ỹ}, Ly, σ)
2: Kmajority ← argmax(count(Ly))
3: Klabels ← length ofLy

4: Krep ← int(σ × nmajority)
5: Loop:
6: for i := 1 to Klabels do
7: k ← Klabels[i]
8: if k ̸= Kmajority then
9: Xsub ← XwhereLy = k

10: p← Krep − length of Xsub
11: Fit a LSTM-based VAE with Xsub
12: Generate p synthetic examples
13: Update {x̃, ỹ}, Ly

14: end if
15: end forreturn {x̃, ỹ}, Ly

16: end procedure

to 120 hours) to process, which will significantly increase the complexity of
computing the gradient of the loss (4) summed over time. Authors in [34]
find that training an RNN-based model is difficult given a long time series.
In addition, as a real application, the amount of weather forecast and outage
data would be limited. We address this limitation by dividing the entire
weather forecast into short chunks and applying a sliding window of a pre-
selected width across the sequence of the weather forecast during the storm.
Let t0 be the starting point of the forecasts, the forecast in a sliding window
is obtained by controlling the window length W , such as

X1 = xt0:t0+W

X2 = xt0+1+W :t0+2+W

. . .

Xs = xt0+(s−1)+W :t0+s+W

where X is a short time-series chunk. The whole dataset is then given by

X = {X1,X2, . . . ,Xs}. (6)

It is expected that the sliding-window approach can better improve the model
performance and enrich the variability of the dataset. Given the dataset X ,
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Figure 5: Stacked LSTM for the outage prediction model.

Algorithm 1 shows the pseudo-code for the training process.

5.2. Stacked LSTM-based predictive model

A stacked LSTM architecture is adopted to further enhance the perfor-
mance of the predictive model. The structure of the predictive model is
given in Figure5. The predictive model includes a bi-directional LSTM, an
un-directional LSTM, and a multilayer perceptron (MLP) layer. Besides
the improved performance as shown in [35], the stacked architecture enables
additional flexibility to design different types of LSTMs at different layers.
Leveraging this feature, a bi-directional LSTM is used as the input layer to
capture the sequential weather data dependence in both forward and back-
ward directions, and taking the output from the input layer, an un-directional
LSTM is used to further capture the forward dependency. The output from
the un-directional LSTM will be fed into the MLP layer for outage prediction.

6. Case Studies

This section evaluates the performance of the proposed prediction model
with data augmentation. First, the setup of the case studies and the data
preparation procedures are introduced. In sequence, four comparative stud-
ies are presented where Case I presents a study verifying the effectiveness
of the proposed data augmentation method; Case II demonstrates the effect
of the data augmentation method on outage prediction; Case III compares
the performances of the applied prediction model with other model frame-
works; and Case IV performs a sensitivity analysis by varying the sliding
window length for data preparation and the latent dimension of the VAE-
based model. In this study, we focus on the outage prediction of overhead
distribution cables.
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6.1. Setup

Both the encoder LSTM and the decoder LSTM consist of a stacked
LSTM with the hidden-unit number 48, 24 for the encoder LSTM and the
hidden-unit number 24, 48 for the decoder LSTM. The size of the latent
units is selected to be the same as the number of features, i.e., the number of
variables and the sequence length included in the input data. The proposed
LSTM-based VAE is trained using the backpropagation algorithm with the
loss function (4). The sliding window approach is used to convert the entire
time series of weather forecast variables into segments with the length of a
5-hour time step. In other words, the forecast model takes a set of data with
time steps (covering 5-hour weather forecasts) to predict the outage number
of the 5th hour, and we apply batch learning to train the model. For all
cases, the mini-batch size is set to 128, and the optimizer is set as Adam
with a learning rate of 1× 10−4. Early stopping is used to avoid over-fitting,
where the training is stopped if the validation loss does not decrease for 50
epochs. The hyperparameters for all learning models are determined by the
trial-and-error method providing the best performance.

6.2. Data preparation

The NAM and GFS forecasts are extracted and combined to provide
hourly forecasts to 120 hours of lead time and interpolated to the NAM spa-
tial resolution for a set of historical storms in NYS. The service territory of
the ORU is divided into 24 subareas to further improve the spatial granu-
larity in prediction, which is used to demonstrate model performance in case
studies. Such weather forecasts are geographically coupled with the histor-
ical outages during these storms to create training and testing datasets for
outage prediction models. The raw weather forecast of different variables has
different orders of magnitude and can have negative impacts on training per-
formance. Therefore, data standardization is first performed to convert it to
data of comparable magnitudes, zero mean, and unit variance for individual
feature input variables. Considering the limited number of historical storms,
among several hundred weather variables in the forecast dataset, we initially
focus on a total number of 33 variables (including 32 weather variables se-
lected based on meteorological relevance and one variable representing the
inventory information of the grid component) based on the meteorological
relevance to the outages. The weather forecasts are reshaped to the dimen-
sion [N, T,X], where N is the batch size and T is the time step, and we use
batch learning for training.
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Table 1: Comparative results of different prediction modules

MSE Win/Tie/Loss
Ablation case 1 0.465% N/A
Ablation case 2 0.258%

13/6/18
Ablation case 3 0.208%

6.3. Case I: performance of data augmentation methods

In this case, we show the effectiveness of the proposed LSTM-based VAE
method in reconstructing the distributions of the original data by extracting
its implicit features embedded in the original data. It is compared with
three baseline methods (i.e., AE, GAN, LSTM-based AE, and VAE). For a
fair comparison, all the augmentation models share the same latent size (i.e.,
34) and the training parameters (i.e., the bath size and the optimizer setting).
For the AE and VAE methods, the hidden units are set as 64 and 32, while
for the LSTM-based models, the hidden units are set as 48 and 24. MLP is
selected to set up the generator and discriminator of a GAN model with the
hidden size [64, 32]. The summary of the augmentation results in 100 tests is
shown in Table. 6.3, where the mean square error (MSE) and discriminator
score are used to assess the performance. The discriminator score (accuracy)
is obtained by training a classification model that identifies the difference
between the original and generated data as supervised learning, where the
model with the lowest discriminator score has the best performance. In
other words, the original data can be reconstructed with the highest quality.
As shown in the results, both GAN- and LSTM-based models have similar
outstanding performance (i.e., lower MSE), which meets the expectation. We
find that the LSTM-based VAE model has better performance than the GAN-
and LSTM AE-based models (i.e., lower score). Although GAN would have
a better ability to generate images compared with VAE, the LSTM-based
VAE has better performance in time-series data generation in this study.

For the proposed balancing augmentation, by analyzing the dataset, we
found that the weather data that caused more than 20 outages in one of the
24 subareas of the utility accounted for a small portion of the entire dataset
(3%), resulting in imbalanced data. Therefore, we categorize the original data
into Ly = 2 classes (i.e., > 20 outages and ≤ 20 outages during the entire
forecast horizon), and apply the proposed augmentation algorithm to balance
the original data with empirically selected σ = 0.5. We compare the proposed
method with the original SMOTE, and the results are illustrated in Figure
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6, where the red dots belong to the class with an outage number greater
than 20 outages, and the blue dots belong to the class with less than 20.
Therefore, the proposed data augmentation method outperforms SMOTE
by ranking and generating samples according to its hidden distribution and
reconstruction MSE, by which one can avoid the generated samples lying too
close to the decision boundary.
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(a) Original Data

(b) Augmented Data with SMOTE

(c) Augmented Data with the proposed method

Figure 6: Performance evaluation of data augmentation methods.
19



Table 2: Comparative results of the predictive model with/without using augmented data.

With data augmentation Without data augmentation

MSE 0.23% 0.57%

Win/Tie/Loss 18/4/8

p-value 0.013 N/A

6.4. Case II: impact of data augmentation on outage prediction

For a fair comparison of outage prediction performances using different
augmentation methods, the prediction models share the same architecture
and parameters. Two weather events (i.e., Event I and Event II) are ran-
domly selected from the testing dataset. In each plot of Figure 7, the orange
line represents the evolution of actual outage numbers or ground truth and
the blue line is the predicted outage numbers in one of the 24 subareas of
the ORU region. For weather Event I, Event I-a (Event I-b) refers to the
outage prediction (without) using the augmented data as input, as shown in
the top two plots of Figure 7. The bottom two plots of Figure 7 show the
outage prediction for weather Event II with (Event II-a) and without (II-b)
augmented data. Improved prediction performance using augmented data
can be observed for these two weather events.

Additional 30 test cases are studied and summarized in Table 2. Table 2
shows three performance metrics: MSE and p-value that are averaged over
30 tests and Win/Tie/Loss. The Win/Tie/Loss indicates 1) a model with
better performance (’Win’ or ’Loss’) and 2) a similar performance (’Tie’),
where ’Win’ means the model with data augmentation is better, and vice
versa. The p-value indicates the significant improvements statistically at
a 5%-level. The results show that the data augmentation method would
significantly boost the prediction performance. Moreover, it is observed to
decrease the MSE by 7% and has a p-value less than 0.05. It is postulated
that this would be induced by alleviating the influence of an imbalance in the
original data. Therefore, data augmentation can clearly improve the overall
prediction performance, although not in every case.
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Figure 7: Outage predictions with (Left) and without (right) using augmented data as
input for two weather events (top and bottom plots).

6.5. Case III: performances of prediction models

In this section, we compare the performances of prediction models using
stacked and unstacked LSTMs, both taking augmented data as the input.
The unstacked LSTM uses an un-directional LSTM as the input layer and
MLP layers in sequence to process the feature output from the LSTM layer.
Outage prediction results for another two randomly selected weather events
(i.e., Event III and Event IV) are shown in Figure 8. As shown in Figure 8, the
stacked architecture improves prediction accuracy (labeled as Event III-a and
Event IV-a) compared to the unstacked LSTM (labeled as Event III-b and
Event IV-b) in a subarea. For the same 30 test cases above, we summarize
the MSEs, Win/Tie/Loss, and p-values in Table 3. To further compare the
performance, we compare our model with a RNN-based model [36] where
only one LSTM layer was used. The results are shown in Table 4. As we
can see, the stacked architecture in our paper has better performance since
it 1) increases the model’s capacity to learn and represent complex features
and relationships and 2) potentially focus on different spans of dependencies,
making the network more effective at capturing long-range interactions [32].
All the results demonstrate that the stacked architecture can enhance the
overall performance of outage prediction.
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Figure 8: Outage prediction using stacked (Left) and unstacked LSTMs (right) for two
weather events (top and bottom plots).

Table 3: Comparative results of different prediction models

Stacked Unstacked

MSE 0.21% 0.49%

Win/Tie/Loss 19/5/6

p-value 0.011 N/A

Table 4: Comparative results between our model and RNN

Stacked RNN

MSE 0.21% 0.49%

Win/Tie/Loss 21/4/5

6.6. Case IV: Sensitivity Analysis

Two sensitivity studies are performed to assess the model performances
under different sliding window lengths and variable numbers, respectively.
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The model architecture and parameters are the same, i.e., stacked LSTM-
VAE using the proposed augmentation method for different cases. The results
in Figure 9 show the relationship between the MSEs of outage prediction and
the lengths of sliding windows. It is interesting to notice that increasing the
length reduces the MSE first and then, increases the MSE at a certain point,
i.e., 5-hour. It is postulated that, for this fixed prediction model, increasing
the sliding window length or the number of input data points makes the tem-
poral dependency of the input data more difficult to capture and may require
a more complicated model. To investigate the impact of weather variables,
we pre-selected 9 variables that are widely used for outage prediction. The
details of 33 variables and pre-selected 9 variables are shown in Appendix.
As shown in Table 5, adding more weather-related variables could improve
the prediction accuracy since those variables may better capture the corre-
lation between weather-related variables and therefore provide more useful
information for subsequent outage prediction.

Table 5: Comparative results of different input variables

All Variables Pre-selected Variables
MSE 0.32% 3.45%
Win/Tie/Loss 41/3/6

Figure 9: Impact of different sliding window lengths on prediction MSEs.
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Table 6: Comparative results of different prediction modules

MSE Win/Tie/Loss
Ablation case 1 0.465% N/A
Ablation case 2 0.258%

13/6/18
Ablation case 3 0.208%

6.7. Case V: Ablation Study

This case involves comparing three ablation scenarios to demonstrate the
necessity of using MLPs as the prediction module. The ablation cases are as
follows, including Ablation case-1) only MLPs for outage prediction; Ablation
case-2) our model with an LSTM directly as the prediction module; and
Ablation case-3) our model with an MLP as the prediction module. The
comparative results are presented in the table below. Using only MLPs
for outage prediction yields the worst performance. On the other hand,
employing LSTMs improves prediction accuracy. When compared to Case-2,
using an MLP as the prediction module enhances the model’s generalizability,
as indicated by the ”Win/Tie/Loss” percentages. In other words, using an
MLP reduces the risk of overfitting, especially when the training data is
limited.

7. Conclusions and Future Work

In this paper, we developed an ML-based outage forecasting model with
up to a 120-hour lead time to better capture the effects of storm evolution
on component outages. We introduced and integrated the VAE models with
the SMOTE to develop a new data augmentation method that balances data
of the uneven distribution of different types of weather events and better
captures the features of the weather input data. A stacked LSTM considering
bi-directional dependence was adopted. A sliding window approach was used
to make better use of the available data in developing predictive models based
on important weather variables. Future studies may include the impacts of
different ML models on and sensitivity studies of outage prediction accuracy
against the granularities of the outage prediction model.

Appendix A. Input Variables

The details of input variables for comparative studies are shown below.
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• 33 variables: 10 meter U-wind; 10 meter V-wind; U-wind at 850 mb;
V-wind at 850 mb; U-wind at 1000 mb; V-wind at 1000 mb; U wind
0-30 mb above the ground [m/s]; V-wind 0-30 mb above the ground
[m/s]; MSLP; Pressure at the surface; Geopotential height of surface;
Termperature at surface; 2m Temperature 2m Dew Point; 2m Relative
Humidity; Convective precipitation; Total precipitation; Vertical ve-
locity (pressure) 850mb; Vertical velocity (pressure) 1000mb; Absolute
Vorticity 1000mb; Geopotential height of 850 mb; Temperature at 850
mb; Relative Humidity at 850 mb; Geopotential height of 1000 mb;
Temperature at 1000 mb; Volumetric Soil Moisture 0-0.1 m [Fraction];
Volumetric Soil Moisture 0.1-0.4 m [Fraction]; Volumetric Soil Mois-
ture 0.4-1.0 m [Fraction]; Volumetric Soil Moisture 1.0-2.0 m [Fraction];
Convective Available Potential Energy [J/kg]; Wind speed (gust) sur-
face; U-wind in PBL [m/s]; V-wind inPBL [m/s]; Inventory

• 9 variables: Pressure at the surface; 2m Temperature; 2m Relative
Humidity; 10 meter U-wind; 10 meter V-wind; Total precipitation;
Convective precipitation; U-wind at 850 mb; V-wind at 850 mb
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