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Unplanned power outages disrupt grid stability and increase operational
costs, posing a major threat to power system efficiency. In this paper, we
propose a robust outage prediction model that combines an Autoencoder-
based feature extractor with a residual multi-layer perceptron (MLP)
classifier. The novelty of our approach lies in its ability to maintain high
predictive performance while eliminating reliance on geographic features
such as latitude and longitude—commonly required by traditional models.
We first train the Autoencoder on a rich, unlabeled dataset of weather and
energy demand data collected over two decades (2000-2024) across
Maryland, USA. The learned latent representations are then used to augment
a supervised classification model trained on labeled outage data. Our final
model achieves an Fl-score of 81% even without location-based features,
compared to 90% when using all features. This generalizability enables the
deployment of predictive tools in previously unseen regions, directly
enhancing grid flexibility, reliability, and system efficiency.
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1. Introduction

Reliable electricity supply is an essential component
of modern infrastructure, yet power systems are
increasingly  challenged by  extreme and
unpredictable weather conditions. Events such as
heatwaves, winter storms, strong winds, and heavy
precipitation are becoming more frequent due to
climate change, placing additional stress on
distribution networks. These disruptions have
resulted in widespread outages in regions across
North America, Europe, and Asia, emphasizing the
need for predictive tools that can identify outage
risks before they escalate. For example, major storms
in the northeastern United States during 2018 left
over 2.7 million customers without power. Similar
events have occurred globally, including extreme
heatwaves in South Asia and Europe (Coleman,
2022).

Despite substantial research on climate effects and
power system operations, many outage prediction
models depend heavily on geographic variables such
as latitude, longitude, or region identifiers. While
these features improve localized performance, they
limit model generalizability and restrict the ability to
apply trained models to new areas where precise
spatial data are wunavailable or confidential.
Additionally, most previous studies rely only on
labeled outage datasets, which often cover short
time spans and fail to capture the broader
environmental variations that shape long-term
outage behavior (Satterlee, 2024; Ghasemkhani et
al., 2024)

This study addresses both challenges by developing a
predictive framework that does not require
geographic features and incorporates long-term
environmental behavior through representation
learning. The model combines a short-term labeled
outage dataset with a 24-year unlabeled climate-
and-demand dataset, enabling it to learn from both
immediate operating conditions and historical
environmental patterns. The goal is to identify low-,
medium-, and high-risk outage events with strong
performance across all classes, including the rare
severe events that are often the most critical for grid
operators.

2. Problem Definition

Two main limitations in current outage prediction
studies motivate this work. First, the strong reliance
on geographic variables introduces model bias.
Feature-importance analyses show that spatial
identifiers often dominate predictions, which means
the model learns location-specific structures rather
than general relationships between weather,
electricity demand, and outages. When transferred
to new geographic contexts, such models perform
poorly. Second, although long-term climate data
contain valuable seasonal and interannual patterns,
they are rarely incorporated into outage prediction
models due to the absence of outage labels. Ignoring

this information limits the model’s ability to
recognize structural environmental patterns that
influence the probability of outages.

To overcome these issues, this study develops a
location-independent  predictive  model that
integrates long-term climate patterns through an
AutoEncoder and uses an enhanced MLP classifier to
analyze enriched features. This approach allows the
model to use both high-frequency labeled data and
long-duration  unlabeled data to improve
generalization.

3. Data Description and Preprocessing

Two datasets were used in the study. Dataset A, the
labeled outage dataset, consists of over 67,000
hourly observations including weather variables,
electricity demand, and outage counts. The outage
variable shows significant skewness, with most
observations corresponding to low outage levels. To
address this, outage counts were categorized into
three risk levels: low, medium, and high. Dataset B,
the  unlabeled climate  dataset, contains
approximately 11,900 samples spanning 24 years. It
includes historical records for temperature,
precipitation, wind, pressure, snowfall, and
electricity demand. Although it lacks outage labels,
this dataset provides the long-term environmental
variability needed for effective representation
learning. Preprocessing steps included KNN
imputation, removal of duplicates, standard
normalization, and deliberate exclusion of
geographic features. Dataset A was split into training
(70%), validation (15%), and test (15%) sets.
Outliers—particularly in demand and outage
variables—were retained because they represent real
extremes that influence model learning.

4. Methodology

The modeling framework consists of two
interconnected stages: a representation-learning
stage performed using an AutoEncoder, followed by
a supervised classification stage using an enhanced
multilayer neural network.

4.1. Stage One

Representation Learning with AutoEncoder: An
AutoEncoder is trained on Dataset B to capture long-
term environmental patterns. The encoder
compresses each sample into an 8-dimensional
latent vector capturing interactions among weather
variables and electricity demand. After training,
these latent representations are generated for
Dataset A and append to its original features. This
provides the classifier with both short-term
measurements and deeper environmental context.

4.2. Stage Two

Classification Using Enhanced MLP: A multilayer
neural network is constructed with residual
connections to stabilize training and allow deeper
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architectures without gradient degradation. A
feature-weighting mechanism is included to help the
classifier emphasize the most relevant variables
under different conditions. Weighted cross-entropy
loss ensures that the rare, high-risk outage class
received sufficient emphasis during training.
Regularization via dropout and batch normalization
prevented overfitting. The model is evaluated using
5-fold cross-validation and compared with TabNet,
ensemble models, and CNN-based architectures.

5. Results & Discussion

The experimental results demonstrate that
integrating long-term environmental
representations significantly improves prediction
performance, especially for high-risk outages. The
proposed AE-enhanced MLP achieves the strongest
performance among all models. The results show
that it is possible to develop a location-independent
outage prediction model that maintains strong
performance across all risk levels. Even without
geographic features, the classifier is able to capture
meaningful relationships between weather variables,
electricity demand, and outage probability. The
integration of long-term environmental
representations leads to improved generalization
and stability, particularly for identifying severe
outage conditions. The performance of the proposed
model relative to TabNet and CNN-based approaches
highlights  the importance of combining
environmental context with carefully designed deep
learning architectures. The improvements in the
high-risk class are particularly important for
operational decision-making because these events
often correspond to dangerous or disruptive
conditions requiring early intervention.

6. Conclusion

This study presents a deep-learning—based outage
prediction framework that integrates long-term
climate behavior and short-term operational data to
predict outage risk levels. The model performs well
without relying on geographic variables, making it
transferable across regions and useful in scenarios
where spatial data are limited. By combining an
AutoEncoder for representation learning with an
enhanced MLP classifier, the framework achieves
strong performance across all classes, including rare
high-risk outages. Future work may extend this
approach by incorporating satellite data, modeling
compound climate events, or predicting outage
duration in addition to risk level. As climate patterns
continue to evolve, predictive models that integrate
long-term environmental information will play an
increasingly vital role in grid resilience and
operational planning.
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Figure 2. Distribution of electricity outages at different times of the day.
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Figure 3. Correlation matrix of the first (primary) dataset.
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Figure 4. Analysis of outages over time in the second (secondary) dataset.
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