
real challenge to view some of the faults, only the fault instances that are identi�able are

included in this evaluation. The issue of missing PMU data was addressed during data

preprocessing by imputing the missing data with the last available value. The resulting

performance of the classi�er model resulted in an accuracy of77%, which is not high but

acceptable for the case with almost no usable labels.

Summary

Our study demonstrates that machine learning models trained solely on simulated PMU

data can effectively classify line faults in �eld-recorded data, outperforming models trained

on �eld recordings with inaccurate labels. This approach addresses critical challenges in

power system fault analysis, including the scarcity of labeled �eld data, uneven distribu-

tion of fault types, and imprecise labeling in operational environments. The �ndings have

signi�cant implications for enhancing grid reliability through improved fault detection and

classi�cation capabilities.

Key �ndings include:

• Training ML models using simulated data with precise labels produces better results

than relying on improperly labeled �eld recordings, con�rming our initial hypothesis

• The proposed method eliminates bias introduced by automatic labeling methods used

in previous work, particularly for fault types that are dif�cult to distinguish in �eld

recordings

• PMU concentration and voltage level signi�cantly impact classi�cation accuracy,

with higher-concentration PMUs in the synthetic grid yielding superior performance

(F1 score of 0.92 vs. 0.78)
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• The combination of simulated data from areas with higher PMU concentration and

�eld-recorded data achieved the highest prediction accuracy with an F1 score of 0.94,

suggesting complementary bene�ts from both data sources

• Even with extremely challenging data from the Eastern interconnection characterized

by missing measurements and almost no usable labels, our approach achieved 77%

accuracy using only simulated data for training

• Feature extraction based on voltage magnitude changes across phases proved effec-

tive for distinguishing between different fault types, even when phase-to-phase and

phase-to-phase-to-ground faults share similar signatures

• Support Vector Machine (SVM) classi�ers with optimized parameters demonstrated

robust performance across diverse testing scenarios, suggesting the approach is gen-

eralizable to different power systems

These results demonstrate that synthetic data generation can circumvent the limitations

of �eld-recorded data while maintaining or improving classi�cation accuracy. This ap-

proach offers a practical solution for utilities and system operators facing challenges with

data quality and availability. By using simulation to generate balanced training datasets

with precise labels, operators can develop more robust fault classi�cation systems without

extensive manual labeling efforts.

Future work can explore several promising directions. First, more advanced feature

extraction techniques incorporating frequency and phase angle measurements could poten-

tially improve classi�cation accuracy further. Second, investigating the minimum amount

of simulated data needed for optimal classi�cation performance would help optimize com-

putational resources. Third, the approach could be extended to other types of power system

events beyond line faults, such as generator trips, load shedding events, and oscillations.

Finally, more sophisticated data integration methods combining simulated and �eld data
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could yield even better results by leveraging the strengths of both data sources while miti-

gating their respective limitations.

The methodology presented in this paper offers a practical pathway toward more reli-

able and automated power system event analysis, contributing to enhanced grid resilience

and operator decision support in modern power systems with increasing PMU deployment.
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CHAPTER 4

CLASSIFYING SEVERE WEATHER EVENTS BY UTILIZING SOCIAL

SENSOR DATA AND SOCIAL NETWORK ANALYSIS

Extreme weather events affect millions of people every year around the globe. Hurri-

canes and extreme storms like Sandy, Katrina, Harvey, and Irma exemplify the signi�cant

disruption to human health and community safety caused by these intensi�ed weather pat-

terns. According to the American Public Health Association, climate change has resulted

in a higher occurrence and greater intensity of severe weather events, including heavy rain-

fall, heatwaves, droughts, and stormsEbi et al. (2021). Subsequently, numerous studies

focus on predicting these phenomena from various perspectives such as numerical methods

Vitart & Robertson (2018) and statistical and probabilistic methods Naveau et al. (2020). In

recent years, research has moved toward deep learning algorithms hoping to make a black

box model to forecast rare events Jacques-Dumas et al. (2022). However, inherent weather-

related challenges remain, including missing values caused by sensor failures at weather

stations, as well as the imbalance in data distribution across different classes. Given the

rarity of disruptive event occurrences, even weather databases with more than 70 years of

high spatial accuracy events are often deemed unreliable and inadequate for accurate ma-

chine learningSalcedo-Sanz et al. (2022). Several studies have employed simulations and

feature construction to address the rare disruptive events by oversampling such data Asch

et al. (2022). However, this approach tends to overestimate the algorithm's performance

since simulated data cannot fully capture real-world scenarios due to inherent assumptions

and fallacies Matsuoka & Carley (2022).

In a related context, social networks have emerged as the main platforms for individuals

to express their reactions to uncommon events, allowing anyone to share their thoughts and

experiences through tweets with the hope of saving people from natural disasters. Further-

more, researchers have delved into the study of these exceptional phenomena and identi-

�ed a substantial correlation between the frequency of tweets that related to the weather
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and the prevailing weather conditionsUddin et al. (2012). This correlation suggests that

weather has a discernible impact on people's tweeting behaviorK�c�man (2012)Lu et al.

(2017). One study successfully established the correlation between tweets and climate

data. Furthermore, the use of geotagged tweets allows for a deeper understanding of events

in speci�c locationsUddin et al. (2012). Building upon these �ndings, our study aimed to

leverage this information by integrating meteorological data with geotagged social media

data to enable multimodal prediction of rare weather events. To access historical data for

automated surface observing system (ASOS) by the weather station, we utilized the free

API offered by Iowa State University Mesonet that captures weather condition at local air-

ports. By integrating this data source with spatio-temporally collocated tweets, we trained

a supervised ML algorithm for our analysis.

Presently, online data is an easy-to-access source of rich, user provided data. While

social media represents a wealth of such information, it is still plagued with issues of

noise and bias. To mitigate these concerns, it is imperative to preprocess the data ap-

propriatelyStanojevic et al. (2019). In our approach, we focused on aggregating the tweets,

aiming to obtain unique and location-speci�c tweets, particularly during rare events. Our

primary area of interest for tweet collection is the Anchorage region of Alaska. Utilizing

event-related keywords related to weather, we scraped a substantial volume of social sensor

data and integrated them with weather data after ensuring the data quality. A supervised

learning model is developed that makes use of multimodal data, the model's performance

is assessed on its ability to predict future rare weather events. Additionally, we examined

how the model's performance varied when applied to regions exhibiting higher tweet den-

sity (such as Anchorage, Alaska) compared to regions with limited social media data (areas

away from Anchorage).
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The key contributions of this work are the following:

1. We describe and address the problem of learning from partially observed weather

datasets by employing feature construction techniques to improve the quality and

reliability of the weather data.

2. We demonstrates the effectiveness of a multi- modal learning approach that com-

bines social sensor data with weather data outperforming models that rely solely on

weather data.

3. We addressed the issue of high data imbalance challenge successfully by changing

default loss function with a loss function speci�cally designed to handle imbalanced

class distributions.

4. We Conducted experiments to quantify to the bene�ts of location-speci�c tweets and

analyze an increased prediction subjectivity when moving away from Anchorage,

Alaska's higher tweet density area.

Three major components summarize the related work for the proposed approach: 1)

handling corrupt and incomplete weather data, 2) integration of social sensors with weather

data, and 3) development of a multi-classi�cation model for predicting rare weather events.

• Weather prediction based on weather data:While the use of online data is easy

nowadays and users can report their observations, despite the richness of information

social media provides, the presence of noise and bias in such textual content is high.

A weather station's ASOS ceilometer scans the sky overhead and detects clouds be-

low 3.6 km. This makes ASOS data less accurate. As a result, missing data appears,

and reporting about the whole atmosphere becomes less accurate than human obser-

vations. Consequently, our experiments show that using weather data alone to predict

rare weather-related disruptive events is ineffective.
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• Weather Data Quality: The issue of missing data is an inescapable challenge when

working with most of real-world data. Observations with missing data may be the

result of sensor failure and cloud pollution [14]. Many studies investigated different

approaches to addressing the problem of missing data. Considered approaches in-

clude ignoring instances with missing values, replacing missing data with the mean

of the remaining data, and estimating missing values using regression techniques.

Prior work showed that it is important to handle missing data carefully and contextu-

ally, taking it into account for subsequent analysis. However, ignoring missing data

events instances could be risky in the context where rare instances are valuable to

save lives.

• Methods of Integrating Data Sources (Multi-data Approach): Multi-data ap-

proaches were considered recently to �ll the gap of missing data. Researchers in-

vestigated missing data in �eld recordings for power system applications. These

real-world observations suffered by missing data and were supplemented by simula-

tion data generated by a real-time digital simulator. However, rare events occur in 1%

of the data, and so creating simulations would be expensive and would require large

computational resources. Due to such a high cost of existing resource, a method is

proposed as an alternative approach that provides additional data with less cost and

make them publicly available.

• Social Sensor Data: The study of social sensor data, particularly Tweets, aids in the

comprehension of how people interact with severe weather incidents. Social sensor

data provides an alternative source of textual information to supplement weather data.

Our approach generalizes a previous research that explored the in�uence of area-

speci�c temperature �uctuation on climate change awareness, as evidenced through

Spanish tweets. In the he previous study Twitter's data is utilized with machine learn-

ing to predict the crime where information extracted form tweets have contributed to
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learn about incidents in Chicago. Our study utilizes localized, real-time tweets to

understand rare weather events while considering data quality issues in social sensor

analysis, such as accuracy and bias, with careful evaluation before integrating social

and weather data.

To get the tweets that have meaning related to weather condition, the study compares

two NLP approaches to embedding tweets, Word2Vec and Bert. One limitation of

Word2Vec's embedding is that it is context-independent and cannot take into account

polysemous words. One of many methods for converting text to numerical represen-

tation is using TF-ID (Term Frequency-Inverse Document Frequency). However, this

approach is ineffective for short text Purwandari et al. (2021), which was addressed

in our approach by using BERT (Bidirectional Encoder Representations from Trans-

formers), which can be more effective for short text and work more effectively with

words that have multiple meanings.

• Development of a multi-classi�cation model for classifying rare weather events:

Classifying rare weather events using logistic regression method is not the right op-

tion due to the biased that models can assign to the majorityclass. Our work utilized

MLP (multilayer perceptron) on integrated datasets for rare events. As a result. Au-

thor applied the MLP algorithm to benchmark datasets for anomaly detection, where

the MLP model notably outperformed other models. Additionally, we employed the

focal loss function, providing more weight to rare classes. Consequently, a signif-

icant improvement over the default setup for MLP models, which typically rely on

standard loss functions such as cross-entropy.

Weather data is considered high-quality data, but it has incomplete information due to

two reasons: missing data and the low probability of rare events. This section provides

more details about these two challenges.
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