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Motivation
Ø Over the last 5 years in the United States, there has
been 14 billion-dollar disasters accounting for over
$525 billion in damages [1].
Ø In 2019, Oklahoma had 149 recorded tornados, with
a record setting 105 tornados, only in May [2].
Using historical records of disasters, locations
with a high risk of storm damage could be
predicted to aid emergency personnel.

Data Preparation
The following key steps were performed on the raw data to prepare the
storm data for the machine learning (ML) models and algorithms:
Ø Reading the data: We import the data into Python 3.8 to create
Pandas’ DataFrames for data handling.
Ø Fixing formatting issues: The raw data is presented with some
irregular formats. An example is the inputs for damage property ($)
is given in values of 10.0k or 1.0m abbreviations, instead of
written out format:
10.0k
10,000
1.0m
1,000,000
Ø Averaging the data: Weighted averages are used for the last five
years data of damage property, damage crop, event type, injuries,
and deaths. The weights were assigned as follows:
[2015×10%, 2016 ×15%, 2017×20%, 2018×25%, 2019×30%]
• By increasing the weights allow for letting the more recent
events have more impact on training the ML models
Ø Grouping the data: The Groupby method will be used to sum the
data by location, month, and event type.

“The Supercell” South-west, Oklahoma. Photo by
Dennis Oswald [3]

Datasets
The data for this project is from NOAA’s National
Weather Service Storm Events Database [4]. This
collected dataset contains data from January 1950 to
April 2020, including most serve weather events in the
United States including locations, fatalities, injuries,
and estimated damages.
Ø For 2015-2019, there was over 300,000 data entries for
weather events.

Testing The Models

We will train different machine learning models to see which model best
predicts future storm damage.
Ø The accuracy of each model is evaluated by comparing the predicted
values vs actual past data.
Ø Preparing data for train and test:
• To ensure that the test data is unbiased, we first identify a factor
that is highly correlated with the storm damage
“Deaths”
• We categorize the Deaths data into 9 bins.
• We will ensure that each of these 9 categories are equality
represented in the test data.
• This prevents the model from overfitting or underfitting.
ØSplitting data into train and test:
• Sklearn’s StratifiedShuffleSplit [6] is used to separate 80% of the
data into the train data frame and 20% into test data frame.

80%
20%
ØExploring attribute combinations:
• More combinations of factors are explored for a strong correlation
with damage property in the Pandas’ Corr() method.
• The following factors are added:
v deaths×damage crops, deaths×injuries, injuries × damage crops

Research Objectives
Applying statistical learning techniques to create a
predictive model where given the information about a
particular month of the year and a location, e.g., a
month of interest and a state, then the model predicts
the expected amount of damage in dollars for that
month and state.

Research Methodology

Ø Transforming the data:
The values of month will be
transformed using the unit circle,
splitting month into sin(month) and
cos(month). Ensuring months 12
and 1 are considered as consecutive
values in the ML models.
Ø Handling categorical data: Sklearn’s OneHotEncoder will be
used to convert the 44 different weather event types into a matrix of
0’s and 1’s, allowing for converting the categorical data to
numerical values for the ML models.
Ø Examining linear correlations in the data:
Correlations were explored
using Pandas’ Corr()
method. The graphs show
that most categories are
most likely not linearly
related, so using a linear
regression machine
learning model may yield
weak results.
This motivates the application of deep neural networks as a
potential model for this project.

ØFinal preparation for machine learning:
• We use Sklearn’s Pipeline [6] to standardize the data, transform
the data, and handle the categorical data.
• The output of Pipeline is a dataset that is ready to be fed into an
ML model.

Machine Learning Models
Ø Types of machine learning models: we explored the following models:
• Sklearn’s linear regression [6] model
• Sklearn’s neural network MLPRegressor
Ø Linear Regression: fits a linear model with coefficients to minimize the
residual sum of the squares between the data points [5].
• Works well with a dataset that follows a linear trend.
• Very few parameters to adjust.
Ø Neural Network (NN): This model looks for patterns in the data by
considering many different combinations and weights for the inputs
• The combinations at the nodes are connected through the layers.
• We use Adam algorithm in
the MLPRegressor.
• Two Layers are shown in
the Deep Learning figure.
• We tune different
parameters of the
algorithm, such as number
of layers, random state,
momentum parameter,
step size, …

We run each model on the test data and evaluate the
coefficient of determination ("# ) of the them:
Ø Linear Regression model:
"# = 25.39%
Ø Neural network model:
"# = 76.80%

Concluding Remarks
Ø Deep learning performs significantly better than linear
models on the storm data.
Ø However, they may require significant tuning.
Ø How to predict storm damage using our model?
• Given a storm has occurred and the amount of
deaths, injuries are known, type of storm , state,
we can predict the amount of damage occurred.

Future Directions
Ø Improving our predictive model by eliminating the
unknown factors, such as injuries, from training.
Ø Explore if more data, such as annual rainfall or
population, for a given state can contribute to predicting
the storm damage.
Ø Generating a Heat Map showing the level of damage
predicted for all the states.
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