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Abstract

Thousands of people die and billions of dollars in property damage are lost annually due to
hurricanes. Predicting the upcoming hurricane season with high accuracy prompts better
preparation.
The goal of this project is to predict the upcoming hurricane intensity with as high accuracy as
possible, while classifying the hurricane season into 3 classes: high, medium, and low intensity.
The novel method that this project proposes for seasonal hurricane intensity prediction is
analyzing Outgoing Longwave Radiation (OLR) Maps using Machine Learning techniques.
Three different Machine Learning Algorithms were implemented and tested for prediction
accuracy: Convolutional Neural Networks, Linear regression and k-NN Classifier.
The Convolutional Neural Network predictor using an input of OLR Data Maps had the best
prediction accuracy and was able to predict the upcoming hurricane season’s intensity using a
similar 3 class classification structure as the National Oceanic and Atmospheric Administration's
mathematical model’s prediction, but with a significantly higher accuracy, approximately 71%
better accuracy when tested for the past 15 years.

Introduction

About 10,000 people suffer hurricane-related deaths each year, and roughly 54 billion dollars
are lost annually due to hurricanes (“Hurricane damage,” n.d.)(“USA: Expected costs,” n.d.).
Seasonal hurricane prediction with high accuracy ensures that the government will prompt more
resource allocations in order to better prepare in the case of a high intensity upcoming hurricane
season, therefore saving lives and billions of dollars in property damage.
A previous paper, published in Geophysical Research Letters Journal, noted the correlation
between Outgoing Longwave Radiation data and hurricane prediction (Karnauskas & Li, 2016).
The authors utilized the meridional gradient of OLR data over Africa as a predictor to obtain the
number of hurricanes and storms in the upcoming season with high accuracy. However, they did
not succeed in accurately predicting the upcoming hurricane season’s intensity with higher
accuracy than the National Oceanic and Atmospheric Association (NOAA). Seeing this, I
hypothesized that using the entire OLR map data, as opposed to just compute an average
index, will provide more information needed for a more accurate prediction of seasonal
hurricane intensity.



In my previous research paper, I used Sea Surface Temperature (SST) maps as input for my
Neural Network, which obtained 82.3% prediction accuracy when classifying the years in 2
classes: high and medium-low intensity hurricane season, but did not perform well with 3
classes: high, medium, and low (Comaniciu, 2020). NOAA classifies hurricane intensity
predictions into 3 classes: Above-normal (corresponding to high intensity), Normal (medium
intensity), and Near-normal (low intensity), and they interpret the corresponding number of
storms, hurricanes, and major hurricanes based on the intensity class, as seen in Table 1. Thus,
using three classes offers a better understanding of the upcoming hurricane season’s outlook.

Table 1: NOAA’s Number of Storms Interpretation Based on Seasonal Hurricane Intensity
(“Background Information: North Atlantic Hurricane Season,” n.d):

Season Type Mean Range of Named
storms

Mean Range of
Hurricanes

Mean Range of Major
Hurricanes

Above-Normal 15.9 11 to 30 9.2 6 to 15 4.5 2 to 7

Near-Normal 11.7 6 to 18 6.2 3 to 9 2.2 1 to 4

Below-Normal 8.6 4 to 14 3.8 2 to 6 1.2 0 to 2

This project investigates if using OLR data maps as data input for Machine Learning predictors
will improve the accuracy of the prediction and will allow for a classification in three classes,
similar to NOAA’s forecast.
Although SST data is available in January, so the prediction is well ahead of time, the more
accurate OLR prediction in July is still crucial because, according to NOAA, most hurricanes
occur after August and peak in September through October, so there would still be enough time
to prepare for a high intensity season (Figure 1).

Figure 1: Atlantic Hurricane and Tropical Storm Activity (“Tropical cyclone climatology,” n.d):



Methods

NOAA uses mathematical models to predict the value of Accumulated Cyclone Energy (ACE)
into three classes (Table 1).

The novel approach in this project is the use of supervised Machine Learning algorithms to
analyze Outgoing Longwave Radiation (OLR) Maps to predict the ACE class of the upcoming
hurricane season. ACE class labels were constructed based on ACE intensity values from
NOAA’s website and using NOAA’s classification in high, medium and low intensity seasons: if
ACE > 111 10^4 kt^2, the season’s activity is considered high, if ACE < 66 10^4 kt^2, the
season’s activity is low, and the season’s activity is considered to be medium for values in
between (“HURDAT comparison table,” n.d.).

OLR measures the amount of energy that the Earth’s surface, oceans, and atmosphere release
into space (National Center for Atmospheric Research Staff, 2014). The data is available from
1949 to 2021, so there were a total of 73 map images for training and testing the algorithms.
Figure 2 shows a sample OLR image from July 2019, along with a corresponding geographical
map.

Figure 2: July 2019 OLR Map (“Dataset: Noaa ncep-ncar cdas-1 monthly,” n.d)



OLR images were downloaded from NOAA NCEP-NCAR CDAS-1 MONTHLY, using the
variable name “Diagnostic top upward longwave flux” (“Dataset: Noaa ncep-ncar cdas-1
monthly,” n.d.), and were cropped to remove the axes and labels.



I implemented three different Machine Learning algorithms: Convolutional Neural Networks
(CNN), Logistic Regression, and k-Nearest Neighbors (k-NN). For CNN, the colored image
maps were used as input (RGB) and were resized to 36 by 36 square images, because, due to
the low amount of OLR maps available (from 1949-2021), the network was prone to overfitting,
which is when the network learns the training set so well that it cannot make generalizations for
the test set. Making the image smaller helped in alleviating overfitting because the complexity of
a Machine Learning model is proportional with the dimensionality of the data times the number
of classes. Also, CNN is known to work best with square images. Image augmentation was also
used to prevent overfitting. Image augmentation consists of generating noisy images of
individual OLR images to expand the training set (Udemy, 2019). Noisy images were created for
each OLR map, using different random image transformations: rotation, shifts, shearing
transformation, and zoom, with very small ranges. For each epoch 57*30 noisy images were
generated for training based on an initial set of 57 images. For k-NN and Logistic Regression,
an input vector was obtained by reading each image matrix row by row, therefore resulting in a
vector with dimensions 1 by 36*36*3 (each image is characterized by 3 matrices: red, green,
and blue).

Machine Learning Algorithms Overview

1. Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are the recommended neural networks to be used for
image classification because they combine feature extraction to identify the representative
feature in an image, with classification. Specifically, the convolution layer learns the filters that
are more representative for the set of images by updating weights to minimize the classification
error on the training set, for example, learning to detect vertical and horizontal edges and other
representative features in the images. The convolutional layers then apply these learned filters
to each input image to create feature maps that highlight the presence of the features that the
filter has learned to look for in the input image for a given class. After the feature maps are
extracted, the pooling layer serves to reduce the dimensionality of the input for the final
classification of the input images, which is done by a simple one layer neural network (fully
connected). Figure 3 illustrates the architecture of the CNN I implemented, which has 5 layers:
input layer, convolutional layer, Max pooling layer, Flatten (fully connected) and output layer.
The input data are the OLR images, cropped and resized for reduced dimensionality and to
obtain square images which work best for CNNs. Since OLR images are color images, the input
is described by three matrices, each characterizing the pixels’ RGB values.

Neural Networks require a very large number of samples to avoid overfitting, since the model is
characterized by a very large number of weights and the complexity of the model can lead to
learning the training set with too much detail but not necessarily learning the representative
features to be able to generalize and correctly classify an unseen test set. For this reason a very
large number of examples is required to be able to generalize well.



Thus, to increase the number of samples in the training set, the training image set was
augmented by generating random transformations of the image set, and for each training epoch,
the training set was generating 30 times the amount of samples. Also, for each epoch, a new
set of samples was generated based on the random image transformations specified in the
Python Keras library. This technique increased the diversity of the training samples and helped
to overcome overfitting.

Figure 3. CNN Architecture for OLR Data Input and Three Class Prediction

2. Logistic Regression Classification Algorithm

Logistic regression is a classic Machine Learning algorithm that was initially proposed for binary
classification. It takes vectors of data as input, and outputs either 0 or 1 for a binary
classification. Logistic regression can be seen as a very simple one layer neural network that
applies a sigmoid activation function to the sum of the weighted input vector components and
then a threshold function for a binary classification. Learning from the test set example implies
adjusting the weights to minimize the classification error (Figure 4). Minimum square error can
be used as an error cost function to be minimized.
The input vector for the logistic regression ML algorithm was obtained by reading each image
matrix row by row, therefore resulting in a vector with 1 by 3888 dimensions.

Figure 4. Equivalent Neural Network Model for Logistic Regression (“What is the relation
between Logistic Regression and Neural Networks and when to use which,” 2014).



Multi-class extension for logistic regression (multinomial logistic regression) can also be seen as
an equivalent one layer neural network with softmax activation, which is exactly equivalent to
the classification network part of the CNN architecture (Figure 3).
Because multinomial logistic regression can be seen as a subset of the CNN network
implementation, comparing the results of the classification between CNN and logistic regression
will allow for understanding the accuracy gains obtained from the feature extraction part of the
CNN architecture.
I implemented the logistic regression using the Python LogisticRegression function in the
sklearn library (Sklearn, n.d.).

3. k-NN Classification Algorithm

k-NN is the simplest algorithm that can be used for supervised classification. In k-NN, no
learning is performed, and the training samples (vectors) are used as references with known
classes to compute the distance between a new test sample and the training samples. Then,
the k nearest samples are determined and used to make a decision on the test sample’s class
by majority voting using the classes from the k nearest neighbors. For different data, different
values of k may give different accuracy performance, so an optimal k may be determined
experimentally.
I implemented the k-NN classifier using the Python KNeighborsClassifier in the sklearn library
(Sklearn, n.d.).
The input vector for k-NN algorithm was again obtained by reading each image matrix row by
row, therefore resulting in a vector with dimensions 1 by 3888.

Experimental Results and Analysis

I implemented predictors for 2 classes: high and medium-low, and 3 classes: high, medium, and
low. The CNN for 2 classes, using OLR maps, was tested for 7 low years: 1992, 1993, 1997,
2002, 2007, 2013, 2015; and 7 high years: 2000, 2003, 2005, 2010, 2012, 2017, 2019. The
CNN with 3 classes: high, medium, and low using OLR maps was tested for the past 15 years.



The three class CNN obtained about 77% accuracy on average, while the two class CNN
obtained about 91% accuracy on average (Table 2).

Table 2: Ten Experiments for CNN Prediction with 2 and 3 Classes

Experiments Two classes (High,
Medium-Low)

Three classes (High, Low,
Medium)

1 92.86% 73.33%

2 92.86% 80%

3 78.57% 80%

4 92.86% 86.67%

5 92.86% 80%

6 92.86% 60%

7 92.86% 80%

8 92.86% 80%

9 92.86% 73.33%

10 92.86% 80%

Mean 91.43% 77.33%

Standard deviation 4.52% 7.17%

Standard error 1.43% 2.267%

95% Confidence Interval [88.63%, 94.23%] [72.89%, 81.78%]

When comparing the 2 class OLR results with my previous seasonal hurricane intensity
prediction project using SST maps as input to a neural network, my new prediction based on
OLR maps is about 10% more accurate than the prediction using OLR, as seen in Table 3.
Table 3 also displays a comparison between the different Machine Learning algorithms ( CNN,
Logistic Regression, and k-NN) I tested on the OLR data, classifying in 2 classes. CNN worked
the best, with an accuracy of 91.43%. Both Logistic Regression and k-NN with 10 neighbors had
a good accuracy, just slightly lower than CNN’s, of about 85.7%, which shows that even a
simple predictor can obtain very good prediction results using as input OLR data maps.
The CNN advantage over the k-NN and Logistic Regression for two classes is statistically
significant, based on the confidence interval: [88.63%, 94.23%]. Similarly, the CNN OLR advantage
over the CNN SST in terms of prediction accuracy is statistically significant for two classes.

Table 3: Two Class Machine Learning Algorithm Comparison



ML alg CNN
SST

CNN
OLR

Logistic
Regression
OLR

k-NN
k=1
OLR

k-NN
k=3
OLR

k-NN
k=5
OLR

k-NN
k=10
OLR

k-NN
k=15
OLR

Accuracy 82.3% 91.43% 85.7% 78.57% 78.57% 64.29% 85.7% 71.42%

Table 4 highlights the comparison among the three different Machine Learning algorithms: CNN,
Logistic Regression, and k-NN, that I tested on the OLR data, classifying in 3 classes. Again,
CNN works best, with an accuracy of about 77% on average. This is expected since CNN is
known to work best for classification of images. However both Logistic Regressions and k-NN
for k=3, and k=5 had an accuracy number that was close to CNN’s accuracy. Based on the 95%
confidence interval of the CNN OLR with three classes ([72.89%, 81.78%]), which slightly
overlaps with the accuracy value for the other two classifiers (73%), the accuracy advantage for
CNN is not statistically significant. Based on my previous experimentation with CNN SST
classifier implementation with three classes, which provided recognition accuracy in the range of
40%, the CNN OLR advantage over CNN SST is also statistically significant.

Table 4: Three Class OLR Machine Learning Algorithm Comparison

ML alg CNN Logistic
Regression

k-NN
k=1

k-NN
k=3

k-NN
k=5

k-NN
k=10

Accuracy 77.33% 73.33% 47.33% 53.33% 73.33% 66.66%

The CNN OLR results are significantly (roughly 71%) more accurate than NOAA’s prediction in
the past 15 years, as seen in Table 5.
Table 5: Comparison with NOAA’s prediction for the past 15 years in 3 classes (for a saved
trained CNN model with an 80% accuracy)

Year NOAA Prediction
August

OLR CNN  Prediction
August

(based on July data)

Actual ACE Class
(ACE>111 High, ACE <=

111 and >=66
Medium, <66 Low)*

2006 High: 75%, medium:
20%, low: 5%

Low: 45.04%, medium:
28.89%, high: 26.06%

Medium (79)

2007 High: 85%, medium:
10%, low: 5%

Medium: 58.28%,
low:31.92%, high: 9.8%

Medium (74)

2008 High: 85%, medium:
10%, low: 5%

High: 65.58%, medium:
28.36%, low: 6.05%

High (146)

2009 Medium: 50%, low:
40%, high: 10%

Low: 42.81%, high:
32.55%, medium:

24.63%

Low (53)



2010 High: 90%, medium:
10%, low: 0%

High: 59.7%, medium:
40.14%, low: 1.68%

High (165)

2011 High: 85%, medium:
15%, low: 0%

High: 67.94%, medium:
26.13%, low: 5.91%

High (126)

2012 Medium: 55%, high:
35%, low: 15%

Medium: 53.03%, high:
41.06%, low: 5.89%

High (129)

2013 High: 70%, medium:
25%, low: 5%

Low: 71.25%, medium:
21.35%, high: 7.21%

Low (36)

2014 Low: 70%, medium:
25%, high: 5%

Medium: 83.28%, high:
11.64%, low: 5.07%

Medium (67)

2015 Low: 90%, medium:
10%, high: 0%

Medium: 71.59%, high:
75.81%, low: 10.55%

Low (63)

2016 Medium: 50%, high:
35%, low: 15%

High: 61.84%, medium:
28.78%, low: 9.37%

High (141)

2017 High: 60%, medium:
30%, low: 10%

High: 81.16%, medium:
12.77%, low: 6.06%

High (223)

2018 Low: 60%, medium:
30%, high: 10%

High: 62.5%, medium:
26.08%, low: 11.4%

High (132)

2019 High: 45%, medium:
35%, low: 20%

High: 75.2%, medium:
21.67%, low: 3.12%

High (130)

2020 High: 85%, medium:
10%, low: 5%

High: 55.67%, medium:
40.94%, low: 3.37%

High (180)

Prediction accuracy 46.7% 80%

The comparison table for the last 15 years predictions was created for a given saved model that
had an accuracy of 80%. Based on the 95% confidence interval computed for our CNN OLR for
three classes ([72.89%, 81.78%]) the CNN accuracy performance advantage compared to
NOAA’s prediction for 2006-2020 is statistically significant.

As seen in the confusion matrices in Table 6 and Table 7, both NOAA’s model and the CNN
OLR predictor tend to classify samples from the high class more accurately than samples from
low and medium classes, so there are more errors in classification in the low and medium
classes.

Table 6: NOAA’s Three Class Confusion Matrix



Predicted High Predicted Low Predicted Medium

Real High 6 1 2

Real Low 1 1 1

Real Medium 2 1 0

Table 7: CNN OLR Three Class Confusion Matrix

Predicted High Predicted Low Predicted Medium

Real High 8 0 1

Real Low 0 2 1

Real Medium 0 1 2

Interpretation of Results and Prediction Skill

A sample saliency map for the July 2019 OLR map is shown in Table 8. Saliency maps serve to
highlight the pixels in an image that are most important for the prediction, in order to understand
the reason behind a prediction outcome (“Visualizing your convolutional neural network,” 2019,
June 21). The regions of activations in this map suggest that both the Pacific and Atlantic
regions contribute greatly to the prediction skill.

Table 8: Saliency Maps

Image
(by region type)

Average
Activation

Saliency maps
for high class
node

Saliency maps
for medium
class node

Saliency maps
for low class
node



After seeing that the Pacific and Atlantic basin contribute to the prediction by using the saliency
maps, and given the knowledge from the previous scientific paper that showed that the
meridional gradient over Africa is correlated with the number of storms and hurricanes in the
upcoming season, a classification skills comparison was performed for all of the map, the
African continent region, the Atlantic basin, and the Pacific basin (Karnauskas & Li, 2016). I
resaved the OLR maps to start at 85 West longitude so parts of Africa would not get cut off and
to allow for a split of the Atlantic and Pacific basin. Then, I cropped the Atlantic basin image to
end at roughly mid-Africa, at around 30 East. I also started the Pacific basin image slightly left of
120 East, and ended at 85 West.
The Atlantic Region, with a 65% recognition rate, worked slightly better than the Pacific, with a
50% recognition rate on average over 10 runs each. Similarly, the African continent region had a
recognition rate of 60%, which was consistent with the findings of the previous paper
(Karnauskas & Li, 2016). All three regions were found to contribute to the prediction skill.
However, the entire map region works best, with a 77.33% recognition rate (averaged over 10
runs), which demonstrates the advantage of using the entire OLR map for prediction (Table 9).
The prediction skills in Table 9 can be explained by the well-known impact of both the tropical
Atlantic region on the strength of the upcoming hurricane season, as well as the Pacific basin,
which is known to impact the intensity of the hurricane season because of El Nino and La Niña



signals (“What are el nino and la nina,” n.d.). El Nino and La Niña are two opposite phases of a
climate pattern that affects various aspects of the climate, including the strength of the Atlantic
hurricane season. El Nino has the effect of reducing the intensity of the Atlantic hurricane
season, while La Niña intensifies the strength of the hurricane season.

Table 9: OLR Map Classification Skills Comparison with Three Classes

Regions All Map African continent
region

Atlantic basin
(85W-30E)

Pacific basin
(120E - 85W)

accuracy 77.33% 60% 65% 50%

Conclusion

The novel CNN OLR-based average seasonal hurricane intensity prediction was 71% more
accurate than NOAA’s average prediction for the past 15 years.
Using OLR maps as input data for ACE predictors contains enough information to allow for a
high accuracy prediction of the incoming hurricane season. The higher accuracy of the CNN
using OLR maps compared to the previous paper's results, which only used an OLR based
index, is statistically significant because the confidence interval for the CNN accuracy does not
overlap with the accuracy value of the paper’s accuracy for the predictor for ACE (53%). Also,
the CNN using OLR’s accuracy advantage over my previous work, which proposed CNN using
SST maps, is statistically significant, similarly because the confidence interval for CNN with OLR
does not overlap with the accuracy value of the CNN with SST. This highlights that the OLR
maps contain more useful information for prediction than the SST maps and the OLR index.
When comparing CNN performance with the other two Machine Learning algorithms: Logistic
Regression and k-NN, CNN with 2 classes works better than Logistic Regression and k-NN with
2 classes, and the difference in accuracy is statistically significant, since the CNN accuracy
confidence interval does not overlap with either algorithm accuracy value. Although CNN with 3
classes has the highest average accuracy compared to Logistic Regression and k-NN with 3
classes, this difference is not statistically significant because the CNN accuracy confidence
interval overlaps with the other two Machine Learning methods’ accuracy values.
The CNN prediction results were validated by geophysical knowledge that backed up the
findings from saliency maps regarding influential regions that contribute to the prediction.
This project’s impact is that the neural network accurately predicts the upcoming hurricane
season’s intensity, allowing for more preparation in the case of a high intensity season. The
prediction results will be disseminated through a website: hurricaneprediction.net. This website
publishes both the early seasonal hurricane intensity prediction using SST, in February-March
(based on January data), and a more accurate prediction using OLR, in August (based on July
data). This will allow for more people to benefit from a high accuracy prediction for the upcoming
Atlantic hurricane season’s intensity.
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