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Introduction

Climate change-has made tropical storfiSMeresnumerous and stronger.*

(b) Disaster type

(
n Storm (Katrina) 2005

o
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United States

-

Economic losses
(in USS billion)

163.61

= - n Storm (Harvey) 2017

~ ®= Tropical storms rank as the B semuma

United States 96.94
n Storm (Maria) 2017 United States 69.39
United States 58.16
n Storm (Sandy) 2012 United States 54.47
United States 48.27

costliest weather disasters. 2 [ somuen
’n Flood 1998

China

47.02

— n Flood 201
=

Thailand

45.46

n Storm (lke) 2008

United States

35.63

Flood 1995
WMO | Most expensive disasters from 1970-2019.
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_ thttps://climate.nasa.gov/explore/ask-nasa-climate/2956/how-climate-change-may-be-impacting-storms-over-earths-tropical-oceans/
— 2J;\_;c‘ps://news.un.org/en/story/2021/09/1098662

= e ?ﬁit-p}s;ﬁﬁvw.statista.com/statistics/203729/fataIities-caused—by—tropica|-cyc|ones-in-the-us/
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Software and Technology . °
jupyter

Python (Version 3.10.13)
Jupyter Notebook
Tensorflow (Version 2.10.1)
Python Packages:

= PANDAS

= Matplotlib

= Numpy

= Scikit-learn

= Pillow

RO )
= BeautifulSoup »E-‘ o N DA
Operating Systems: f

= Windows 11 GEFORCE’

Computer: NVIDIA. RTX TenSOI‘F|OW
= 64GB RAM (3600 DIMM)
= Intel Core i9-9900K (8 core) Image Sources:
s://www.clipartkey.com s://blog.ryanwcummings.com
) NVIDIA GeForce RTX 3060 (12 GB) :zz://clipart-lilbprar':/lfc:),m :Izzs://:eiiaflicdn.com/ g

https://www.jagranimages.com/ https://becominghuman.ai
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Download Data Set

Get all available websites from nhc.noaa.gov from 7/9/2014 to 11/30/2023

#Etime

url bases = {'https://archive.org/wayback/available?url=nhc.noaa.gov/gtwo.php?basin=atlc&fdays=28&timestamp="
'https://archive.org/wayback/available?url=nhc.noaa.gov/gtwo.php?basin=epac&fdays=2&timestamp=":

:atle’,
‘epac'}

df = pd.DataFrame()
locations, urls, json_responses, timestamps, outlook_texts = [1, [], [1. [1, []

for url_base, loc in url_bases.items():
start_date = datetime.strptime(’20148789°, "XYimid')
end_date = datetime.strptime(’20231138°, "EYXm¥d')

curr_date = start_date

while curr_date <= end_date:
date_str = curr_date.strftime("%vimid")
curr_date += timedelta(days=1)
url = f'{url_base}{date_str}’

# Send a GET request to the URL
response_for_image - requests.get{url)

# Check if the request was successful (status code 268)
if response_for_image.status_code == 208:
json_string = response_for_image.text.replace("'", "\
json_data = json.loads(json_string)
snapshot_data = json_data['archived_snapshots’]

if len(snapshot_data) > @:
url_value = snapshot_data['closest']['url’]

if not url_value in urls:
# Ensure snapshot is unigue

# Parse the HTML content with BeautifulSoup
= .r'espunse_h)r‘_text = requests.get(url_value)
soup = BeautifulSoup(response_for_text.text, 'html.parser')
pre_tag = soup.find('pre’)
if pre_tag:
# Find the specific text based on the HTML structure
outlook_texts.append(soup.find('pre').get_text().replace('\n"',"|"))
locations.append(loc)
json_responses.append(json_data)
urls.append{url_value)
timestamps.append(snapshot_data[ 'closest’ ][ timestamp’])

if len(timestamps) % 186 == @:
print(f'Processing {loc}: {len(timestamps)} total records’)

except requests.exceptions.RequestException as e:
pass
else:
# If the request was not successful, print an error message
print(f"Error: Unable to fetch data. Status code: {response.status_code}\n{data_str}")

df['location’] = locations

df["JS0N"] = json_responses

df['URL"] = urls

df['timestamp'] = timestamps

df[ 'outlook_text'] = outlook texts
df.to_csv('../datafavailable_urls.csv’, index-False)
print(f'Days checked {len(timestamps)}")

Processing atlc: 1@@ total records
Processing atlc: 2@@ total records
Processing atlc: 3@@ total records
Processing epac: 4@@ total records
Processing epac: 5@@ total records
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Available years by
web.org 2014 — 2023
Target website National
Hurricane Center:
nhc.noaa.gov

Save JSON file with URLs
to NOAA’s archived
webpage that contains
satellite images and
forecast discussion text

Save information in data
frame to CSV file since
web scraping takes time




Save Images and Assign Labels

### Literals for text below images with no supposed storms
no_storms = []
# Pattern 1

Get satellite images for
no_storms.append( ' Tropical cyclone formation is not expected during the next 5 days.')
no_storms.append( ' Tropical cyclene formation is not expected during the next 7 days.') tWO geog ra phic Iocations
7

# Pattern 2
no_storms.append( 'During the off-season, Special Tropical Weather|Outlooks will be issued as conditions warrant.') Ea Ste rn Pacific a nd
no_storms . append( 'During the|off-season, Special Tropical wWeather Outlooks will be issued as|conditions warrant.')
no_storms.append( 'During the off-season, Special Tropical Weather Outlocks will be|issued as conditions warrant.')
no_storms.append( 'During the off-season, Special Tropical Weather Outlooks|will be issued as conditions warrant.') N Orthe rn Atla ntic Basi n
# Pattern 3
no_storms.append( 'while Special Tropical Weather Outlooks will |be issued as necessary during the off-season.') Ch k f d' A
no_storms.append( ‘while Special Tropical Weather Outlooks |[will be issued as necessary during the off-season.') eC Oreca St |SCUSS|On
for idx, row in df.iterrows(): f |‘ I .
loc = “pact text for literals to assign
if row['location’'] == "atlc': loc = 'atl’
timestamp = row[ 'timestamp’] I b I
outlook_text = row['outlook text'] a e
if no_storms in outlook_text: =
¥ Mo active storms Label Save png files locally
label = @
else:

252 total Atlantic images

label = 1

image_filename = f'data/{loc}/{timestamp}_{label}.png’ 2 74 tota I Pa lel C I m a ges
if not os.path.isfile(image filename):

image_url = f'https://web.archive.org/web/{timestamp}im_/http://www.nhc.noaa.gov/xgtwo/two_{loc} 2d@.png’

response = reguests.get{image url)

time.sleep(5)

img = Image.open(BytesIO(response.content))

time.sleep(5)

img.save(image_filename)

Atlantic Calm Atlantic Storm Pacific Calm Pacific Storm

Two-Day Graphical Tropical Weather Outlook
National Hurricane Center Miami, Florida
0y

2-Day Graphical Tropical Weather Outlook
National Hurricane Center Miami, Florida

Two-Day Graphical Tropical Weather Outlook

Two-Day Graphical Tropical Weather Outiook
National Huricane Centor Miam, Florda N

iatonal Humcane Center Miamy, Flonda

y Oy $<40% $84060% ¥ >60%
Tropical or Sub-Tropical Cyclone: O Depression § Storn @ Huricane
© Post-Tropical Cycione % Remnants

y Cy £ <30% 8 3050% ¥ >50%
Tropical or Sub-Tropical Cyclone: O Depression © Storm @ Huricane
© Post-Tropical Cycione  Remnants

ang Two- £ <don R a0-00% %> e0%
Teogical o« Sub-Tropical Cyckine O Dapression © Storm  § Humicana.
© Post-Tropical Cyclone or Remeants

and 3 <40% 8 A060% % >60%
Trogscat o Sub-Trogical Cycione O Duprossion © Storm @ Huricans
@ Post.Tropiest Cyciona % Remnants
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Train, Validation & Test

60% of images used for training
30% used for validation (evaluation metrics on model)
10% reserved for test (predict on unseen data)

TensorFlow ImageDataGenerator will automatically assign labels for properly
organized directory structure

Each directory has a “calm” and “storm” directory housing the appropriate images

v images

W test D
. ataset

__ storm

w  train
Testing
» 2 calm

__ storm

w ~ val

__ storm

velog.io
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CNN Model

Model: "Base Model™
InpUt image SOOW X 390hl 3 Layer (type) Qutput Shape Param #
channels (RG B) T T e T T T T

conv2d (Conv2D) (None, 388, 493, 32) 896
3 ConVOIUtlon Iayers max_pooling2d (MaxPooling2D (None, 194, 249, 32) a
MaxPooling for each layer }
Increased nodes fOI’ each conv2d 1 {Conv2D) (Mone, 182, 247, 64) 13494
. . max_pooling2d 1 (MaxPooling (MNone, 96, 123, 64) e
successive convolution 2D)
Training parameters increase conv2d_2 (Conv2D) (Nome, 04, 121, 128) 73856
for after eaCh ConVOIUt|On max_pooling2d 2 (MaxPooling (MNone, 47, 6@, 128) a
layer 20)
Dense Iayer for. |abe|ing conv2d_3 (Conwv2D) (Mone, 45, S8, 128) 147584
OUtpUt: O’ Calm; 1’ storm max_pooling2d 3 (MaxPooling (MNone, 22, 29, 128) a
2D)
| w A flatten (Flatten) (None, 81664) a
af'!jr N === || e E*" ﬁr‘ l* |
dense (Dense) {(None, 512) 41812488

1Conv3x3 + conv3x3 + pooling2x2 + conv3x3 + pooling2x2 + c1000.

Lep

% dense_1 (Dense) (None, 1) 513
. | Bl R a* E“—l NI e

Ll Total params: 42,853,825
Conv8x8 + conv5x5 + pooling2x2 + fc500 Tr‘ainahle par"amS : 42 . 553 , 825

o] E E:i_}/ ' . Mon-trainable params: @

Reasearchgate.net @Brendon Gory



CNN Model Results

Training and validation accuracy Training and validation loss
. . 1.0 ) 0sd ® ® Training loss
= Model quickly hit peak after a . — inionls
0.7

few epochs SR

= Possible overfitting after
¥
epoch 7
0.74
= Not enough images!
0.6 ® Training acc
L] —— Validation acc
o 2 4 6 8 0 2 4 6 8
Epochs Epochs
Predicted Label: 0 - Actual Label: 0 Predicted Label: 0 -- Actual Label: 0 Predicted Label: 0 -- Actual Label: 0 Predicted Label: 0 - Actual Label: 0
(confidence: 0.01) (confidence: 0.01) (confidence: 0.05) (confidence: 0.13)
calm.246.png calm.252.png calm.32.png calm.37.png
N e i A & 9 i & 8 b ety L e >

Prediction

=  100% accurate

u i i Predicted Label: 1 -- Actual Label: 1 Predicted Label: 1 -- Actual Label: 1 Predicted Label: 1 - Actual Label: 1 Predicted Label: 1 - Actual Label: 1
H Ig h CO n fl d e n Ce (confidence: 0.97) (confidence: 0.98) (confidence: 0.98) (confidence: 0.98)
storm.161.png storm.173.png storm.175.png storm.176.png

vs ot Vur. s o s Cotw ek Mooy

(thr95h0|d 0-5) R~ R L il Dl B B -l

=  Where s it looking?




Laplacian Edge Detection

= Apply filter to determine most prominent parts of image
= Filters of different weighting

= Calm weather might be focusing on text, not clouds

= Storms focusing on symbol, not clouds

Image Convolutions for Calm Image Convolutions for Storm

Laplacian Filter Applied
[[o10]

Laplacian Filter Applied
Original Image [[o10] Original Image
-4 1]
1

[1
[0 1 0]

K7 Two-Day Graphical Tropical Weather Outlook
4 Nationl aicane Canter M, Florda

Two-Day Graphical Tropical Weather Outiook
National Humicane Canler Marmi, Florda

Laplacian Filter Applied . X
-1 ] Laplacian Filters Removed from Image

Laplacian Filters Removed from Image

18]
[-1-1-1]]

Two-Day Graghicel Tropical Weathor Outleok
Natioral Hurrigane Center M, Florida

Twe Car Grephlea Tros oo Wioaier Aateck
Sl otk Gonler MidiA, Rords
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Convolutional Layer Breakdown

Further confirmation the models seem to be training and validation on text and
symbols

These parts of the image stand out the most in each convolution

Clipartbest.com

Calm

20200621031149_0.png

20200621031149 0.png

20200621031149 _0.png

20200621031149 _0.png

20200621031149_0.png

Original layer(conv2d) layer(conv2d_1) layer(conv2d_2) layer{conv2d_3)
- s Sgepusoranine b =1 -

20151120211150_0.png
Original

s 7l -

Storm

20221013113347_1.png
origi

20151120211150_0.png
layer(conv2d)

20221013113347_1.png
layer(conv2d)

20220810121104_1.png
layer(conv2d)

20151120211150_0.png
layer(conv2d_1)

SeemmmmTEs I -

20221013113347_1.png
layer(conv2d_1)

ety -

20220810121104 _1.png
layer(conv2d_1)

20151120211150_0.png
layer(conv2d_2)

20221013113347_1.png
layer(conv2d_2)
i

20220810121104_1.png
layer(conv2d_2)

20151120211150_0.png
layer{conv2d_3)

e et v et e

20221013113347_1.png
layer{conv2d_3)

Rty -

20220810121104 _1.png
layer(conv2d_3)

e e -
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Image Augmentation

Limited dataset

Images only were available since 2014 (imitation of wayback machine, not
NOAA)

Hurricane season in Pacific and Atlantic six months of the year
Because of a limited image dataset, alter images for the model to train
Not all augmentations make sense

Tropical systems in Northern Hemisphere rotate counterclockwise

Tropical systems in Southern Hemlsphere rotate clockwise

geo.libretexts.org

Rotation, |mage W|dth zoom chosen augmentatlons

100 200 300 400 0 100 200 300 400

@Brendon Gory
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CNN Model with Augmented Images Results

Almost immediate training
accuracy after one epoch

Signs of overfitting at epoch 8

Model may be labeling based
on orientation and not content

Clipartbest.com

Prediction

100% accurate (again)

Complete confidence
(threshold 0.5)

Did not seem to help!

1.00 A
0,98 4
0.96 -
0.94
E

2 0.92
0.90
0.88 -
0.86

0844

Predicted Label: 1 -- Actual Label: 1
(confidence: 1.0)

Training and validation accuracy

Training and validation loss

® Trainin g loss
s ¢ e ° 030 ® I~
« ° e ® — Validation loss
0.25 A
0.201
2
g 0151
0.10 A
]
0.05 A
- e ® ]
® Training acc hd . °
—— validation acc 0.00
: - T
2 4 6 8 0 2 4 6 8

Predicted Label: 1 -- Actual Label: 1
(confidence: 1.0)
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Predicted Label: 1 -- Actual Label: 1
(confidence: 1.0)

ccccccccccc
calm.175.png

T Duy Graphece Trupacs Wantves Ot

Predicted Label: 1 - Actual Label: 1
(confidence: 1.0)
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Lessons Learned

Limited datasets can quickly overfit a model.
Begin with a simple CNN model and build from there.

Hyperparameter tuning along with varied, numerous images can improve accuracy
and prediction.

Layers of a convolutional network can be analyzed to visualize the innerworkings.
The model is very accurate looking at the correct components of an image.

Properly representative images can reduce the work of augmenting images. More
is better.

If a powerful GPU is not available, run models in a cloud environment that has a lot
of computational power. TensorFlow and CNN models run very well in a parallel
setting.



Fut

There is hope! CNN models can
read satellite images before
meteorologists annotate them.

Sequence of images fed into a
model with proper labeling might
result in a CNN model properly
forecasting a storm or at least an
area of concern.

No reason to reject the model
since it trained on the wrong parts
of an image. The responsibility fits
on the data scientist for proper
data and labeling.

Any weather pattern in every part
of the world can be interpreted by
Al. Meteorologists can train
models and assist in their
forecasting.

ure Work

L]
[ Pan )

Image Source: https://wikiclipart.com
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YouTube URLs, Last Page

3 minute (short): https://youtu.be/UYajNuc7WuY
15 minutes (long): https://youtu.be/yBoP3bSUOdg

You

Image source: https://clipart-library.com
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