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BREOGERIbE BRY & LK THUS OHEE K B L2

Estimation and Evaluation of Ice Deployment Locations
for Typhoon Weakening

B e
Remi Miyaoka

Abstract

This study explores the practical implementation of the “Typhoon Shot Project,”
which aims to weaken typhoons by deploying ice. I analyzed 23 years of typhoon data
from the Japan Meteorological Agency, focusing on typhoons that made landfall in
Japan. Using latitude and longitude, we performed clustering with DBSCAN and K-
means, then improved accuracy by incorporating central pressure and maximum wind
speed. Clustering was further refined using Gaussian Mixture Models (GMM) and
Mean-Shift Clustering. The optimal number of clusters was determined via the elbow
method, silhouette score, and BIC. Feature importance was evaluated using Random
Forest, and a predictive model was built with Gradient Boosting. I compared past and
simulated future typhoon paths using clustering results. The analysis showed consistent
high-risk areas for strong typhoons over time. Typhoon Hagibis (2019) was examined
as a case study to assess ice deployment feasibility. While challenges remain, the study
highlights the potential of this novel mitigation approach.

Keywords: typhoon, clustering analysis, regression modeling, statistics, python
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(RE=S

OFEfRr LD a— K
import pandas as pd

import plotly. express as px
df = pd. read_excel ( RfEHEBE Y 75— x1sx’)

fig = px. scatter_mapbox (
df,

A3
lon="#EJE",
hover_data=[" i KEGH ],

Zoom=3,
height=700,
width=1500
)
fig. update_layout (mapbox_style=" open—-street—map )

”_”

fig. update_layout (margin={"r": 0, 7"t”: 0, “17: 0, "b”: 0})
fig. show()

Ok iTH v oa— R
import pandas as pd

import plotly. express as px
df = pd. read _excel ( LAY v 75—, x1sx’)

def categorize_wind_speed(speed) :
if speed < 33:
return X’
elif 33 <= speed < 85:
return = H’
else:

)

return &
df [ JRGEMESHL 1 = df[" max_wind’ ]. apply (categorize_wind_speed)

color_discrete _map = {
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KT T blue’,

T Cyellow
’%—" ’red)

fig = px. scatter_mapbox (

df,
lat="lat’,
lon="1lon’,

color=" EUHFEK

hover_data=[" max_wind ],
color_discrete_map=color_discrete_map,
Zoom=3,

height=700,

width=1500

fig. update_layout (mapbox_style= open—-street-map )

fig. update_layout (margin={"r": 0, “t”: 0, “17: 0, "b”:

fig. show()

Of/N v TNV D gl o 2 — K
from sklearn. cluster import DBSCAN
from sklearn.metrics import silhouette_score
import pandas as pd
import numpy as np

import matplotlib. pyplot as plt

df = pd. read_excel ( LAY v 75—, xlsx’)
X = df[[" lon’, ’lat’]].values

minPts_values = range(2, 300)

scores = []

for minPts in minPts_values:
dbscan = DBSCAN(eps=4, min_samples=minPts)
clusters = dbscan. fit_predict (X)
if len(set(clusters)) > 1:

24
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score = silhouette score(X, clusters)
scores. append (score)
else:

scores. append (-1)

best_minPts = minPts_values[np. argmax (scores) ]

best_score = max(scores)

plt. figure(figsize=(10, 6))

plt.plot (minPts_values, scores, marker= o)

plt. xlabel C minPts’)

plt. ylabel C Silhouette Score’)

plt. title(C Silhouette Score vs minPts’)

plt. grid()

plt.axvline (x=best_minPts, color="t’, linestyle= —, label=f Best minPts:
{best_minPts}’)

plt. legend ()

plt. show()

print (f’ fxiE 72 minPts: {best_minPts}, Silhouette A =17 : {best_score} )

Oeps DI L= — F
import pandas as pd
import numpy as np
from sklearn. neighbors import NearestNeighbors

import matplotlib. pyplot as plt

file_path = EfEHEEE Y 75 —H#, xlsx’
df = pd. read_excel (file_path)

X = df[[’ lon”, ’lat’]].values

min_samples = 38

neighbors = NearestNeighbors (n_neighbors=min_samples)
neighbors_fit = neighbors. fit (X)

distances, indices = neighbors_fit. kneighbors (X)

distances = np. sort(distances[:, min_samples—1], axis=0)

plt. figure(figsize=(10, 6))
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plt. plot (distances)

plt. title ("K-distance plot”)

plt. xlabel ("Points”)

plt. ylabel (f” {min_samples}-th Nearest Neighbor Distance”)
plt. grid()

plt. show()

(ODBSCAN @ =2 — R
import numpy as np
import pandas as pd
import matplotlib. pyplot as plt
from sklearn. cluster import DBSCAN

file path =’ EEHEE v 75 —H&, x1sx’
typhoon_data = pd. read_excel (file_path)
data = typhoon_datal[ lat’, ’lon’ 1]

dbscan = DBSCAN (eps=4.5, min_samples=38)
labels = dbscan. fit_predict (data)

plt. scatter (datal’ lon’ ], datal lat’ ], c=labels, cmap= viridis’)
plt. title C DBSCAN Clustering’ )

plt. xlabel (" longitude’)

plt.ylabel C latitude’)

plt. show()

Oz VAR —EBLIO LTy hRaT7EHODa— R
import numpy as np
import pandas as pd
import matplotlib. pyplot as plt
from sklearn. cluster import KMeans
from sklearn.metrics import silhouette_score

from sklearn. preprocessing import StandardScaler

file_path =~ EfEHREE Y 75 —# . xlsx’
typhoon_data = pd. read_excel (file_path)
data = typhoon_datal [ #R", ~ & 1]

scaler = StandardScaler ()

scaled_data = scaler.fit_transform(data)
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wess = [
silhouette scores = []

range_n_clusters = range (2, 11)

for n_clusters in range_n_clusters:

kmeans = KMeans (n_clusters=n_clusters, init= k-means++ , max_iter=300,
_init=10, random_state=0)
kmeans. fit (scaled_data)

wess. append (kmeans. inertia_)

cluster_labels = kmeans. predict (scaled_data)

silhouette_avg = silhouette_score(scaled_data, cluster_labels)

silhouette_scores. append (silhouette_avg)

plt. figure (figsize=(12, 6))

plt.subplot(l, 2, 1)

plt.plot (range_n_clusters, wcss, marker=o’)
plt. titleC Elbow Method (Scaled Data)’)

plt. xlabel C Number of Clusters’)

plt. ylabel C WCSS)

plt. subplot (1, 2, 2)

plt.plot (range_n_clusters, silhouette_scores, marker="o’)
plt. title( Silhouette Score Method (Scaled Data)’)

plt. xlabel C Number of Clusters’)

plt. ylabel C Silhouette Score’)

plt. tight_layout ()
plt. show()

optimal_n_clusters = silhouette_scores. index (max(silhouette_scores)) + 2
kmeans = KMeans (n_clusters=optimal_n_clusters, init= k-means++ , max_iter=300,
_init=10, random state=0)

kmeans. fit (scaled_data)

labels = kmeans. predict(scaled_data)

centers = kmeans. cluster_centers_
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plt. scatter (datal’ longitude’ ], datal latitude’ ], c=labels, s=50, cmap= viridis’
label="Typhoon Path’)

plt. scatter (centers[:, 1], centers[:, 0], c=red, s=200, alpha=0.75,
marker="X', label="Ice Drop Points’)

plt. title C Typhoon Path and Ice Drop Points’)

plt. xlabel ( Longitude’)

plt. ylabel C Latitude’)

plt. legend ()

plt. show()

OK-means ® =2— R
import numpy as np
import pandas as pd
import matplotlib. pyplot as plt

from sklearn. cluster import KMeans

file path =’ EFfEHEEE v 75 —H#, xlsx’
typhoon_data = pd. read_excel (file_path)

latitude = typhoon_datal’ lat’]
longitude = typhoon_datal lon’ ]
data = typhoon_datal[ lat’, ’lon’ 1]

kmeans = KMeans (n_clusters=3)
kmeans. fit (data)
labels = kmeans. predict(data)

centers = kmeans. cluster_centers_

plt. scatter (longitude, latitude, c=labels, s=50, cmap= viridis’, label=" Typhoon
Path’)

plt. scatter (centers[:, 1], centers[:, 0], c=red, s=200, alpha=0.75,
marker="X, label="Ice Drop Points’)

plt. title C Typhoon Path and Ice Drop Points’)

plt. xlabel C Longitude’)

plt.ylabel C Latitude’)

plt. legend ()

plt. show()

OBIC A7 #HH+T 52— K
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import pandas as pd

import numpy as np

from sklearn. mixture import GaussianMixture

from sklearn. preprocessing import StandardScaler
import matplotlib. pyplot as plt

import seaborn as sns

file path = 7 FEHEYE v 75 —H& x1sx”
data = pd.read_excel (file_path)

columns_to_use = [ R, "R, T HEAREGEE, T HLRE]

df = datalcolumns_to_use]

scaler = StandardScaler ()

df_scaled = scaler. fit_transform(df)

n_components_range = range (1, 10)

bic_scores = []

for n_components in n_components_range:
gmm = GaussianMixture (n_components=n_components, random_state=42)
gmm. fit (df_scaled)
bic_scores. append (gmm. bic (df_scaled))

plt. figure(figsize=(8, 5))

plt.plot (n_components_range, bic_scores, marker=o’)

plt. title ("BIC Scores for Different Numbers of Clusters”)
plt. xlabel ("Number of Clusters”)

plt. ylabel ("BIC Score”)

plt. show()

delta_bic = np. diff(bic_scores)

plt. figure(figsize=(8, 5))

plt.plot (n_components_range[1:], delta_bic, marker="o’)
plt.axhline (y=0, color="gray’, linestyle= —)

plt. title("Delta BIC for Different Numbers of Clusters”)
plt. xlabel ("Number of Clusters”)

plt. ylabel ("Delta BIC (Change in BIC)”)
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plt. show()

optimal_clusters = n_components_range[np. argmin(delta_bic) + 1]
print (" fi72 7 7 A% —4%: {optimal_clusters}”)

OGMM @ =2 — K

import pandas as pd

import numpy as np

from sklearn. mixture import GaussianMixture

from sklearn. preprocessing import StandardScaler
import matplotlib. pyplot as plt

import cartopy.crs as ccrs

import cartopy. feature as cfeature

file_path = 7 FEHEE v 75 —# x1sx”
data = pd. read_excel (file_path)

columns_to_use = [ fEEE, ~HRRE ) T HERKEGE, T HLAUE ]

df = datalcolumns_to_use]

scaler = StandardScaler ()
df_scaled = scaler. fit_transform(df)

n_clusters = 5
gmm = GaussianMixture (n_components=n_clusters, random_state=42)
labels = gmm. fit_predict (df_scaled)

datal Cluster’ ] = labels

fig, ax = plt. subplots (figsize=(10, 10), subplot_kw={ projection’ :

cers. PlateCarree () })

ax. set_extent ([110, 160, 10, 60], crs=ccrs.PlateCarree())

ax. coastlines (resolution="10m’)

ax. add_feature (cfeature. BORDERS, linestyle= :’)
ax. add_feature (cfeature. LAND, edgecolor="black’)

scatter = ax. scatter(datal’ lon ], datal[’ lat’ ], c=datal Cluster’ ], cmap= viridis’,
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s=30)

plt. colorbar (scatter, ax=ax, label="Cluster’)

plt. title ("GMM Clustering on Japan Map”)
plt. xlabel ("Longitude”)
plt. ylabel ("Latitude”)

plt. show()

O KB D FH ONT X

import pandas as pd

import numpy as np

from sklearn. mixture import GaussianMixture

from sklearn. preprocessing import StandardScaler
import matplotlib. pyplot as plt

import seaborn as sns

file_path = 7 EEHEE v 75 —# . x1sx”
data = pd.read_excel (file_path)

columns_to_use = [ #REE, W, O HRORKEGE, T HLAUE ]

df = datalcolumns_to_use]

scaler = StandardScaler ()

df scaled = scaler. fit_transform(df)

n_clusters = 5
gmm = GaussianMixture (n_components=n_clusters, random_state=42)

labels = gmm. fit_predict (df_scaled)

data[’ Cluster’ ] = labels

plt. figure (figsize=(10, 6))

sns. boxplot (x=" Cluster’, y=max_wind , data=data, palette= viridis’)
plt. title ("Boxplot of Maximum Wind Speed by Cluster”)

plt. xlabel (“Cluster”)

plt. ylabel ("Maximum Wind Speed (kt)”)

plt. show()
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OHLRIEDFH O

import pandas as pd

import numpy as np

from sklearn. mixture import GaussianMixture

from sklearn. preprocessing import StandardScaler
import matplotlib. pyplot as plt

import seaborn as sns

file_path = 7 FEHEE v 75 —# x1sx”
data = pd. read_excel (file_path)

columns_to_use = ["lat’, ’lon’, ’max_wind , " hpa’ ]

df = datalcolumns_to_use]

scaler = StandardScaler ()
df_scaled = scaler. fit_transform(df)

n_clusters = 5
gmm = GaussianMixture (n_components=n_clusters, random_state=42)
labels = gmm. fit_predict (df_scaled)

datal’ Cluster’ ] = labels

plt. figure (figsize=(10, 6))

sns. boxplot (x=" Cluster’, y=hpa’, data=data, palette= viridis’)
plt. title ("Boxplot of Central Pressure by Cluster”)

plt. xlabel ("Cluster”)

plt. ylabel (“Central Pressure (hpa)”)

plt. show()

OMean-Shift Clustering ® =— K

import pandas as pd

import numpy as np

import matplotlib. pyplot as plt

import cartopy.crs as ccrs

import cartopy. feature as cfeature

from sklearn. cluster import MeanShift, estimate_bandwidth

from sklearn. preprocessing import StandardScaler

df = pd. read_excel ( FfEHEEE Y 75 —H# x1sx’)
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features = df [[" #RFE7, ~HEAE ) 7 HROREGE, T AR 1]

scaler = StandardScaler ()

features_scaled = scaler. fit_transform(features)

bandwidth = 1.0

mean_shift = MeanShift (bandwidth=bandwidth, bin_seeding=True)

mean_shift. fit (features_scaled)

labels = mean_shift. labels_

cluster_centers = scaler. inverse_transform(mean_shift. cluster_centers_)

df [’ cluster_label’ ] = labels

plt. figure(figsize=(10, 8))
ax = plt. axes (projection=ccrs. PlateCarree())
ax. set_extent ([110, 160, 10, 60], crs=ccrs.PlateCarree())

ax. add_feature (cfeature. COASTLINE)
ax. add_feature (cfeature. BORDERS, linestyle= :")

scatter = ax.scatter(df[’ lon’], df[ lat’], c=labels, cmap= tab20’, s=30,

transform=ccrs. PlateCarree (), label=" Typhoon Track’)

ax. scatter (cluster centers[:, 1], cluster _centersl[:, 0], c¢=red, s=100,

transform=ccrs. PlateCarree (), label= Cluster Centers’)

plt. title C Mean—-Shift Clustering of Typhoon Tracks’)

plt. legend ()

plt. colorbar (scatter, ax=ax, orientation= vertical’, label= Cluster Label’)
plt. show()

OF v FLT7FH VA IDa—F

import pandas as pd

import numpy as np

from sklearn. preprocessing import StandardScaler
from sklearn. ensemble import RandomForestClassifier

from sklearn. model_selection import train_test_split
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from sklearn. metrics import accuracy_score

import matplotlib. pyplot as plt

X = df[[RRHE", THEEET,  ROREE, T LAIE ]
y = df [ 50KT &£ ]

X_train, X_test, v_train, vy_test = train_test_split(X,

random_state=42)

rf = RandomForestClassifier (n_estimators=100, random_state=42)

rf. fit(X_train, y_train)

y_pred = rf.predict (X_test)
accuracy = accuracy_score(y_test, y_pred)

print (f’ Accuracy: {accuracy:.2f}’)

importances = rf. feature_importances_

feature_names = X. columns

plt. figure (figsize=(8, 6))

plt. barh (feature_names, importances, color=" skyblue’)
plt. xlabel  Feature Importance’)

plt. title( Feature Importance in Random Forest’)

plt. show()

OGBR ® =2 — K
import pandas as pd
from sklearn. ensemble import GradientBoostingRegressor
from sklearn.model_selection import train_test_split

from sklearn. metrics import mean_absolute_error

df = pd. read_excel C EfEEEE v 75 —H# . xlsx’)

X = df[["hpa’, ’lat’, ’lon’, ’radius’]]
y = df [ max_wind’ ]

X_train, X test, vy_train, y_test = train_test_split(X,

random_state=42)

gbr = GradientBoostingRegressor (n_estimators=100,
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max_depth=3, random_state=42)
gbr. fit(X_train, y_train)

y_pred = gbr. predict (X_test)

mae = mean_absolute_error (y_test, y_pred)

simulation_data = df. copy ()
simulation_datal’ predicted_wind_speed’] = gbr.predict(simulation_data[[ hpa’,

) ’ )

lat’, ’lon’, ’radius’ ]])

threshold = 64

ice_drop_points = simulation_datal[simulation_datal predicted_wind_speed ] >=
threshold]

import matplotlib. pyplot as plt

import cartopy.crs as ccrs

import cartopy. feature as cfeature

fig, ax = plt. subplots(figsize=(10, 10), subplot_kw={ projection’ :

cers. PlateCarree () })

ax. set_extent ([110, 160, 10, 60], crs=ccrs.PlateCarree())

ax. coastlines (resolution=" 10m’)

ax. add_feature (cfeature. BORDERS, linestyle=":")
ax. add_feature (cfeature. LAND, edgecolor="black’)

scatter = ax. scatter (ice_drop_points[’ lon’ ], ice_drop_points[ lat’],
c=ice_drop_points[ predicted_wind_speed ], cmap=" coolwarm’,
s=30)

plt. titleC Simulation: Ice Drop Points on Japan Map’)
plt. xlabel C Longitude’)
plt.ylabel ( Latitude’)

plt. show()

OMAE ZHH35a—F

import pandas as pd
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from sklearn. ensemble import GradientBoostingRegressor
from sklearn. model_selection import train_test_split

from sklearn. metrics import mean_absolute_error

df = pd. read_excel ( LfEHEEE Y 75 —H# x1sx’)

X = df[["hpa’, ’lat’, ’lon’, ’radius’]]
y = df [ max_wind’ ]

X_train, X_test, v_train, vy_test = train_test_split(X, vy, test_size=0.2,

random_state=42)

gbr = GradientBoostingRegressor (n_estimators=100, learning rate=0.1, max_depth=3,
random_state=42)

gbr. fit (X_train, y_train)

y_pred = gbr. predict (X_test)

mae = mean_absolute_error (y_test, y_pred)
print (f" FHJ xR (MAE) @ {mae:.2f}")
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