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Introduction

Predictability of Moist Convection from Water Vapor fields

through Machine Learning technique
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Hurricane Harvey - August 25-29, 2017
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Can we predict that there will be high moist convection by using lagged moist vap%r data?

The primary objective Is to develop an effective machine-
learning pipeline capable of accurately predicting moist
convection Intensities in cyclone scenarios by capturing
seguential dependencies in moisture profiles. This approach
alms to enhance prediction accuracy for varying lag intervals,

forecasting.

Early stage (before the onset of rapid intensification) of Hurricane

Methodology

providing valuable insights for improved cyclone intensity

Harvey (2017); Ensemble forecast initialized with APSU EnKF
analysis by assimilating all-sky satellite infrared radiances from

GOES-16
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Dataset

Split to Train & Test

Z levels

Data points in one sample=15 x 15 x 42 = 9,450
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Max Normalization

LSTM

LSTM(units=64,
activation="relu’)
Dense(32,
activation="relu'))
Dense(1))
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Results
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Results

Correlation Between Each Input Level and Output - Lag = 0, Samples = 1000
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Correlation Between Each Input Level and Output - Lag = 20, Samples = 1000
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True vs Predicted Values (R2 = 0.9152)
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True vs Predicted Values (R?2 = 0.5166)
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Predicted vs. Actual Values for 20 Random Test Samples | lag = 0
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Correlation Between Each Input Level and Output - Lag = 10, Samples = 1000
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Correlation Between Each Input Level and Output - Lag = 30, Samples = 1000
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True vs Predicted Values (R2 = 0.5862)
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LSTM-based machine learning pipeline successfully captures

' the temporal dependencies essential for predicting moist
§ convection intensities in cyclone scenarios.
* This approach demonstrates the potential for enhancing
cyclone intensity forecasting, aiding in better preparation and

response to extreme weather events.
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