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Precipitation retrieval from geostationary satellite infrared (IR) observations remains a GMMs are capable of distributional feature extraction from unlabeled
fundamental challenge due to the indirect relationship between cloud-top radiative properties datasets through the application of multiple Gaussian distributions.
and surface rainfall. A Gaussian Mixture Model is a weighted sum of Kth component Gaussian
The Geostationary-Korean Multi-Purpose Satellite-2A (GK2A) rainfall rate (RR) algorithm densities. K
classifies five precipitating cloud types (PCTs) by combining brightness temperature differences p(X) = 2 T N (X |pg, X))

k=1

(BTDs) from multiple IR channels and applying optimized thresholds (Shin et al., 2025)

This study presents a machine learning—based probabilistic framework for improving RR X : The data point vector (Set of brightness temperatures from AMI).

K:Th ber of t (h ter).
retrieval from the GK2A satellite using a Gaussian Mixture Model (GMM) (Kim and Shin, 2026). e number of component (hyperparameter)

1t . Mixing coefficient (weights).
0<m,<1land YE_,m, =1

Ui, Xk - The mean vector and covariance matrix of the Kth component.

The proposed approach replaces threshold-based PCT classification with hierarchical multi-

stage clustering to better represent precipitation variability.

GMM-RR Framework

(a) Offline modeling (b) Online processing
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SIX PCTs, reflecting
DPR GMI DPR GMI DPR GMI DPR GMI DPR GMI  gifierences in the TB—-RR

PCT1 041 0.35 0.32 0.33 1.29 0.93 0.93 0.98 0.27 0.26 relationships and cloud

microphysical characteristics.
PCT2 050 0.40 015 0.13 068 046 098 092 028 0.32 PCTs associated with colder Three-stage GMMs classify precipitating clouds into six PCTs using only three

PCT3 043 030 0.26 0.25 141 1.16 0.96 091 0.26 0.22 cloud tops and stronger

l U | IR TB inputs and construct a refined a priori database for rainfall retrieval.
PCT4 044 0.33 051 066 212 1.78 098 0.96 0.25 0.17 gre;::}pzjltagons,h%e\\,\r/tlcit;\lealrlyr/“Pr?e'gst Validation against DPR, GMI, IMERG, and ground-based radar showed that
PCTS5 053 047 214 204 6.30 581 0.99 0.99 0.15 0.08 ’ J

agreement with DPR-RR and probabilistic GMM-based PCT classification better represents precipitation-
PCT6 0.64 064 627 4.97 13.77 1260 0.99 0.99 0.10 0.05 GMI-RR.

A GMM-based probabilistic classification framework was developed to replace
the threshold-based PCT classification in the operational GK2A-RR algorithm.

system variability and leads to more accurate and consistent rainfall estimation.
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