20244 S1=27|M8g| HI|S3| U 712tEle] X883
Proceedings of the Autumn Meeting of KMS, 2024

Lh7I22] 2at / 7122 2-1

A A9 ool E @ A XY L5 BFIAo]
A% B WA GF: BE A= Ju B4

AA@A! o]l552 5A], YFA13 0]t HEALA]S

ke BK21 AT A A B AT, AEAN Ao 7|53
2Earth System Science Interdisciplinary Center, University of Maryland, USA
et of7)e et
R T L EIE Y

2 AHSH | Y 2| LS T A A 2 S}

|

T3 A1 &H 2% (Land Surface Temperature, LST)$} dlo]2& Fk o] F7H4] %,_Z%/E‘!g Zd5t], AatF o2
7350 Aot Bao] Foigt FFs vtk 5], A A 83 E ooj2E Tk VIR QI “AT B =4 A9 FLST
4 o|2F FL o Aol7} 7] ESHEA 2 < Hd o] HtE fUsty, 244 4 2 Z4 A9 S S
g k. mEbA] =4 9 H 4] Ao AR o] syt A B4 A= ¥ HEcke Aol Fastt

E 47 2092 24 998 S99 29 29 3 2 AL A L Alag 529 15T 12900
Fo B7Fekleh. A= didel= Wl 5719 d=A] A& 24T 4 2|g oz LR oo F

BASIT AL okt A4, 37 A4, AW 4w BRsdor, 55 AR B5d ¢ 2 ogg

=)

2
o
EaE
=
4z
M
Jg

Aol x

v}

qol2= Er o] BFAAo] £A AAoA Fe A4 IA
Byt ¥, LST B34S T4 AYA 25t 352

FS Uetdth 2 A3 oo]2E Fot LT Bw#dAol
[ A S AT

oy
P
>
N
o,
]
o

ox rr ,-u
=
rit
o&

oN |
N
N

o mlm
o
et
o2 >
ool
e rr
=)
4
K
rr
O{N

4 ko) 94 el

:,
jus)

Key words: o]|2F §&, A XEH 2%, 7, TA|5}

% o] A= AFAHH(2023R1A2C1002367, 2020R1A2C1013278), -55(2020R1A6A1A03044834) 2] Ao =2
SR AU,

62



20244 vr=37| M| HI15e] W 7Ietteliz] X2
Proceedings of the Autumn Meeting of KMS, 2024

Lh7l22] 2at /7122 2-2

32w M-S 5 GK2A/AMIE o]t
T2 N 'R darelE A

@A 8, A%A, o a4

SFHeta 7] ketat

2

re

TFoAAE F7P7188AE A @Yoz 83520 MY 2ATE o83t ¢t T2 F112]E(GK2A_FDA)
o] A8 J|HAS Aottt GK2A_FDAS] QM &2 52 AEF 9], AL, Ao FA glo] FFHO=E =2
7] $2& Hol gt F7t ¢l &R0 A =2 QEHA-8-2 Btk 2km SPAHE Y] F7t obAf & 4] &2 E(GK2A_DFDA)
2 AR E FASH= AE o, dF v SFAEGHE, S L8ASHE BAIEC] Stk whEhA
GK2A_DFDAS| ¢ &2 55 FA1717] 91sl 1) 37 =] F2kmE 500m= 714D, 2) MiBA=S] A%
AR D AAZ A3 3) A% A= F7 2 AF HHE /1A 5hlch. GK2A_DFDAE 500m S/ E 9] SHALE, 3 Hx
A2EEA Y 27, FARAAE 5)9 LAFEIE 5o Y= ¢ FAE ottt GK2A_DFDA+= 61522
A AE QPN A= Aot jlgloH, O Qo SRR} AL viF o] HSt e E EA5HI T Qe
o522 Faot7] 9ol A EE AR $ARD AR 45 52 AR AGA 47, G ot o2 Ui
Ao A 9] eatg Z3total gt whebA A A 91X, Azt ko] tigt $A D eXE AXTOR HAY 4 &=
3 WO B 7S JNdottt. 3 309 &3 S o 8oty 4HE e AT i A2 A Aot 1 E 1A
FFS 7] Yo, LSS AR 15 IHAE AAT 5 Y= TA4 Y 78S FIFekleh A3t A FA a5
=457 Qdl, 37 A ARE Frtet o AUsEe F52 8ot AAE A stk 7idE GK2A_DFDA
IR FAo g FAAHQ ¢S & HASY:. 1E B 9 54 "o BA JHE 43 Ay $ARY
Zt= 0] WO} Pt AlFE A AAsHh A Y AR AL E st W Hrie 49 AAMNE M
o, @A 5152 st A A= o] A& AAEUTHFAR: 0.02 ~ 0.06 745 Bias: 0.07 ~ 0.23 74&). FH L4
AR L5 2PA B4 Fol WAL wiERe] AL rt A= e, JfAE S wj3A-E S B4 e &
HERL o oA H FAS}IAE| A7 Ho] GK2A_DFDAQ] Q&7 A7} A 4 H it o] A= GK2A_FDA2
N FHA S FEAZN7] flol viE A R S ATt 5 TS AARIT

fr o

Key words: St/ &), A2t 2AS, FHHARAY, FEAHAEH, A AA

63



20244 vr=37| M| HI15e] W 7Ietteliz] X2
Proceedings of the Autumn Meeting of KMS, 2024

Lh7l22] 2at /7122 2-3

Machine Learning—Based Cloud Phase estimation using Gaussian
Mixture Model (GMM) on GEO-KOMPSAT-2A Observations

Dong—Cheol Kim and Dong—Bin Shin

Department of Atmospheric Sciences, Yonsei University

This study developed a cloud phase retrieval algorithm based on the Gaussian Mixture Model (GMM), a type
of unsupervised machine learning technique. GMMs are effective for probabilistically clustering features in unlabeled
datasets by utilizing multiple Gaussian distributions. The primary dataset for this study consists of infrared (IR) brightness
temperature (TB) data at wavelengths of 8.6 £ mand 11.2 x m, obtained from the Advanced Meteorological Imager (AMI)
onboard the GEO-KOMPSAT-2A (GK2A) satellite. Estimating cloud phases—such as water, ice, and undetermined
phases—can be challenging when using a single GMM due to the complex interactions between cloud parameters,
such as optical thickness and effective radius, which influence one another. To address these challenges and reduce
uncertainties, multiple GMMs were developed, and the results were analyzed from both physical and machine learning
perspectives to improve estimation accuracy. The algorithm was further refined by comparing the probability density
functions (PDFs) of TBs for each cluster type, leading to a more accurate separation of cloud phases. The performance of
the algorithm was validated using cloud phase data from the Moderate Resolution Imaging Spectroradiometer (MODIS)
and the Cloud—Aerosol Lidar with Infrared Pathfinder Satellite Observations (CALIOP) and was also compared to the
operational cloud phase data from GK2A. Validation results showed Phase Agreement Fraction (PAF) scores of 86%
for the water phase and over 90% for the ice phase when compared to MODIS data. Traditional IR—based cloud phase
estimation algorithms, such as those used by MODIS or GK2A, depend on empirically derived thresholds, radiative
transfer models, and additional cloud parameters. In contrast, the GMM-based approach developed in this study
operates exclusively with TB data, eliminating the need for additional cloud products or complex settings. Furthermore,
the streamlined structure of the GMM-based algorithm reduces computational time, making it suitable for real-time

applications and demonstrating flexibility in classifying cloud phases across different cloud types.
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Convective Heating Rate Estimated Using ERA5 Data and
Validation with GPM Satellite

Hyun—Kyu Lee and Hye—Yeong Chun

Department of Atmospheric Sciences, Yonsei University

We estimate convective heating rate (CHR) profiles using the ECMWEF Reanalysis v5 (ERA5) data by applying
nine estimation methods, including three methods from previous studies. The estimated CHR profiles are compared
with Global Precipitation Measurement (GPM) CHR observations from June 2014 to May 2023, spanning nine years.
The three most accurate methods show strong agreement with GPM observations, and other methods reasonably well
reproduce the spatial distribution of CHR. However, most methods struggle to represent evaporative cooling near
the surface. Among the nine methods, Method 6 (M6), which utilizes cloud mixing ratio, temperature tendency due
to parameterization, and temperature tendency due to radiation processes, demonstrates the best performance. The

temporal variability and spatial distribution of CHR based on M6 closely align with GPM data.
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