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Introduction Method Result
- Weather forecasting is a critical component in numerous scientific and practical Proposed Flow Validation on Intensive Observation Periods (2021-2022)
domains, such as aviation, logistics, agriculture, and disaster management. Forecast
<
» Existing deep learning-based studies often treat weather forecasting and data (background) RMSE Level (hPa) Number of samples GK2A AAP ERAS5 Model
assimilation as separate problems. Integrated approaches that combine both 100 253 1.14 0.97 1.05
. L . . 150 253 0.83 0.72 0.77
forecasting and assimilation into a unified framework remain rare. T~ | T~
N Data 200 255 0.79 0.67 0.75
* |In response to these challenges, we propose an autoregressive data assimilation assimilation | Corrected — Forecast 250 254 0.68 0.56 0.62
framework that integrates deep learning-based diffusion models to assimilate diverse Observations —» model background model TeC) 400 2535 0.70 0.70 0.69
: : : — T 500 253 0.69 0.65 0.65
observational data sources in real time.
____________________________________________________________________________________________________________________________________________________________________________________________________________________________________ 700 254 0.82 0.70 0.75
TP : 850 255 0.74 0.71 0.77
Assimilation model . Forecast model

| 925 254 0.77 0.75 0.74
Data & St u d y Area Input Conditional input (options) 1000 112 1.38 1.27 1.29
/ GK2A AAP / / ERAST / / cardon / / Radiosonde / * Results generated using ERAS as a background and validated with radiosondes from stations not used in the assimilation
Data Product S | | T - Brightness

temperature
at (t-2 ~ t0)

during the 2021 and 2022 intense observation periods.

[ Image } * The model outperformed the GK2A AAP and was more accurate than ERAS in some pressure levels.
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Resolution  Resolution e TR - Autoregressive generation result
Denoise t times by iteration i (t-2 ~t0) " mOdeI . . LT -
GK2A AAP Temperature 10 minutes  0.06 degree NMSC For model input e | _ 5 T I e « Temperature data were generated autoregressively for the period from 25 to 31 January 2020. Only the initial state utilized
diffusion -, emperature ’ Lture weather : . .
model 170 e 7/ ot / | at lead time t+1 GK2A AAP, while subsequent steps relied on GK2A AAP clear sky data and GK2A brightness temperature.
WV063, WV069, ey :
GK2A Brightness WV073, IR087, 5 « At the 120th generation step, the middle and upper pressure levels resembled GK2A AAP, but observational influences
. t IR096, IR105, 10 minutes ~ 0.02 degree KMA For model input triggered a butterfly effect, propagating errors across pressure levels. The brightness temperature also contributed to the
emperature
IR112, IR123, RESLI It inaccuracies, which will be addressed in future improvements.
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ERA5 Temperature 1 hour 0.25 degree ECMWF  For model training Ana|ySiS results using ERA5 as a backg round 7
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« The clear sky part of the GK2A AAP is retrieved with brightness temperature data and ‘ | ‘ ‘ - - .  4s0npa I 200mPa B 250mPa B, 300hPa B 400nPa B s00hPa B 700hPa | w1000 hPa B>

285

255 265 275 N ,
280
250 260 270
' ‘ 275 |
245 255 | ‘.‘
‘ 265 ] 270

240 250
260

230 235 250 290

139 205 205 210 225 230 240 250 250
ERAS
290

255 265 290
280 290

- 230 285

215 285

228 280

280

the cloud region is filled with UM forecast data. Only clear sky data is used for

210 226

275
275

224

205 270

270

forecasting and assimilation in this study.

222 265

225 225 230 200 265

: ” 220 220 225 —
) ‘
215

265

260 :
220 235 245 260

280 195 255 260 260
255 270 280

218 230 240 255 255

St d A 250 270
l , i 270 v
uday Area o — GK2A AAP
260 |
A‘J 240 260 S5 290 -
210 - 210 250 260 260 270 280 290
@ A Ca s - 265 275 285 ' .
) 250 ,
) Bright temperature area 205 205 210 225 220 e 250 23 228 230 1 s 280 ==
»
. ; Target area GKZA AAP 210 226 200 4 210 275 =20
o " y 275
e Assimilated stations 224 225 255 265 275
o S — 0 —— 205 270 270
B0°N g o Unassimilated stations 265 = i
ot ' : 225 225 s 280 = 290 200 e 220 20 260 265 265
. 230 265
| ] ‘ _—
% | - Study area: East Asia . — = [— - — e | B o st
: 7 220 255 ’ e 230
45°N S \ S 220 [F 225 245 220 - <%0 218 e 230 240 255 255
4 Stud iod: 2020-2024 ~
Q/ﬂ‘/ : # * u y perlo " — 215 2 220 240 245 <h0 o . Model
235 260
40°N ' = - 210 0 250 260
. 210 Ll 260
« Test period: Last 7 days of each
250
195 205 205 210 225 230 240 S

1

35°N

month Model (without assimilating radiosonde) Co nc I usion

 Test variable: Temperature (T)
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RMSE vs. Pressure Levels (Temperature)
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. The output of the model demonstrates spatial resolution comparable to that of GK2A. « This study tried to introduce a deep learning-based data assimilation framework that does
not require numerical products except for the initial states.
* In our assimilation model, the incorporation of ERA5 as a background field was able to
Improve the sonde accuracy with minimal resolution degradation.
* However, the autoregressive results still need improvement. As the forecast process gets
|Jerafles | | older, the so-called butterfly effect can cause the model to produce erratic forecasts. Further
eras across the entire pressure levels. Notably, the improvements were more pronounced improvements are needed.
ool = ™ | inthe lower atmospheric layers than in the upper layers. - In the future, we will utilize additional microwave-based sensor data (ATMS, AMSU-A) to
RHSELO Improve these errors.
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To evaluate the impact of the assimilation model, validation was conducted using
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radiosonde observations during the test period. Samples with a temperature
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difference exceeding 4°C were excluded from the analysis.
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« The proposed model exhibited higher overall accuracy compared to the GK2A AAP

« GK2A AAP was resized to 12 km spatial resolution due to computational cost. 850

* Brightness temperature uses a larger area as input than GK2A AAP temperature. . )

« All data are interpolated to match pressure levels and geo-coordinates.
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