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Application of Generative Ensemble Diffusion Model Based on
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Abstract

Nowcasting refers to a short-term precipitation forecasting method that combines
observational data with model simulations, and its accuracy and reliability are crucial
components of meteorological and hydrological research. Currently, Al-based weather
forecasting models, such as the GraphCast model developed by Google DeepMind, have

demonstrated significant performance in macro forecasting for rainfall, but their effectiveness
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in Taiwan still needs to be evaluated. This study focuses on Taiwan as the research area and
employs the Generative Ensemble Diffusion (GED) method, which enhances the accuracy and
stability of precipitation forecasts by integrating multiple generative diffusion models. This
method can capture subtle changes in the weather field, producing more reliable forecast results.
The Taiwan operational quantitative rainfall system (Quantitative Precipitation Estimation and
Segregation Using Multiple Sensors) serves as the primary input, combined with
meteorological features such as east-west and north-south wind speeds (u, v wind) and
geopotential height from GraphCast. The aim is to merge the advantages of both approaches to
generate new rainfall predictions. Subsequently, the predicted rainfall results will be validated
against the rainfall data from GraphCast initialized by NOAA using GFS and observational data
from QPESUMS for evaluation of analysis indicators. The new real-time forecasting product
developed in this study can enhance the accuracy and stability of short-term rainfall forecasts
in Taiwan, strengthen the early warning capabilities for extreme weather, and has the potential
to be integrated into operational meteorological systems, promoting advancements and

applications in meteorological forecasting technology.

Keywords: Precipitation Nowcasting; Generative Ensemble Diffusion Model; Deep Learning;
GraphCast.

~2

— ~ H

-qu‘,

ME A L EHETEE > AL F R FER AL ¢ BN R AR E R SRR A 4 o TR AL
Google DeepMind #7 B 4 e71 GraphCast fic2] % o i7#& & > 4 =2 3% & & A icd] (Generative
Ensemble Diffusion, GED) > /% e B > @ (F R ifd S B pF T B 7 |FE R g RAp8 B IR
B A o

# 5 ¥ Hc 7] (Probabilistic Diffusion Models, PDM) /¢ #icdy 4 = #5073] > H o R IZ
4 ﬁ@ﬁiﬁ 755 f 7 X 4&(Markov chain) » &4~ 4eirfesi o # P SRR BB A B F
5 s g2 3 vk (Denoising) 0 B | A SN ek A2 B G Bdp s B AR I o 3 orldk T ik
i Y & PRACPE AR B e i Bi(score function) Bt S BGT ¥ FRE Y FHEF R L
% B R E Y 2 S dc(Ludwig et al., 2024) - GED = i RIS 6 5 B 4 & 2 g cpod) on
B BHEEER DL LT o R RIEFRY HF ORI T2 SEFE Y D
WoRS R o MR E S SR R ST A hg FH R % KE - BOAER A
T JHORIEHRE G £ & 5T E(Meuer et al., 2024) -

AT AR R AL R 8 8 GraphCast H-3) § % HFATEHR FTA(s 2L T
BatehiE s PRI AEEF REA)E L BEE L EE A L 5 (Quantitative
Precipitation Estimation and Segregation Using Multiple Sensors, QPESUMS) F # » & =
3 GED 2 2 e RTER ke AT RER A A E A LA A B > A RERIENH
2 BpR AT T RENA R PARERSAR  %RE T 5 0 12 NOAA(* GFS

N

-209 -



47 4&1v) 5 GraphCast g 3F 2 QPESUMS BB FH E (T R%E & l“#ﬁ’fg}q}lp o AT H
FTEEORIEHRAS LARLEAEA T RSP E T LA RS > AT R

ﬂ:wﬁb’ai?%%mkfﬁﬁ‘kﬁﬁﬁ 92§ ATy B AT B
E o T LA NN AT FE A RARB SR BRI R LGEER > % o

B RBHTHR

zlpi%

FIRFEEFF250 /59 36193 T2 22 2 BREE - w IR g &
.@m5&25¥ Aig 11995 12272 FF » Bt A Tk e § o A feng i3 5 LA F
BRFIEIRFE O FLIFRZIERLMEALATRORE FREA G EFAE S
B G N AR A B E Y L LRag A A e RIEMADTEA TR Ti0o
AEE O RHIAEE T e f ook Rk Y Rk aon BB Y 3 E R E L E S
REMFFNEBRR ALY AT i%i&mﬁ@ AIRE L ARG DR om0 R
RAPEHIER c AR B LM A Fh E LRGSR Eavi S Y 0 HrE R
FEp A reiE 2 T ER o
22 AR FH

o o kR P & § % % (Central Weather Administration, CWA) £ £ R ] o4 ¥
¥~ # 4 % (National Oceanic and Atmospheric Administration, NOAA)* ¢ B 2% ch 2 & "%
K 5 R B A g % A(QPESUMS) 3% A Sl L 1 SR AREF 2T E A B
B F RS A ERE S ARRITE 0 2 Ry AR RS RFR)ZF D
EHB AN EFEA B X R ERS S B FTAHRERDT A4 L F 247 R(0.0125°>
10 & 48)c"% -K 2 gl 7 = § % P]FE 3R A 5-(Cheng et al., 2021) - & 5 fe & GraphCast 7§ 3F
FHizir B > A5 # QPESUMS TR 7% ¢ B et A4t A £ A2 > 4 5 0.25°0
3 12 ) F?E'Jfﬁ @7\’1”\ °
23 F R EEFH

F % AR IR T KR Google DeepMind # B 4% 77 GraphCast #-3] o 2% #-3]4% *
3T R4 5 4 B (Graph Neural Network, GNN):r [ 3 f6 -2 - 248 | Z8 4 > £351 27 3
PRp AT E 0 AR RPN R B R4 R 353 2 o GraphCast 0B 3 £ 4% &
AP g x § 3E4F ¢ < (European Centre for Medium-Range Weather Forecasts, ECMWF):1
FIKEAPFEARF T AR A7 F A (ECMWF Reanalysis 5th Generation, ERA5) & {7 3"
W= 0 B k| 97 L (Mean Squared Error, MSE) T 4% * A it §F 2/ s 4118 {7
FY B4 = 025%%47 & 10 * 3R (Lametal.,, 2023)c 277 7 & * 4 NOAA 12 GFS
jo 4 1 ¢ GraphCast FF4F ¥ & 7R > P52 245 B 5 0.25°1245 B et < 548 » & 12 /| p&

Adpit - TFR - FLLFTHR 6 HRfFER o

-210 -



= E

3.1 A =05V B 2 3F AT 3] (Generative Ensemble Diffusion, GED)

d &~ Jlk 78+ § 22 Cineca % »%ic 3 & ¢« (Cineca Interuniversity Consortium for
High Performance Computing, Cineca) f& B 3 e74 = 58 & S 4] o %] A3
#% 47 "2 3% #-3] (Denoising Diffusion Implicit Models, DDIM) » & x * A ,?ykﬁ)‘;(U-Net
Convolutional Neural Network, U-Net) {7 5 2 e et » 2 B g3 N g B Eeagp o
FEh g b p(om A ) PERE R s m A ) PR i~ § ~ & 45 % Land-Sea Mask (LSM)
Ay R B & éﬁ%] * F5 Meenid g fh b 38 7 & A 5 B 5| (Classifier-Free Guidance,
CFG)if 2 2% %_ GED ehproc QAT A3 2B B S 5F4F = 2 > v 4 & 4 5|7 & ahf g i
Fo ol RF A EETEEHE TR P2 PRI U-Net pREFmRE P 1A 2 {
B ¥ & 4 ch3E P (Asperti et al., 2023) o

AF2 3 # QPESUMS "% & 75512 27 Graphcast 7§ % 4% < 2% ~ DDIM #:3] » ¢ 4
J€ 4% % 4 2 27 (probabilistic generative models)sd B> » > p £ E 5] - B ¥k £
6 it 18 A R R A A g (o) i BT 100 2 X HIE R B A 1 q(x0) 0 A
Alg ad S deBdpxeh s o v AALEHERF w2 SRSH S TG S 0 e
(3-1) -

Po(x0))J P (xor) dxy.r (-1

DDIM 2L 8 7 2 o0 2 JFA0E AT 0 fa 3 7 AR 40 Bedp x03F 4 7 4 TR R

DEE T il AZ > > 4258(3-2) ©

qo(x1r 1 %0) = qo(xr | o) 1_[ Qo (xe—y | x4 %) (3-2)

o AR S » AT 0 R Cete R BRI 1A 5 R4S A X0 fe
- BiRE® Ak %*et(Gaussian noise) s AR w2 & 3 7N (3-3) o

= J@xo + T ae, (3-3)

=R AU = 7L o = eH(xt,at)mB A3 o’f feFlxg® LA S xp ek Brey o fER
LA i3 0 R Bk R R Ao Bt 0 AR (3-4) -

Xt =/ 1—aceq(xy, ar)
Ve
AF w4 AR WP AR R B3t au (fy) fork Beg R 4 2 RIS an
Xe—q > 7 ARF(3-5)

xt_l = 4/ at - 1 t(xt, at) + \/1 - at_l - O-tzfg(xt, at) (3‘5)

Bt v SR it S B P % Sl o T ALTRTE B T RIR Brep (x, 0) 21 R %
@§Q\W%%b1§immko¢%ﬁﬁwo@o
Ly = Eee(imyxoe [Vell€r — €6 (x, 1% (3-6)

fe(xe, a) = (3-4)

-211 -



51847 4 & 4 2% 1 (Graphcast th§ % 0T e E A SRR BT 1 B A KB HE
(Classifier-Free Guidance)s= ;= o i '~ B iF 2 #-3] €g (o, t,y)fr— B 2H0E 2 7]
€0(x,t,0) » X M-T P TE R B R E TR L kBB E Ak B S R 4e(3-T) o

€g(xp,t,y) = €9(x, t,y) + S - €9(x, 1) (3-7)
32 Py iEie

= 3Ff HOAl Pl - A7 3 R % 0 397 34 (Mean Squared Error, MSE) ¥ & 4 & 45 1%
# 3B % rx % (Accuracy) ~ ## Fa 5 (Precision)fr 2 ® F (Recall) = Bipth > { 2% 7 f#d]
L0 % 2R 4e(3-8) 3 (B3-11)# 7 o

1
MSE = az?ﬂ()’i - 5\71')2 (3-8)
TP+TN (3'9)
Accuracy = —————
TP+TN+FP+FN
.. TP (3-10)
Precision =
TP+FP
3-11
Recall = i ( )
TP+FN

NPy R A ERE P AARERE  n Al TPRAEBE  INRLER
M5 FP N & B FN BRIE M -

A AR

Bt e & s fF & QPESUMS " & F 282 Graphcast f % ##cF AL » & & 54 fds 1
TR o AP B pr i hrrind BaEH > T+H12 dis= 321 MSE(H = 2mm?) 4 & 10 §
320 F 2 TH24 2 TH36 i L E b 4e o FALARH £ 7L - P 3 MSE ¥ fk 3na
Fp s bR BB AR R4 0 MSE EE R A E ' M o H0T) R el e
QPESUMS #ptt » Ak 3 & Z o f347 R P 50 5 16x16° 2 ¥ v # % F 247 & T
A R B R TR S L3 R R BRI L E G e e
"% & SRR o

% 4-1 $°73)%% % Fgp|2 QPESUMS £ 9 &

Time/Method Single Diffusion Ensemble Diffusion
T+12h 151144.781 125969.384
T+24h 744433.625 645497.575
T+36h 1504397.750 1393514.597

-212 -



QPESUM precipitation
2024-07-24 12:00:00
600
300
25N 200
150
HEN 30
o
90
4N
n E
£
£
s 2
235N =1
Z
vE
£
o E
23N
20
15
25N
10
6
2N 4
1
Max Precipitation: 555.25 mm
0
120°F 120.5°E 121°F 121.5F, 122°R

Bl 4-1 (2)H2) 58] ~ (+)QPESUMS % 4 % &
B 4-1 chz sf i b A ST+ 243~ T2 T1 THO L 4 ¢ g
LH S RECA S THL S TH2  TH3 % & 550 @T#&§ B A TH ~ TH2 ~ TH3 % &
TRl - MR QPESUMS £ %A - % ¢ LHBE I S 0 KR
> TR FEARREA R o

QPESUM p
2024-0-25 003 on tm

Precipitation fmm)

Max Precipitation: 262,15 mm

120°K 120.5°K Ik 115K nre

] 4-2 QPESUMS £ % % & ®)
42% % Pi’g:ﬁr‘f”T‘l‘l R # j\-‘lii-blaﬁ“":il _—;E(Pq%a{? l?.\-léio © ]
—?'_ ‘iqﬁﬁ _;51 ’ W'Q;I”?-a }ﬁ‘!r‘]»’kw‘g‘_f—,,ﬁlu °

-213 -



IRt p

Asperti, A., Merizzi, F., Paparella, A., Pedrazzi, G., Angelinelli, M., and Colamonaco, S.,

“Precipitation nowcasting with generative diffusion models”, Applied Intelligence, 55(3),
187, 2025.

Chang, P. L., Zhang, J., Tang, Y. S., Tang, L., Lin, P. F., Langston, C., ... and Howard, K.,
“An operational multi-radar multi-sensor QPE system in Taiwan”, Bulletin of the
American Meteorological Society, 102(3), E555-E577, 2021.

Lam, R., Sanchez-Gonzalez, A., Willson, M., Wirnsberger, P., Fortunato, M., Alet, F., ...
and Battaglia, P., “Learning skillful medium-range global weather forecasting”, Science,
382(6677), 1416-1421, 2023.

Li, L., Carver, R., Lopez-Gomez, 1., Sha, F., and Anderson, J., “Generative emulation of

weather forecast ensembles with diffusion models”, Science Advances, 10(13), eadk4489,
2024,

Meuer, J., Witte, M., Finn, T. S., Timmreck, C., Ludwig, T., and Kadow, C., “Latent
Diffusion Model for Generating Ensembles of Climate Simulations”, arXiv preprint
arXiv:2407.02070, 2024.

McGovern, A., EImore, K. L., Gagne, D. J., Haupt, S. E., Karstens, C. D., Lagerquist, R., ...
and Williams, J. K., “Using artificial intelligence to improve real-time decision-making
for high-impact weather”, Bulletin of the American Meteorological Society, 98(10), 2073-
2090, 2017.

Charlton-Perez, A. J., Dacre, H. F., Driscoll, S., Gray, S. L., Harvey, B., Harvey, N. J., ...
and Volonté, A., “Do Al models produce better weather forecasts than physics-based

models? A quantitative evaluation case study of Storm Ciaran”, npj Climate and
Atmospheric Science, 7(1), 93, 2024.

Liu, C. C., Hsu, K., Peng, M. S., Chen, D. S., Chang, P. L., Hsiao, L. F., ... and Kuo, H.
C., “Evaluation of five global Al models for predicting weather in Eastern Asia and

Western Pacific”, npj Climate and Atmospheric Science, 7(1), 221, 2024.

-214 -





