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Daily Precipitation Forecasting Using Global Weather Model and Regional
Pre-training Optimization; A Case Study in Shaanxi Province
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2. School of Land Engineering, Chang’an University, Xi’an 710054, China;
3. Key Laboratory of Land Consolidation, Shaanxi Province, Xi’an 710054, China)

[ Abstract] To improve the accuracy of precipitation forecasts and address the limitations of traditional numerical weather prediction
models in forecast precision and computational efficiency, a meteorological large model was combined with a deep learning post-
processing approach was combined. A case study was conducted for precipitation forecasts over Shaanxi Province during 2008—2018.
Based on meteorological variable fields output by the FourCastNet model, a pre-trained model mapping meteorological fields to regional
precipitation was constructed using Bayesian-optimized convolutional neural networks ( CNN)/long short-term memory ( LSTM)
networks. The results indicate that this method outperforms traditional numerical weather prediction models in terms of spatial resolution
and forecast accuracy. The regionally fine-tuned forecasts more accurately capture the spatiotemporal distribution of precipitation.
Furthermore, the Bayesian-optimized deep learning post-processing algorithm effectively mitigates the impact of initial field biases on
forecast results. These findings demonstrate the significant potential of integrating meteorological large models with deep learning post-
processing algorithms for accurate precipitation forecasting, providing scientific support for disaster prevention, agricultural production,
and water resource management.

[ Keywords] precipitation forecasting; deep learning; large meteorological models; pre-training

o o g I S B R K TR AS B AR K SC AT, i T T M e /N RO A i 2
M FSUAR K B TR R A BRI B T R A PR RIS R K B T A T T AR

Wr#s B 2024-09-14; &iTHED: 2025-04-27
ESHA. FRHRPAES (42171348) ; F PR TR T 4351 B (D040405 )
F—1EE . EWEF(2000—) ,J ,DU%, INARBEMN B EBF5EAE . BF50 5 1) 3R a8 B3R L, E-mail 11019404761 @ qq. com,
CEEEE . W (1964—) &, BUG, IL T IR A EOR R AE O, BFSE T )RR PR B VR MR SRR e B (R iR IR
H, E-mail ; hanling@ chd. edu. en,

¥ F5 M HE - www. stae. com. cn



B R 5 TR

8380 Science Technology and Engineering

2025,25(20)

SR, B2 RARAS | JIr Ak b B, B D T T 45 4
SEARZ P R AL [R) 2 | (KA TR (35 Y I s 72 Stk
PRI HE R K TR S I B3R 107 2 SRAR KA AN
SEMESS T s K TR AR 4% 1) 43 % L
PR AT AR R R OK SR ST FE R R AL

I, AR 4 2 e Al R0 AR A R TR, B K SRR
5 E Yy BT R A A 7 15 AL T R B 5l
(7 ST A AR I T 1k 1 T RS
HRE T T P AR, Aok RS BE S T 28, Has 3
R[] 7™ 52 0 1 TR A I P, B TR R ) B
WAL BT 8 3K 3l 1Y LG BB A Ay
B E XK # BE T, WRe i i o
> IR g S B , ST 2 I 2 ROk I 2 B R
ARG G R Hoh AR B AR
KA A8 Nyidia ) FourCastNet <, 42 KA A1t
WAV TERG L b ] 5 4L G B A AR I 58
HAFEE B R, A JUARD, BRI AT 467 42 35k R ok
RETE PER TR R

G IARLE R FRR AT 3R s R 38 LR B
R TUIS, SR, X SE I B 5 X 3 S PR K 2
() PR B S 28 SR AFAE — E PR A D 22, Anfel )25 2
R DX AR K ORI 175 2 DA TT 484 58 R 7K 4T 1) ] S
WB/INHE P 202 RS R K A R TR I s A
A5 F DRI - PR AN R M ) S B T AL

UTAER BEAE N T REHOAR A PR & i, TR B
o] J Ak B 7 5 38 Nk B T BR(E R R AR
(numerical weather prediction, NWP) 4% 58 B ) #
TR L5 MAUER A B AR RIS BT R
JIERA AR AEAE X8 RUBE 19 B K Tt AR A A7 A
B3 22 , JE AR B2 2% s I8 R b X I 2 B8 R 0
T, TR S SR LA B Sz R K R IR 25 A AR
R TR — )R AT 5 A1) 22 1K o PR o ) A A
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RE T, XoF T4 I 7K 375 5 WL 000 ek 7K K4 e 7 e A5G
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BRI 22 GE 0 78 5 0T AR 14105 ) Interactive Grand
Global Ensemble | HUx (1 1% G0 55018 455 2 AR Sk X
LB A FH AR5 A T8 DX sl F50 1) 5 1 68 53 %
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Fig. 1 Map of the study area and distribution of stations
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2018 412 H
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Table 1 Overview of traditional numerical models

" AR A Wi TR R} ]

et . RN .

(UTC) B Ik KHE/d

CMA 00/12 30 BVs 0~10

ECMWF 00/12 51 EDA-SVINI 0~16

KMA 00/12 26 ETKF 0~12

NCEP 00/06/12/18 31 BV-ETR 0~16

UKMO 00/12 18 ETKF 0~15
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Fig. 2 Flow chart of pre-training method for regional

TR PR A
F
X pE KR R

precipitation information based on meteorological

macromodel with Bayesian optimization

2.2.5 FourCastNet £

FourCastNe J&— 5T AFNO (adaptive fourier
neural operator) 75 73 FE 3R R FARALAY , L 4k
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IR FE 27 ] U 1) 22 9SG B i i | A4 FNO ( Fou-
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KR .

(1) By PS03 . AFNO 580 1) e ok ey L
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Fig. 3 Schematic diagram of the network

(2) FNO ( Fourier neural operator) , FNO j&—
FIE SRR T2 2] T vk, el T A4 i 3R 48 (2
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differential equation, PDE) IRFEBUE S, 5 H N FH T
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e AR RAUN B . AFNO S R ROBSEE S, R R THERIERE, DUt

VEff D 73X —[A) 8,

(4) B AL A . AFNO 8 R F 5 B Ak 1%
T, AR R A (MR M EERE) s ER A [ £
JZEAHL (MLP) ], Jf 38 i 5% 22 3% 2 42 & ) 2 A
M

FourCastNet 2 8 fl TR AR Q0 F

TR WA S, iR AR 720 x
1 440 MZLHBE A&, H B A b x w D/
(patches) , BFA/NIR pxp (W p =8) , I A= 4E
23 IE R d 4619 tokens, [GE DA B Gt

$B2 2SR A (Spatial Mixing) , ZF ARG
I AR B B P AT

ETHUE B2 45 (FFT) < 45 /N B token 5 462 3]
M, Al R

5, = [FFT(X) ], (4)
K (4) EF‘:Z,M%M@EHT'J@EPE@ token; m,n A patch
(2 (8]0 B2 515 FET (X)) Jy 2 HO s ML 22 4
BAE X WA moxn 9 HEME

B W SR AR 2R

Z,, = S, [ MLP(Z,”,”) ] (5)
S,(x) = sign(x)max( [x]|-A,0)

K(5) WS, (o) AMBLALERAE ; A 42 il # it Ak o
FERBESEGMLP (2, ) R Z 2 B0, T
27 2 WRRAE ;s sign () SHAFS BRAL, FH T4 HUR A %
AIAF A5 B smax (- ) S HUECR(H pR 85, FH T (A 1L
ERAEBUA RS RA /N T HEA T BRAE ; « S F AR
(B, T e 2 X 4 B sy sl A o A it A v 2R 4 R
JLSLi

o A i 2 )2 HL(MLP) X token T34
I3 A R (AR R R B

SRJE KRR AL 5 B Z 38 ok 300 R B A
(IFFT) & B FHN T 5, IF S Nk 25 % 4% /TR

Yoo = [IFFT(Z)],, + X, (6)

H$ B3  #iEIR A (Channel Mixing), &4
token ) 3 18 4 & 38 5o Jd 7 i) MLP E1TIR &, DAt
— AR IBURTE

PB4 i, BN IRAEZE AFNO F
Yo RS RAE T B A, &
i R M A% (linear decoder ) Bk AAFAEH; 4 Ky
HirEt RPN IR ER Y,
2.2.6  MeF ALk

DUt A ( Bayesian Optimization ) F&— 1 = 4%
4 SR LA Ty v R as T e 4 R 2 AR T
B R SAAE PR A AL 0] AL, AE AL 2% 2 2T LR
SR, U O Ak RE % A 250 R 215 Bl AR

07 FH T WG AL AR MRS EE 2 500 1k A% T A O A
wr,

DU A A A% 0 JEL AR K R AR AR A H A bR
B A — A~ B A PRI, 38 2 #) 1% o B0 110 A R AR AR
ki R RESE, EELROT,

B IR, VGBS E
B gt B R bR EEUE (v

B2 HEMER SR, AR
S R T AR AR TR e, () T 22 SR

o,(x)
B3 AL REREL
Xx,, = arg rpgga[x\u,,(x),a,,(x)] (7)

(7)) ik sE iR 4 ek BR, T i B2 ol i
(expected improvement , EI) o _I & {5 %+ (upper con-
fidence bound,UCB) )

B4 A TSN x,
P32 AARREUA y, |, IRHAS IR B

PSS EAEH, EHm T R AT
PoAb R pR B, VPAk BT 50RD BT A Y ik ) B
it JE TUE 1945 1 254

R FARDER, DML RE S B BUR R S
s a], BN T Bl HLARARAS L BE Y o A 50 A
REBSEAS

PEPESGIR o3 A W1 AL — 1> O T H br ek R0 56
YA A, 38 A 5 30T 4d B2 ( Gaussian process,
GP), i # e — AR S8 i DL S A A
Tl HAReRE 500
2.2.7 REFIRE

CNN J&—Ff it xof R B8 51 00 A 104 Tl 15t
PR 2% Pl A FR 2 RN 4 i 42 2 4 AR, 3l i 5 R
FLAL 7 > 5 A B B e 5540 G &R IR EHLIL
W BRI B G, B A N 2 L B )2
(Convld) B RBUE K/ (kernel _size) A (stride) |
#ME (padding) | i B& L (ReLU ) | 1E W 4L ( Drop-
out) ZR1EPREL( Linear) 5 AT 2 (in_features) \fii
15 /5 (out_features)

2 DU S A S B E CNN I Z8 25 0 T T
DConvld[ 1, 172, kernel _size = (4,), stride =
(1,), padding=(2,) ] ,ReLU( ), Dropout(p =0.43);
@Convld[ 172, 417, kernel _size = (3,), stride =
(1,), padding = (1,)], ReLU( ), Dropout (p =
0.317) ; @ Convld [ 417, 140, kernel_size = (4,),
stride = (1,), padding = (2,) ], ReLU( ), Dropout
(p=0.358); @Convld[ 140, 265, kernel _size =
(3,), stride = (1,), padding = (1,)], ReLU( ),
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Dropout(p =0.294) ; & Convld[265, 511, kernel _
size =(5,), stride = (1,), padding = (2,) ], ReLU(),
Dropout(p =0.481) ;® (fc): Linear(in_features =
43 946, out_features =1) ,
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Fig. 4 Comparison of continuity metrics between the two methods and the traditional numerical model
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Table 2 Continuity evaluation metrics of the two forecasting

methods and the traditional numerical model

Table 3 Classification metric evaluation results of the two

forecasting methods and the traditional numerical model

5N MAE  RMSE  BIAS cc 5 TS FAR POD

CMA 2.62 7.15 0.36 0.508 132 CMA 0.42 0.54 0.83
FourCastNet_CNN 1. 61 4. 10 0.14 0. 806 948 FourCastNet_CNN 0.33 0. 67 0.97
ECMWF 2.35 6.23 0.19 0. 555 629 ECMWF 0.41 0.57 0. 88
KMA 2.34 6.45 0.08 0.491 785 KMA 0.42 0.55 0. 86
FourCastNet_LSTM 1.41 4.16 -0.06 0.799 116 FourCastNet_LSTM 0.48 0.50 0.90
NCEP 2.19 6.01 0.03 0. 539 585 NCEP 0.42 0.55 0. 87
UKMO 2.37 6.41 0. 08 0.491 640 UKMO 0.42 0.55 0.85
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Fig. 5 Statistical classification metric evaluation results for different models by station
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Fig. 6

Comparison of RMSE and TS for daily precipitation forecast results of different models across different seasons
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Fig. 7 Comparison of BIAS, RMSE and TS scores of different models for different precipitation intensity thresholds
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