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Abstract: [Objectives] Accurate rainstorm prediction plays an important role in disaster prevention and
mitigation, industrial and agricultural production, and transportation, making it crucial for safeguarding social and
economic development as well as people's property. However, existing intelligent rainstorm prediction methods
fail to fully account for the uncertainties inherent in the rainstorm process itself, as well as in observation and
modelling, which limits the improvement of prediction accuracy and stability. [Methods] To address this issue,
an "estimation-correction" recurrent network based on filtering theory is proposed. This network estimates the
meteorological state with the constraints of substantial derivative and corrects the state according to estimation
errors, enabling accurate and reliable rainstorm prediction. The "estimation-correction" network consists of two
main units, the state estimation unit and the state correction unit. Constrained by substantial derivative, the state
estimation unit estimates the meteorological state and error for the next time step based on historical

meteorological states. Guided by estimation error, the state correction unit corrects meteorological state by
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fusing estimation and observation errors. The two units work together to enhance prediction accuracy and
stability. [Results] Experiments conducted on the ERAS5 and NCEP reanalysis datasets demonstrate that the
proposed method improves the Critical Success Index (CSI) of rainstorm prediction by 5% compared to other
methods. Furthermore, it achieves good stability, as indicated by a stability metric (SPREAD=0.5).
[Conclusions] These results validate the feasibility of integrating filtering theory with deep learning to address
uncertainty in rainstorm prediction.

Key words: rainstorm prediction; Kalman filtering; "Estimation-Correction" recurrent network; substantial deriv-
ative; physics-informed neural network
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Fig. 1 The framework of rainstorm prediction using Kalman "estimation-correction" recurrent network
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Fig. 2 The estimation of meteorological state constrained by substantial derivative
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Tab.1 Atmospheric variables of experimental datasets

ERAS %t 5 NCEP i

A Hf A BT
S IK i (Total precipitation) m SR 7K it (Total precipitation) kg/m®
2 m ¥ (2m temperature) K i ¥ (Temperature) K
2 m &% 15,7 (2 m dewpoint temperature) K # FURJE (Dewpoint temperature) K
SEHifgSF- T < (Mean sea level pressure) Pa -2 18 < (Pressure reduced to mean sea level) Pa
Z21< JE (Surface Pressure) Pa uJA(u-component of wind) m/s
10 m u X(10m u-component of wind) m/s v A(v-component of wind) m/s
10 m v X(10m v-component of wind) m/s AR (Relative humidity) %
100 m uJX(100m u-component of wind) m/s
100 m v JX(100m v-component of wind) m/s
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Tab. 2 Information of experimental datasets

EveiiE SN ERAS 5dn 4k NCEP %44
B IE °N 28.125—33.125 25.25—35.2
Z P/ °E 113.125—118.125 107.75—117.75
23 i) 3B/ 0.25 0.5
I [ 43 B % /h 1 1
lER e 2000—2016 2011—2016
LranRAG S 2017—2019 2017—2018
I /4 2020—2023 2019

WG EE o BT LS (R 2 2T SR K NE S
YNGR B SISO E . 2 N B{EH 16 mm,
3.2 THETR

AR SC Y446 %5115 22 (Mean Absolute Error, MAE)
KV K T 25 5 . MAE (B0, P K
THOI (AR B B R v . MAE BT A 2R

1 1
MAE =+ zm Do

A
rx,y.t.i - rx,y,t’i

(19)

KPer o0 Py SRR (DA (I A% I (x,
») b BRI REE 7K 2 RN FIN R K i 5 N s A Y
SREAREL n,.on, a3 0 RS RE TE G 2 4> 1] 1)
Bt 5 b2 WO s R) 20 A

AR SCHAR G # WL 2 A F8 A, CSI( Critical
Success Index ) Fil HSS ( Heidke Skill Score ) & ¥-fiti
Z T WO R e . RO B EAR A kAR an 2Rl
KRS BE B 2 0 MAE SR fii 52 %% RN F0 0 14 6, 1T fig
23 52 BN K R 2 W RS D) A5 Y 52 e 1T AS BE B R
Jo7 2% T T PR BB o CST AT HSS B K, 150 BH 22 T
U oA R R B R N R A BB ) g . =
(LN AR R/NS (1l

TP

SI= Tp Fp+ PN (20

2 x (TP x TN - FN x FP)

HSS =
(TP + FN)(FN+ TN)+ (TP + FP)(FP + TN)

(21)

Ao TP 3R ELRH R B4~ 85, BIV I B To0 0 ) 2 T =

5 FP RSB PR A5, B A & A 2 2

B FF g 7% W6 A F AR FN ARBTG5, BRIk
TN 3] ) 2 /A

A SCHIBE B AR A AR AT A Y O A R A
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REFEAH MR RE T o B, A SCHI B LR )1 5
BERY S U, ARA5 5 PR RYA R S 880, X 4R A5 5 Fh il
WZERM L — D ES . BB HUE (Spread) A IR
RGBSR B . B U TR
PR /N 5 S22, B R K, AN i R
Spread AR -

SPREAD =

(22)
Sy 2 FORE AR A R EREAR i ] ¢
W@yﬁﬂ%&&%ﬁ%ﬁuwa=ii2ygu%%
N AN R B TR K i P24 £

3.3 XftEo#h

A SCK BT B 9 2% TR T 75 7 KalECNet 5
4RSI ML 2% 2 3K Bl I s 23 S G Tl Oy vk A 7
T A R H % . CNNP. DGMR™ | FourcastNet!"”
Fl Rainformer"”, CNN J& 3 F 45 Fi i 25 SR 10 3 X
RS ARG BT UK SE) TR s AL, &9 ] 148
S EE ARG 0 )l 55 T4l ; DGMR b £E T
ConvGRU A9 A= sl 78, S B T v 7 B 3k e 7K R
SR I WL 5 FourcastNet 45 & 1 1 5E &% ¥ 4% (Vi-
sion Transformer) FI{H B #2251, /N R AR
Tovm Can , FEK ) _E LT R LA AR ;. Rainform-
er (£ 3 AERE MG o, BAT 38R KH
e R 82 A K TN

M ERAS FlINCEP 2 A~ 88 52 H A8 4s 48 1 11 7
MZEREZG ok F (3R 3), Frfg KalECNet #2411 f4f
(%) CSI Fl HSS A LA M I 1) SPREAD fH , Uit W]
KalECNet BE % 52 2 o H A2 2 W Wil . 7%
ERAS 5¥5 ££ I, FourcastNet £ 2R Tl fE S1fa & ,
{HH R fa EFE A CST AT HSS i _E . Fourcast-
Net 5 CNN 435Il 7 ERAS FII NCEP #5045 45 1Ay
MAE {ELAH XS 82 /0N , i BH o 7K o T 152 22 38 A3 /N
B 2 H 2 W 100 45 45 I T KalECNet, iX i W]
FourcastNet 5 CNN 1] g8 ¥ %5 &) Ik 1 % K & .
DGMR 7£ 4 Ff 7 vk oA X R A X ] BB th T
YE# 4 DGMR Ji7 ] T ERA5 HI NCEP 5 4 1) 147
T Ak, AT RE S PR R L T A 4R 1 N 2% TG A AR I
AREA Lo R HERRE )
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Tab.3 Comparison of rainstorm prediction performance between KalECNet and compared
methods on ERAS and NCEP datasets
ERAS $iditE NCEP ¥ 4
Jrik
MAE | csit HSST SPREAD | MAE | csit HSS 1 SPREAD |
CNN 0.932 0.279 0.433 0.605 0.597 0.166 0.279 0.482
DGMR 1.642 0.155 0.262 18.126 1.121 0.078 0.140 1.574
FourcastNet 0.736 0.281 0.436 0.503 0.807 0.107 0.188 1.194
Rainformer 0.906 0.262 0.413 0.637 0.739 0.092 0.166 0.786
KalECNet 0.857 0.294 0.452 0.546 0.644 0.173 0.293 0.475

TE I EE ) B R PERERR AR s I T RN LR A R ERE TR A5 5 138 R AR BT XTI A PERBBLLS 5 L JmiZ R b/ NG R A P RE R

NCEP %4 42 #14¢ T ERAS B £4E 1M 5, 3 44k
FEAR AR EA BN, HTHEARNE, &I7E
TE NCEP %% 45 48 b 1% 2 W 130 300 ofF: i 4 35 Ik T 7
ERAS Hdi4E [ 191 RE , /1 CNN 1 KalECNet 1§ CSI
{EM T AR /N, X W] CNN Fll KalECNet H 45
BERIZ AL RE T | REAE D2 fift FE A 1 AN 7 R 1Y £ T 5
M, 1M FourcastNet Fil Rainformer [ s} 25 L fE /175
B EEA R P, Horp CNN Bz L RE 1 mT s
i TS FA /N, & T 25 5 & KalECNet 932 fk
AE 1 AT LLYA Ty AR 78 v g A 51 AR b 24 SRR T Al
THRZE M LGOREAEAL S

3.4 JHELOHT

T SR AR BT AR A R TR T RS g
WF: @ -EC AR ZESR SN AR IE R ITR
R % 48 ConvGRU; @ -PP: A4t 24k 11 F145 T
AT, B MRRS A B AR TPIRAS s @ -PHY : &
PR 29 R (LR R %) -

TR o S A TE BT AR R 25 A IE RSN
S TIN50 725 A 24 TR 5 SR 349 %o i i R T T o
PR R T AR 7R R SR IE BT AR
PR 22 EAT R GOR SR IE X P2 A g PE o 2] 1
AR A ) A2 A 24 SRR A % ik A E
IFISY Ve W AN TR (Y S ail i P RIS pSE7/BE RS
Jir TR BB 8 AT B AL AR SLPR T L
LU B — ) B PR M LA 20 0 ol 2 W B PG
fili R B AR Lk 52 A s AR, S BN AR LA R
o L BE 0T 000 (4 N M . N NCEP %40 4
R TIN A SRR AR T R S A IE B0 R
BELAS 1 %% b T A 1 ) B T o 3 mT BB TR R A
BEARBEANTE R IR0 T, AL TE BTl L ~) 3 OE
BRAIERC S . MRS I IE ST L T, 3 T
TR 22 R IE BE S B RRTHERIPE AR T .

3.5 MR AT
K3 al AL S 7R T 2 KalECNet DL R X L 5

MERAS BG4 LIS R KR F (£ 4) 78 RT3 DA RIBEA) B M REA L a8l 14

%4 KalECNetilFt75 %7 ERAS FINCEP #1125 R RN M RELL 4R
Tab.4 The comparison of rainstorm prediction performance between KalECNet and ablation
methods on ERAS and NCEP datasets

ERAS5 dataset NCEP dataset
Jrik
MAE | csIt HSS 1 SPREAD | MAE | csr 1t HSS T SPREAD |
-EC 0.832 0.275 0.429 0.655 0.586 0.187 0.312 0.458
-PP 0.820 0.292 0.450 0.554 0.671 0.170 0.289 0.553
-PHY 0.806 0.285 0.441 0.517 0.545 0.123 0218 0.338
KalECNet 0.857 0.294 0.452 0.546 0.644 0.173 0.293 0.475

TE ML A B M REFR AR s I T RIZRBUE A U EREFR AR 5 T 3RIZSRR AR R PRGBS 5 | SRRIZH R bRB NV R PRGBS .
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3 KalECNet B X 75k fl) 22 1 Tl 25
Fig. 3 The prediction results of Kal[ECNet and compared methods

A R T K T 25 2R R SiAn i T %%
FA% W (FE7K =16 mm) , FFARTE T2 K A9 CSI
FIMAE {8, Horh MAE {53 1 5B 22 7 A% 11 [
KR ZE(H . WK 3 7R, firdg KalECNet J5 45 A9 i
I ReE 7K 5t 25 (8] 5347 55 SEBRARRL, DAAS I A Bl 174 2
A7 B I A, ST A MR ) 5 R A K
T . CNN % FRAV 2 A T S A TE A, {5 s A R W
[%7K &, FourcastNet A Rainformer % F v & ) T
FEATER , (B AL A FIFE/K . DGMR 2R & [
IKEAE A A AE R 25 . 2, it KalECNet J7
PR PN ) T2 & A s B g T AN G
ARG RS TR TR 2ZE 48 G
A IE ELAT H 50 2 W 0 KT Y e

3.6 BITHTEL SR ERNESH
2 5 T KalECNet M X FUAR R (1) 32 47 B[] |
22 5= A 5 A9 GPU INFE. CNN BURTE

https://www.cnki.net

&5 KalECNet B 3ftE 75 AR RS TR i8] |
SHEFFFEAEF
Tab.5 Model runtime, parameter size and GPU memory

occupied by KalECNet and compared methods

DIRES BATREs L 2H0R07 | GPUNAF/GB |

CNN 0.001 150 0.006
DGMR 0.048 13 654 0.516
FourcastNet 0.025 5 888 0.220
Rainformer 0.028 16 014 0.603
KalECNet 0.103 8961 0.334

0 IHLE A e DR REFR B , I IR B e R R A M REFE A% 5
T FIRIZAE bR AR R (R eSS 5 | iR bRt NN L A
AEdAr.
ERAS 44 | 1 2% 19 U 58 ) W& AI% T FourcastNet
F T4 KalECNet, (Hiz AT R, Z50i/)N, is 47
Ft s GPU AN, 385 F I BT AN 2 alg iR 35 B =R
e S ESHE A K Y SR i FH . FourcastNet T
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2025 4F

& KalECNet 9 i FH B A — & BY 1155 55 I 20K, n]
DLFE 139 U5 70 A2 10 1 000 I il R 26 v G R T R
TN T >R . KalECNet 1250 AT &5 Y A7/
F DGMR FI Rainformer, {H J& iz 17 i} [B] 1 i K F
DGMR #l Rainformer, 3X i3t B fIT 45 J7 I 78 1153 400%
TAFEAE R KR T A5 ]

G Xoh B T S ORI L % R A R T B AR AE
(AN S 1 () AT, A S S R Al oA E A B
VR 265 11 2% W Ife 30T U0 77 %5 KalECNet, LA 2R fL B
WA ARAE TGRS T4 B IR 2 08 I A% 5 3
AR TR 22 AT GRS L, S HER A1 0] 5
(R TR TIUI . SESUER . D Frd 75 1 KalECNet 78
ERAS A1 NCEP 2 ™ Bl A8 4 RS 1 et
F1%) 22 T L0004 0 1 6 A (C'S T HSS) AN R 4 i RS
PEFEFR(SPREAD); (2 MREIR 22K IE GRS TR
TS 590 28 A 2 AT T4 15 5 R 00 B e A
A AR 46 29 3R BB 25 5 | AT 1A 2 A
5 2 N 0 A 2 1 5 B) KalECNet Fil 1 [ /K 2
23 18] 3 A 5 SEBRAEARL , LAA X kg JEE At 1) 22 T 47 8 93
I TE R, ST A R v ) 2 K R T L ot
Hb, T DT IR AR AR KRR T A 1]
FEARAR IBFFE R, mT AR S48 = BT 38 7 VR T T3k
B ISR B O e i T R I AR A TR

B AN SR BUE TR 2 T s DOR S g
L AT SR AR Bl
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