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Abstract: Aiming at the problem that current artificial neural network methods could not accurately
forecast the Madden-Julian oscillation (MJO), a seasonal climate phenomenon, we proposed a domain
prior knowledge-based spatio-temporal neural network model. Firstly, we integrated domain prior
knowledge into data preprocessing according to the characteristics of climate circulation data.
Secondly, a pretraining-finetuning architecture was adopted, model data from the subseasonal-to-
seasonal scale were used for pretraining model, and we completed finetuning by using the ERA5
reanalysis data. Finally, through spatio-temporal modeling, a framework combining convolutional
neural networks and long short-term memory networks was selected to embed the prior knowledge

into the pretraining process and optimize the forecasting. Experimental results show that the proposed
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model can achieve accurate MJO forecasting for 23 d, and its performance is superior to other artificial
neural network methods and domestic numerical forecasting methods.
Keywords: domain prior knowledge; spatio-temporal neural network; Madden-Julian oscillation

forecasting; pretraining model
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Fig. 1 Example of MJO spreading eastward

H AT MJO B4R 77 35 35 2K fi# Navier-Stokes 77 2 BIEUE K K H i (numerical weather pediction.,
NWP) P FIIE FIRE 22 S i N T 28 45 (artificial neural network, ANNYIU . KEZ% NWP )
AR T M RGBS, R ARG BR R G 1B AL ok R A A R R AR B O 2 e sy O B AR, JF
DABCME 7 R . X B0 MJO R AT NWP 15 0 4 K 4545 T 26 3 54 31 5 RMM #5 5%
Hiif, NWP ik a4t 78w 09 MJO i, i E < 4 " (China meteorological administration,
CMA Y MJO HidiE 5] 21 d. BT EHR R a7 7, Witk NWP J7 i3 55 15 #E & 1 1 F 55 %8 U
AT ANN 932 AP R0 92 FH 1 32 DA RBHE B B, — R KR 1) I 2 I (58 T 48 285 380 il AL 2 b kAT
PR, A LR T A A, R, ANN FE R A 7y i BoA S 2R M. AN TR ae N T
ENSO(EI Nino-southern oscillation) B ™ 75 T ANN J7 i 16 U fif 52 2 < e s =X o i) = 224 .
SR, 5 NWP Jrik A, ANN J7i e MJO B0 6 e A 2 BN, 438 3 0 28 I 46 (FENIND
XFMJO B R AE e i & Z2 0k 17 dy SR E 3, HA 10 d. ARk, DUE B2 R g7 B R,
RN THEBIL TN RGBS T 0. ZEAAE S28 REMM h R 6, HHAENLES
RAEHS . SHORBI WO 42 Bk 2278 B Bl . X 53 0 %6 J5AH 0 A BR800 2R £ MO 5 & TUIAT: 55 19 3%



%3 i, S BT AU I TR A I A e A TE MTO R R R 619

S, AETERRE TTML M . THEE T4 R R R
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Fig. 2 Global grid map of tropical regions Fig.3 MJO forecasting problem modeling
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Fig. 4 Overview of DPK-STNN model
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Table 1 Partial data information in S2S dataset
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WARRIEAE R, B Jn . A VCECHT A AR, A — 2R, LA A I mas MR E. e 4 L,
/BT 2 € RVC, K C=LXWXC.
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Z: WM 2% (gated recurrent unit neural network, GRU) DL} K %G 101240 £ P 4% LSTMM 221 &5 Hiovh
GRU F1 LSTM ¥J 1 RNN KK, Ay fifg pe st (8] 5 51 F0 vb A7 78 09 4 A7 O [al @, anf&l 4 firos . A SC
BEPE LSTM f hy il ] M 45 5589, [H o4 LSTM b GRU BEAZ A6 Z MM G5 8. & 5 5 LSTM i1 M 45
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Fig.5 Network structure of LSTM
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SEHEARZ K ZREE. WL AR RECE IR 2Z WY F IR 2 K (mean squared error loss,
MSELoss)™ #1538 X $i 25k (cross entropy loss, CELoss)?Y 4%, MSELoss & H T [l A4F 55, fef 20T
il % Sz 10 R 25 (H — R B 2R eRBUIR ME IS ] T I A S T . E AR SO I 28 I3 47 0 AT: 55, A B2 9
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MSELoss Joi% ik # B AEROR. iz a8, AR SCETH—A B N ik ph 5
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TZ B A 44 T S B4 2 R B 1 S Y Hb S RMM, Al RMM, 15 5 A 5 B 6], o 45 260 fiig G 7 o J B i)
e ASCBIAPIAAEZE B My, Hrh g5 RMM, FllZs S piR 25405, v 5 RMM, T 25 5 1
PRZHE, M RMM, Al RMM, 43 31F] F MSELoss pRECH 8. AU R0 R Myl i 46 R AL
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3.1 XLWEE
3.1.1 H#EHE

AR S HE TR R FF A3 AT BN R A DG R BHE AR w5, DK R B R T B 4 A R A
i, B OLR, U200, U850 F1 SST; ik, BT 1A 2R #AT X (0°~360°, 15°N~15°S) Jf-4#% 43 #t
R 2. 5°H AT R4y s HRUR, kSR 1950,2001,2006 K 2004 — 2020/2024 4F 4 A 30 H 8% H 5,
R, Ry it — 209 e i, XA RV ECHE AT R R FR B M 04 5 ) s WP AT R 4, BARAE B3
T3k 2. RICRAWING-HoR e, Bilgm B, s S2S B 8dE iy CMA,ECMWE il NCEP ()
SR AR UEAT OO S, BIE] 2020 4F 12 7 31 H. SO Be, (U ERAS B 84 . Hoh 2020 48
12 A 31 HZ i BB/ A I ZRE S T4k, 2021 451 H 1 H ZE 2021 4 12 H 31 H AEE7E 8 1R UF4E
WATIAE. 4709 ERAS B AE b DK 4 3517 1M BE PEAG

®2 HIEERFERS
Table 2 Dataset and its temporal division
B4 R U5 it [ 35 Rl VIS S I uE4E 3 4
ERA5 1950-01-01—2024-04-30  1950-01-01—2020-12-31 2021-01-01—2021-12-31 2022-01-01—2024-04-30
CMA 2001-01-01-—2020-12-31  2001-01-01-—2020-12-31 — —
ECMWF 2006-01-01—2020-12-31  2006-01-01—2020-12-31 — —

NCEP 2004-01-01-—2020-12-31  2004-01-01-—2020-12-31
3.1.2 WM ARM

B Z M KRG R R, AR SCR AU 13 41 5k & U (bivariate correlation coefficient, COR) fl1y
H IR 2 (root mean square error, RMSE) B8RPl MJO BT EE f1 . AT .

N
DY (D) X Yo () + Y, () X ¥y (1) ]
COR(p) =——=! . (8)

N N
DY +Yio] | DIV + Vi)
t=1 t=1

N

1Yo (o) =Yoo [P+ | Y () — Y (1) | 2]
1

RMSE(7) = |~ , (9

N
Hoy, (O Y, ()43 SR FERE] ¢ £ WM 3] ) RMM, #l RMM, , Y, (1, o) F1 Y, (¢o0) % ZE I E] ¢ &b
A K « K RMM, il RMM, {6, N FFEAEE. COR 7R 10 AU I B 2 (6] i S6 B 5, |
FoR A MJO SN P45 1 RMSE FEZ & — 3 Z Mg 522, B MJO 000 A0RS BE. 3 & 19 MJO
He 9 B EE % 8 COR=0.5 il RMSE=1. 4, H TPAb B0+ 15, &5 H, X4 COR(o)<<0.5 H
RMSE(z) >1. 4 Bf , FCFUI A E 2S5 « KA MJO 50005 75 450\ A .
3.1.3 MEBRERHFELRE

Xof 45 0] 5 BB B . AR SCORE B B A3 0 R 7 X7 F 3 X35 X FRF A E, LSTM 75 B B H Ukt
AR RN, G I BRI E N 5125 MR T Lowear» FIHRALPIDACE RELB Ay Ry 0.5, JFBEIEACYIZR
oA, AERE AL i FR VS K AR L KRR e 2E SR, il 30,0.001 Fl 1Xe ', #EHE Adam
A by i 2 ) 26 RS RD I R ) AR AR 2 . DR E TT DA OE By b 2l 28 2% ) %6, DPK-STNN 8 3L F Pytorch Y
TR S HESE, 78 GTX3090 24 GiB GPU b #47 it & Y11 Z.
3.1.4 HEHEA

¥ DPK-STNN 81 5 DI ik 47

D A48 NWP 5k, k8 BH A4 b0 iy B8 CMA T 5800 1 0 2 48 i 8] Be i) RMM,
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RMM, #8454, FFH5 X5 0 09 P78 45 5

2) ANN J ¥, f4F FNN 73 K WA I 25 [0 28 8 5 CNN4-LSTM 1 ConvLSTM™, Hr,
CNN-+LSTM H5 R 1 & A< SR RS [y Hefilt B2 8] 52 HRORE B+ i (] $2 BB B, 6 2 il DPK-STNN £ 54
HEAT TH Fil S 565
3.2 MM

T3P T AR LA MERE L4 . R 3 a0, NWP 5 kA AR 55 1 5 R A0 T R0 . X
) CMA J5 ik, BHI53K 21 d; M2 R . ANN D5 s ERMERAK . FNN 73k HAEW 16 d. X 5 H
AT BRLF P 48 ZRAG A O, LA R S5 40 2 R AR M 2, A AR UM DG/ MO 15 BURRIE. 115 WL
1) — SO 23 X 25 AR AR, LA % ) I 4% 5 A RE 5 i b B BBURH 56 1) MO FRAEAS B . 45 CNN+LSTM Al
ConvLSTM, {HH fEff iR ZME T CMA J7i%k, CNN+LSTM ik 17 d, ConvLSTM i5 18 d. 5 LR
A EE . AR SO v DPK-STNN #5R7E ek 1B A, 35 23 d. [R#F, DPK-STNN £ ) RMSE,
BRI MJO F5INHRG B 7 1] A 32 vy T H A 5 3k

3 TEBEMMEELRER

Table 3 Performance comparison results of different methods

ik 0 A [/ : PR R DR/ d : B 15 /d
COR=0.50  RMSE<1.40 (COR=0. 50) (1 (RMSE<1. 40)
CMA 21 34 21
FNN 1 16 37 16
CNN+LSTM 7 17 30 17
ConvLSTM 7 18 32 18
DPK-STNN 7 23 38 23
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Fig. 6 Accuracy experimental results of different methods
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Table 4 Comparison results of ablation experiments
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