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Abstract: Thanks to the rapid development of meteorological observation technology, the meteorological industry
has accumulated massive meteorological data, which provides an opportunity to build new data-driven meteorolog-
ical forecasting methods. Due to the long-term dependence and large-scale spatial correlation hidden in meteorolog-
ical data, and additionally due to the complex coupling relationship between different modalities, meteorological
prediction with deep learning is still a challenging research topic. This paper presents a deep learning model for me-
teorological forecasting based on multi-modal fusion, using sequential multi-modal data in same atmospheric pres-
sure levels composed of four classical meteorological elements: temperature, relative humidity, U-component of
wind, and V-component of wind. Specifically, convolutional network is used to learn features from every modality,
and with those features, the gating mechanism is introduced to multi-modal weighted fusion. Secondly, the attention
mechanism is introduced, which replaces the traditional attention mechanism with parallel spatial-temporal axial
attention, in order to effectively learn long-term dependencies and large-scale spatial associations. Architecturally,
the Transformer encoder-decoder structure is employed as the overall framework. Extensive comparative experi-
ments have been conducted on the regional ERAS reanalysis dataset, demonstrating that the proposed method is ef-
fective and superior in the prediction of temperature, relative humidity and wind.
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Table 1 Forecasting result of different meteorological modalities under uni-modal forecasting task

BROE LN el AR B T 2 [ AL 2 [1] R T
Persistence 0.755 0.081 0.527 0.951 0.578

Dozhdya.Net 0.457 0.068 0.405 0.607 0.384

UNet 0.442 0.056 0.392 0.595 0.371

ConvGRU 0.427 0.051 0.366 0.586 0.357

MSE ConvLSTM 0.434 0.046 0.368 0.578 0.355
PredRNN 0.431 0.051 0.356 0.580 0.354

TrajGRU 0.437 0.052 0.362 0.572 0.355

CausalLSTM 0.432 0.049 0.348 0.562 0.347
ConvTransformer 0.420 0.044 0.346 0.569 0.344

Ours 0.397 0.045 0.325 0.548 0.328

Persistence 0.619 0.188 0.504 0.670 0.495

Dozhdya.Net 0.520 0.172 0.455 0.559 0.426

UNet 0.513 0.170 0.441 0.543 0.417

ConvGRU 0.489 0.141 0.431 0.528 0.397

MAE ConvLSTM 0.477 0.144 0.433 0.525 0.394
PredRNN 0.474 0.148 0.429 0.526 0.394

TrajGRU 0.482 0.144 0.431 0.523 0.395

CausalLSTM 0.472 0.146 0.414 0.520 0.388
ConvTransformer 0.467 0.141 0.417 0.519 0.385

Ours 0.458 0.139 0.404 0.509 0.377

R2 ZHEBTWES TARSPESHTRLR

Table 2 Forecasting result of different meteorological modalities under multi-modal forecasting task

Al bR Y AR RE R s [ AL 2 1] AL -2
Dozhdya.Net 0.423 0.061 0.359 0.624 0.366

UNet 0.417 0.055 0.338 0.553 0.341

ConvGRU 0.404 0.049 0.324 0.535 0.328

ConvLSTM 0.402 0.046 0.338 0.545 0.333

MSE PredRNN 0.396 0.051 0.336 0.534 0.329
TrajGRU 0.410 0.046 0.321 0.531 0.327

CausalLSTM 0.382 0.051 0.321 0.537 0.323
ConvTransformer 0.387 0.043 0.338 0.514 0.321

Ours 0.367 0.043 0.299 0.486 0.299

Dozhdya.Net 0.485 0.168 0.441 0.550 0.411

UNet 0.473 0.165 0.426 0.522 0.396

ConvGRU 0.452 0.154 0.403 0.509 0.380

ConvLSTM 0.445 0.144 0.409 0.508 0.377

MAE PredRNN 0.442 0.148 0.407 0.504 0.375
TrajGRU 0.454 0.149 0.402 0.508 0.378

CausalLSTM 0.448 0.156 0.405 0.509 0.389
ConvTransformer 0.441 0.141 0.410 0.498 0.372

Ours 0.430 0.139 0.383 0.482 0.359

£3  SEEHUAES T AR B H B L5R

Table 3  Forecasting result of different forecast time under multi-modal forecasting task

BENE 7 Y 12h 24h 36h 48h T
Dozhdya.Net 0.207 0.331 0.428 0.501 0.366

UNet 0.193 0.290 0.397 0.483 0.341

ConvGRU 0.167 0.274 0.387 0.484 0.328

ConvLSTM 0.162 0.276 0.396 0.500 0.333

MSE PredRNN 0.160 0.273 0.391 0.492 0.329
TrajGRU 0.167 0.271 0.386 0.484 0.327

CausalLSTM 0.178 0.268 0.376 0.469 0.323
ConvTransformer 0.160 0.268 0.380 0.476 0.321

Ours 0.144 0.248 0.357 0.448 0.299

Dozhdya.Net 0314 0.391 0.451 0.488 0.411

UNet 0.309 0.372 0.431 0.474 0.396

ConvGRU 0.282 0.354 0.417 0.466 0.380

ConvLSTM 0.271 0.349 0.418 0.469 0.377

MAE PredRNN 0.271 0.348 0.416 0.466 0.375
TrajGRU 0.276 0.350 0.418 0.469 0.378

CausalLSTM 0.286 0.356 0.414 0.462 0.379
ConvTransformer 0.272 0.346 0.412 0.461 0.372

Ours 0.259 0.332 0.398 0.447 0.359
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Fig.6 Forecasting results of different forecasting models



10 Computer Engineering and Applications BN TERS5MN B

R4 NFRFERG R T BB R

Table 4 Forecasting result of different feature fusion strategies in each meteorological modalities

WAL TR bR g A T 25 [ KL 25 1 K T
HAPHE 0.366 0.045 0.323 0.519 0.313

MSE LoliEs 7 0.379 0.049 0.317 0.525 0.318
ER&IYE A 0.372 0.045 0.326 0.495 0.309

&S Rl A 0.367 0.043 0.299 0.486 0.299

HAPHE 0.432 0.144 0.401 0.495 0.367

MAE LR 23 0.437 0.151 0.396 0.499 0.370
ER&ITEMA 0.436 0.144 0.402 0.490 0.367

&SRR 0.431 0.139 0.383 0.482 0.359

N T UL 2SR P28 A RO, AR SO
T RUR DU 5 G -

(1) FA DR - 4 PR FRAEE AR B AT
PR, (-5 BRI A — o B 5 FR R 45 S BB
fiEo FEZAAMMAG LI, HA ) BRI RRR 2 ) i
TSR A2 7 SO Rl B S

(2) i Hh DFAE - 4 RS RRAE 20501 6 2 ) 64
20 SORATRFIESE I, FFEXT 4 MRS ST Y
i AR P 11 3 UK Rl 5 B AL RIS T F) AR AAE o

() BR&IEMG : MHSASCHRFEIRYZ
FAIERL S A . eoh, SA SO TR
BAFERYR, 1 BHORR S SRS BORHIE

(4) INHE&IYZERES . BIARSCHYRFIE R SR

SRS RETZ B H B AR A AR DG, Xk XA F 00 A
BT BRI B .
Y Ul B I s Bl o] P AL AT Rk, i —
A LA T WS [+ P 2 Bl 1) 2 T 0 AL (R R 5
He, Wk 7 B FmE, FATLEREAT =0
) ERE Sy, RIEALE T ) 75 ) e P BB
KX — BRI RS Lo AR S h, SRR AL
GRS B BSE M AR SR LE,
JEIAT I A4 TP R AR ALY, TTH 225 [ Al e
BV 5 N R PEREAT BT R B o
x5 ARERIVHFFHBER

Table 5 Average result performance of different attention
mechanisms

e e \ e WA i P
5 FH 0 J2 Tl B SR s LA 1) 4 AL Df 4 o A A A S RO 033
X HEAREAE P BTRK MSE B 225l ) T B () 0.312
U AR FRAAE Rl A S 45 AL U026 4 PR, Ll Bk L 232
SERE R R | B HE 5t It s il i) o T OFH0) 0.367
E*HX‘T&KE ’ /II]IE E"J}’Jx“x“iﬂf?ﬁkﬂg o {475 ’ j:a: MAE H‘Jﬁ:*%lﬂ(i%(%g%) 0.368
I T4 43 )2 Bl 50 W A 22 1) DR R 46 1) XLk Y ] T )+ B 0.372
TIN5 & B L 1Y o 3 BEBH AR SCRT 2t IR AIE il 5
(a)JFERB A ) (b) 5 Bl 1) ) ()BT R B 7 +23 [ A5 7R

B 7 ANRERIERX

Fig.7 Different attention mechanisms
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1 W] Transformer HELMARNE , i —20 1L
BTAFEZA & RBER Wk, 87T
ConvGRU ., ConvLSTM W~ B[y RNN #E#L;  [H]
ff, LB T 5T Transformer 2544 OG5S, X iy
B PR A APHE B O 20k T 2R
Ho MK 6 & FE, HJZM Transformer FIH)ZE
RNN il P2 ia /Y, {H)2 2 )2 Transformer £
RIFAR T2 )2 RNN AR (B H e ) 4 L 4f
HEEIPLE ). XULIHZ 28 Transformer 2514 B G
TR EICRE ] B B 2 AE M, (T B DL L A
7 EE R OC R G

#F 6 AL Transformer 55 RNN SEE 45 R

Table 6 Average forecasting result of Transformer and
RNN with different structures

WAk R bR AR iy
ConvGRU(1 J2) 0.343

ConvGRU(3 J2) 0.329

ConvLSTM(1 J2) 0.339

MSE ConvLSTM(3 J2) 0.333
B E A B AR R 0.340

A HRE R I+ETG 2) 0.321

Ours(1 2) 0.341

Ours(3 2) 0.313

ConvGRU(1 J2) 0.394

ConvGRU(3 J2) 0.380

ConvLSTM(1 J2) 0.390

MAE ConvLSTM(3 J2) 0.377
A ) B TSR )2 0.391

AR I +HETRG ) 0.372

Ours(1 |2) 0.391

Ours(3 J2) 0.367

3 HRiE

ASCHEH T HETF Transformer B9 2RS4 i
DUAEAY Al R AL 3 SR A48, B —ER AR
FHFFERL G AL R A RS A DG, 55 =8
SR FH B 223 il ) 2 3 o AR R G B 1 e 2 M
HARZERY M HET Transformer 4w A5 45 -fi i #e 2544
ASCHEAL S P X8k Y ERAS BdisdE LT 17T 32
MySEE . IR, ZRESEUREA R TR e
HERRTE, & BRRRRIE RS DL BE 8 — 2D 3 s Firl
PERE, [RIRHE R HLH RE A A SO R Y )
SR TR, A SO BT HERL T
ReIE T HADZ MR 2 A, AR R RESS
[ r B T T 2D RQER N2 B,
TR MG EA —E BT TEN A . AR
TAER, R Z MR RIR, 7ERE R (F 2 [ 53

AR R N 18] 20 2300 R o B R A Tkt i
— P TH A RE
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