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Abstract

Neutral network has always been one of the most important methods in the field of meteorology.
However, many limitations will be found when it used in practical applications due to the lack of
data and its imperfect theory. In recent years, the researchers have tried to apply the neutral net-
work models in the field of meteorology in many ways with the improvement of data quality and
the appearance of deep learning theory, to improve the weather forecast accuracy and find the
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physical laws behind the weather phenomena. This paper introduce several neutral network
models that most used in the field of meteorology, review the application of neutral network mod-
els in the field of numerical forecast post-processing, image feature extraction and weather fore-
cast, Then give some expectations in future research. According to the current research, the neu-
tral network model can make up for some defects of weather numerical forecast to some extent
instead, but cannot completely replace it. Therefore, it is necessary to combine them in a deeper
degree and take advantage of them, to promote the development of meteorological industry.
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1. 5|15

BLAg 2 3] — B N LR REAI A i — A 5 A B RENE M LB v 2 ST SR i A, ek Jn )
AT RN, ATITE BRI B ARE S A B U oy RN . 20 4D 80 4EAX, Rumelhart.
Hinton #1 Williams S5 [1]52 tH 1 #REE 2% 1) S AR 3R Bk, DAMLES 22 ) U8 T IF— TR . BlJS, 1E
20 40 90 FAX, WEFLEATARLR SR IF Kk SR B PR IENLAS 22 IR, nsCRemIENL[2], PR35, 1k
i AR 2 2 A A ARG 032 0, ElTFHBMAARNE, HEEIVAERSERE, FFREFH—50
RIE.

2006 4, Hinton ##% [z H 27/t Salakhutdinov A ZRIR BE 2 SRS SR BE R 45, 51K TR LS T AT 9T
TR, MO S AT IR IR R IR S 2 S AR AR M o 2012 4, ImageNet B4 43 28 58 38 55— U
PURE 2 S50k, A B IRBIAR R E—4F N FE 41.1%; BEETRE S SIESAK & g, 2016 4 E%
PUENRF IR 2.991%, fICT AL IRDERAE[4] (GRZEISE, 2018). 2022 4F 11 H, H£EANLH
eI OpenAl JT & [ B R HL#$ A ChatGPT (Chat Generative Pre-trained Transformer) 4%, 1%
T Transformer #HZ2 I 2% 5840, G TG & BRARFISCA A BUNIRE /T, BOA 24k BB . FREFHLZ G 1
WY 5], N LR RETE NI FE RS I R, ORI R e 4 BB 2 —, %
ks N TR BEGNN T — M BUR JRSUR I E 5. 2016 4, EEAERHBEEMAE KA N TR EER
AR HEED A CE RN TR RER A SRS R P R 2017 4, HEES B RAM T Cor—R
ANT AR R R .

WLEs 2= HR R R, AR SR KRBT VLB R PRER, | R 7E 2 B 2R R ML S 22 S He 1Y
MRTTd, MRS RSMERE EHHE. Bartok 25[6]4 S R BN 7kt 20kl 4s &, A
ZHHARM IR S5, R E RS GARATIE TG B 7R I i A & 2 oo
WiEA AT, W HTH A IRIEATER TR s BRiS2E[81FIF k 5401 7 7% (K-Nearest Neighbor, KNN)XJ &
L e S 1 X K TR AT T IR . B TAHOCER B R R, MLAs 2% 2 A S SRR T IR A2 N T SEBR R
Tk . S E Earth Risk AT 2013 FEAF & T IRIE 5 ) 7k MR TR, FFidk4T 40 KA
AR, BN “Ba R Fad, FIRANESSYI5E, MRRRGIAITEERIME, 1 /PR
K TR I HERF 1 TA 2] 90%.
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AR, WS 2 21 77 R U T AR R AT e rh R vh TR R M 5 B . BF FE 5 ATT AR S A 22 A
AR FER, S5 EIRIE I HAG, AWTECEM Mgy, fEmrtne. A haMEM LS
SERE, TN SRR KRR ATISAT OB ARG 22D A

2. REZMLEIER

M4 2 20 4D 80 AEAR LUSKHLAR T ST T i — . BRSBTS E B A7
20 WAz ARE )T, B AT VSRR B i B AR 2V [ AR o PR I 2 AR TR ] DL AV 5 3T 11 3
P, AT AN RS VAR S 1 R A, R N B S R < TR PR 0GR, TR 3
AT A5 PSSR . EEH NS, BROBZ AR HE MR, T N ET 4 FR IB N 4% . T
BZ AT REWET — Z A TN, JEE R TTBREGRT — E 2T AL, AT RERRIL
HEEMErmNG].

BRI 2 S M4 DLk, TR BERRZ: (2% (Deep Neural Network, DNN)-t5 2 58 2 (IRF IS o 1R
JERRLE 250 H AR FRRZE S H KT 1 MM, BRI RME M S, BE0E 5 N3 st N R aA %
P SR Z AN AR Z R A GARFAE T LE i N B8 A B < 1R], N S AR AR B . (FLR B A
LML G5, WRGEE EE 2 /D RE EMAniat, SRR E IR R . S 4 A
TR, 4G DL 2] BB 2 RO B AR R &, BRIE RIS T80 Rl T2 2%,
M RE = ML LA IS, MRz ALae 1. fERE A, LG4 M 4% (Convolutional Neural
Network, CNN)FI1E P ## 2:  4% (Recurrent Neural Network, RNN) IS £ 832 o

2.1. BIRAHE ML

AR NGl T REE — MR, 2 M8 MR IER PR o — RO E A M,
B AT — E ST R g 43 e A L el E WA e N[10]. AN BRI A CERMARNT &, SidiEREN
FINBCRFEMAZRERZ; REELSTEEERHENE, BMAREESFMEE T2 WHEE
SRR BOTH L — EBCR A2 HME, SRS L5mEE, LA mE 1R,

mAE REE #WHE

Figure 1. The structure of three-layer
feed-forward neural network

E 1. ZErRAHE WG

PR R BRI B S FARME Z AP o 8 I ZRIRE A2 30, AN iR B R st
KRR MERRE, IR R BOL R R ME, T SRAT S AR A 2 8 PR foe AL
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2.2. ERHMERLE

ERMAEMERIANZ . SRR LR, SEERZEMREHZAM. SRR x5 XI5 R A
AT AT AR, RENS T P24 Q1A% A B (AT 50 R AN XIS Y AR B 4ERFAE s T4 28 H R
BB AL, SRHCT DO N AR B S R B AN KB AL, SEORIZ8 0 T R GE 4, PR e )
BHEE4]. BRRAMALZEEMIES, LB RELL], REE —ERE LA M SHL Bk
RIS A ATV . ARSI A 2 PR

ﬁ*i)% EER L=
N
“Em ow P ’ .
= N &
EMCRT A S S
~== (= 3 || = o \
HBRECL: Wik )= S82: HBRZEC3: Wik Ese: BEECS:  AEEEF6:
6ME(5%5) 2x2) 16 (5%5) (2x2)  1204MZ(5%5)  84M%(1x1)
FHEEAEE KA 6x28%x28 6x14x14 16x10x10 16x5x5  120x1x1 84x1x1  10x1x1

Figure 2. The structure of convolutional neural network [12]

2. BRMWEMLELEN[12]

AR 24 1 T B0 K AR S H ez KT A s e e i 4, SN A 2 R A o R Y 2R D 10 AL
By T A R 2 B W R A A PR 18, S B R v A B R RUZ B R R R Rk, B
PP R AEAE 2RI A R RIS DL, B EAS [ AR BRSO 451 2% R 4

2.3. A MERLE

TEIRIP L2 I 2% R AE AT AN 2 I 28 O 2R b, SRBGE KRB RE S, A REEM S NS, sk
PUR AR AN R RIS E . Elman X 2% 2 FE I 22 J 4 i A fic 3k ) R 28 2 —, - 2 FLAR B3R e 2
SRR A1), HAAR LRI WIS 3 s, EAERT B A I H AR L5 1, £ A a5 R in—
ANEIRR, FHRAC SR BRZ i 20 i, RN R 2 B A oy — MR B A BB, AT 7R
PRI ARG > B KT A o

[SF
"N
WMAR " N HHE
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Figure 3. The structure of EIman neural network
[& 3. Elman & Mg
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AL T HA AP %, PR A A2, T DA AR S (8] 7 51 (AR Ak A7 A . (H, 4%
SRR IR ph 22 I 28 A5 R I Jo VR AE A (R T[] 0 A s, TG I B K P 41 ) s [14] . EH UL, 7
FEG AP 2 B hth b, IR INBNT TS B T TR TR AR A5 B, MR R e 2 A
%(Long-Short Term Memory, LSTM),  F T &b 3 — | fif 44 i 1] R

3. ESREHHI N
3.1 BAFAE

HUE PR A GE S B RS,  Bl AT ] (5 e e L RS, DT X R R KPR B
T o AERCPER - [ - A R GRS e B AR AR Y R R G R R 2% AR LA T, A AT
AR T SEAEE TR X e E AT AL, DME T 5. (X S RN 2> (At 46 ™ A ik
Z2o MZMEE I T HEEN R IARZ A M S, I AR R AR, AR SO AT S R R
BURAITHSERSE, BT IERG R TN RZ —

M2 H 20 tHe] 90 LR, — EA N BGE TR M L R M B 274 [15] . Tl e
WA 28 S A ST 25 SR AT IE 3 EEEE TR TR Bt 15 B E 0 SOt 5 F3i

3.1.1. MEMTIR

FERGEPETIAR IS T, P22 P AR H R M I BUE TR AN, 256 A SR B s, £ IR
P S ST N AR S ML K 5 R, DT 92 BB TR B 5 SE P B 2 IRV PR R 22, SR TR M
Moghim Z5[16]t 1 & 32 = JR AT a2 2%, 455 R L LA i e A 45 VR, X g G L
CCSM3 i /K P B AE HEAT AT IE, RN RT A 22 I 25 1T 11 i A8, AN e 55 Sl 4
P (B ARG R RNt 7 E MR AT 4K . ARIERIZE[1715R A U-net IZ55%F 2 m <A 10 m X,
BATITIEIF TR Z, KB U-net PR RENS I35 D3 P AR Z 00, AT B e TR B35 - (B[R 1F 7 th
A2 2O BT G RBEAT T IR, — 5 T A BOREA 2 R UIZRREAR, T RES A & B b1
Do 53— 77 TH] it 2 ORAE I U IAN U ZR 30 00 AR AT R AR AR o DR DA e R 4 55 it (0T AU
ETHGI KRR, HFRFEIHAPPWHELE. —BARSEAEZL, WA AR WE S R0
ARtk 2 RTINZRMIAP A A B AN IE A

3.1.2. BREHR

FEREAR TR T T 5 Ao P 2 AR 2 B TR T A B IR A SRR B Z TR, 45 6 Sk b L 2 bl
MGG B2 N5 DR AL AR o R TR 7 00 O — 0 AR B 22 0 Wit o i T FR) L A A 2 Ao
B ONE DU AL IR, NI S BB R Tl b, B R — B, TR RO I R
FIREME: Yuan SE[18]38 i i 7 = R AT e A i 4, HRAE S I 0 R A A DU A XA ZE 12 h BROK TR, B
AL 15 ANBEIRERE, 73BT GRS R R . DEEAE & 7 11 D REOKPERAE &R 7 K
BIMEMER . ZRKIL, T IE)E PRSI A — @R M5ETT, (BT IERCR BB A5 A B /K BB A T4 32
AR o Ja 2 TR 22 X 268 FO A L6 2 22 AN 200 s i B N 45 2000 DU A ZE I AT REYE . 41 Roebber 5
(191X BEE TR RN 7 3 NS, A K FHARST, 5 BRI HH , X 56 [ il DX B3 =5 % 58 1) 25 St AT
Pl AR LA R KPR IEH 4R =1L 20%;  Kretzschmar %5 [20]7F F 52 BT RE K A TR (1 A0 5%
H AR B AUEAT 3 R T, MR R 3R A B (2

BRIt Ah, [ A AP th Rl A N 25 T, HIE &R ER RO i 2k, AT $2 e TR
MR HERTE . Rasp SF[21] 5048 E X 2 m AR 48 h TR, @SRRI pgs, 15 A
oA BIISME R TT 2, ITSRAS IR MR 0 47, FrS45 2R 1K CRPS 40k T EMOS J5i%. BtiJa, Peng
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S [22] 2R % 77 928 T [ DGR R E TR B, RS BON BRI R ASCR
3.2. ERFFAERE

R, XGRS AT PR — Oyl M T g ot 3R U
KGR A AR SC R AL, O R BAE S ARI o (HGZ, BFFEN SR 505
TSNS, TAERCREIR, H28 T mBE Rk e B SR BOR SR, ok A mibiz
WG S TR R A SRR R O TR B AT 55K TR, REWs 41l HAT Riot SR B BRI
FF AR — R ik IR P oxt BB A5 S M [23], 0 TR UK R A5 B 2 B s Bl

FRZE X 28 45 AT PO T BB S SN 20 AN L, — R B RELR IR =2
PR R4S BRI, AT HAl R R E R REAT T

3.2.1. E&IAR

TEEER AT, FERFHAME M 5KT6e, @ BE AN, TGS R
0] AN S N E SN EP Sy e N e SRR IS R R

Xof T Mo R AT, G5 T EARER AN, KA AR B I AR 2 () L5 e AR R A, o,
s S I S0 AR T ORI, BRAZ S5 M S LR 15 X3, (H H RTACE A BRIEH  ge—hr it
FARE AR AZ OB UEX T8 NG BT 22 53 [24] FETHHE S RSE, Bel B AR 2748 8850 gt
1752, TG B e — AN e T BRIE . R, BEE A 2 B2 5 B A s 2, ses RiE
TR ST MG ROHFAE, T L EAT IERR 9328, Liu [25)F BRIP4, S ie. KSR
VBT ST IR0 o B T N D R S AR P 23 B Bai R AR D B LA TR I - e, ikt
SEFRAIGESLERME ML, e E R R SR R RIS . RN X =Pl K<
BT, eSO AR T I (Y IR 28 50 ik 2 99%. 90%F1 89.4%. (HRTEIXRFFTH, N5
EINGR, SHRANE R el T#8y, FERSMEM TR E ARG, HHREERGR SIS
BERTE )24 . BEJS, Racah ZE[26]7EMCEEA b, X T B8 R AR SEEAT T — B 9T . 52 AT
WHACARLL, 2 S = AR R I 4%, S RE AR RS R B[R] BAEA ds [RI R ad e g ST o
BRI N2, ST 2 P R IR IR FE BN RT3, $e e T 4
143 FH 1

H A 2 (973 28 2 SR G TR S il . B R S TR SELN T BOR B FL B AT TR T K i 25 43
PR =B, ik H R A RGE[27]. IS [28155) UG T = 114026, (H432K
SERMERMERAR, 50K MR BED . BT S ORFERER SRR, LG 10 5L LU 1
B HIRHE T EAT 7328, TR B2 R 22 S A R 4 1) B O I A, BB F 112 2 110 5 o 8 30l Hh 8 J2 RO ALE
NI A — b e e I B s 23250598 Zhang 25 [29]6 A0 & HUE ZAE N ) 11 Fh = 28l S r Hicde 2, I3k
FHRMZ ML, HWEE 1T =251 CloudNet. CloudNet (4547 28R PEL 2 88%, #H Al 7%
HERIET . Zhang 5[0 RAEFARIL M4, X248 8 5 T REIR AT NG, BRI TR = . (HE,
BT AN R B R HE A A He A B, 0 B — B R IR IR FE M A W 2 AR I A, FLEE TS
[BLIK BRI MG AL B AR LG, S T AR PRSI S, A0 s =70 BRIz LTERE.

322 BEEREEREN

BT B B K 77 i B AR 18 BN R KOG RIS R, BESIAHIORR, M BRI AT il
e MG —LIrik, fERVER SIS, W SEORZE A, WTESRE R 26 B KA T
fRE[32]; HHH &2 K [33]. A WA R ATV, RESE T INER N 240 12 O 1 B 075 1)
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B, MIfT S5 FeK 2 AR OC BB ARL, DT kD Bae 7K T ™ i PR i 22

Hsu %£[34]F 1997 4E#4 % PERSIANN 5%, FIH T2 MG = el 2, @ 092w A
LWL, KB T, S, SRR PERSIANN Sykxd T35 [F fh 5 [35]. HFHEA[36] 45X (1)
B HEAT M, HIBUSRIF ISR . (02, PERSIANN SV (% N AE g T-4FU8 Ak 5 3 2548 1 2 18 M
T2, TR TR EGE S NTA (S . Tao Z5[37]8id & 7 VU JZIRE M4, LL GOES #1411
JRAG LA 1S G RAE A, IR GG EE R B A T BLA IME RIS S, A o TR R K=
a5 o 12090 S TR X 12 9 J 13 ARACRAIE ZR BRI, VR UIZREE SRS, XF
PIANZENT O BT N 4%, LK AR BRI 2 0 E 1000 AN . fliiH 4 R 5 EFELL GOES NIEEE I
PERSIANN-CCS 52 AH Eb , “F ¥ 2 /1 0.091 mm/d (), 0.054 mm/d (%) F%4 0.002 mm/d (), 0.012 mm/d
(%) (HRW TR, IRFEANE LS 1) 750 TR B KA THR R IR SO, B R TIRE S M
BN TR B R EHAE, R U I X S AR A R R T

3.3. RSk

T RAERAITR, HATBUEBREA TN S Bl TR AR A LR =AM E A 1)
LA RABARB RIS KR, BT 20800 2) B FRERER Bk RS,
SE R AKIE — RAIR R A S 3) i FRE (8] 5 A8 B A D GE T HRFAE S FLARRAE, 3T
[P 33 4T [38] . ITAER, BEETFEAES MRS, BUER SRR G I 25 5 3045 2 — B 4R TH[39], i
AR IR B TR A QAR A 0 T X 25 2R e TR B 5 (R BT+ [40] o 128 9 248 T LAAE 5018 T e 2 % 8 11
RN, AR IHRIE BRI, AR AR EER, Aifi 4 KR GG, i — S i m iR m
s R ANAERA 1
3.3.1. AR

HBARAEIT 10 4EAp, X & KR AR 1A TR 2280 Uk & 50 km, (K 6 XU B2 (¥ Tl 73— AN 3K
IPkAR[41]. Jiang ZE[42] S0 1 Gibt = TR Hh 8L v 2 TP A ] {1 [43] S s WRAEL [44] (K1 79, 543K
KA MR G RIS 456, F T4 o & R E B s i 7@ s & Mg, %2
TN I 285 J TR 2 G 4 428 T 248 ot 2 0 P8 R AT 90U, R PR > WIRF #8330 2 30l & XU
FE. GERRW, S Mg R4S 1) WREF RS RS FER A, 1B IE 1 A i T 240 SSTC
RO SR TR SR R LR s IR JZ P I 2 50 2 J2 A 0 X 248 TR 42 T W AV . R BRI E TR 2
TN 24 KA A T G IR B B AR F AP 2 CAT A, I HIRZ WA M SR, X T
i N B PR BRI

3.3.2. FERTIEIETIR

ESRBUE TR 73 Z A0 B A AR K B2 T, LT e A I s T v, A5 K i) s PR A o
HUE TR 2RI U6 3 A B 5 e 1A, DR I A 3 0 DL S R P TS, 75 B R A U R vk
K o HEER R BRI > Spin-up I TA], A RURIS L3 7106 Rk B E [45]. T IRAME R
TR R R, SR BRI A8 R FH AR AT R IR TR . AR I T Eeit 17 vE, R 2400 &
R OUEEAT AN, TR RIS IR0 o ORI &, ANV PR 25 AL T /N P v At 1 B
&, HPESARRAR[46]. &8 B R SMIE TR A T2 R

Kuligowski Z5[47]#9% = 2 R BRAP£ 2%, FIF 700 hpa KA K R0 X ) B RS LT 6 h X I RE
IR, gk R b TR AT Frescdt . ik SR R (48]0} LU AT et 22 I 4% . S 17 AL (Support Vector
Machine, SVM)FIE XAHIGEXT 1 h A1 3 h BEAK B TR RE 77, 15 H 0 =k 22 9 2% 1) Pl 45 AR T SVM A
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LXAKIE . RS, FImAM A ML BT HIEDURFE R R /I AR, ROEH TEUMOXIRAN, I HTEES
B 5 T R AR Ak R REALE

S A B (R ] PR B P BB, AN T S 0 v St o AR R AR AT TN, A T A i R ER
Z M LAY, Asanjan ZF[49]3E i #4) E Elman 7G24I 25 A R K KA HHIEAZ AL, Xt 0~6 h =Tl reiit
7R, JEFRIH PERSIANN B flivh K. 250K W, 5 RAPVL.0 HE A=A L, Elman M4 K
o B CAZASE BT Wi S OO o e P A s i B TRD 0, R A ek, E R B2 AR Y T
M F-5i1HE(RMSE, POD 25)#)—HE AL T RAPVL.0. AR, KA HICAZAEAEE Elman #5831 T 45 55N
HERf, HARZERFE TR R, W 8. FEERLET, Elman W46 0] 0 & K A7 7R
FERRIEBTE RIS, M LA AR T AT 15 2 s K ICIZEBE R T “11” Bt e s
BRI FH RS B TR A AE, AT AL BSOS 1) . B AR A A AZ AR R e % B IS T3] P SRR AE A
AT T, (ES2, EARAY (4 N AEL A &AM S i — 4R i 8] 7 31, AN =S R, ik —
FERE R 2

WF 78 A1 2 K A I EAZ AR 5 B A W S AR 45 4, AT RE S 78 0 SR B S i () L 25 ]
FIRFE . Shi ZE[50]1 2R KA AT IZ AR I N B RUERAE , 2% ConvLSTM BEAY . 1Z A S ek 4 N 1)
AR ATERRAE, RICSEE R, BRAZ KA . R ConvLSTM BAL A i Hb X
BEAT I FRK TR, TR 45 S5 R 63 5 & ROVER ML, MSE Hi 1.68 (%% 1.42, < A%H 0.85
T 0.9, FEFHARE[51] 32 M5 K, ¥ ConvLSTM AR AY rh 1 AT I CAZ B oo U H B i Ak i &A——GRU,
MR 2R GRU M, JEIRN F R AL, (7340 7 I B T ARG N 7 1 BEAN S o I A 2
TR AR 1 h PIZ 6 min Fik B EARRRE, BALGuoMED:, X omnhi i TR dErf G W B3R T . g
L[5 K KA ICAZ B TT Y R ST-LSTM B 82 2 A B2 i i, el mi ik st S SO B AR B 1
XFACET M1 30 min, 60 min 85 IA S A A1 AT T, A SRR T A8 XA ORI 1 T IE AN TR,
MR FEFEA R . 25, MR B EHEH PredRNN++ [53]. PredRNNv2 [54]% 558, H+
A3 I UG AN HE I R A B PV R I, (AR TN &5 3G T ik — D e ot .

3.3.3. 1REMLETHRAFHBR M

BRI IR 2 L0 JE I I i PR 7 T, 1) DA— e FE R b R b s =R e ff, (ER:, gl B TR 5
&, A MBANEE 56 4 BRBUR A R TR - Dueben 2555138 st %o b Hi {8 TR AR A4 28 j9 28 4 78 X5 500
hPa 1= 3 75 5] T30 L3 A 1 T8I 058 22 R B, L L LT RT3 i, b 20 PO 8 A 20 13 2 346 K 1) S P i R T
BETHRA . FEERET, BRI GIAEBIEE RSB, s g A < iR AR
1, T ESEERAR AN ZIE . BET AN RS, R TR R E R T KR
BT . 53— T, ACER UL AR ) TR 1) R, Ao 22 D0 2 AR 3 o 2 R R IR O s T gl .
TRIETR G AER Y, AR 7 AT M 2 I 28 TR A, FLTIHR I 20 3 A4 A 2 PR B 2 SR T 28 2 (1)
ARANING, W E T A2 I 5 A R K S SR T ) TR A T DA SR A A

4. BESRE

AT G [ 51 1A LA A 8 I AR AE R A5 R SR BB S AR B R R IR 5 T K2
It T HETHh Mg B RRE. ZREKE

1) SRS RFINEMLL, BT 1Tk ReNs A RO N UE TR iR ZE, IS 2N
HERA PR f S PE TR BN U 4 2R, B REMBAE R IR Tt . & PUTHR S5 5 T A P e

2) PRI TR, A2 28 R A TR PR T BUE R TR A R . PRIk, H AT AR R
ZARETE BB R AR, R REAE — B R R R A TR S s AR R B
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3) HHTHIMHA AR, JCHR IR A2 I A5 SR b T2 A B B, #E /S S g A B e S 2 )
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