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BE O CAUE AT % A AR IEE R AR KA, B O 0 FUR | KA
oAt FREARYGE MR RAAEREL A— ARMEALAEN LR, | RELE
WAL F B8 F Ao F AR Y IR T KA. AXH A | R

MEBRFRRA T Z MG A AT B AN MR BRIRG E R 5  HFANIAIF®R | F = K A T
(AD) FrkEREPoI R m AT T 2R, Ahda b B gt AR T RIUER | Fik;
FRRAENEZZRN R RRGEEHALT L) RN EAKBE AKX EFZTAR L RE | BERIR;
RBEGREOMAER ) A TAIFREANE IR BEARAER G THREERHEN | LEFT

R A TALIFREMERMMBEYESTARE M, RE, /BT ARFMABRKER

B ZRALH N ARSI,

TCHLAE , 2 15 K- RE AT 100 m~ 1 km /)
KA F B CHL AT RA LM 2 L&
T AR ML S RIS, WA LR B i
%t (Sharman and Lane,2016) ., &HLZEM & I ®fT
P 36 380 S0 35 01 7 2R 0 WL B S8 R AR B, XA &
o ach TR N R S NS e U e
#1Je (Williams and Joshi, 2013 ; H 8 ¥ 4, 2017 ) .,
B 45 (2022) X AR 30 H IXH 25 i 9 19 728 1k i 3
AT T WAL, 48 AR R AR W M X T R D) AR AR R Y
Hom ] BE 2 5l W S T i 2 EE RN Z —,
Prosser et al. (2023) iy #F 58 & Bl] , 32 e 22 AL 1Y 52
M), 5 2 Jifd Y 30 ) R A X RRR R ROk e Al K
PLE AT BB 25 38 3 57 22 1 s B A A5 . PR Ot , X TROPIL A
Wi A T EENE M. ik JLAE,
N T2 R CAT) B AR AE R AT A 50 i g
FHEAS T e & e, I HoAA 2 2538 Ve SOn I i
17 748 (Bl bt 45,2022 5 4 4 % ,2022) . {H H i

Ak, i R DL BN T RE A OBIL A S TR R Y
LRV ST, 3% AN T 32 AR 5 BT A 55 1Y TR
AP

PRI, A SCORE Xt T AIL 191 98 149 T4 75 ik kA [ B
R N T BE (AT J7 i 78 COBL A AE T 41+ 1) de
BN o AL FERL b, VA9 S S AL T I AR R L
A A A 1Y T ] RN g RSB B

1 A&

TCAILAR R B OR A By g A Y R R A
R 2, iy UL B 2y XU 22 B 172 A0 1 A2 TE
2 B B 23 3 7 ( Sharman and Lane, 2016) . {4
FRALIE, T LUK i 0 D 3 Bl S A 2 0 A i 3L % I
it 7t LU 4 38 i U ( Storer et al.,2019) , JHH i 5 i
it 6 000 m L b Al R A Y /N ROBE Ji 3t I I
(100~2 000 m) B 1, 55X = (R JE X
W2 ) ik (Chambers, 1955)

SR R A, XS0, 1 300, 45,2023 N T8 RETE ROBL I A2 BT+ 194 L P 2E R B AR R A R B [ T ] AR 2 4R, 46 (6) - 825-836.
Zhu Y X,Liu HW,Wan W L et al.,2023.Progress and future trend of artificial intelligence application in aircraft turbulence prediction
[J].Trans Atmos Sci,46(6) :825-836.doi:10. 13878/j.cnki.dgkxxb.20230812011.(in Chinese) .




REBEFIL 20340110 H46% Fom

ROMIL A O A Y R R A R XM Y, K
WHEAT LML T RBLA TR, ERmESEE U2
2 VXA A A S 2 P A By R . K
AILAG 358 1R Wt 25 K A TE BAT LA e Y X3
1) XU 2 P02 X5 2) KU 7K SF- DD A2 X5 3) 3t 3 19
A SREEIX 4) WA KFER X S5) Wk
AN 3 22 X5 6) 5 19 7K SF il JBE B 8 IX (42 4%,
2002) ,

QML Y AR 7 1 R BT LAy P — 2K
X RARWIEH ARHEHN TR ER
PEAT S Z5 A5 2 (4 4 LU AL il 04T, 3X 2R 5 vE PR N R
PRI ; 73— 2 T i v 20 e AR A BB B, DL e 7R
BB TR FE At L 19 BO(E 7™ ok B P R T 4, X 2
TrE RO € TR (E A S, 19975 F 42 9%, 2002;
Kim et al.,2011,2018; &5 1% J5 1 & 5, 2012 ; Pearson
and Sharman, 2017; Sharman and Pearson, 2017;
Storer et al.,2019; #Ji %,2021 ; 5] CHFE4E, 2022 ; %%
TR ,2023) o &1 12X PI2E ROPL A A T4 7 1 1
N R UE T A R O sl D BTG T
R BLE 7 B Al AR 2R N e it R .

Al b AL T TR TR IR A RO R AT 22 6 A 4 A
2 b LAY 8 I O AR, 2 A 2SO BRI 55 19
J5 i X AR AR e T LU O P AR . R T R AR
Z3IBERVL, N T A BT R R R A A R s B
FLHIE 4 2 v g i R RALR R 5 B A 2 W] AL
25 5 Sl 25 M AR R 43 Bl R0 /N I I () 23 BE R ) R RAE
Ko PR B0 R 1 52 F AL HE B 10 R E AR
X TR A B A X R R A sk 5
K, B &M TN M2 56 A i =T A% PR
(JEauk 55 ,2016) .

W& TR ALRE ) AR S A LR TR IR 20
0 25 405 72 BB AR X v i [a) Ak 2 T, B 1 s T
HGH Y AT o 4 Rk B S A A LR 55 TR,

IS 7 A N A 2 4k 7 ot Y il b
JE B T ROBIL A T 41 1Y) S AL et e T AR B
T FE At 2 B A R (2 2R 45, 19975 Gill and
Buchanan, 2014 ; Fakut 45,2016 5 4% £ #£45,2016)
Bl KK i 4R ( Numerical Weather Prediction,
NWP) 52 X “ il iz 754 ™ i 8] 3 Fl (BB 0 ~2 h) LA
235 i Ui K HE R I S o A AT BB 3 T B
NWP J2 5 AR 4ha © A1 A9 42 1) =i 1 i 250 Ay 3
FUHE X — 2 B By FEAE I (8] R A7 B AR 43, AT
TR R AR AR ROIR 25 (Kalnay ,2002) o fx 2 () NWP
P — A =4 RRE RS B4 A%
P A FAe e B AN K VR A A e IR TR BRI N Y
B E I [R] s TR A R . TR B R AR
TEAESFEAT I, B AAEJEFT NWP 3B, 75 206 Wi
DX 3 g HAA L ) R AE v X6 T IR 22 B S I 1 S5 Bl
5 R R, 33 4 99 A% AE 119 K OF- 8] B 9 2 9 107 ~ 10
km, 40, 45k NWP A5 (8 15 5 > ek ) Jl 3 K
SE W K5 [E] A 10 ~ 30 km ( Bauer et al.,2015) , i i
2 DX 8 ( HUBE i A Bk — 0 40 IX ) HR(E K T4
B AR L T oK B K F- 4% BE F 5z 55 ( Benjamin et
al.,2018) . AHECZ T, 3k B 7K - W A [] B bE fE = Ji
Ui B RUEE 2R 45 2 (Lindborg, 1999) , I H i %5 i i
RIRETEJLRD B N & A, X IR SE B 47 /Y NWP
B ORE T 1k 58 42 4 B B 4 S SO0 S i U 1 R AR I
FRAE o o 1w sk 2 Jey BR 4, T X008 i i 12 W i
PR MR TS RO EBOT Rk i T2 B
TR IR T Rl AR KR R B NWP i
e B R A AL, 3 26 ) B R O 0l A T B &
B w0 € 1, 5 A0S i i & AR A G 9 4, Ellrod-
Knapp {ifi ifit 5 K& — F 35 44 19 90 32 6 A9 i R
L7k s B JE R 4 Kelvin-Helmholtz A F3 & L%,
FET X7 114 28 T8 0 3 )78 i 5 B0 i It A= BT E
X Hy (Ellrod and Knapp, 1992) . £ 4E 3%, %Hii 25 it
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Fig.1 Classification of aircraft turbulence forecast
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TG A B B 25 " R TV 2 2 WA
7 ( Dutton, 1980) .

NCEP R H F A X0 22468 50 AE 5 T Al Y 58 [ st
% PR FH Y J2 Ellrod J7 2%, 9% |6 U4 Jm) A0 42 Bk
Tl R AL 2 Ellrod J7 125, 1% J5 ¥ 8 i 1H 55 X3
FA) P22 028 T e 12 Wi Bt 852 119 555 L v F 5 = A SR R
(Ellrod and Knapp,1992;Turp et al.,2006) , NCAR
R T —FheiG Py A 5 12 W J 25 (Graphical Tur-
bulence Guidance ,GTG) ( Sharman et al.,2006 ; Shar-
man and Lane,2016) , % J7 i A J& Hl —Fh J5 ik 2
W i G, T X 12 A i U A2 W 7 i AT AL AR
R A A T AR AR 1 A A AR O (TR
REGH) o o, SR 12 B i 2 W7k T AT 10 Fh
A 23 OB o i U, ) SR U MR A0 A R R
10/12=83%,

2 AIEseE WHBHERKRPHEA

2.1 AT EEE MHFFES REFI=FHNXR

AL B AR e, —
BN, 1956 48 B R 7R K 45 50 Hr 2 e A4 T 19 2 i
( Dartmouth Conference) & A T. & GERYETR . X4k,
KT N AR Iy 10 19 W 58 S8 Ll T 46 1. 1950 4,
B R LR T RO BRI 3, SCh Bl E T 8l
HIE B A F 6 1Y AL 4% 1 A] BB M ( Turing, 1950) . Hy
TR R X — W& xE LU U S, B DAt 4
T EAE R R — G LR 5 AR
TEXT 3 (i 3 v A% 5 45 ) T AS RE e F i) s L AL 4 B
By B 25877 LLFR X & HLas BoA B B, X — i
FE SCHEA R BE A% 4 A A5 Mk 1 B R 25 g B A
SERTHEM .

N LA BRI 60 2 485k, 718 & ) KE 4&b
AL B VR R R R 2 SR T2
o HT (5K 8k 45, 20205 & £ 75 1 4% 2 K5, 2022a,b)
TER R, N T8 Ret BLs 7 — R 50405 Pk iR
g 224 ( Shi et al., 2017 ; Ham et al.,2019; % %
-2, 2021 ;9 58 55, 2022 5 7R 47 45, 20225 X1 SRR 4F
2022 SC 8 4 2022 47 U 4E 2022, Bi et al.,
2023 ;Ham et al.,2023;Zhang et al.,2023)

B 27~ i RS AL B b 2 R N
T RE S A B AR LR BB — A SR (AR
£,2022) , HlasF 0 E LA LA LM R,
P B L 4 B °# 2] (Boosting | Bagging | Bl 1 £ AR
EDIN AN TR N2 S R TN o i SR I e SN
F RIS BT AT S A R A . BLAR S A W AR g it

2] (2R ,2019) o BLAR 27 > 7 L ik 740 b o
B3 7L I HIRAS TR X B 9 %R (Hon et
al., 2020 ; Muiioz-Esparza et al.,2020) ,

21 28 LIk TR BE 27 2) DN 45 R BL A 27 ) F ik v
IR BT H o A 2 T AR ARE A s T N T 8 I 2% 1
G, EZNRE RN Z 2 BN — MR e
g5k IR WR T AL g e o IR kA
BARJZ R B I 5 19 15 2= 2 i P 2 ey
fiE, LA SUECHE 1 0 A sURFAE s o TR B2 2 T B F
FEBALIR 18 A 7N G HE AT 43 BT 25 ST B e
2% e R N I F AL A Ok x5 8I 2R 47 2 > F A
B o TRBE 2 2] 2 H T RE 22 AT 50 g5 g I BR 1 I
BOTE R B R R AT . W R TR A ) Bk
15 B M 2 W 4% ( Convolutional Neural Networks,
CNN) . K& #1012 M 4% ( Long Short Term Memory
Networks , LSTM) . i 9 f# £ % 4% ( Recurrent Neural
Networks, RNN) A= 5 % HT M 4% ( Generative Adver-
sarial Networks, GAN) | £ )2 &1 4], ( Multilayer Per-
ceptrons, MLP ) | [ # 21 Wt §f #ft 28 K 2% ( Self
Organizing Maps,SOM) IR {5 & ™M 45 ( Deep Belief
Networks, DBN ) %, Hinton and Salakhutdinov
(2006) $2 Hh T PR BE AR & W 4%, I da T ) A% 1 5
UG T — D BA ZAREZ 2R %, X
FhEIERE Wy 2 )2 K5 U R id R 4R B — AN 4 A9 W0 4R
{8, 2 0] DAY G 42 3 42 45 A0 0 A 22 I 45, 2800 1 Il
Hi 2 RE U 2RI B2 4 BHUp 22 M) 4% ( DCNIN ) 888 JB2 7 B
i 22 M 2% ( DRNN ) 3 27 5k 45 1) 119 il 28 190 4% 1Y) Jmy BR
PE I 25— R 1 R BB b 22 T 2 AR AR B A AT,
Tl R HAGE N TR BT 2 I s T e o X AR
R 2 kAT — B AU, Hinton iy T 2
> U RN TR L BPR R IR T 2T IR E
2] AR EOR 240715 7] 7% Tan et al. (2016) . BLTE
RERBNN TR B 2R E =

Zi Bl W R 2 o] RS F I B — AR LM
PLas 2 SOE N TR BB — A 746 B IR ) <
Plas 7z < NLERE. KW 2 B EATZE KRR
Py
2.2 XEFIEREFINHXH

TR JZ 27 )RR FE 2 ) T H 0  3 T N pp 22
Z5 (ANN) JFJERY, —F Z M X 3 s, 5
TRBE 27 2] (18] 3b) AR 1 2 v 2 2] (I 3a) o 1K
JZrE ) R B R R — 2, TR B 7 2] b ] g
B UAZE, YR X HEZEHEZE XA~
i B s A I8 TR TR L 2 A B R R A IR % 4
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Fig.2 Schematic diagram of relationship among artificial intelligence, machine learning, and

deep learning
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Fig.3 Contrast diagram between (a) shallow learning and (b) deep learning
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BEEMAE T BMAE (PR ACE ) |, XA 2 T AN LM
LM 8 HICAL o OO £ B i b R IO T I 4 0 i 4 T
AT FEOE R 4 H B AT LR X A A
2Bl R A G, T DR — BB R g 1 R A
20 fi 42 80 4R AU Hh Y, R 22 J 18] A% 4% 55 1% ( Error
Back Propagation Training, faj X BP % 3% ) 19 #& 1}
(Rumelhart et al.,1986) , R G fit Pt T £ |2 # & W 4%
Bo 55 2 3 Fe A E Y 2 ) [R] L, Robert (1989) i M1k
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T Z 2L (& ANN 5 —Ff, 25 ) 25 0] F &
3a) (17 RE JE T o B, B X AT ] B X)) — 4>
B RELE T U SR - RS R BP M4k
W, X e E AR, A K S T Y Ik &
W 2% BB 58 N 0L, A ANN XUBE — B

1520 {22 90 4F 48 BP 5 v5 Wi 4 i A- 7E M B2 TH
I IR) R, B 5 25 6 B8 I [ A% 338 A e B oy, S SR b
PA3fe i 77 28 n 20 1 2, 158 26 6 2 A% B 2 ) LR
9 O, 78 BB AR Y I, |y TR 22 B RN, B2
FAE TEBAR /N PR It TG ¥ 6 i J2 1 2 0687 A 30m)
o) o XA sigmoid FE BRI E Y — KBS . X
— I, 555 2] R SRR SCF 1) B HL(SVM)
SERE BRI IR T T R ) R A Ak B O
FEHY R E S T 2 ) e b S, T ANN Y
FEMBEA T RS

Aid, Z 18 £ K% ) Hinton #$2 I K 5
ANN H)#F 5%, Bk A A 0 A, Hinton and Sala-
khutdinov (2006) 42 i} 1 # 4] RBM i ith 19 15 J2 #f 22
ROZ% (TR "7 2] ) 07 Wk TREA B, il it — &
MR T ER B T8 2402 T IR BE R 45 454 .
1 555 114 A 28 1) 45 Bl AL ) s Ak 9 24 v R RAEL, 5 B0
A oy WS B R FB e /M, R T TR X — )
Hinton and Salakhutdinov (2006 ) $& H {8 F7 JG W & i
IR T7 35 DAk I 25 BUE I W0AA L 2R 05 T 247 AU 1
T o 33X fel Ao R 2 i I % 78 45 S TR K, Iz
TETIRBE 2] KR JEM Y%, 2012 4 10 | , Hinton
FE A B PRI 22 A SR TR 2 1) 4 B 8 I 2% A A
1535 44 11 TmageNet LA AL 58 2 771 Bk G2 F A
TGS B S S AR T R R
W9 TAERTEE T — KD, WAHE R B2 2%~ 1Y g 4 1]
T—HEE,

X TR R AR U, R AR SR N 28 ok il B
FEAS (8 R AE (O 7 R A0 91 4 AR A=A 900 [ 2880 156
S TR A ), Y A A 23X 2R 28 R AT TN
FRAE BB H R 07 53 40 R AN T . A2 2B A
o T B AR AR AR AN 2 A58 R 1 g A T A AR AR 7 3
B, 3k AR AR 2 R B (R 0 ok R AT AR AE 1 T
RN X BT R AR N T ROCR o TR
2 2] SR I 2 o 3 o (A I B L g ) 1 2 )
E R W EESUIE o8 AR N AN AR EE e T (el
DAAH B J5 00 B0 1 AR AR R 0K, i T X R ARRAE 2R3k, AT
PART i B0 6 A7 PO 5 00 26 e XA R P, ORI
AR 2 AT 55 O3 I — B — B ) AT 55 i AT o B Ak
P AU AR TR JE A T R BE 2R 2] R LT S8

[F) Fy Ak 3 B, B DA i A\ i s A BSCHR AR S AR B
B8] )2, i 5 2 R A 4 09 7 v B AT B A B 1
AEZRIR | TR 33X B RRAE 22 38 #4743 A 5 AL 3R, TRk
B o 3 o 1) 2 2 O R BT I AL

2.3 HFFIEEECHE SR A AR A

HR A 27 20 75 20, LA 27 2 w] R g3 Oy e B 2 2 37
2 AR MR s )RR AL e S SRR (R 55 ,2021)
RGN 22 HB I 43 28 ) 0N [] 05 [a) 330, 5 FH A9
e e = R DI e APV c T = NS =)
(LR) | Ffi #lL % Ak (RF) | 3 £ m) & AL (SVM) |
XGboost , N TH#12 M £% (ANN) | T Ji %7 ] (DL ) 4%
(R EHAE,2017; J5 4 ,2022)

Pl 27 S AE R U P A 2] 1 T2z L AR
PETAEA 8 2 B4 (Williams et al.,2008) | 1 &
X it 2 4 4l ( Ahijevych et al.,2016) X i KU 52 fhf
TR ( Lagerquist et al.,2017) | 7K & #i 4 ( Gagne et
al.,2017a; Burke et al., 2020) . X FH %5 H8 B i i
( Gagne et al.,2017b) .2 m & & 19 5 4 F Rk 5 b
(Rasp and Lerch,2018) % ¥t f% 7K i 4it ( Herman and
Schumacher, 2018 ) | 52 i X & 7l 4 ( McGovern et
al.,2019) X Ih & ik ( Kosovic et al.,2020) FI %2
KA R (Hill et al.,2020) , & 4 2 5 %50H K
ARG R L 2% > CE B Ge it 45 3, /T WA i 2
M=% > (DL) J5i

AILTN S\}M XIGB

75+

50+
g
=
pii3
9

25+

or | |
DL RF
22 5k

K4 SEERIBIAA WL XTSI (51 8
Bochenek and Ustrnul(2022) )

)

Fig.4 Statistics of machine learning articles related to nu-
merical weather prediction( from Bochenek and Us-

trnul (2022) )

UIR = RN TS I E - AR UE AV 6 W N
FEEAMT Lk,
F TR R B (NWP) 5 204 B B 6 941
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ML RUEE #Y i Ui, Abernethy et al. (2008 ) i ] 3¢ £
[r] £ AL 132 8 01 B0k ofe A 4 R RUBE RS 5 i
Uit 22 (6] YOG 2R, I 7 T G 2 i it IR , 45 SR R Wi
SR ] DAL FH T S R i O TR R G o

Williams (2014 ) & F>& B 7y H R LA 2 W0 i i
i A5 FRE X TR B, SR T B L R R B 0 A A
25 TP S A TN D VTR BE BRI AT DA T Y i Ik T
i, X BIE T 2014 AEAE R FEZ AR /M A TR
LA E N H .

Hon et al. (2020) i | XGboost 3.y, i i — 14~
NWP 5 2X Az i fY — 20 1% 58 i i 45 207 /9 10 16 21
B AT A BT A A i I AR . &8 1 a W],
Xf 16 000 Z 42 €L AT 51 4 45 AY SR e R W, Ak T AL
A 2 48 O (MIC) £E R b X R B —
ESQEIRY Y s RS e R R Ry € N A A R R
M EAR S T 3% ~17%,

Mufioz-Esparza et al. (2020 ) ¥ 35 7 [l 5 &
(RT)H A, T w5 (6~14 km) i fiii =5 dii It 4R o
BARRUEMATTTF & T — R AT BER(RT) B E
2 (AL A5 BEPL AR AR (RF) 146 J32 14 9 [0] 9 #% ( GBRT)
Tii) o BUE KA T AL BRI AL T 3 km
o AT PR P TR R 6 b TR T Y i I 12 T
P AR I 255k SRR R BK Sl A A R AE o I 5 RN F
A B0 SR T 1% 2 5 1 3 3 AR 0% (EDR) 149 i 378 £k
LA SN Y RBLR AR . S TR AR
[E B B, 2 EDR<O. 1 m™ - 57" (KRB B T
A i Y B I ik ) B, BEfE RF 28 (100 £ AN
R TREE 30 2RI ) & 5 1 dm %, JF B
WD T AR MR R, @ GBRT HRFAEAH K
PRI AT AR T RS 1 5 et , R WA R F AL B A
T 3 1 ] B, A % Js A B R AR B 1A 2 R
MO TE o SV, ML B R TE A3 4% L i I
KAL) EDR fidi R T HERR P S . AN,
XL TR RE AR 2 AT AL TR i NWP A1 A [R]
P S i U TR 7 8 A

Emara et al. (2021) $f 73 28 F1 5] )9 5 & B 45 27
A AEEAL N 6 000 YH LT BE U AR 1) TR AT I8 B
PRUEFCHE 25 5 3 1T, R Al i 2R ke isF B 119 EDR DA Je
i it ™ AR E o OO, AR AT A B T S A
H #3282 A W] 25 B2 T O i B . a5 OR R,
738 2 Jies i S AT 10 s A2 A, A AL BB 5 AR 4 b )
EDR il i /™ 5 R B o 188 AU A] DAk A5 X R ok \]
AE A 1) i U S 1 Y 0T T 3 2 R RN, O TR AT B
Mz e NN T RIS RERRET

830

AT BB SR T 52 B It ACHE A I R) R s () A 9
Bl E A0 R, a8 52 B PRI B, TR B o ) A R
SEE FIUA R P A SR e R L E
2.4 ETREFIHRER

H AT A B0E TR AR X, i) 28 a3 BB Ok w2
A 7 S8R BORS 248, S0l A Ok R J . T AL
R BT 3 B R A A A o 2 R R MU, AT
SRR T, O 5 BT FE R H R, I 0.25°%
0. 254 B Y AR K 10 d FfE T4 , i 728 3 3 000 4>
R ZT AL E AR 9 BN X L E B PR 1Y
ot g e L — 204 T (Bi et al. ,2023) o 1 KA
it 378 S0 B 5 4 A A A I s 4 R R R AR
(B 2 TT 38 ML i I AT, X TR B PR A AL e s

AT Al i B, 25 R AT R Ok 1B L . AL
TR ALG R M 22 80 C &R, B AR KA
iz Ry Yy R R, A R ) B O s S
REREAE PR OC AR, B REMOR U, B Bl Tt
45 R O G SR, T AT U5 5 8L 7R Gk ]
P TR RE IR B il WL A5 AR RO BE ), B A 1O IR
AFSME TV Xl AL J7 I RE S PR (B = AE LA B
) B R AR o

s AA BRI ATEE DM, KET
“MetNet” F 41| F i 45 7Y , 2455 70 g B 35 F0 1 4%
PURIIE &/ I NS B ] & 3 N0k = A T Py B )
T 1 km =5[] 43 HE A 2 min i [E] 23 BEAR A 12 h AL
R K B, E1 R BE R 3 T NOAA [ 5 43 i 5 Lkt
B K S B = (HRRR ) ( Espeholt et al.,2021) , 3%
Fak A w SR E W, T
“FourCastNet” 4> R i iz 5 A1 , H: 3 4% 1 58 5 BR M
RS HR 0 (ECMWF) (25 4 Bl 4t & 48 (IFS)
#H*4 ( Pathak et al.,2022) ,

R TT R Bt R R BRI Y 2500 TR
PR AR 2 0 296. 7, 1 AKX T 2 if fec 45 1 5K
B 7 2% (X5 AR 22y 333.7) #l AT J5 ik (1475
AR ZE R 462.5) o TELRFERG A [, B0 AR K
BT A7 45 TG AT L #0000 041 i - 7R — 5K V100
R ERWE 1.4 s JLRESE AL 24 h 1 2B AR Wi,
AL % g8 B (B T4z $2 2 10 000 % DL | (Bi et al.,
2023),

SH RN TR RERIE 5 7 L F 5 B Bk KR
SRR R TR AL KA (https://
arxiv.org/pdf/2306. 12873.pdf) , Z K F| ] Al &
EIBIARAK 15 d Bk R UHHR 78 15 d Fik A
A5 ECMWF £ 471 (EM) A 4 g il e fE . IR
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ML T ECMWF &2 # R Wil (HRES) {9 1l 4 £
Ly, 5 Z500 19 TR N 2 9. 25 d FE R F 10. 5
d,# 2 m il B2 A TR O 10 d SERCE] 14.5 do

THHRR A2 EEE R e I F A S i 1
e i o K I 30 TR R A TR g S Al K 8l -5 0 P K g
PR UR B A, B T TORRET 0~
3 h A R K B TR BE T, AE A ] 62 LA TR %
R AR A B KR S B B RS IRI R Tk . HAT
ORI E 2 A W RGP O A s TR 55 o B
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Fig.5 Development path of the third generation of artificial intelligence in the field of meteorology
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Progress and future trend of artificial intelligence application in aircraft
turbulence prediction

ZHU Yuxiang' ,LIU Haiwen’, WAN Wenlong’,JIANG Xiaofei' , GAZANG Chenglin'

"CMA Training Center,China Meteorological Administration ,Beijing 100081, China
2 Civil Aviation University of China , Tianjin 300300, China;
*Dongying Meteorological Bureau ,Dongying 257091 , China

Abstract Aircraft turbulence poses great danger to safe aircraft operation and affects the comfort of passengers.
Therefore ,improving the accuracy of aircraft turbulence forecast is of great significance to reducing injury and
property loss,and for many years has been the focus of aviation meteorological research. With the enrichment of
observation means and progress of science and technology, great progress has been made in the prediction of air-
craft turbulence.In this paper,the main methods of aircraft turbulence prediction used throughout the world, espe-
cially the latest application of artificial intelligence ( Al) , are reviewed from the perspectives of both qualitative
and quantitative forecast.Then,on this basis,the main problems present in the application of Al to aircraft turbu-
lence prediction and key research directions in the future are summarized as follows: (1) open sharing of aircraft
real data,and integration and construction of multi-source turbulence data; (2 ) interpretability and physical mech-
anism of aircraft turbulence prediction model built based on AI; and (3 ) ensemble forecasting of aircraft
turbulence based on Al.Finally,the development ideas of the third generation of Al in the field of meteorology are
proposed.The future third generation of Al in meteorology may be based on deep learning,integrating mathemati-
cal logic reasoning algorithms, and based on “knowledge” ( physical mechanisms, experience of forecasters, or
basic principles of weather and climatology) and “data” ( model data and observation data).That is,it may com-
bine the advantages of the schools of connectionism and symbolism to carry out weather forecasting and climate
prediction work.Of course, the third generation of meteorological AT must have characteristics such as higher pre-
diction accuracy, self-learning ,and self-adaptation ( such as adapting to changes in the rule of meteorological data

caused by climate change) ,and strong explanation in its mechanism.

Keywords aviation meteorology; aircraft turbulence; third generation artificial intelligence; probabilistic

forecast; machine learning
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