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FIA LSTM Xt 7RIE A 153K 1 1R A Bk
gepk 22, BRMGC 22, il 12, RN 12, SR L2,
RRSES, ZSC Y2, XIGE 4, BRER S
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WE BRREE N MR EENA R, ek, eSS RATwE, W

B D EX R EE (SST) HET R, VRS 2] B A& = a8 b 268 7, (5 H R A
PR B SIRPEEAS SR TE P11 SST 4 BATRAR S TR B 27 BB FoAT i /b o AR T B R A {E
FHREZ (OISST) [ HF¥) SST i, FIHKFEIAILIZ (LSTM) MIZHE TRk 10 RARE
K (108-10N, 120.0E-280F) SST HE H Filk 4 . LSTM TR A Y | ] 1982-2010 4
(U I A AT I, 2011-2020 AR F SR INEHE /F B HEAT AR AR I VP4l . 25 SRR B

TE AP AR X TR B 5 iR 1% %2 (RMSE) KT P, ARESTIIREE 1 K RMSE 4 0.6°C A
i, L PN T 0.3°C. EARFMERRRALAE, Tk RMSE 7EH 8 45 H DL AR,

ERER IR, JE/RJEHER W5/, RMSE 7EH7J8 R 1A LL7E JE /R JE i B TRl IA 20%. Tk fm
ZERAARIUNRIE, P, MOCHHRETS b, drifids, mTHRoREEEAS 10 KL L, FRiEd
W AT TR AR ECN 4-7 K, FRIE T H X AT TR K BN 3 Ko TR BLTE 7Rl AP 7R
B X 25 H O TR A 15 i A T P S X, AH LR & 45 X 4 10, 11 A BRI el i)
HKevl, T LSTM MEEM SST TR AL GEAR U Hudei 412 1) SST 7ERS 7 L IR R-E, TEAFZR G
HTR R I R AF o BT I TR AR A AR S A 3k 2, Rl ad HA A TR AR ok 10 K BAN I H ¥

SST kAR 1L

KRR WETRE; LSTM; AT, /RiEA T
XEHRS
doi:10.3878j.issn.1006-9895.2302.22128

gAsE: EESR =P ]

YEZ I skmk, B, 1999 4 8 A Wi, Wi-LAFsd, FEMFZ A REHRM . E-mail: zhang-
tao22@mails.ucas.ac.cn

BVES A, FEN AR R SRS, E-mail: linpf@mail.iap.ac.cn

BERIIR B 5 SRR R R R (B 12020YFA0608902) . [E 5 [ SR 2k 4 (L 5141976026
41931183)F1 PR} 5 s 58 T H (HILHE 5 : KGFZD-145-22-07)

Funded by the National Key Program for Developing Basic Sciences of China (Grant No. 2020YFA0608902) , the
National Natural Science Foundation of China (Grant Nos. 41976026 and 41931183), and the Chinese Academy of
Sciences key deployment project (Grant No. KGFZD-145-22-07)


mailto:linpf@mail.iap.ac.cn

30

31

32
33
34
35
36
37
38
39
40
41
42
43

44

45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

Short-term sea surface temperature forecasts in the equato-
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Abstract: As one of the essential variables in the ocean, sea surface temperature (SST) and its change signifi-
cantly impact global climate and marine ecology, so it is necessary to forecast the sea surface temperature. Deep
learning is highly efficient at data processing, but it is rarely used in short-term forecasting of equatorial Pacific SST
pattern. Based on Long Short-term Memory (LSTM) network, this paper constructs a daily forecast model of SST
in the tropical Pacific Ocean (10<5-10N, 120.0E-280E) in the next ten days. Using observations from 1982-2010
as a train set and data from 2011-2020 as a test set, the model forecasts the SST. The results show that the forecast
Root Mean Square Error (RMSE) in the eastern equatorial Pacific region is larger than that in the central and western
areas. The RMSE of the east basin is about 0.6 <C on the first day of the forecast, while the west and central regions
are less than 0.3<C. The forecast skill is examined for different phases of ENSO, RMSE is the largest in the La Nifa
period, followed by normal years, and the smallest in the El Nifp period. RMSE in the La Nifa period is more than
20% in some regions than in the EI Nifo period. The forecast error is positive in the east and negative in west. The
number of predictable days is more than ten days. Specifically, the number of predictable days near the equatorial
cold tongue is 4-7 days, and the number of predictable days in the western equator regions is three days. It shows
lower forecast skills in the eastern equatorial Pacific regions than in the western regions. For the skills at different
months, the skill is lower in the October and November than the other months. In general, the SST forecast model
based on LSTM can well capture the evolution characteristics of SST time series, and the forecast performance is
high in the pan- tropical Pacific regions. Furthermore, the running time of the proposed data-driven forecast model
is very fast and more efficient than traditional dynamical models in predicting the daily average SSTs in the next ten
days.

Key words: Sea surface temperature; LSTM; Short-term forecasts; Equatorial Pacific Ocean
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158

MR (SST) fE#E- <A HAFH AR EEAEH], e — A R R
(Wentz etal., 2000) . SST AL 5N BRIFEK I 70T, SEMm+F e RSkt (Ra
uscher et al., 2015; Salles etal., 2016) ; T HIFIHEERIRIUKL 2™ EBIR 2 BRI EA S R 9t
(Cane etal., 1997; Friedel, 2012; Castro etal., 2016; Chaidez et al., 2017; Bouali et al., 201
7) o AL SST MF 5 Wik BAF IOV B B, 52— DT FTR . SST FIEX A K SST 442
K GERIE. AL 2. ) KGTHRAEME TN, SST Fkfa % A REIE M N (10 KA
A1) SSTOARZAS M A -

FERGRTEE, 2% L SST W AL B e /R JE v M BLE MR, XA A BB T El
Nifp Southern Oscillation (ENSO) f5¥f (Neelin et al., 1998; Capotondi et al., 2015) , ENSO /
IR ERRAR. SRS &l ANIGEENTEAH MR KIS0 (McPhaden et al., 2006). PFItA
TR = ENSO HITIII STy, B SN R AR GE I GE Tt Il 2 TP B A2 ) 3 s st LA
o B3I SRR B 5 ST PN (Latif et al., 1994; Jin et al., 2008; Tippett et al., 2012; Tang etal., 2
018; Hametal., 2019; Zhaoetal., 2020) . ENSO Filill =15 R4 B (o] R RO T, — e Lh
HPBEE N sAL, Y4 SST. 11 SST BEATIF A REE (RONFAL) HIARAL (AR SRR R I
L) X ENSO RISk RS H HEH M, Edwards et al. (2006)HfF 7848 H 7518 TP I /R S0 (Kel
vin) AT LRI R AT AR (MJO) B 7 XU Al ENSO BRSFAFIR R FRIE AR T
FERI R ARRE B (TIWS) ATRER TN ENSO AU PEAN AT gk . (Holmes et al., 2019) .
PR R B AE R (HE) I MERY, 76 SST MR F, S7r=A s (Wirasatriya et al., 202
0) . [FIf, SST AR WL METEASRS, FEEN BRI RESBERERMT, Sl
R 2R (Kimetal., 2020)

BEE TN — B R, TRIE A 2] T AR DN g e i R B A O RO, 1207V 3R
SST AR AL FHAE R R B — % o AR IR 2 2] SR AR 25 K 1 T ik ENSO
Tl (Heetal., 2019; Muetal., 2019; Yanetal., 2020; Gengetal., 2021; XI#R%%, 2022) ,
Ham et al.(2019) F| G RIPH 22 M 2% (CNIND - S50 RO UR B2 25 0 2R R LAAR AT 18 AN s BLx E
NSO FHll, Tah ALt e AT 12 > F . 72 SST RUMITaR Iy 1, e TR 2 4% (LS
TM), I 1EPR 5270 (GRU) SEI2 A 1) FIRAR TRt e 82 Y 30 AN ) e o s ol i, e L ARG o
IR ENEEPRSE, HEERIMTSREEIANL (SVR) « ARIABSIFHKA (ARIMA) FifE

M2 M 2% (RNN)ZE5LE: (Zhang et al., 2017; Xiao et al., 2019; Sarkar et al., 2020; Jia et al., 2022) .
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X SR AT R WA FE 2 ST FF SST Tl AT (AN — e 3. (H2, RBFF T A i LSTM
A GRU S 2 IR e B ML), SST AT R IR T DB LAl e TS [ AN [ 3l
() SST A UA R KA ZE R, W LSTM FIETE SST Tl Hhox Hdis )it 25 M Al e e PRI A Atk —
BT, EARERTEE, TR I SST FIATIR D, — AR R G 5 E A4
3] ENSO TR b BT, B SINEEIZ X IR, Zheng etal. (2020) FJH CNN %44
# 5 RIGH AR AP SST TR BIAL R TIWs, ©F — 2Lt R M, CNN FIEAREIR LT IH2ER
BN PP, AEAREACTPE X T A 2 [ SST A I Fl R A AL A 5 03

ASCE T LSTM IR 1 8 k1 SST AU ZRAMIE I PRIRACR , 78 5 Ui <€ 4F LSTM 2% Al
SHG, BRUFS), M T RERFRER) SST R BHRBIAL. FIF R £ (R Rl KT S
ST AT IIZRAEI (10 X Tk, FABIHTRIRZE (RMSE) « /KRR RS (R) | W%
(Bias) TENINFEARIEAG TR (ERIE R PPE X SST A6 (10 RUAPY) g4Iy, Ak
B AP Hb AR T T A AR DU E T 2R, SRS AE X B & I SRR . R
FINZREFROREAY, EPT X R 148, FIHIBTRRZE (RMSE) « FifRkAEX (R) o Titdk i
7 (Bias) fEAVPNHEAR > BIVPAL T % TR B AR SR8 A DR R 3 4y A [ [X 3 3%
Plo FRATHET LSTM 4 IR BE 2% SIS Rl Dy of AR TE AP SST #EATRIN (10 KD Tiidl, JFA|
AR PE fbr o G5 SR PRI . FRATTEIBIF FE 8 DR 2 2 TR AR R B R gk h A 5 R 7
2 ¥k, HiiE. SRR
2.1 LSTM ™4

ASCRA LSTM SKIEATI T, [ LSTM M4 B KR 2 o1 BE PSR 45, 7RI
B AT R RAF, B0 oSG LTI 2 A A A ARRR A, DL RAE I T ) 5 5
PR RS R R . ASCR AT LSTM IR JZ 22 M 2% 52 LA Keras 24 )i ¥ (Francois, 2015)
f#1H] TensorFlow 2.1 (Abadi etal., 2016) SEIL. 55T LSTM M4%, 1% 0L JE3C (Hochreiter
etal., 1997) .

FET LSTM WIZE 4514, ASSCHYHE T 5 IR B2 2 51 4 40 000 245 A58 204 00 1 Thr Uik P38 e A A2 A
(B 1) . HHRBOE 5 REMEHIIREE ), AR R EARMZE T HEEATIR5%, W —4> LS
TM JZHZ e A HU 530 E A 40, 50, -+, 100, HAWEBERM, HIEARANSHESEASL.
N T B RERGE A AR AR AR RS OR, ARG AR 771 22 (MSED AHIE AT
8 MSE RATRE/INATEN, Bk /3 B S & M S MSEI R . LSTM MZ O —Ma Nz, P
NLSTM 2, AR . MASEE A 2 10 MRS SST #dl, Hhss— (=) A LST
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M 27354 70 A F1 50 ML TT, ANk E, 70 AE LSTM Z#E4T Dropout J7iA& ML,
FEMEITLRE CREERD M3 N 02, F— (2D MEEESHIN 40 M1 10 MHETT.
WA ZE RN — DGR, AP O MAR R RN, A0 1A, NERETE
MG SST (id N SSTA) |, TINIS [AANKCRE, AL 10 K, LA AIIGRIIRE AR . 15
BRI E N — A YRR, R AR ARBU AR R AR SR 10 K SSTA BITRAA COhn b Z=75
TEHIEE N SST) -

Xt
Xt+1
Xt-1 X+
. LSTM Cell [l i e 2
Xt-2 .
g LSTM Cell

- e | - (I

LN LSTME(70) EMMLE  LSTME(50) ENE £EER  #EE
(P=0.2) (P=0.2) (40) (10)

Xt+10

1 T LSTM MB RN (X, Xooqy ooy Xpoper FoRILENR SST, Xprq, Xeazs oo Xeg1078
AR 10 K SST; P NIENMALZMZETeRE (AEIERD B, 55 WU A& Z et
MO

Fig.1 Network structure based on LSTM (X X;_1, .., Xi—n41 represents the last n days SST,

Xir1, Xeq2 o Xr 410 Indicates the SST of the next ten days; P is the probability of deactivation
(non-function) of neurons in the regularization layer; The number in each layer is the number of
neurons in each layer)

2.2 ¥R

ARSI A O 9 [ [ SO AR UE B R (NOAA) 55 2 fi 1) H e e 47 L ¥ 2 T i 22
(OISST, version 2) 1/4<Reynolds et al., 2007). OISST [ [F]VE Fl Ay 1981 4E 9 H F] 2022 4F 3

H, 25 A 43k 0.25% AT ITIX SR AE A T4, WHEA 105-10N, 120.0F-28

0E. Hdaftymf [AIE )y 1982 422 2021 4F. [KJy LSTM Fe T8 i AT I 25, 9 1474 UIZRIK

A, 73 [a) LA 2.5 BEE— A A

N TR TR R AR A i 55 SR T g SR BRSO 2R T HadISST1 B3 RHK) Nifp 3.4 54K
(Rayner et al.,2003) K/ RENWE/RBIEE. LR IEDE IE % FE40, 24 Nifp 3.4 500 5K
T 05C/NTF-05CHELLIE R 6 > H L ENAREERFIWT B /R JE v S AT JEREE, {E-0.5°C A1 0.5°C
[E) U A 1E %5 4. Nifp 3.4 FRE0E R X 3% 55-5N Ml 170 W-120W f°F-341 SST =% i+ 515

F|, SST SFoimity s 1981 & 2010 EAE A P E A,
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2.3 R
231 #it
HSLiERE (89.975W, 0.125N) , (169.875W, 0.125N) , Fll (125.125F, 0.125N) =

A BRI GR R TERR I R ARE AR Py PR3 = A0 SST IR TS .
TEHEATURFE 5 I Ul YNERRE AR TIARAE A A% 2 P o IZRRE AR I 2 1982-2010 4R 3
29 [EMBUE, HUERT 0% NIIZEE, J5 10%(E AKAESE, T IRBMEEHMSE . TREK
1 2011-2020 41 H &t (3% 3650 KD BEAT ik, BEREAERTHIHR 10 K, KHIRER S OISS
T PR H B3 AT LA, 75T Bias. RMSE. R DAVPAL Tl 45 4R
AICGEHE T PRk SRR A ERgZES, 8 e RiE (Babs 29518 A

R (WS35 130.125F,179.875W, 139.875W) TR 1% 2= ARk Sk @R H ARk .
2.3.2 BiEurabe
TR R BRI NN R, Joxd J5ian SST i/ L F A, Rk EFETIEREH

I R A — b P . A BRI, R AL RO 25 = 10630 5 I 2R T AR R i)
PERE (Nelsonetal., 1999) o KE#udE IH— AT LUIIPRES B2 T FRR B AU B0 B2, [A) IR I AT LAS vy
BRIKS B2 (Singh and Singh, 20200 o A5t I P 7 41 25 2R 5 06 30 0] ] IR a6 i o 2 2 4 ) F
B3, ASCZAEHPHLL 1982 45 2011 AT HAG R,

WA 2S5 B SSTA Sy NBRLIZRAT I H— A AL B, 250405 Wi 31 [a, b] X
. THE AR

X—Xmin

€y

X =
std Xmax—Xmin

Xscatea = Xsta * (b — a) )
b Xpin~ Xmax NNFFIN B/ MEF IR KAE, av bIVEEE B X 8] 8/ e KIL 5T
B, AXa=0,b=1.
2.4 PEAhTRER
NP B B TR BTG, A SR Bias, RMSE LUK R RHEHAT . IXEEdR RE LT

Bias = SSTA} — SSTA; 3)

2
S (SSTAp ,—SST A}, .
RMSEM =\] ] 1( J M]) (4)

n

Y1 (SSTA;~SSTA)(SSTA}—SSTA’)

R )

- JE’F (SSTA-—SSTA)Z\/Z'-l (ssrlcx’.—ssm’)2
i=1 13 =1 i
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F =3, SSTA; 5SST ALY 5%t REAIMSST ALK FT ot o i A R i (L, SSTASSTA'
)2 B 1~ 358 5 AR 1K P38 . RMSE 327 TRARASE Y o F5141 58 M K I i Xt B2 )
RMSE. AR MLEFEAKL, ASCUIBATR B Ay 3650, SST Ay M TRAR R M R Tt B W

M SSTA{H, SSTA), j?yﬁﬁiﬂﬁ%&%Mﬂﬁﬁo

3 &3

3.1 BATHH]

FEHEAT SST AR, A4 B RAERAG T [A] P4 58 BT, DRI LA 0 S0 P A) S 0 A 28 Y
AT IR . FATENSR I SRS, PRI S5 B 75 B 18] DL SRR 1| 5 285 2R F T it (i) ik
177 IR AT IR AORE 1F R N B 7A RTX3070Ti(8G), i fH¥445 A TensorFlow 2.1 AE
B R LG TN TR FIEAR FHILE T RIS AT HE . BrEmt 7t X 383% 1088 & i, H
HA 20k 258 1055 A, Bl LBl Rl A% 250 33 4. F TR BSUINZR Il 246 3 10854 MFEA, H5
RUMAIE 3650 MREA . BIRLIZRILAE TR 4 /NBE 47 53, PR MFEARIE R 1.57 FP 58 li— IR AY
ZHER . BARIGE R G, X 3650 MEAGEAT TR S IR 1 /8w 42 238, P4
FEARAE D 1.69 0, BP TR AN 752 1.69 APk if DATIHR ARk 10 RARE AR FHEHIX SST A2 1%
Bl Zead BIRSHT, TR R AR AR AT A Y SST AR il H T

® 1R ZRA AN A SR IS AT I 1)

g FEAEL FREAIZ AT ) S IZ AT TR
Pk 1055 10954 1.57 fb 4 /B 4T 4y
MR EE 1055 3650 1.69 f» 1 /NI 42 53

3.2 B TIRETS

2 BIRARTERCFFEAR . L PE=AN R SST PR A A [FFi i R &) RMSE, B il R
H3Gm, RMSE 2P INAES . I RMSE 2 5 RE, il 7R KTV 1 TR SR 4F
FILA RMSE 7, 10 RN/NF 0.5°C, 25 1K1 RMSE /NF 0.3°C; i AR AP 7R il
#, RMSE BUKS 1 RFORZ#Ir 0.45°C o« S5TiikimZL5 & LIES], LSTM Tk 7R K
SEFEARI RONES 1-10 RIGFRm 2229 1E, BETECREG InsRg, . PEE Ul lesoh,
AP oL U R o) 9% R 25 8 T i 4 AR A R 2R R TR Ml 22 - 22 RMSE .

TOARASERLAE AT T ZR BB 1) i Ti4 RMSE Fifi i (] S s ek, 55— R 0.45°C, S5 RA
1.0C. MZF, FERTES. FHH S RMSE K LS, 25 1 KTk RMSE #ik 0.2
5C, F|% 10 K4k RMSE X 0.45°C /Ay, AH rb G 5y x5 ff 22 [ T N 8] 389 o 2 30t A~
A, Hy P ZE — ELBUD, POElRUmZEZ)N-0.01°C, H il AW 2229 9-0.05°C, Bl TR [A]
HhnAREA K.

X TP SST ML SST AHK REMIPURELIT 5, =D RIMWAR .. &K F, il
AT 10 REJAHR REUIYRT 0.6, MHR REENEH 10 RUVEGS, 2908 0.9, PO C R BN
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1R 0.9 FEONES 9 RIIKT 0.6, TIAHS AU R R EONES 1 K[ 0.95 PRI VAR 6 RAILT 0.
6. Ll BUREIIERAGR P, HUGETRA A, e R AR A

(a) RMSE (°C) (b) Bias (°C) (c) R

031 \
0.4 0.9

1.2

1.01
0.34 0.8

0.24
0.7

0.81
0.6 1
0.1

— Pl
— P2
— p3
0.6
0.4
0.0 -

0.5
0.2
123 456 78 910 123 456 7 8 910 123456 78 910
Forecast Lead Time(days) Forecast Lead Time(days) Forecast Lead Time(days)

2 RIF] AR 10 K IR fir st S AS[F] Lead Time ) (a) : RMSE, (b) : Bias, (¢) :R
P1: (125.125,0.125N) , P2: (169.875W, 0.125N) , P3: (89.975W, 0.125N)
Fig.2 The 10-day forecast model constructed at different points corresponds to (a): RMSE, (b): Bias, (¢):
R; P1: (125.125, 0.125<N), P2: (169.875<W, 0.125N), P3: (89.975W, 0.125N)

3.3 Xk

B 3 R T R BAE FRIE AT PE TR KX 35 RMSE A1 Bias. [X 1%, RMSE 71l Bias ‘2 7<)
GERL G A AR — B, RSB TR TR AR I 0, TR A 7R KT o TR R 2 A
N, PEHSTIIRBOR IR L, ZRESTIRRZE R K. 5 1R, RMSE SR 7RI AR KR AR & Y
R, mKAIN06C, SR TAMEES, %K RMSE (0.4C) FJLLEME] 130W, 255
K, RMSE jiid 0.4CHEME] 170, HoAH ol 1.2°C, 5 10 R, AP oM 1.4C, #
i 1.4CHITE R 0.4 CHETE—E. B T 4K P RMSE BUK4, 72 10N, 90W [ffi,
RMSE M55 1 KIF#mt bk, RMSE KT 0.4°C, [ Wik 725K RMSE 38, M5 5 K3
0.8°C, # 10 KiH¥L 1.0°C. 7EFEAFFE, 3 1 KM RMSE M KT 0.2°C, 5 5K RMSE 1 KJF
HARY R, KT 04°C, % 10 K RMSE BEHIE A, JEHY K. RMSE i/ (<0.2°C) (hi 8
fF 5%8-105, 160W-110W HI 5N-10N, 170E-150W, H AR FEEALEE I/ RMSE St B &
.

iz, JRERREFE RMSE KSRPTHR BB M ZG %, % 1 REIHEK
{22 IEGUARIRI S50, FTREY TIWS 556 BEEE I (AN,  7Ril 25 PP 00 22 LA IE A 22 K
¥, WS R B RERE E, 55 RIMMZELE 140W IR 0.2°C, 55 10 K2t

—B VYRS 150 W FIE FS Y o FEARTE AR, H AR, i 22 B TR N (AR —

TREFIE-0.LCLidT, MR ZTEEMSH 4/, ZARK TR MZEL W KT 7N-10N, 140°
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(a) Lead 1 Day (d) Lead 1 Day
10°N

577 V.

d q/' 'A" 00

1 (2
'y, ’ 0
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(f) Lead 10 Day

RS IRy
G -0 ¢ i

LB .0
W ™
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0.0 0.4 0.8 1.2 1.6 2.0 -06 -04 -02 0.0 0.2 0.4 0.6
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3 10 RPURBH R4 (2011-2020 42) XfRiA[H Lead Time (a, b, c: RMSE 74,
#f7: C:od, e, f: Bias /Ml A CO, AR L 5. 10K
Fig.3 The 10-day forecast model forecasts for ten years (2011-2020) corresponding to different Lead
Time (a, b, c: RMSE distribution map, unit: <C; d, e, f: Bias distribution map, unit: <C), corre-
sponding to 1, 5, and 10 days, respectively
KRPEERAR 5 Rty SST FIIAMATAEAAAEM BAF A, X F N 2 BUE R E 7 1)
2. B, TREAFERFE T IRZESAHFR, o TP m B Bk MR
AULER) o RYEAFEPRF R ER B, Reillide (2011-2020 ££) 75 Bt JE 4RI 1, Jo /R JE i
I3, IER S5 345 tHE RMSE 28] 704 (K1 4) o fEAFEFRSHF IS, RMSE %58
DAL E B, WRIDVE IR EAFERFERY, RERDEEORZES . Bk
&, BRI K, IEWEMIRZ, JU/REW R i/ BR%EE KN ZE R TR R Eo In iz
WU, Pk 1R, 3RBIRZE R MG LR ZRNEEAR B, B e i IR R, JE/R
JEVRI IR /N TR 5 ORI, R e R R 22 B v T A AN Y, e AR L JE R e VR
91 RMSE 78— 2B X It 20%; Fidh 10 R, iRz —BHn, ZREME. SimE
<, MBTE/REER, fRfin R ZE R, AR E R, XGRS YRR R,
TR JE BRI U] TIWS FRTE A A AR RS S NsE, 200 SST R &3 (Yu & Liu, 2003) .

M JE/R B BRI 2 16) SST 6 EE/N, TIWS iEEhES (Vialard et al., 2001) .
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