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WE 7 % T i JZ (sea surface temperature, SST) & % " F M A E LW EEE F 2 — 5 H
SSTHW A MM THFEARKK ALZMMAFEXREE, H5H SST FUM F F & F IR M THEHK,
BRETH R ARG ZCETREF A GD U-Net), ¥ SST. i X T & £ 7 ¥ (sea surface height
anomalies, SSHA) L % ¥ % T X (sea surface wind, SSW)1E 4t N & & R Iy # # 7 % 15 SST & B # 1t
BRTMAER, EREEXW, 55 MK E T2 (convolutional long short-term memory, ConvLSTM)# A
b, 3D U-Net # B 42 fir & TN Bt 6] o 34 2% ) 3% B9 4 2, 2039 7 AR IR Z2(RMSE) 4 0.53 °C, B /R
Al * A B (R)EAZ| 0.96, EAEZF fuigi F B X ,3D U-Net # A 3% 3 BN FUNAR £, E
EERNEATH R & EARENEEME, 4, 3D U-Net £ & £ T 2021 4 ¥ ¥ th 3 ¥ # 8 (marine
heatwave, MHW)Z {F B , K ¥ 2 i /B £ 3£ 2] 7 80% LA B, K bW fn 8 B £ 55 h 0.89
0.45, GUR M LIS 4 R K VA, SSHA Fn SSW XL AL oy T M ik A B2 %l , JF & 1 B B9 T4 B B o
RBEHEARWER. & Lk, 46 % FERSIER 3D U-Net 1€ A b 4% He o o 5% 0 FL w9 3 SST,

JF A HM MHW 48R 8T 37 %

K§ER HwEEIRE; 3D U-Net AL, WRE¥3]; i, BAHFRR
PESES P731.31 doi: 10.11693/hyhz20240200032

8 25 T ViR FE (sea surface temperature, SST){fF &
BRI N 2 AR 5 RS R A e 1 A d
&1 2 O E B AYVE A (Namias et al, 1981), i H.
— MG SST A2 A A ) 12 X Bl i S A2 4k, if
FIE T JEL Al DX 3l A= [ 422 10 52 M, A6, 455 0% g E 9 AR 36 7K
S IR A (FEEE AR, 2023; SRS, 2023), R, MER
b SR ST XeF 7 M 000 YA A i = 42 R4 i XV VR S
A A i B HA M LR B A B S, BRI, B TR
FUHAEAE S 2400 3l ) 2 i Ty 2 F | T LABR S
H I SST ATH4A T M B Rk

5 ¥ (South China Sea, SCS) i TV Pl K it 4 14

R E N —A g BT HAA R LT
ERE - KPP B8 v, i ARG 18 Y SST 7 4 R A AR
Ak 93 2 B A AR (0 (Liu et al, 2004), R HMAS:
F14) b, FHL A7 5 R 2 XUV S ), i T P BRI R G 9k B A
(EARBESE, 2019), Xt 3 SST R I & Z2 iy iy
AR AR 1a FT7R). MG ZAE SRS BIE) SST
S I PR Vb B AR R R G 1 o A RRAE 2R IR
— A5 SST A BE B (FMF & 55, 2018) 1 T A b
PRA B A R G AL SST AR b X F XS A
FWFERE ., G, FiE SST A TH i 2 S8 FE R
Sl s, I 52 )l DX R K 1 1 (Vaid er al,
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B1 RETEEYER 2 BRI 04 78 2 ] (a) P D T 354 1496 3R 1D RLBE (SST) 1Y 43 41 (51 (b)
Fig.1 The schematic diagram of the surface circulation (a) and the distribution map of long-term mean SST (b) in the SCS
T KIWPERG SST K /& X k | 38 [ [ 06 7 F KA 45 PR (National Oceanic and Atmospheric Administration, NOAA)%: H fe i (E 1 ¢
i (optimum interpolation SST, OISST)AHE HEATHY , RIS BE A 1982 4F 1 H 1 H Z 2021 4F 12 31 H;A, B, C, D 2 4 MUFEIEXE;
b as LA S AERF ST XSk, o HA A T T i b

2018). IbAh, SST By Tk 2= 5 3 rg il ) 1 Ak I 4
(1) 1 (i A 5 A6, 2022, T 6H 12 X 1) A A o 45 7
AT AR . PRI VR I R VY SST, X IR
N BRSSO LL B P A AR B

H AT, T SST BYF 7 ik F 253 Rt . —2
BTG R, 5 — R 5 TR K 3 i I
Beo BT HUERCAY 7 vk RR NS 30 MERR 1Y BUI SST,
R AR (T 5 T SR A o e, TR IR E T AT
T BRI T 2 1 AT 2R Bl g 2 i AR
(b 4k B4, 2002; Stockdale et al, 2006; Li et al, 2008;
T BAR 4, 2010; ThET45E, 2014; XUHE4E, 2018), 52248
L, SRR IR B 07 RS i AL A
05 1%, B Bl 0 AT SST BT . X 875 1k Eify
H5 LR ] KA AL (Xue et al, 2000) 2644 F1H (Kug et al,
2004) A K 37 5 1) & Ml (support vector machine, SVM)
(Lins et al, 2013)% , ‘B AT 2 ZAKEE Dy s B0 > T
K SST WYZARAL . SRUEEE IR S 5 e b
B H X Ty VR A A i = B AR T B i B R
A ek, E2AR T I h G TR, st R T
BT P B ) B R AR AR AR A RE T, AT
SRS AN N T B vk

Bl N T BEF A 1 PR e Jre S e A s i AN
TR TR B 2% > A5 AT 1 JH o o 4 b AR PR AR 1Y
REJT, TR ER 45 A0 DL R S B 22 45 s Tt 1) B 9 0
BB A8 R (Qi er al, 2022, 2023a, 2023b,
2023c, 2024), Horb, Qi % (2023b)i i Er BT = N
# B (convolutional block attention module, CBAM)F|
A B 4 B #2245 (convolutional neural networks,
CNN)F RS 757 7 5T CBAM-CNN f{ 1 EE VIR 3h
S5 R RO R IR O HLE 0 AT B TR
CNN AR AT [] I 5 7 B B2 I IR Eh 4 A0 A E R % o T
TER VR 22 B 38 o B i > (0 7 ik = 4 il
ik A7 B, e IR L ) R A AT A5 b B8 R S R 1) 2
HVERE(QI er al, 2023¢). TRIE IR R REfS A AL
M B 52 2% AN O 2, o 0 T 1y P 38 ) i, 4%
W 5 45 (2022) 3 1o A1) 4 %6 B 12 42 X 4% (long short-
term memory, LSTM )R A V-V 770k 14 7 s B iE
FPO3AT  JRES7 T — P 24 h Ja 30 1A 2 XU T A AR
B T RO A MERR M . LA LSTM AR I R
1f] =7 J& 57 i (sea surface height anomalies, SSHA) il
(ILERH A, 2021)F1 XU 9] F5000 (i PR A= 55, 2022) 40 sk
[] B 2 B S A I MR RE o R 2 LS (2023) ISR
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T T AN A RS AE 26 ¥ A 191 ) (nonlinear auto-
regressive model with exogenous inputs, NARX) #l £
W28, FEE 1T Bl 2 GE I A 52 Tt AL o) A o 00 i i XL
TR G5 SRR At 00 XU | XU T] LR H iR S5 5 o
RS PN R E A 3 A S o S0 55(2022) 3 i)
& B K # B g 12 (convolutional long short-term
memory, ConvLSTM) 5 A1 # 37 T 4% 1 Ak (1) AU 2 8
HAR AL, R TE G/ 30 25 M TE FAR T S5 DG B
AR OL T, U A A R e 4 A v A b 5 BB AR X
ORI AE R . TR o T AR A T A PR B A T X
fRBLA, e /R e e 5 B 7 Y sh (AR A5, 2021)
B RS T CQI 2 4, 2022)45 75 1, I T E R
W), PR S T IR R A ) R TN S5 ) A AL
P 7E SST U 7 it A 22 Fh IR P 2 > B i 7
TR N RE , H b A 4 B 1) A5 4 4 28 R 45 (back
propagation neural network, BPNN) (Aparna et al,
2018) . CNN 4 % (Liu et al, 2021) L J LSTM £ 7
(ZETEM AR, 2023) 0 g k— 20 SR TSRS IO ) HE B )2
R 22 1) 52 A SR A BRI g B S B AN, Xiao 45(2019)
¥ AdaBoost 7 5 LSTM R RIAHZE 45, 1 T A 16
() SST 5% (SST anomalies, SSTA) i , ik f 4 1o
T A% 5 1) 37 FF W) 4 B (support vector regression,
SVR) & %I #1 BPNN # % . Yang 45 (2018) i & #4
LSTM SEREMEE G, #em 1 SST Bl fKEFE , i%75
BFFEL T Ge ) SVR BTN 5 2 4R 2 M Es &
1 LSTM Jrtk. LAk # Z BRI LSTM A& /Y
Unet-LSTM £ B ik 52 AT LAY R0 H] T H F- 4 SST
) S50, 5 B T 00 JE 2K JE 1 B A (Taylor et al,
2022), A #R AF (2020) K i 2 7 HL 51 OA F
ConvLSTM HEA rp i I T & S LI o R kA5 B 2 I
R, D4 v A5 08 ik ) 3 470 4t ) e 3 R ol g
Ji o 5K T 4 (2022) K CNN 5[] 2 4 26 55T
(gated recurrent unit, GRU)MI4S &, 7853 FH 2 (A1 F A
(R AR Z 18] 1 R 2, 4 1 RN Y IX MR ROR |
M Z R, E a4 (2023) ¥ & & FL (graph
convolution, GC)F1EA {2 S ML ) GRU £ AU AH il
B8 BB NS M S 25 R OC 2R i T L
) 458 55 X 1o 8] 7 97 5040 14 b BRBE g, ATTEE T T SST
T A R . A IR R A S BERLLE SST il b 2
WS T —E By 2, BT XS R T SST Tl 14 BF 5% ik 45
b T H R Z B MO T B i 0 7 v, 20 AN
[F] g Yo 2 ek 1) ) AH LA R i mT e 2 BRATSERY A 4
B SCORN B UK U A 4 (Song et al, 2020; Hao et al,

2023; MK L5, 2023), BT RM, R 245 B
AT BE 1% B B 4 i TN 25 SR . i 4N, Shao 45
QO2NFE T — K £ e & 5 1E A2 PR B BLAT — 44
FUAY LSTM(Conv1D-LSTM)HH 2 & AT FE 2 > A Al
I 2% BB [R A f 22 (8] A DG, {4 F SSHA il SST
B AE Ry B St PR A 3 T R A I AR
Ui RS BRI A, 5238, Miao 55(2023) 115
TR S AT RS T 2 AR S CNN
R A ik 485 A SSTA | KU 3 J2 g i 3 B 1 Ry g A
A, ST SSTA FRHER TN

g5 LTk R R B A S BRIz v I E) SST
T A, , (0 A I X A S AR A R . BRAT
(14 A% 8 30 5 T B — 3l A R — AR TR, 20
TSR] AR R DX R 1 52 A VR A X T REREAR T
BRI IERG P . O T e IR S R, A SCHE T —Fh
$5F 3D U-Net ZEH4 (B8 B 24 > AL | FH - 10000 7 76
() SST. AR B 1EAA WU 2 Ml PR T AR 2
[) P 52 2 D06, I B 25 Rk, DT FiE 6% T 948 Aff bt Tl
IR TRE 1Y) SST,

1 HIEMNTE

1.1 #E

A SC 3 B RG T  1 (105°~122.5°E LA Bz 0°~23°N)
VERBEFE IS (& 1) Ry 1 BB A 5 0 5 40 Jal 7 v
XoF T B 45 SR 77 AR SR, A SO 36 1 4V 4 504 S
Jito ¥ HER AL B i PR R AT TS BRI N . BT
AT B 98 285 S (Shao et al, 2021; Miao et al, 2023),
AR CHEFE T SST . i # 1 K (sea surface wind, SSW) Al
SSHA 1ERAWIFE A5 ASH, F T I B ¥ A4 SST.

ARSCTR B SST Kdfik F NOAA $fib i 5 H
OISST 2.1 A i £ 45 £ (Huang et al, 2021), H:75 ]
OIPERN 0.25°, ZBARERIG T 2 RIEA SST %4
$ig, IF A ] e AR A s ERh TSR T2 T M)
FeALE s . HAE T 198149 H 1 HEASH 4
BRI Y SST %40 (http://apdre.soest.hawaii.edu/dods/
public data/NOAA SST); SSW %d& 2k A F 38 AL 1
% F- 5 (Cross-Calibrated Multi-Platform, CCMP) v2.0
R AR (9 B35 4 (Atlas et al, 2011), £ % 78 fi) X
(eastward SSW, ESSW) Fl Jt 1] JX{ (northward SSW,
NSSW), iif [B] L [l A\ 1987 4 7 A 10 H =4, i8] 4>
PR 6 h, 25 B 43 BEFE R 0.25°, HAT DL https://
Www.remss. com/measurements/ccmp 3% 1 . SSHA %¥
& ok A ¥ E ) CLS /2 # (Collecte Localisation
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Satellites), ¥t B KK B 5 (1 JE 1 v 5 20 355 W5 00 AR 55
(Copernicus Marine and Environmental Monitoring
Service, CMEMSE{IE, 2544 A T 78 55 BRI TE
2 TR A S, 320t T 1993 4E 1 H 1 H
%2022 4F 8 H 4 HIY4EH SSHA #idis , 25 8] 4 Wi R
[ BE R 0.25°, #4015 B UL https://doi. org/10.48670/
moi-00148,

2 8 ) TR 3% T BSCHRE 1T AR B B [R) S R, AR SCaE R
T 1993 451 A 1 H & 2021 48 12 A 31 HAE NMBFF
ARSI . o, 1993 4 1 1 1 H 2 2020 4F 12 J
31 H B EE B TR 25, BEALIEHL 80% Y &4l
FE RN GREE , T 4% 20% FHFHE. #EH 2021 45 1 A
1 HZ 2021 4F 12 A 31 H Z B EERAE R 4E , 2
PEAG RS 5 T e 7 SST 7 I BRI, K 1 7 it
BRI 2, AR ] 73 F R 6 h 1Y) SSW A #
B AL AT H BIE O . B2 BRI T A T A AR )
23 (A 7r HEAE Ty 0.25° (NI HERR 0 1 do RS XA
G TEAHAR UL R 1, TERARYN SRR, A58 X Bl
F14) i b 38 o3 B R B U TS R 2, I PR R R AT T bR
HEAL AL I, e AT

Y 2?:1)(‘
x'= x_sm - n = (1)
zyzl(x’ )

Hodr  x"CEAR LT OB 5 s x R R AR 05 s x %
TN B B I 5 s O FRBIE AU bR 2 5 28 1 A EE R
TR Xy RO SR SR

*1 BEREMXEES

Tab.l Data summary and regional information

PR%E 58
X3 105°~122.5°E, 0°~23°N 213
SST 1993~2021 4 NOAA
SSHA 1993~2021 4 CMEMS SRS HE0.25°

. B R A . d
B SSW (ESSW, NSSW) 1993~2021 4F CCMP

IR [E] L Rl 1993.01.01~2020.12.31
WA R i) Y1 Rl 2021.01.01~2021.12.31

1.2 Ak

ASCHE Y BT 2 IR R T A8 5 1Y 3D U-Net 5
AU 5 7 PR I R VAR R 30 d Y SST. R U-Net
B A Z P B0 AT 55 i A5 2712 N (Ren et al,
2023; Wang et al, 2023), ¥ iH Ronneberger %#(2015)
P2 H Y U-Net 2244 3= 22500 4R 5008 (61 an B8 14

ARFR T2 [ EARAE (O B, 7E i ok 2% 1R 3
e T E%Elﬂaé%ﬁﬂﬁunmﬂ’ﬁmﬂlo PRI, ACHIE 5K
U-Net FAY e 1) 2 45V E S 458 55 2 AR I 1) = 4k
A, Mﬁﬁ*’]LTﬁiﬁHz{ﬁﬁi%«%E SEEGT SST HEfT
T 3D U-Net A o X — U153 128 B g
2SR QUBE s IETJQH“LE’JEL, , [F) -, B 6% 76 ) [i) 44
FE FARBOCH AR B o BLARSR UL, X Fh 4514 1 45
FRUZ T (0 R A B A% 5 /T — J2 () Z2 A B[R] 7 57 AH G
1, DT R O 1) FH 3k 26 i 0] 51 B4R A5 B . TE X
LSRR AR L (v y, 2) (B
A

vz»yz:tanh(biﬁ

DDA D il

Horr, tanh(+ )2 XU E DT RR AL ; by AR S 45 0 FR 1
Elé/ﬂﬁﬁ,le, ARG BRZAE N M 4E 2 0K/ 51 Py
F1O; 43 % L T 45 B 1 1 B2 S8 B2 5w, RN AR
BAENLE (p, g r) AU AE s m AR IEE RS, 8
A AN YERE b AR, 3D U-Net BRI fE S [R]
if 45 BUE0 5 SST . SSW Al SSHA %5 &2 /N5 B (1) FFAiF
78 o Xl 2 4k A v 0y g {45 45 AU A o)
SST i F vhn] LZR-5 7% 18 22 i 1 PR35 72 & [m] 1)
PRFFIX SLAR T AR I A] b Y Se PE A e e PE . X
3D U-Net R — A>T 2L 2, A7 ) 4 e 1 Ay v
B

A SCIEAE ) 3D U-Net #2825 ¥ I 1& 2 ff s o
H T AR 8 A A 1 ) R, ZE R AT 2SR s, A3
W 22 {# FH 77 52 64 d ) SST.SSHA \ESSW il NSSW
B Sk T R 3K 30 d f9 SST. 3D U-Net A6 15 i) 44 i
AR FE 2 (B RS (B 48 B b AT %*u‘zmmsy’ﬁ}léﬁ
PEAS[R) DX I AIAN [] B 1] 174 v 6 A8 15 19 A2 4k, fiff L g
AR A 2 FHOCRRIE Bﬁ)ﬁ,ﬁ@ﬁ%%ﬁ%ﬁ/\ﬁﬁﬁﬁﬁ%%ﬁ
T R R AE AT 2 BRI b SRR S B B i BRI ik
SR 1] G 0 B9 2 ) SR /N B[] RUBE , A oA e B[] B2
(1) SST, NI 5¢ i 1 SST 11780

R T A AL 3D U-Net A B R B, A SCIA L £
T 7T A AT ) ConvLSTM #55 # HE 47 H %5 (1 2).
ConvLSTM #& &I iy Shi 4 (2015) #2 4 , J T % o
LSTM R AUAE S — 4 2s [Alf5 B A 2 o 7
LSTM BRI s 5 B4 AE , ConvLSTM REAS [F] i 2%

ijm V(i—1)m

wpqr x+p y+q)(z+r)) i (2)

SRR IS ) RIS (A AR RE b AORRAE . IR 2 2
G B £ AR S SRS S 2 AT T Yy, 3222
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12 3D U-Net #AIH ConvLSTM A (1 45 44) K Il i i
Fig.2 The structure and training process of the 3D U-Net model and the ConvLSTM model

VE: T RIEE R N X TEARRS B RIS A8 0 3D S RUR H 1807 R R BU I S8 R8T A st X1 %
T ZE A2 S TT AR s AT D AT 53 50 A i — i 220 A 2
AT TR T TAPIRAS s Wy T W pee, D9 4RI A TT AT K b o 2 AT AT i

A 70 Fn ) 435 g R — e A2
I3 AR 2 I 2

SEHEAT i GBI f T o #EHICACERIT C,
R ZOIRAS H, LAY XA R ) E 2 R
it=o’(WXi*Xt+ Whi*H,,1+WCiOC,,1+b-)
fi=0 (Wid*Xi+ Wie*H,_ 1+ Wepo Co_y +by),
Ci=f;oC,_y+i,otanh (W *X,+ Wy *H,_1+b.), (3)
0,=0 (Wi X+ Wio*H; 1+ Weoo Ci+ b, ),
H,=o0,0tanh(C,),
Hrr, o {U3R sigmoid W% pREL, & AT LRKE(E IR 5 31 0
1 EN,* R ABRBIBRIEE A5 o R
RS IR IR, X, FoR NTE ¢ B 200y A Ta) 5, T Wy
Wi Weis Wt s Wiy Weps Wye s Wie s Wyo s Who Fll Weo 5351
SRAVEF T A ) o BSR4 IR S A R 5K
bi be.be Fl by 435 A E M i . H4R ConvLSTM £
RUTEAb 2R s 23 H580s 7 1o B L3 B ARG 3R i Y
3D U-Net ARG AT —Fh B i) 248 w84 ok

ﬂ“ﬁlﬁuﬁl AEbL
i 20 Baetk 2 /) ) A o)

T SST. X b2 FAA Bl T4 7m B A iyt R
A5 T ELBERS Ry e M SST T AL AY (it 3 FH 4 At —
AT T AR A B B

TE TR EE 27 SR AY (R I Sy aok 78 oy AR 2285010 e 4
R REEM ., N THI{R 3D U-Net BLARENE = 250%
HEW LB AT , A SCHAT T — RN S50 DL AL B A 2
B, Wt XSS R A T RERLITR I R S
B E , gk 2 Bis .

T PR ALY R I, A SO T34 U7 AR 1R 22 (root
mean square error, RMSE), % /K #) #H 5¢ £ %% (Pearson
correlation coefficient, R) . X} FR -1 44 %] H 49 kb 12 2
(symmetric mean absolute percentage error, SMAPE)
FU(E 46 X 1% 22 (median absolute error, MedAE) %5 45 B
RV B B T P fE LA R SRR
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Tab.2 The model parameter information

AT S
LRI 124,
ZH:3 2, W% PREL elu,
ConvLSTM ek 2 O 4 FE - [64,64,30], WEN 2% — A,
BRI RN 3, BRI . 1 2k BREL: mse,
ik #$: radam,
Gilnn 243 B, BN 243 2, 3D BRI/ 3, 2232 0.01,
3D U-Net R 2 I 4R FE - [64,128,256], IRV ZREE K1 000 42,
AL/ 2, 3D BRI 1 foff FHARE L GE SR 15 RO A58 1R V11 25)
RMSE = 2, (im5) :
n
" (yvi-¥)(Pi- 7
R — z:: 1 ( ) ( ) , (4)
n \2 n A~ =\ 2
S (=) >0 (5= )
o/ n — .
SMAPE(1,) = 100% | vi—il

n i:1(|yi| + |)3,»D/2’

MedAE(y,7) =median(|y1—)71 Yn=Vn ) ,
Hordr, y, S0 2 (%) SST, 3, FX 3 3D U-Net 45 7 Fit il
f SST, 1T 3 A1 3 43 SAY 2 LI A S~ 247 {2 R 757 00 4
()~ ¥ E ; median 28 7 X AH OC $5 98 2F 17 B 37 25
AbH

2 HR

2.1 3D U-Net #E5 ConvLSTM # A 3tk

S} T VAl 3D U-Net #EAI7E N G ifE SST Jr 1 1Y
T, A S ConvLSTM B A R AT T 3 2 (19 %F
Foo B, B 3 24 T 1E 2021 4R S 3D U-Net
FERUFT ConvLSTM A5 U 7 AN [v] F4i I 8 i Bk (1] ) 750300
PEREI LR 25 R

TE 30 d A9 P B E) N, 3D U-Net £ & FlI
ConvLSTM HAIFE SST FUil J5 T ¥947 AN ) 2 30, #B
BAT B MO (B /N R (BRI 0.9) R A 12 25
(F K RMSE /NT 0.8 °C)(IKl 3).  Fifi 25 T 88 iy miof
()N 1 d BN 30 d, s 0 0 $ 0 2% SR 1 32 B
R {E 321 T M A1l RMSE AR 38 f 28 fb a3 . X%
FUFY ORI R 03000 (L 2 ) P A X 3 A U 55 , T 15 2
Wi 2 T T R] (0 K 0T HE n. BRT, AE A T
AR E] X e b, w2 & B 3D U-Net A5 R 3R 2848
T ConvLSTM &AL | £ 45 T B & (19 R 8 A AR 1Y
RMSE fii., "1 T 3D U-Net £ 8 75 Fil4R B5 it SST J7
AT VB PR A

PERT

3 3D U-Net #8715 ConvLSTM BAIZE A4 SST
T 1 P B 1AL
Fig.3 The comparative performance of 3D U-Net and

ConvLSTM models in predicting SST on the test dataset
TE: ar RHHISC R AL R; b: #7152 RMSE

4 383 Bos E it — 22 /R T 3D U-Net £ 5
ConvLSTM HE BT () SST 5 52 bR WL i SST 22 [
(G 28 o 0 AR VO oA A8 17%) LI035 SR8 3% ¢ B 1 5 00l
{H =z 6] ELA TEAH 64, {5 3D U-Net 1 51 f) RMSE 1%
7 0.53 °C, i ConvLSTM #% %! () RMSE #% & , J
0.68 °C, IHAh,3D U-Net 55U 1) 1l B fin %5 4, 12
7 B R B — 30, R A E] T 0.96, 1 ConvLSTM
B R WISk 0.94, BLAh, HA M GEiTF8 b th R H
FRALA 25 S (3R 3). YR RTES ] 1 d B, 3D U-
Net #8 L L5, H SMAPE Jy 0.83%, #HILZ T,
ConvLSTM A ) SMAPE 4 0.95%. £ MedAE &
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Kl 4 3D U-Net %1 5 ConvLSTM BLRITEI U b0 Y SST 5 S bm WL (A Y B 14 LL A
Fig.4 The comparison of scatter plots between predicted and observed SST in 3D U-Net and ConvLSTM models on the test dataset

Fr75 1 , 3D U-Net £%1(0.18 °C)HE L T ConvLSTM
BEAY(0.21 °C)o fEAT I R0 J2 , B 2 190000 368 17 e ] 4
K2 7,14 F1 30 d, BRI 2E W W4, {H 3D U-Net
PR PTG F8 b0 IR 2R B0 T 4 A PR RE . 45 R A
55 30 d, REFUINAE B 45 2% ™ B A I, 3D U-Net 4%
R ¥) SMAPE F1 MedAE 43| 1.90% #i1 0.44 °C, 1/}
SRAETF ConvLSTM HEAY [ 2.02% F1 0.45 °C (45 5H .
4K, 3D U-Net B EA 47 A ISR

#*3 ConvLSTM F1 3D U-Net #&3) /£ A< [5] 75 B AT A 8]
B SST FUMEE R Ge it HEFRAIXTEE
Tab.3 The comparison of statistical metrics for SST forecast

results of ConvLSTM and 3D U-Net models at
different leading times

" VNN b
TR EATTA ) /d
SMAPE MedAE
1 0.95% 0.21
7 1.53% 0.33
ConvLSTM
14 1.81% 0.40
30 2.02% 0.45
1 0.83% 0.18
7 1.39% 0.31
3D U-Net

14 1.65% 0.37
30 1.90% 0.44

T : SMAPE 7R 0 BR324 00 71 73 LU 18 22 s Med AE R Hi{H
YRR ;s R R B R B R A b
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Fig.5 The prediction results of SST by 3D U-Net model in the SCS during the 2021 monsoon season
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Fig.6 The error in 30-day forecast results of the 3D U-Net model for different seasons
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Tab.4 The prediction statistics for 3D U-Net model at different
leading times in four selected regions
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Fig.7 The comparison of histogram of SST predictions by the 3D U-Net model with observed SST in different regions
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Fig.8 The Gaussian kernel density estimation of prediction errors by 3D U-Net in different regions
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Tab.5 The precision and recall of the 3D U-Net model in
predicting MHW events in the SCS in 2021

o Jahr Kt
VLB 0.89
3D U-Net fi#1
FEAT S 0.45
e 0 R 2SO e T AT K
e TP R MHW %25 FLBUMATR %/, FN #0% MHW %78

K9 3D U-Net BERITIN 2021 4FRIE MHW 05 (7w 5
Fig.9 The accuracy of the 3D U-Net model in predicting the
MHW events in the SCS in 2021

U . TN+ TP . .
i ‘E :%( £ ’%‘A/\J{ jq‘ - TN %% MHW *&ﬁ‘:
s AT A AT g e g TN A8 MH

FRERITRR R KA, TP 3x MHW &4 BBOBITR R & 2, FN 38R
MHW %A iR A& & 4=, FP 3878 MHW K &A1
PRI A A=

J7 T AE— & 1 JR B  ARATS RE AT RICHb 0 13 4 >4 L 3]
) MHW 4, BUATT S, 3D U-Net BAURR T 1ERG I
DI AR G ) TR R L 3 2 FHIZ AR AL REA LA AF X AIK 11
A T R ) MHW 4

R T ¥R GE AN [) i 2% T A i 6 U SST Hi A
MHW {446 0 (%) A X 5Tk, 3% T 3D U-Net B8, A<
SCEAE T — BRIV USRS . B’ 10 B TR E
SCUG I UL B LA . AR — LS AN
AT SST 1E I A8 &, i6 5] A T SSHA Fl1 SSW.,
S TSI BERE T SST A1 SSW RSN TN SST 1 1
WA o RS =4l T SST F1 SSHA. i
Jei o FE SR U 41 S 56 AU T SST A Ry 455 784 11 iy A7
o M 10 il LUK IR, 7456 SST.SSHA il SSW

10 (AN R R g A Gt 2 B ) BURR PR S8 P 45
Fig.10 The results of sensitivity experiments using different
combinations of input variables
T SST F/R G AT  SSHA Fm 42 11 o5 JE 5 5
SSW R M)

AT SST T () 52 55 (55 — A1), 76 45 Tl 41 68 ir B
) 35 5 7R T He i i R R, FRI T R R AR 1Y T
REo AHRL, UM T SST AL (5 DU L) (1) R I e
AL X LR KB, SSHA F1 SSW #£ SST i il
A MHW SR i 2 CEZMEH . s
THSE AR, T LRI TN SST [y
Bz, SSW XHSL AL (1Y 52 e B Sy i 2, 1T I A R AR HE RS
SSHA [ 52 M 3 W 14 5% o FRUBPE SE 30 3R IH L 1% SSHA
H1 SSW AE Sy B iy A AR 1t 0] DL I 2 2 %5 3D U-Net
AU E 00N e v SST 7 I A A e, JF H SSHA A1l
SSW 7£ 5 AU Fi | SST 9 A [5] By Bt & ¥4 45 A [F] 1
fEHS

3 #ie

SST {1t v 2L 1 BB 22880, % Ho it A7 vy b
SUINES S I W S @ LAt A My & LY O N Ea R
SST #EATHUM , A< SCHEH T — 43 T 3D U-Net HE4L
(R 2 AR S 33 5 ConvLSTM AU fit XF 1t 43
Hr,3D U-Net BIRIIHZ R H 347 A B0 Aasc R . 78
1.d #|30d A& FTEE 3D U-Net B4 G162
TE 1R 22 38 02 M S PE DT T IR 2L F ConvLSTM LY |
L) 25 SR A I L A L B 3 o0 A SR B AR
RMSE & 0.53 °C, R N 0.96, X P 4~ 15 ¥r ¥ 1 T
ConvLSTM #E A 0.68 °C F1 0.94. 7£ 2021 4F 75 iff
B2 ST gk MR R A, 3D U-Net #5274 Fii i
SR BRI BN TR 2, BR T HAZ MRS
M B R e . R TN [ Y
o, KRR 22 E P 7E£0.5°C MITE BN, IF H. 2804



5 TS B TR T R

I TR BE ) E AL BRI AIF 5 1093

MTE 0 °C M, FRIABIA AT NSy R . UL
A, T T R AS [) X 8K, A 75 fy 000 415 00300 (i 5L A
BLER) 23 AT RRAE , TR0 358 25 1) v ST A% %% B i Z6 39 76 0 °C
B IIT 52 BT L AE 285 40 A, H: RMSE(R) 4354 0.50 °C
(0.98).0.50 °C (0.97).0.37 °C (0.96)F1 0.36 °C (0.98).
A, 3D U-Net BERITE 2021 4F % 5 1 R 3843 X 38019
MHW =5 FUI0 ) AE R 53R B T 80% , M E A I (4%
T R A0 A 18] 43510 4 0.89 £ 0.45, % H 3D U-Net
AL R A% DL AR 09 T 5 A A 2 e i MHW 55
fF o BURMESC I 25 SR B, Bk T SST 41, SSHA #iI
SSW X5 Ay T e A k3 B I, O AT DA g 1
HERAPE . JU LA S A S B B, SSW X SST il
A R T R TN S 1 (4 3 i, SSHA (1 %
B

B2 RSO A EE T 3D U-Net HESR AOTR i 27
MMERYAE RS SST By Tl vp B R AF i 80, 3 H.n]
PIAE R MHW 44 FU i 09877775 . 3D U-Net ALY
PR SAAE T I A5 4 7 5, Re b8 L e 4R B2 VR 1 A8 St 1Y)
FRAEAR B, B T IR A0 B () ZE 22, [m] s B 580
o2 BB T AR i 2 [ AR BAE A . SR 1R R BE 9K 5
MR HAFAE — W R R, L2 AE SST Ml MHW
FEOER T AT R AZ B TE Sh 1 F A 2 R R
Wi, BEAh, BV SST A AR Ak 32 HoAth A 558 K 25 5,
AR RS RN S 2k B 55, DA S5 A SR A A
HAEH . B, R BBEFE AT DL RN T 20 AR
S, (T FH SR PRIV SR T P ¥ ST, X ANUA By
FRR  EA Y B X, A BT A AL SST
) 8 A8 B, DT 4 T X6 SST AT MHW 13 114 4%
Wz

& £ x o

Thk, EEAE TS, ZE4, 2002. A8 SR I KO R 1k A v 2 1 g
AR N ABRFSE[D]. TR AR, 24(5): 1-7.
TR, Tk, SERIRE, 45, 2019, R PR 2 8 Sk R 5 AR BL
TIRFFEHERIT]. T ERE: HIERRIE, 49(12): 1919-1932.
FuRts, A, FIE, 4, 2023, @A ISR E HHLHE GRU
VAR 170 9L 3 T AR Y [J]. ¥R RL 2%, 1-18(2023-09-23). http://
kns.cnki.net/kcms/detail/37.1151.P.20230922.1230.004.html

XMR, AR R, ARHBR, 25, 2022, REE 27 ) 76 B EE R T TR
oY AT [I]. KA, 46(3): 590-598.

XU, T/, RERZE, 45, 2018. — T MOM 2RI RN
AL TR R GE[]. W VEE R, 37(2): 139-148.

TLERE, A PF, S A, 45 2021, FET LSTM (135 2 I i )i 5
BT [T AR T TR, 41(2): 97-99.

IMEE, TR, R 45, 2018, E R LA, SST 125

O3 A FASACRFAE A3 HT ). MRl 22 R, 36(3): 402-411.

FhAEE, B, W AF, 20230 BT A R RO I s B ) TR
JE A 2 00 2% ¥ T I REE TR S BY 9], e R PR R, 42(6):
944-954.

52, FhEA, T ZEM, 25, 2022, JTF LSTM Ky 745 i Je 3]
DI TET]. WEEFERE, 46(11): 55-66.

Zevaint, E R, 2555, 45, 2023, JF TR0 A LSTM Hi22
%) 25 (14 T T IR AR U (D). ¥ PR TR, 40(2): 1-10.

LSS, SRR, 2R, 45, 2010, H [ S 4030 v Jak 1 UL 7%
BHAIRIR ], PR TE R A2, 40(9): 1-7.

REL, 6, B, %, 2014, LT POMges #L= i [E1 S 48 ik
T 3ol = IR R U S TR U TR 1 R 96 43 BT[], T
i, 33(1): 45-55.

P, B IR, 2023, A g I B e 4 B RN 7 R
R 9 H REK S i L R B2 m 0], E RS HBsk R, 53
(3): 598-612.

KTk, §HAE, 2022, BT ConvGRU TR JE 2 > I 4% 48 (1 1A ¢
T L TN [J]. HCIEFE K224, 37(3): 531-538.

Bl Ao, BRIE AR, A7), %5, 2022, 1985-2019 4F R ifFi¢ 5 St Hb
Tk DX AR g i 28 AR A BIE 5T 20 A (0. T 4 4R, 44(11):
179-190.

HDCAE, PRI, Amdnbh, 45, 2022, KA IBRCIZ 2 M 4516 ]
IR TR P R[], o DR R 2241, 52(9): 10-19.

JEAR, BEBIGE, Bk, %, 2021, BT LSTM ¥R 2% > B ENSO
TN e FCA 2 AR B AT AT ST [J]. AL R 22 i (A AR B
Jii), 57(6): 1071-1078.

Bz, IR TTIE, i, 4, 2023, FEF NARX #2845 1 B R
T FE ARSI, EPETRIR, 40(3): 11-18.

gk, PO, REE, 45, 2020. G55 TR T HLE] Y DX i 2 T
JE TR 2 (0], MR A, 39(2): 191-199.

hSCms, 4RI, AW, 2022, T ConvLSTM HL#E 2 > iR
T MERARMI T[], KRB FR, 45(5): 674-687.

TR, BIYOR, Bk, 4, 2023, 4 7 AT A AR [X 16 3% 1R
SO0 LU AR 2 B W o AR ) T BE B2 I (D). b I R
R, 53(1): 18-31.

APARNA S G, D’ SOUZA S, ARJUN N B, 2018. Prediction of
daily sea surface temperature using artificial neural
networks [J]. International Journal of Remote Sensing, 39
(12): 4214-4231.

ATLAS R, HOFFMAN R N, ARDIZZONE J, et al, 2011. A
cross-calibrated, multiplatform ocean surface wind velocity
product for meteorological and oceanographic applications
[J]. Bulletin of the American Meteorological Society, 92(2):
157-174.

HAO P, LI S, SONG J B, et al, 2023. Prediction of sea surface
temperature in the South China Sea based on deep learning
[J]. Remote Sensing, 15(6): 1656.

HOBDAY A J, ALEXANDER L V, PERKINS S E, et al, 2016. A
hierarchical approach to defining marine heatwaves [J].
Progress in oceanography, 141: 227-238.

HUANG B Y, LIU CY, BANZON V, ef al, 2021. Improvements
of the daily optimum interpolation sea surface temperature



1094 [T E

o 55 %

(DOISST) version 2.1 [J]. Journal of Climate, 34(8): 2923-
2939.

KUGJ S, KANG IS, LEE ] Y, et al, 2004. A statistical approach
to Indian Ocean sea surface temperature prediction using a
dynamical ENSO prediction [J]. Geophysical Research
Letters, 31(9): L09212.

LIW, XIEY H, HE Z J, et al, 2008. Application of the multigrid
data assimilation scheme to the China Seas’ temperature
forecast [J]. Journal of Atmospheric and Oceanic
Technology, 25(11): 2106-2116.

LINS I D, ARAUJO M, MOURA M D C, et al, 2013. Prediction
of sea surface temperature in the tropical Atlantic by
support vector machines [J]. Computational Statistics &
Data Analysis, 61: 187-198.

LIU J, TANG Y M, WU Y L, et al, 2021. Forecasting the Indian
Ocean Dipole with deep learning techniques [J].
Geophysical Research Letters, 48(20): €2021GL094407.

LIU Q Y, JIANG X, XIE S P, et al, 2004. A gap in the Indo-
Pacific warm pool over the South China Sea in boreal
winter: Seasonal development and interannual variability
[J]. Journal of Geophysical Research: Oceans, 109(C7):
C07012.

MIAO Y L, ZHANG C C, ZHANG X F, et al, 2023. A
multivariable convolutional neural network for forecasting
synoptic-scale sea surface temperature anomalies in the
South China Sea [J]. Weather and Forecasting, 38(6):
849-863.

NAMIAS J, CAYAN D R, 1981. Large-scale air-sea interactions
and short-period climatic fluctuations [J]. Science, 214
(4523): 869-876.

QI JF, LIU C Y, CHI J W, et al, 2022. An ensemble-based
machine learning model for estimation of subsurface
thermal structure in the South China Sea [J]. Remote
Sensing, 14(13): 3207.

QI J F, QU T D, YIN B S, 2023a. Meta-learning-based
estimation of the barrier layer thickness in the tropical

Ocean [J1.
Communications, 5(9): 091005.

QI J F, SUN G M, XIE B W, et al, 2024. Deep learning to
estimate ocean subsurface salinity structure in the Indian

Indian Environmental Research

Ocean using satellite observations [J]. Journal of
Oceanology and Limnology, 42(2): 377-389.

QIJF, XIE BW, LID L, et al, 2023b. Estimating thermohaline
structures in the tropical Indian Ocean from surface
parameters using an improved CNN model [J]. Frontiers in
Marine Science, 10: 1181182.

QI J F, ZHANG L L, YIN B S, et al, 2023c. Advancing ocean
subsurface thermal structure estimation in the Pacific

Ocean: A multi-model ensemble machine learning approach

[J]. Dynamics of Atmospheres and Oceans, 104: 101403.

REN Y B, LI X F, 2023. Predicting the daily sea ice
concentration on a sub-seasonal scale of the pan-arctic
during the melting season by a deep learning model [J].
IEEE Transactions on Geoscience and Remote Sensing, 61:
4301315.

RONNEBERGER O, FISCHER P, BROX T, 2015. U-net:
Convolutional networks for biomedical image segmentation
[C]// Proceedings of the Medical Image Computing and
Computer-Assisted Intervention-MICCAI 2015. Munich:
Springer: 234-241.

SHAO Q, LI W, HAN G J, et al, 2021. A deep learning model for
forecasting sea surface height anomalies and temperatures
in the South China Sea [J]. Journal of Geophysical
Research: Oceans, 126(7): e2021JC017515.

SHI X J, CHEN Z R, WANG H, et al, 2015. Convolutional
LSTM network: A machine learning approach for
precipitation nowcasting [C]// Proceedings of the 28th
International Conference on Neural Information Processing
Systems. Cambridge: MIT Press: 820-810.

SONG T, JIANG J Y, LI W, et al, 2020. A deep learning method
with merged LSTM neural networks for SSHA prediction
[J]. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 13: 2853-2860.

STOCKDALE T N, BALMASEDA M A, VIDARD A, 2006.
Tropical Atlantic SST prediction with coupled ocean-
atmosphere GCMs [J]. Journal of Climate, 19(23): 6047-
6061.

TAYLOR J, FENG M, 2022. A deep learning model for
forecasting global monthly mean sea surface temperature
anomalies [J]. Frontiers in Climate, 4: 932932.

VAID B H, PREETHI B, KRIPALANI R H, 2018. The
asymmetric influence of the South China Sea biweekly SST
on the abnormal Indian monsoon rainfall of 2002 [J]. Pure
and Applied Geophysics, 175(12): 4625-4642.

WANG Y H, YUAN X J, REN Y B, et al, 2023. Subseasonal
prediction of regional Antarctic sea ice by a deep learning
model [J]. Geophysical 50(17):
€2023GL104347.

XIAO CJ, CHEN N C, HU C L, et al, 2019. Short and mid-term
sea surface temperature prediction using time-series satellite
data and LSTM-AdaBoost combination approach [J].
Remote Sensing of Environment, 233: 111358.

XUE Y, LEETMAA A, 2000. Forecasts of tropical Pacific SST
and sea level using a Markov model [J]. Geophysical
Research Letters, 27(17): 2701-2704.

YANG Y T, DONG J Y, SUN X, et al, 2018. A CFCC-LSTM
model for sea surface temperature prediction [J]. IEEE
Geoscience and Remote Sensing Letters, 15(2): 207-211.

Research  Letters,



5 TR 25 BT RE 2~ f P AU AR B P REAL 5 1095

INTELLIGENT PREDICTION OF SEA SURFACE TEMPERATURE IN THE SOUTH
CHINA SEA BASED ON DEEP LEARNING

XIE Bo-Wen"®, ZHANG Cong®>, YANG Shu-Guo', FENG Zhong-Kun"?, SUN Gui-Min®*

(1. School of Mathematics and Physics, Qingdao University of Science and Technology, Qingdao 266061, China; 2. Marine Science
Research Institute of Shandong Province, Qingdao 266104, China; 3. Key Laboratory of Ocean Circulation and Waves,
Institute of Oceanology, Chinese Academy of Sciences, Qingdao 266071, China,
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Abstract Sea surface temperature (SST) is one of the crucial factors affecting ocean and climate change, and
accurately predicting SST variations is vital for marine ecological environments, meteorology, and navigation. Traditional
SST prediction methods typically rely on numerical models, which have high computational costs. A rapid and intelligent
forecasting model for SST in the South China Sea (SCS) is developed based on a deep learning model (3D U-Net), using
SST, sea surface height anomalies (SSHA), and sea surface wind (SSW) as input variables. Results indicate that compared
to the convolutional long short-term memory (ConvLSTM) model, the 3D U-Net model shows higher accuracy across all
prediction times, with a root mean square error (RMSE) of 0.53 °C and a Pearson correlation coefficient (R) of 0.96. In
various seasons and regions of the SCS, the 3D U-Net model exhibits consistently smaller prediction errors and maintains
robust performance during monsoon seasons. Moreover, in predicting marine heatwave (MHW) events in the SCS in 2021,
the model achieves over 80% accuracy in most sea areas. The overall precision and recall rates are 0.89 and 0.45
respectively. Sensitivity experiments reveal that SSHA and SSW significantly influence the model’s predictive
performance, playing different roles at various forecasting stages. Therefore, the 3D U-Net model, combined with multi-
source sea surface data, can predict SST in the SCS quickly and precisely, offering a new method for predicting MHW
events.

Key words sea surface temperature; 3D U-Net model; deep learning; South China Sea; marine heatwave



