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A review of data-driven methods for predicting sea surface temperature
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Abstract: Sea surface temperature (SST) is a key variable that characterizes the thermal state of the ocean and reflects
global climate change. Accurate prediction of SST is a fundamental cornerstone for numerous critical applications, includ-
ing marine weather and climate forecasting, the sustainable assessment of fishery resources, the protection of marine eco-
systems, and the socioeconomic development of coastal regions. As a result, SST prediction becomes a focal point of
research in oceanography and atmospheric science. Currently, SST prediction methodologies are predominantly categorized
into two paradigms: numerical and data-driven models. Numerical models, grounded in the fundamental principles of fluid
dynamics and thermodynamics, solve complex partial differential equations with specified initial and boundary conditions
to generate forecasts. They offer distinct advantages such as clear physical interpretability and the ability to reveal underly-

ing oceanic processes, yet their performance is highly dependent on the accuracy of initial and boundary settings and
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imposes substantial demands on computational resources. By contrast, data-driven methods have emerged as a core techni-
cal pathway to enhance prediction accuracy. By leveraging statistical modeling and machine learning algorithms, they auto-
matically extract spatiotemporal patterns and evolutionary laws of the marine environment from massive volumes of histori-

cal and real-time observational data. Requiring minimal prior physical knowledge, these methods excel at capturing intri-

cate nonlinear relationships between oceanic variables, demonstrating remarkable flexibility and efficiency particularly
in short-to-medium-term forecasts (approximately 1-30 days) and regional-scale studies. With the rapid advancement of
data acquisition technologies, including satellite remote sensing, buoy observations, and reanalysis techniques, the qual-
ity (e. g. , precision and spatiotemporal continuity) and coverage of SST-related data have been significantly improved, lay-
ing a solid foundation for the development of sophisticated data-driven models. This paper presents a comprehensive and
systematic review of data-driven SST prediction methods. An integrated research framework is constructed to synthesize
state-of-the-art progress in the field. The analysis begins by clarifying the core characteristics and physical mechanisms of
numerical and data-driven methods. Through detailed comparative analysis, this study highlights the unique advantages of
data-driven approaches. These methods excel at capturing complex nonlinear relationships and adapting to diverse regional
characteristics. At the same time, this review acknowledges the complementary value of numerical models. These models
remain essential for long-term climate simulations and physical process interpretation. This study then follows a clear tech-
nical evolution trajectory. It covers the transition from statistical models and traditional machine learning to shallow neural
networks and deep learning. Early research focused on statistical models such as canonical correlation analysis and autore-
gressive integrated moving average model (ARIMA ). These models provided foundational contributions to SST anomaly and
El Nifio-southern oscillation (ENSO) prediction. Traditional machine learning models, including support vector regression
and random forest, are also analyzed. This review explores their ability to handle nonlinear marine processes through fea-
ture engineering and hyperparameter optimization. The evolution continues into shallow neural networks like artificial neu-
ral network and adaptive neuro-fuzzy inference system. These models mine potential correlations between various marine
environmental factors. They distinguish between single- and multi-factor synergetic frameworks to improve accuracy. Cur-
rently, deep learning represents the cutting edge of data-driven research. This review covers temporal sequence models
such as long short-term memory (LSTM) , gated recurrent unit(GRU) , and temporal convolutional network (TCN). Tt also
examines spatiotemporal fusion models like ConvLSTM and vision transformers. Special attention is paid to emerging large
marine models, including WenHai, FengWu, and XiHe. These models integrate deep oceanographic domain knowledge
into their architectures. They have achieved breakthroughs in high-resolution (= 3 km) and long-horizon forecasting. Fur-
thermore, they effectively preserve fine-scale oceanic structures such as eddies and fronts. Beyond model architectures,
this study conducts an in-depth analysis of multisource datasets. These datasets include in-situ observations from array for
real-time geostrophic oceanography (ARGO) buoys and satellite remote sensing data like NOAA’ s optimum interpolation
sea surface temperature (OISST). This study also incorporates reanalysis data such as ERA5 and CMIP6 model simula-
tions. These sources are compared on the basis of their spatiotemporal resolution and reliability. This review discusses how
data quality and scale directly affect model performance. Through case studies in regions like the tropical Pacific and Chi-
nese coastal waters, it evaluates model adaptability. This evaluation provides practical guidance for data-model matching
in specific scenarios. For instance, remote sensing data isare highly suitable for regional field prediction using spatiotempo-
ral models. By contrast, reanalysis data offer critical support for long-term climate trend analysis. This study further identi-
fies the core challenges facing this research field. The most significant obstacle is the lack of model interpretability. Deep
learning architectures often function as “black boxes”, which limits their scientific credibility. To address this limitation,
this review proposes three promising solutions. First, it advocates for physics-informed machine learning to embed oceanic
equations into loss functions. Second, it discusses inherently interpretable architectures like the Kolmogorov-Arnold net-
work. Third, it explores post-hoc explanation methods such as shapley additive explanations (SHAP) and partial depen-
dence plots (PDP). Large marine models also enhance interpretability by mapping latent variables to known physical
modes, including patterns like the Pacific decadal oscillation. Another key challenge is the scale adaptation of multisource
data. Datasets often exhibit inconsistencies in spatial resolution and temporal frequency. These inconsistencies lead to fea-

ture misalignment and reduced model generalization. This study advocates for a two-stage strategy to solve this issue. The
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first stage involves preprocessing steps like hierarchical data fusion to unify scales. The second stage emphasizes multireso-

lution feature learning during training. This approach helps the model exploit hierarchical information and compensate for

data loss. Finally, this paper outlines future development directions for the global community. One primary goal is to

expand to three-dimensional subsurface temperature structure modeling. This shift is necessary to capture vertical energy

exchange processes. This review also emphasizes advancing interannual to decadal prediction capabilities. It suggests fur-

ther integrating physical constraints to enhance model robustness. Ultimately, data-driven methods will play an increas-

ingly pivotal role in advancing prediction accuracy. This comprehensive system serves as a systematic reference for

research and technological innovation. It contributes to international collaboration in oceanography and climate science.
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Table 1 Relevant terms: Chinese-English comparison
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Table 2 Classification of marine numerical models
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Table 3 Classification and distinguishing criteria of data-driven SST prediction models
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Ropelewski (1992) 4 CCA 5 R [ FH 78 X #4H7 K F- 7
AV 2 3 DX Y 3 A4S 1 - 247 78 dlt A 93000 [ it -, 552
B 45 SRR W CCA BEAY 1) T S8R e T 22 i i) H (e
BOHY I H A v BT s AR08 22, T30 %) TR 1
kR o AEILIER [, Barnston Al Smith (1996) X JF

Ji& 1 — T L vt ik TN Al R B K A 05, 3 A )
T 5 ) T 14 R 53 B, A IR TSR vk B AT
SEVE . CCATE S IR A 0 5 T AL AR B 1 Ptk
P4 (Colman Fil Davey, 2003 ; Collins 4§ , 2004 ; Repelli
F1 Nobre, 2004) . Landman Fl Mason (2001) ¥ CCA
FHF X 4Bk SST B T30 , DL 2 /i JLAS A #9724 SST
TR A~ Y SST, X ENSO & JR B Bt , 4 15l $2 iy
BB — AT, CCA Jr i i I £ 1 @ & T
FFLE 55 7 o Colman Fl Davey (2003 ) 45 & CCA |
] FL5 22 7 35 AN AR [0l 19 3 Bh Ge it 5 3% Xt SSTA it
177 W0, W 5¢ 3% B 20 5 A Y T S8 R T B — A
R, H CCA R 5% . Repelli fil Nobre (2004 ) i
1 2856 1 32 PREX (empirical orthogonal function, EOF)
X PO AL o e B AT O3 A, P T CCA SR U Ao
Apt, T OB K DU SSTA . %5 A 1E AR K
SR RRH DR D P DX N 2 T 3~ 4 H I B
RVG TR S 8, O AL P e A J0 2R 22/ T
0.5 °C, M RPGTERYBIMIRZEZY N 1 °Co FEA R B
TINS5 R0 THp AL 45 2R | 1 5% B S RLAR 5C
Gt vk I TR

TSA J&—Fh ] I Py st WL S vh 728 2 B ][] 28
AL AT A 5 S0 A G it J ik o A SST #i il
B IE S S M T TR TR 81 B P VAR PR
A B AR S A RRAIE , 220 i G ) s A8 R, FH AT
AR AR AR o FESEPRI T AL GE R GE T 1
B[] 7 41 A A 40 35 ] AR 7Y (autoregressive
model, AR) % 3Jj °F- ] 1 &I (moving average model,
MA) . B 813 % 3 °F- ¥ 52 8 (autoregressive moving
average model, ARMA) LA}z [ [l 255 %% 50 1 $4 45

Y (autoregressive integrated moving average model,

ARIMA ) %5 33X BUAETH 25 40 A0 X ] B0 TR
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Table 4 Common SST datasets and their characteristics

BLAE 24 P PRI SST AR % 42 R[] 43 32 Z3 [R5
CORA v2.0 Jk—IERE  FEA0 T SST 7™ il
e AT L | e s e L 3/PET oy
PRI €/ LN HP VR SST hr kA Al 4 %\Hi 9 km(%y 0.08°) |3 s 2%
T BEE : https://mds.nmdis.org.cn/
R 2 Bk S BB LICOM3.0 223 B F L SST 7 i e R bR 0.02°,
e e HAb s 0.1°
T #BEFE  htps://earthlab-data.iap.ac.cn/
5 0 B 4 — T PR T A BRI 22 IR IR SST fil 7™ i A 01 01"
7% B .17 %x0.
el T AL  hups://www.fio.org.cn/
OISST
NOAA TR H 0.25° x 0.25°
https://www.ncei.noaa.gov/products/optimum-interpolation-sst
ERAS MR IR il
ECMWF UNDES 0.25° x 0.25°
T EBEE  https://eds.climate.copernicus.eu/
DX 38855 43 B SST 43 # 7 i T o o
CMEMS . g PHERTH0.125" X 0,125,
£3k0.25° x0.25
T EEFH  https://marine.copernicus.eu/
CMIP6 217 St I A DU 4 4 iy
WCRP HRE/ 0.25°~1°
ARE
T E4E 4%  https://esgf-node.llnl.gov/esg-search/
ARGO FZH5 SST ML BT}
PR ARGO Tl Jp A2 10 R/AR 100~300 km [ 4%
T EREEE : https://argo.ucsd.edu/data/
OSTIA 425K SST 5K T4 il
UK Met Office R H 1/20°(#5 km)

https://ghrsst-pp.metoffice.gov.uk/ostia-website/index.html

TR A AR . T
PEEA LR BT AR i, AR Ab o Rl A h
G2, DR VAR 1) R B A A A D SR 3 B R Y
(IPCC,2007) , B5f 8] 75 4 J7 2 76 00 e 2 F2 e HLF
SLARAV IR RRAE I R R4

TSAFER R R FH e, B 1819 5 Ze v i ) 5 41
BRIt i B T B 5K E 52 (1992) F A B 1511377
FESCIL T 3% H R A ST, S SST A2 it Tl $2 4t
TR, BiJG , ARMA 5 ARIMA 2525 i 2 P 5
T3z F T DX ) Vg Sl T A 5, SRR A1
o MR iR . Bil4n, Shirvani 258 A (2015) X i
v SST HEA T A4, 25 5 /s ARIMA BRI BB IS A5 4%
T SR AR IR AR fb i 34 5 Salles 25 A (2016) ZEHHE K

PHAEWFE Pt — 2P B0 T ARIMA R0 75 g 30 0
T T BERLIEE S AT v . X — I BERgiIF e %
A AR A IR ) RS ) 9 R A2 A A S A
G PE T BRI A T R T A AL

BEAE DT 5T AR AR e 1) Uk R G0 2 2R 8
VAESRRST SR CR TRIE R NAN S e 25 B2 4 d i)
() > %) #55 HY 3 W 6 51 A o ] 40, Xue F1 Leetmaa
(2000) | ] By JR AT Fe A5 R AL 12 SST AR S 46 B 3 #2
ST HRAT R P SSTAE 9 N A RUBE I 1 v 8 3
5 Hall %5 A (2001) $2 P15 682 F [T (logis-
tic smooth transition autoregressive, LSTAR) , H T ZI|
] JE IR JE i 5 8 A 1 JE ST AR MR 4R AE 5 Ubilava il
Helmers (2013) i/t — P 3£ F STAR BBt T SSTA
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T , 2 B A S 30 0 e B S rh O TR A A
X — I A BIFTE A B 1 [ PP 97 7 ik A g
A LI 5 708 B RSB0 v ) 40 5 AR RS A SST I
[E1DS 71 v e R 2 1 [ S i 12 VT T 2

PEABT B BE W50 i — 2D R ) 22 PR
il G5 gt mHAE S p A A . i, Kug 55 A
(2004 )18 1 4545 B[R VE-5 R T Il O i I G 28
BOE AL R M T LT 2 U5 B R 2 ] )45
A, 25 R TE T SST 1 I A% i 5 Laepple #1 Jewson
(2007 ) ) FH [ YRS 28 ol By 4 12 A5 R PG 32 118 SST 722
ACHFAE , A T8 I B A B 28 B 2 00 T 2 s A e
AR5 PR A N (2010) K5 2256 1E 52 B % L F [l
A AL 5 Kalman I8P AL &, i — 201558 T SST Hil
DA Bl AR E PE I BERT ) SR RE T o X — B Be iy ot
S Z G 5G5S 80A TR
il , R Jm Sl AR 27~ T ki R R B E T B 9K Bl i)
Fei

X5 58 i CCA R TSA PIZEHEEA , A RO X
T SST R AR LM RSB e 1, B v 1 S0 g v
BAPE RN AT SE . ok SR AIF 5 Y B8 SCHE A B RV AR 2
SN A IEE SR E 2
2.3 HEEFELEERENERNRFEIRER

SST A T 75 2 [] A ] b 2 25 Pk AR, i
JE FH T AR 1A B 9 52 A AR MR AR L) SV
R G B 8 B AN E M (Corchado FT Fyfe, 1999
de Paz 55 ,2012) o &8 050 R8T AE 0] 5o
PRS2 3 Jmy BR L 33X 207 vk T MRS 22 0 0 , e
DL 8 K RUBE | &2 2% M 58 %) T 3 7] 25 ( Corchado Fl
Aiken, 2002) . Bl % 1155 68 J1 A9 48 T, Bl AR 7 >
(machine learning, ML)YE M N TR HE Ry B 24 238
Wi I SST U5, JF e 3t B 19 102 17 g o
By > J8 e AR iy s el v A 8l ) v A AL
ARG R M A S Yy R, DA AE
UEXT AT A R G AT B S T . B T AR S AR 1A
15 Ml (support vector machine, SVM) . Fifi /L & K (ran-
dom forest, RF) Fll # & #& F+ #f (gradient boosting
machine, GBM) 58 Z Fp FILHESE . 5% G0 MR (E AR
AR, BLAS 57 2 T I A BE S AR AT AH 24 4 (4 T
PERE , [A] IR TS RCR Az AL se 0y Bl B L3
(3RS, 2021 ; Wolff 55 ,2020)

TEAR AL % > Ty ik, SVM M 1y e e A 52
¥ 18] & [7] 15 (support vector regression, SVR) 7E E £k

P AR A B SRy 5 (Aguilar-Martinez 1 Hsieh,
2009; Imani 55 ,2014) . Lins 5% A (2013) B T K
PV PIRATA 47 19 SSTA %8s, FI FH SVM JF43 1) %
PGB R 5 i3 3 R AR A TAR BE T . 45
R, AR T TR B2 Dy T WA T R kR
H S RPRIE, T 52 22 SRR N G450 7 43 L
1% 2% (mean absolute percentage error, MAPE)< 2% ,°F-
14746 X5 152 2% (mean absolute error, MAE) < 0.37 °C) .
Jiang 35 N (2018) JUPKE £ B2 | 28 B FUK TR0 B 2
25 G 31 A L 05 4072 90 36 7 2% (radial basis
function, RBF #%) B SVR , it i T T3 A 2 ) A2
55 SST I PP RFAE K5 A 42 P 25 40 Bl S 30 2 24 2 [i) LA
SE AU, S BRI & R AT DI 55 23 B 48 SST
Sy, 7R 1 207 A IX S A A R

BRE— 7RO, Rl G GET o i 5 Pl 2 > R
B B TE S T IO RE Ty R IS . 0, Li
5 N (2017) #2139 CEEMD-SVM A5 | 3 i 44
B A KRS (complete ensemble empirical mode
decomposition, CEEMD) X SST 15 5 #1714 i $2 L 5
WA, FEE S SVM AT IO, 838 G T AR JERF
TF SST A FHRKS o 2R s , B AL il 5 R RE 2
THISIN 25 R R E P, oA B T o I B — R AL A
AR IR e A A T A

IS Y FIUIN RS B2 AN g A2 HEXT SST 3R A
RE A G, W2 B S EY . A5 A (2020)
Pt T — BT[] e A7) AR R 0% T 2 T R
T il 757 3% (dynamic time warping + SVM + LSPSO
(local learch particle swarm optimization) ,DSL) , H#
PRHESRIN IR 3 7R o %050k B SE A T 3 25 ik 1) 1L
(dynamic time warping, DTW ) M\ JJ7 52 24 v 42 38 5
M EHEAE T8, LB S R 52K
B, I 2 i & A A AL 2K LE e 91 A8 A SVM 5
DRy A 5 LUK, 5 I ABE T Rl 8 = ek ik 11
PEAIATE: (LSPSO ) o A X0 A 4 JE A TR] o 20 4 5
SEZROIEAT AU E ARG AL, 7 R UE TITIRS B2 A [a] i R
TR THE T RCR s B UL E S 800 & N T
DSLAEHY XA 5 K1 SSTHEATHUM . SEam s ik
B, 1207 1 IO P e 2 A0 TR A A i KRS
‘TZM?%(long short-term memory, LSTM),

SR AZ G bl 57 2 AR W X T Vo 7
MAELEPERAAE I R B — g fL . il , SVM BEf%
L 5 J A S A — i 1 B O R TR 5 AL DU A
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LSPSO
JH LSPSO
ik PL FI 1S
N

@SRRI, — S—
TSRS R SST g

U

A 4
92
<
<

QARMEIE i !

DTW #HEs 1

> DTW g 2

OIS, A4
1 ANSEREF -
BRAFLE Tuples
—

DTW FEES n

| |
| |
| |
| |
| |
| |
| |
! SST 591 '
| V/\/JV o [ERAK ]| |
| w |
| |
| |
| |
| |
| |
| |
| |
| |

=

ORI FOELAIG

IMEREEHEITIN, BRHEAT

- IURE T ) FEIAS A

HE

B3 ] e SR R 2k ) v YL 8 PO Bk i e 1] (A Bk 45, 2020)

Fig. 3 Flowchart of the sea surface temperature prediction algorithm based on time-series similarity metrics(Zha et al. ,2020)

REAIE 3 i 5 K B 00 v B AR . SR, X
T3V P R AT 5 R AR TRk 1 7 o v AR
()4 LR 7 (Ahmad, 2019) . Bl 25 5006 3R BURE 71 A1
TR T B AR WL I G Las 2 > I R IR R A
(CIER T JLAE SST I rp iy W] 474, o it — 25 5
N UREE 2% )RR S %t AR 4 A 22 RUBE R AIF 11 %1
[TF{TEE Y e 2
2.4 ETHFZEERBIEENZEMEMEKED

ol 2 9 4% 2 PR R A L 2 1 A B PR G 4 Y
JELPE HIE AR BB R G, B T AR ML R
Gifn BARB L. BARIRIZN T4 )E T15
Ge AL 2 2] BT (R 2 N T 28 D 2% 235 4 Al
GRA D AW, B 4B W R T A X ST Y
WF5E5r 32 . FAE 1998 4, Hsieh Fl Tang (1998 ) il 43
BT T 0 22 9 245 70 SR 2 v 4 18 AT 5, 4
TBE T 2R I 4 ) U AR TR IR B TR 28 X 4% AR K
AR P TR0y T B B AE M DTS R T4 il 2
W44 Ty A T SST [l A5 1) 132 69 o

P 1A 2 T I ) A Ak — A W H AR A 1 3
%SRRI R LS ANERIR S N R AR A
HRFLA M . PR, AR TR R I

BV A I 1 ot 22 ) 5 T ASE 78 K L1 B
2041 FABEZRHE A U3 TR R T

FELA SST Ay — il [A - iy gl As vy BP0 4]
TERFE SSTHFIRIF 51 [ B i #F A E 5 ik 2 R
JE AR LA B 2 [ b ST PRI R TN o e ELHE R 7
FIFA DT 2 SSTAEAE A 3Bk N T AZE 45 Cartifi-
cial neural network, ANN) 17 #H 45 (Barrows 1 Jug-
gins, 2005; Hayes % , 2005) . JS{RlHb , Aparna % A
(2018) Fl Wei 45 A (2020) 38 i 4 A Jj 52 SST {8 5¢ i
ANV DX A T , 36 0E T 56T SST H— B2 3R L i) %
&t Nooteboom %8 A (2018) ¥ ARMA 5 A T #h 28
M2 (ANN)Z5 4, R AR ENSO 4, 253
Y, HAEARSK 64> B At v g pt 136 [ (R B B 1
LB CFSv2(climate forecast system ) 825 il

FE i I AR A R T, B 5 A A R T s
SST J3 41 1) s i ABLAE Ry 00 5L, F T oA o ) RUBE
B ARALBOHERT . Patil 25 A (2016) % FHAEL 1
H [ 28 B 2% (nonlinear autoregressive model,
NAR) $2& F1 7 dt B B8 3 DX 580 19 4 B 150 00 % B0 5
Mahongo #l Deo (2013) 7£ [t # FFNN (feedforward

neural network ) . RBFN (radial basis function network ) .
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GRNN (general regression neural network )5 ARIMAX
(autoregressive integrated moving average with exog-
enous variables ) &% %Y i} % BHL | 36 F i J5 SST {E fiy A
) FENN 2R B4 5 Liao %8 A (2017 ) 38 3 # 5 fEL9K
4 A 7 1% S RBEN BB UE T ANN L RBFN £
DUAPERE o 5 J5 AR A A A0 (B o S e 81 25 4T3 1
i, Modaresi % A (2016 ) LA 1 725 1 il v it SST 1)
it Je (R i A 0 T B Karkheh 30 38 19 7
2 A, Ol SST B L ZRE Y B N S R 4R ARt 1R
A .

BEXE SST I Ii] iy 51 v A7 7E B AR 5 2 R
JERHIE , AN RIF5E ST A HEA T 15 5 0 i 5
REFE. Patil % A (2016) L) K Patil 1 Deo(2017) /)
W AR 5 2L 28 25 G, L PG T TS S
[1] F) 28 P A DG 5 Patil 1 Deo (2017) # — 2542 Hi /]y
e i 22 I 45 SRR K 5 H 3l 25 9 SST g T, {H s
i W% 07 e DL A ROEE Y R 21 0 ) 2L
Wu 55 A (2019) FEJL AP 058 P HL A T CEEMD-
BPNN (ensemble empirical mode decomposition-back
propagation neural network ) 5 EEMD-BPNN (comple-
mentary ensemble empirical mode decomposition-back
propagation neural network ) , PFR 7 3L 45 5042 T+ T
AP AR K B B, e, CEEMD-BPNN B AL
e

SST BLBLZR (123 [A) ph ST MR AE o 1 1 T el %
e Guo 55 A (2017) & UK NL 11 41 2L I (self-
organizing map, SOM) FiJl| -7 SST, # I# T A [A]

25 [ 7 B ST B ) e 91 B 57 R S 2T Jafari
Nodoushan (2018) 45 & FFNN 5 D1 o Hy fift 28 ] 2%
(Bayesian neural network , BNN ) #il ] 5 Jgk 5 6 f 181
A 1L DT I L B G b 22 T T A AN W E M
Foroozand 55 A (2018 ) W 3 i=f £ A{CAR 7Y F ) 4 7y oK
S SST, #E— B3 T 1 B A RS e 1

PRSI RH R Y TR AR BT 58 804548 T SST
I B BERAE 5 ARAE 22 RUBE AR AR DL B2 [a) T
P I ARFE A 2 b 28 10 2% K LA™ e 7 125 0T e A
FEA [F) D381 52 e 26 B, 32 2 O 125 B A AT R ) 1l
SST (W E LM e A8 KR, (ERSEARY 1 R vy S T SST
AR IBURT W 28 5 A BT XN IR S 2 H R RS
W ER AL T OCHER AR A

H AL GETHE R AL G A% 27 ) B T JZE i 28
284 SST FU rp 1) S PRVERE , AT LA 7 2K i s L
RAETIN 1K SST 0o 5, 6T AR U BV il A,
SIS T X SE I, 25 R AN 5 (Yu 25, 2020) fr
TNo SRR, 3 AR B B I BB AR AL
#r P SVR S ERJZF 2 M 45 vh G 1A PR BT
(gated recurrent unit, GRU) Z M &1L, ACC (accuraey
correlation coefficient) fiz /55 15 0. 956 8, ¥ /7 #i iR 2
(root mean square error, RMSE) 5 {IlX £ 1. 080 2 . MAE
/N H 0. 430 0, HAE I8 IS A il A TN A
PEEEH s ARIMA A5 G8 AR 2 AR MRS BR ) , X LA
I C SST HY 52 A AR LR PERAAIE , R IAR XS 32 B 5 B A
PENIE T GE TR B HLAR 7=~ 2 28 R 25 1
BRI, ARART T SST I A B 5538 1 o

RS ERHRBIELEERFHITSSTHRIMME R
Table 5 Results of SST prediction by several types of models using station data

- ROILIEV 6T B K
RMSE MAE ACC RMSE MAE ACC
SVR 1.080 2 0.4300 0.956 8 1.178 0 0.5137 0.948 2
SVM 1.793 2 0.653 0 0.938 0 1.4618 0.8457 0.936 0
ARIMA 1.618 2 0.603 5 0.939 5 1.4307 0.8147 0.939 8
BPNN 3.729 4 3.8745 0.849 1 3.624 1 37138 0.850 3
RBFNN 2.8274 2.6102 0.869 1 2.8173 25015 0.8711
RNN 2.8104 2.1739 0.871 8 3.007 1 24630 0.854 8
GRU 1.528 1 1.598 1 0.9325 1.081 4 1.876 8 0.928 7
LSTM 1.710 2 1.729 1 0.928 3 1.8271 23915 0.919 4
CEEMDAN-LSTM 1.5397 1.540 2 0.936 8 1.827 4 2.074 6 0.901 7
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2.4.2  ZWETEEE I TP ) B

5 BB R UK S B T 5 AR L, 2 D1 B ) e
A BEWE B 42 T b 20 o AR A 5 I A B il R, A
TITE SST T 55 b A 41 2 30t B iy A0S B2 A S
AR ) o IABIFE 5 il DA BIR 22725 bl 28 T 245 1)
SR A B, AL AE N (2004) K 19 2 B 1
B 5ok U g Py s SST LA K 8l 28 e BE AR HR 5 A
MLP (multi-layer perceptron)-BP(back propagation ) f&
Y BT AP X SR A T TN, S S0k ] 224 B
AR e e T 7RI R RE . Garcia-Gorriz Fl
Garcia-Sanchez(2007 ) 7£ b o P8 # A FH FENN [m] i
FIARGIRAFRETE N 7 24T SST U, A%
TE 'ﬁ@ﬁﬁ'ﬁ*ﬂ’ﬁﬁm R i 4578 T 1980 4F 74
BT JRAA 22 BRI A TE . X Se 2R B, ZRR B
FE AR THULA R B2 09 [ B, A B8 2 e 1 O e 1 v
.

Je SEWTSEA W i A 1 Y 5 268, 5]
Ui, Huang 55 A (2008 ) 75 3 [ 15 12 1 3 14 552 96 Uk 52
SRS NERIN YR (PSR R TN N
(fuzzy inference system, FIS) {1 fig HUA%5 458 /=y %) 4
P o Awan Fl Bae (2016) #F — 25K 45 £k 57K $5 %k
(standardized precipitation index, SPI) , SST 55 SSTA
A B [ IS NP2 AR HE B R 48 (adaptive neuro-
fuzzy inference system, ANFIS) H1, 25 5™ i Y 2B 5%
iy N\ BB B G b A R A R O T UL B R M GG
Bhaskaran 5% A (2010) 5] A Z8 4 & 5 /K IR 45 23 [] [
+ R MLP Z i 1 ERFE AR B 5 SSTHY & .

B X VR B 25 2R e N AR BN B A A Rl B
(1) FASAE S 7 HH L. Ouala 5 A (2018) 2 T XU Ji)
1 25 ® 2% (bidirectional neural network , Bi-NN) 4 1%
T Z R R 2 P8P (Kalman filter, KF) 2 A5 5 AU (£
35 Bi-NN-KF . Bi-NN-NNKF-EOF) , 7 g LT iff SST
T b R B B E I TAE G T Y45 R o Casas
(2018) R ZR T Ml PR Rl 1kl 22 M 45 (data assimila-
tion neural network , DA-NN) FI5E hl{ < /K 2 8 7 2% 2k
Ab PRI TY  DC 22 2 5 A A KU 45 2R 7R DA-
NN X5 Z i S A ik 2 1 20 i o B34, g iy 1
Z N5 A B AR 0 H A

Zi bR, Z2 B Z KB 1Y SST Hill A 58 M\ 5 )
R GG R + P M B i 31 “ Ok
PHAR G ReR AL B URIOE" . X TAE

JER T AR ZE B 22 i g A B 0, R 22 XA

SST FU 4 (it 1 = 7 401 XTIk, Z T
AT TR R, ﬂiﬁiﬁ%i‘ﬁ{ﬂ' SR B s
S AB AT TR A 3 1 PR 2H G AT e R i i R 1Y
[F]et

2.5 EFEGENTIEMNREFRIKE

02 Fe i 25 Bl (g 23 SST Hdli ) 3 HA 2 U
R ——— o T 2 32 R L o e 3 5 R T % | 2 [
P Ry AN T 22 S 5 R FRRE AR A ), H AR
(] A7 TR SR AR L ROl , T BUfL 42 I ik (TR Z & ™)
2% ABGEHL AR 2] (MG THEIRL) XE LU R
WIZ NS S IETEL A RE ) Z R R
SRR AR ERY A ShARIRE ) 50 AR C &R
FR R R IKARE T, N RAL G AN S5 I
I 23 B a0 SO A% O HOR A2, JUHAE SST il
45 7 SIAT: 55 v Jre R HH DG BN (L, A SCASEHL (1Y ¢ e
S B T 3% U EE AT T )

5 SST P 5T b, TR 5 2 T A5 Y ] [l 58 W 2
BOYEERETT o — A SR T UG N e A2 119 T3
N AEAY, 368 4oF B 8] Py 51 A5 B4 4 SST A I 8 725 KL
HE SEBAR AR SST HU ;5 7 — 22 Ml I 25 AR i X
Sl 7 1 37 PO ASE L ARFE ] 21 35 I 1) gy 28 5 25 1]
I3 A 22 5 1Y SST IR 25 e 51 84, il 3k I 25 1 47 A5 A
il 5 P 2 U R, S8 0 DX T iR 3 00 . P A
RY53 550 NI T B — R S I 25 S B R, O S AT
PRI 25 1 PR PR AR R PR AR
2.5.1 AR LG P T A 1 T AR A

TE SST FUMAWF 5T b, TR B 25 20 5 125 10 K Je R A
213 T N MAE IR e 4 A5 A5 381 3 0 I 2 S5+ S i
Tk k. BT R A TR R 2 M 4%
(recurrent neural network , RNN) B v H , %1l 4ni/r 41 5
S5 N (2017) 42 i) T — Bl B T RNN & 5 — fif 5
(encoder-decoder) HE
sequence ) f5 A | FE SSTA T il rh B4R 1 R 47 R0CR
Zhang 55 N\ (2017 B A 11042 28 (LSTM) )i H T
Hh P DX SST FUI , A H ) B A R B it
TR T e SC . AR KW, ﬁEﬂ:LSTME’J(ﬁFTFF
25 ) 24 E A7 A1 15T (8] 5 270 AR 7 T8 G T A 9 T st D)
2% . TEMCERA [, Lin 5 A (2018) i — 2D TH\JIIH?
HAS ) LSTM (temporal dependence-based LSTM, TD-
LSTM) A% R £ i s 004 AP 91, i ve A0S
ifii Broni-Bedaiko 45 A (2019) U 7£ 2019 4F 1 K 2%k
BRI EY R 22N, IR T LSTM 5 Z 5

B ) Seq2Seq (sequence-to-
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A Z i i (multiple-input multiple-output, MIMO ) %
PR PERE , 45 3 /R LSTM 78 BUkg B 107 B34
BEE BFFERIIRA 2 BT DT IR R S Z R ARy
ZREEHY AL HE JE T R A R IR 11 SSTP (sea surface
temperature prediction)*ﬁﬂ (HeZ%,2020) IR EFE R E:
T M 4% (deep graph convolutional network , DGCnet-
work ) FRL (Yu 55, 2020) [T AR A HLIC (GRU) A5 1
(Zhang %5, 2020b) LA K b5 J5> 45 B % (temporal con-
volutional network , TCN ) 5 % (Feng 5 2021) , X Lk
Ti AL RE S T G by 47l 12 6 B WL 45, 30 B A% 3 i 25
()P Y AR BE 7, DA T 58 T 0000 F) o it 1k P AR
PEo [, —SEREFE St T Rl G A [R5 12 A el it S
e, BIANAS £ =K BRI R S HLH 5 LST™
AT (Liu 55, 2021) , 2 T2 WA S 705 GRU 1Y
AR (B 55 2021) , DA HoABAB T I 7 (Liu
45,2022) , 3% 265 ST A A AR5 B R T
B i 1) R M S e . TR L |
AR A Bl SST P I A5 BN 32 42 T ) H B )
Bl 4N Qiao 55 A (2022) $2 Hi 1) Attention-LSTM J5 % ,
DL 5 742 ik BRI ] e 90 A Ry A A R TE RV TR
PR3 B 72 /N SST U H 528 T MAE = 0.29 “CHY
GEA, T £ S WL AEL e BE B, E— AP BRAIE T IR
J3 2% 2] {E B )77 371 ST FUI S50tal i) o 7 5 i 5

SRS, 7E SST UM [m) & v, isf [h) 7 91 A5 40 /2
R 27 ] S BURF AR 18— o EEROIR R 2, i i TR
¢ 2] B RL A AN W DG AL 0 58 3 L TR B2 o7 > 7E 4 & SST
o0 A R R RS E M D T B A R R R B W g A
[
2.5.2 RGN A RRAE B DX ST iR 3 PN A5 A

TER W RIREFE T R 2 ) O vk e TR
SR DI A [] e 2] B0, SR 7, Sl [ Py 51 D7 vk
FEAE W] Sy BRAAE « 1) AR ] [ 46 2 {5 B2 5 220 g
SST 7&K FR Ui A X I8 2y a7 o 1) 2 ) 0BG &%
2)SST Vi AR FE 1T 32 4B I X Sl R i i i SR BEAS
2 RUBEAH AR FHRY 52 0, 3 26 55 Z 5 e xfE A3 i
— YL PR A . P, BEEDFSE TR WF
FEH N AR B AR [ 5] 5 25
[R]RFAE , LA ST 5¢ 4 3t 2 i SST (928 (L LR, JF4fi sl 1
B ] FI [ 2 TR0 F) 78

F 2017 4 IOk, W58 # 38 K 0l ph 22 M 26 4
Jre B e % 221 1) 23 (A RRAE 1Y 45 FRA5 1 , B 4N Yang % A
(2018) 2 i i 41 45 4= i 42 A B R I 12 12 ) 4%

(combined fully connected convolutional LSTM,
CFCC-LSTM) Fll Xiao 4 A\ (2019a) £ H} i) £ 1 LSTM
BERY A v [ AR T 52 Rl T XIS B T A R
BUHLAE N (2020, 2022b) JE— A 2 B R il 5 5 2
3t ks LSTM 5 AdaBoost (adaptive boosting) gEb
DL K AF 35 FH 4 28 ) % (convolutional neural network ,
CNN) FP 51T B 1 HLH 44 CA-ConvL.STM (chan-
nel attention convolutional long short-term memory ) F/l
CRA-ConvLSTM (convolutional LSTM with residual
spatio-temporal attention ) 1Y | Y5 &552 T 1 0N Y
TR ST EE . SR, HF5E#8 A) FH CNN
HEPE HUSST A 25 R AE . 9140, Han 25 A (2019) 13
FHABAR R 268 T JE /R JE 1 i -4t 42 2= 40 5 AU AY
(all-season convolutional neural network, A_CNN) ,
ZEFAF N (2022) 2 TR CNN 455 CMIP6 K
5 GODAS SR BEAT L /R R v B0 . LA, 1847 15 2
GG TRIRE S G AR, 11 Xu 35 A (2020) #2 1
A& X ik 4 FH 1LSTM (regional convolutional LSTM, RC-
LSTM) , LI K% K =5 78 Al 5 7% (2022) #4142 ) ConvGRU
RO, 33k 8677 1k 2 3R B A B S TG PR 45 5 RE 08 3 4F 3t
2| 1) SST # I 25 AH G4, AT it 5 440 A 7800
£
R, LSTM 1 CNN 19 £ 4T 7 75 i 4 i 18] 7 57
AR L SR AR S ME Y IR R, WP BT | AL
Bor il EE 15 2 REEVLHI LA s B P g . 5
i, Xu 45 A (2020) A1 H 22 53 #2553 fif (variational
mode decomposition, VMD) 551242 ¥ 4% (memory-in-
memory , MIM ) ¥4 £ 0N AR 76 | 7 1 165 R A5 45 41 1 L
JEG AR e — P85 ik 22 I 25 1 3 ) ML A0 T T
IR I 7 1 (CRA-ConvE.STM) (B EL %5 2022h)
(CH B RIAE SR AN 18] 4 Fr 7R ), i XS Y SST 28 £k ¢
LU ZHE 8] P, SR A B2 G S B A
fE Bl , AR TR 4E RS b5 Ak 22 I [a) 7 2 ) ik
LA i 7 2O AN ] 2 B 4R S AR, S IBOC
SO IORE (S D s TE25 I 4R b33t ik 22 25 Al T
B, A TR A RRIE IR 22 S A A, S
X B A A S B XSRS o e, 285 ConvESTM
BAITRIMACRRAE HE AT I e AR i 1 AR 228 SST
455 . CRA-ConvLL.STM 7 1 K5 5 K il i1y
RMSE 43 #1355 0. 19 ‘CHI0. 37 “C, MR KL > 98%,
B F SVR .LSTM . ConvLSTM , CNN-ConvLSTM %
Ji¥E BIE T R 22 I A5 1 0 L A 4R T D A
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Fig. 4 Flowchart of the CRA-ConvL.STM model (He et al. ,2022b)

SST FIHS I -5 45 B 7 il ) A 20

UTAF A, B B P 285 i S B 5 1A SST BN,
Liu 55 A (2025) #2 1 455 R B2 B 05 P 2% (deep belief
network , DBN) 5 32 #§ ] 42 [l 5 (SVR) W 1R & J5 ¥
F5 A28 — IR A UE (spatiotemporal secondary cali-
bration, SSC) , 7£ B FE ¥ 5 b KP4 60 H T 55 56
L FF T RMSE K F 0.9 CRY R E R, Mo,
Sun %5 A (2023) $2 ) ) CNN 25 & 4% 3% HE 3 #1 K
(convolutional neural network with cosine distance loss ,
CNN-CD) B B8 $2& i — 4 A7 20 7500 o5 38 K - 7
SSTA [ 2 1] 43 47 , JF-4E ENSO Tl v & 35 £ T 3
JIRERL

Syl FIR A [ AR 5 A SST B 25 T o (1
PERE 22 5 , W) I 25 G WL H AR 7 A 5 N TR e
ARAGIEACH A (A5 A VIT (vision Transformer) 25 387
R 2532, DA BEORS 40 F R AIE SGIK ) | Yuan 36 A
(2023) £ KPR (5°S—5°N, 170°W—120°W ),
L7 R D5 52K BE R % A, % CNN, CNN-ConvLSTM
ViT J @l & 9 BLAE B 59 PINN (physics-informed neu-
ral network) RANEIHIFFJE T 1 K 5K 10 RZHHK
TOU S5 , 45 R AN 3R 6 P o 455U 14 5F- 1 248 X 2
22 (MAE) #7712 2 (mean squared error, MSE ) FIH
KFR B r FRILF] BS54l CNIN A A Bl 7 00 K 2503
s 2 S S b AR OCPERS A R BlG ConvL-
STM ) CNN-ConvLSTM #5 8 P i 2 ¢ fiF il 75, 45 I
KT Y MAE  MSE {3 {I£ 40 CNN H r B 2 5 5 5

ViT E BE 4 T CNN 5 CNN-ConvL.STM 2 Ji] , & 81 T
AR LT BB B a9 . gAY
FEAF B A PINN & %1 # % (PINN-CNN , PINN-CNN-
ConvL.STM , PINN-ViT) % {4 3% 3l fz 8 , 1 K 13 ) s
MAE it £ 0. 284~0. 286 °C .r4%ir 0. 975~0. 976, H.
TE5 K V10 K0 AT R Fp I 52 25 55 Al DGk, 3
1, PINN-ViT, PINN-CNN-ConvL.STM 7E MSE |- % H
P, Ul B P 3 B 5 Je E 2% 25 44 (ViT . ConvlL-
STM) 4 il & 1 — A 5 Ak T XF SST & 2% i} 245 33 A5 1o
TR 20 BRI T, A 5SRO
MAE MSE & b, r BT RFEaHE {0 PINN 251
PR K B e FUI0 P 478 o B A i e 1k, X 5 L
Bl £ ) B 29 o LA 2 SST T A8 AL BR A 45 4 2 )
A
2.5.3  BURIR SR AILE SST H v i) 52
it 5 5040 3K 2l A A 1 3 T 450 3 1 10 FH TR
b AL G IR JE 2 2T B AR AE TR ACR LR T B
(AT A PR A BB 70 404 OV vl R 3l ) bk
(e ROBE I e A8 6 S BAE ), A6 TR 3% 11 T
(SST) 45 S HE AR Bt XK 20 AL TN Hhokg i 27 B, mR 7 1
il Vi R U TR Y L A il an, BN 2T
PR — A5 T R AR TR A e RS o ) 3 7
KA g5 L S5 Z A R R R R RS S i
[a] 7 (WenHai) (Cui % ,2025) , LA43k 1/12° (=~ 9 km)
AT PR PR RO S B 10 K TR , 78 55 SST iR h 1)
4535 2% | @ 1F Swin-Transformer ‘B T 2244 #% A B4
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Table 6 Prediction performance of data-driven models in the Pacific Ocean region

IPN 5K 10K
el

RMSE/('C)  MAE/('C) ACC RMSE/('C) MAE/(C) ACC RMSE/(C) MAE/("C) ACC
CNN 0.692 0.784  0.809 0.735 0.897  0.766 0.728 0.880  0.760
CNN-ConvL.STM 0.351 0.202  0.958 0.444 0.321  0.935 0.445 0.337 0928
ViT 0.596 0.571  0.868 0.693 0.762  0.850 0.690 0742  0.867
PINN-CNN 0.284 0297  0.975 0.360 0.245  0.945 0.459 0.409  0.907
PINN-CNN-ConvL.STM 0.286 0.137  0.975 0.361 0.247  0.945 0.460 0.410  0.900
PINN-ViT 0.285 0.134  0.976 0.362 0.244  0.946 0.460 0.407  0.901

o8 A AGE FE AR, FE T I — G0 P i B SR
10 K SST #i il RMSE # GLO12v4 [% 8. 94%, CRPS
(continuous ranked probability score ) %5 [7] 2 AT 455 Y
W 24. 5%~31. 4%, i3 Ji X SST 748 A B fiE 1 %
H 5 B o e T R T S BT A SR 1.0 (Yang 55,
2024) W LIARTR 1/12° 73 FFA S8 7 KRR TR, 51
A LLM (large language model) BiJ [i] i A5 -4 11
TR BR 2 A 38 V451 5% R, A 00 T RUBE 1 JiE X
SST 6 E TN , 3 B SST iod BEF- 3

TE 5 7> PEARYERE 35 B R R BP0 B 3
(Wang %, 2024) 81 3K 2] 1/36° (= 3 km) # 5 53 9
AT S R — IR AR R T, RE RS T
PEAT 2 TR s AT T B 5 45 SST /N EERHAE
5 KL/ SST Hidie RMSE %2 1/12° BRI 12%~18%.

R A U B ) R 38 (Huang 2, 2025) BERY
30 hom KA + 0. 25" W77 ZRM SC B 15 KIGTR |
AU AT, HLe OB R IR BE IR Bl , NS T X 2%
T ep AR XK SST B ¥ J1 800, 5 XUt B2 I SST
¢l Mk 32 TN 158 2 AR AR S A R A /N 25% LA 5 55
AP RS 07 L S5 2 B A A AI-GOMS (AL-
driven global ocean modeling system) (Xiong 4§ ,
2023 ), L 1/12° 53 B IT J& 7 Kl ER i B Al , R
Transformer JE X Fx 2244 55 {8 B - 22 551 (adaptive
Fourier neural operator, AFNO ) ¥ & Sy ALl , i 1 “ &
TR, ol T A A R S5 SST i A FZ X
SR 7 R ARG B B AR AR T 10%~15%. 1X
LA 1 3 22 S AL BOR A, JL[R] 4 Bl SST F A
E FHAUA 5 1) A QAR R T TR 3 T s

S GE TR P A ST BB AR B THT 1w ¥ Ml 55 R

RS TETE 52 1M Jr 38 45 BRI BA 1) B R BE $UL45 45 1)
2 2 RE 5 03 PR SRR AR Y 1) 18 2CBR AT
B ATME B 73 /2 Transformer 5 4 3% 5+ ( U1 Swin-
Transformer , AFNO ) X 4= BRUEE 7 375517 25 token fk
TR G A KB P Id1e 5 A8 i 24 55 s Sk 78
1/12°~1/36" 73 HEA T KSR RE A B DR 9 TE ¢ T
S5 4 R RE TS AN A5 44 15 2 (Cui 55, 20255 Wang 4%,
2024 ; Xiong %5 ,2023) o X i 2244 T+ 2% IF- AR IR S7 A&
Az S INGR H AR b ) B — EorE L[R]3 5 AR
TEVIZ—HE PR AE P b 0 200 A S PR A 50
RGE L 1Y 5 1 Bl 4 5 i S 2 e P/
DG IR N S A o, BOR F ) Bk 2% | BE BT E 40
5 RAEFE A BR ], AT 235 AR 3R — B0
TR R AU, JF 42 T Xof A i 4o 2 1) ] 9342 14 (Huang
&2 2025, Yang 452024 ; de Bézenac %, 2019; Yuan
45,2023) . fEMCIERE [, 2 2 Al B KT 5
5 A K MBI e SRy TN R — B0 1) 225 B
%l 7R 2R E T LT R A R AT S
G MR R A8 DL/ R AR 58 LS i 4L 5 O Y
S PEAT IS B SR RIS G, 7E LT CRPS
5 AT SE il 2 S5 TS bn 0 S A g v, P R
T TAE G B, AR X 4340 A 5 5 4 v =
TR SR AR A (Cui 45 ,2025) o [RIIL, TG 3 AR
IR G2 07 1 1 a7 S AR, T DA Al A A )
FRL PN 2] B =, vRkh T AL Gei AU TR it
PR | BRI R 3 5 B RO 2 Ak O T R AR,
SST J rh 110l 55 Ak 141 5 B i < 1 SR n B 43t 1 o
e R BR
T RGE T N AN A RS



$31% /58] /2026 £5 A

B/, @E¥E, KRER, RH, HER
HRIRERERER E T A RR

x7 ENIMEXBFESKERRE

Table 7 Domestic and international large-scale ocean-climate models

PRI FR EER] Oy PR IR = By AT
I 1.0( Yang %5 ,2024) b E B F BT ST T 1/12°(= 9 km)/7 K RE ERE R

i AT Lab + R EBRAEF AR K
2+ RIASE K2 + R
BITRERY + PEBERERR
YIBEIEAT + B R A S

B HRS + BT RENTS
Bi + P ES SR

12 (Chen%5,2023)

TR ( Huang 4 2025)

: e FERRHE R + S HR: +
A (Wang % ,2024) o

e o PP R R + RIS +
[5] 76 WenHai(Cui % ,2025) LR B R o

AI-GOMS(Xiong %,2023) T + T E R AR K2

IFS-NEMO (DestinE)

VR
(Rackow %:,2025) ECMWF IR

SPEAR-Ocean(Delworth %%,

2020) NOAA GFDL

ICON-Ocean(Korn %5 ,2022) 1l — B — i S5 AL

FourCastNet-Ocean(Pathak %5,

NVIDIA + LLNL
2022) ’

0.25°/10°K SST XY A

30 km K5 4+ 0.25° M /15K TR X

1/36° (=~ 3 km)/5 K W—T—REER

g SST I #h 11T \SSH 133
LER1/12°(= 9 km) /R Z 10K i 35 1T R

(0~643 m)
112°17 R R ER It
9k j‘igglo’grfg/ 1507
0.25°~1/12°/71A SST HAFr i I3
5 km/ZETT ME—yK—< [l
0.25°/10K SST.SSH

3 ERETNERR N

V2 TH ¥R B2 (SSTT) LI A5 14 £14 7 FH 41 1 2 AN
Je BT B — (14 5 B B T A B LT g i B E RE
SRR HE— 5 A A 0 T AR 1 REAE S BT 5 XU
WAL OB /R e W —r 77 %3 (ENSO) L4 i WL B A
FE 5B, LA KO PR T RS A0 AR 5 B A
N R R T e S S X N W E 2 3 RRE SUN iy
R FE LR AL

FE KRB S AR 25 5 ENSO L 5 T, SST 1
I FE SRS AR AL T OGRS, Mu AE A (2021) 42
H ) ENSO-ASC (ENSO deep learning forecast model
with a multivariate air-sea coupler ) 5 55 £5 & [&] £ LA
WL 2B ail—< R 5 SSTRl G HA,
B TE T ENSO F4: 1 m] BUN M | R TR 2
EE RS ) R N T . VPR (2024)
P DA B S R ) — D ) SR 2R B
M e RIS A B Sy BT Ry B, 7T [R) 254 42 SST B
fi4] 5 25 i) SR

{H 15 7 & 09 J2 15 7 #UR (marine heatwave,
MHW ) 0 £ 28 i Ay SST Fi I v 5 ELA R 1 1y
Z—o W T MHW XA 5 2 5F B = s S,
LR JC R O . 914N, Qiao 5F A (2025) i i 22
JC 28 56 1F 22 pR X (multivariate empirical orthogonal
function, MV-EOF) 737 , 4 P4 L K -F-VEE 2= MHW
53 PR A JE R e AR ARG Tz
THER B FNE IR JE v & I B AR AL — P4 g =i 2, Jf:
e B IX P 303 il 5 RSP T — H AR R A O
— G B BEVE SST 6 B N2 b V-1 5 3l % D0 AH G .
AT — 20 5L T 3 24 R ) SR T AR R I
A 1982—2022 4F By Bl T R 2 Uik . 45 2R 3R
B, 30 2 AL =8 EL A 5 v 1) AT 1500 1 (PCL (prin-
cipal component 1) A 3¢ & %7 0. 65, RMSE 0.77 C;
PC2 (principal component 2) #H 5¢ 5 %% 0. 55, RMSE
0. 84 °C) , REMSHL I M A MHW F I {15 548 J3 12 [1]
Sy, BEHT MHW T 1 78 DA DX 8E ) R RUBE A
ALFLH] A, H R A AR U 22 4 i 7 ik
TEES% BN (2022a) # 5 TR 2 motif
{149 D IR R U425 4 J7 12, B KT T 2 T Ui (SST) I ]
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FEIVAE A A WO AT T S5 AL, 207
H STAMP (scalable time series anytime matrix profile)
SR 92 VR B0 motif $2 B, IR T fe /Al iR K R
(minimum description length , MDL ) 143 5 B X} fisé 1%
P9 BEAT 53 E S PPN, AT RS 2 T R 6% 3 Ik PR &
A H T SST R AL F4 iy SR I o 45 2R, I 5
e S B ob [ ST M MHW ZE 08 1 TR ka3, 9F
SR 8% BT HER K

BRI A1, SST UM A 93 7 4 25 15 e It 5
[ AE AR EHEAEH] . AN R |, SST 454 1%
JiE 2 2] J57 15 (4 DCENet (dense contextual ensemble
network ) |\ Inception ) BE 1% S B IRE ¥ 428 1T ) 4 1 L 31
S 2 RS T DL ST AE 28 5 ) R AR Y
BFDT-MSA (Bayesian framework with dynamic time
warping and multi-scale attention) J7 72 U 45 %R A% T
b K 1 P T R R 0% 2R 1k (He 55, 20245 Yang 55,
2022; Wang %,2025) . TR EJ7 55 A (2021) B X
BN GNE T BUL U BE B X 3 GG 7 VAN
BARAYIRIRL, S T — PP st Mask R-CNN H 3k
ASEIED , SHOH R AEBAR R P s B U S 2 o

FERREZ I, KM SST 751 5 CMIP6 B 7%
BRI T, AL T A RO A S R B
SRR R SRR TR AR BT SR T SST A2 fk
5 2 21 MR B 1) PR ) 3 Ak C R (Xing 55, 20245 Yang
45,2023) , g it5 KRB PRAE S B PR 44 T e
o

4 ERETNEE AP

B 5 H0CHE 9K B0 5 1 AE SST B0 v i 32 g
W7 IE IR 2 M TGt L R AL SRR B B 2%
o] R S B R S . A X ST R TE
TR BE I 25 53 FE 3 DL SO R LA R AR 9 2] 1 L
Wi T WA IERE (B AR T R DPAG MR R A A
DAL 50t IO 3l e 25 7 T TS A A 3 . BT
X Pl BB AN JZ T 1) AT AL AT fig
BEPEA L o TRIE S ) S5 R 2R E R 5 RV RE AN
e, H PR ik 42 S DR SR AR AT X LA UL AT
SRS R B = Py B ] BRI WSS TR R A R
PRI R 55 P HR A BT T T 0 3 P AR
A fifp DR 7 58 LR 23 0 PR, — 2 ad o 4 a3k sl 5
Yy BEALBEARSS 5 s IR A 7 B A ] f R it

Fridke. 2) 2B R E Fe % o 24 R SST
GRS/ - IR e m U I ERSS v DS &5
st , AN () B8 B 70 2 (] I ] B 3 ) RUBE B A — 3K
PESE N TR0 Rl - A (A B X B, DA T 522 i
IRz AL BE ) 5 B rT
4.1 HEERHEWMENIEEES

— P AT R B R ) B AR S S UK s
Tk AT A LA S U BELAE BAL AR o )
(physics-informed machine learning, PIML) #E 42 T 1Y)
TRAHA, HHA IS B PR B s B 2
VE R e 26, 51 S R B 2 > B8 g 5 5 1)
o, K v R 7 R AR5 AR B T E
KA BN 8 12 B A 2 AE SR, feli A Y
AALRE 27 > Kt vh A GE TR, T) It S 908 T
Y B FR A FEARHLBE . kg, BOI &5 R A A B
NS0 1y M S R /B oy S B )

Py B A 8 2 X 4% (PINN) J2& b i JEL J Ay Jte 764
TR (Cai 45 ,2021) . PINN il iof b 2 15 B4 48 0%
FIP) BLAR 22 400 R B2 5 R R L, = Ly, + b-
Lphyse(.s(Lm.aﬁ AWK L, BHE#R Lyt SELiE
5 Y BE R R ALK I gt B, X
Pt it a DRASE R A ) BRAT 5 WL I 5 | S e FE AR
1% B, 7 0 ah A ke B AR A O T
AR YIL R AR R IR BE 1A B i W B
T P2 55 BRAOME , DT 7E i e U AS 32 ) [] P
FR TSR () AT SRR RN B AR o I S
JE T AR TH R (SST) 5t v, PINN i3 =X A7 HAK
V&R HT, BN Yuan 55 A (2023) 42 i (1 25 PDE 5]
5 i 25 W 2% (spatiotemporal partial differential equa-
tion network , STPDE-Net) , iZ #5858 1 5| AR5 24
T A (438 SST AR AL YL DR #05 7E)  B H
VE R T JH 240 A PINN 1952 5 40125 s AR, T [T
D7 REI, A F/ N TIN5 LI {15 25 1) ] ) 52 i
TS AL, B A REW R B RUE SST LTS 5 /Y
Iy B . RIS R PINN 5 [ 22 ) 4%
(graph neural network, GNN) % £ & ] i 12 M %%
(LSTM) Y Z5& , #E— D4R T T X 2Rt i sh i
AR AL fE

W 7S S AR SR BGX RO YRS i T E
R BT B T REAS R 5, s Wy B A 8 i AR
RAZEAE , SR B S B I s O TR B RS . 1
1, de Bézenac 55 A (2019) K T4 14 it A4 i iz 14 1
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VRO R, BT T AT i — T i i R
M M 77 & (warping scheme ) , -1 H: 5 45 FH 4 25 )
% (CNN) &5 45, i@ i CNN A1 SST iz 337 i J5
FAEFR A (] ) B — B, S TR TN SST 6 22 1 S
JES Ay P BRAE 5 BB 5 LA, Meng 47 A (2024)
DL A 18 36 BT ) 4% (generative adversarial network ,
GAN) MAHESL | 5 N HY COM (hybrid coordinate ocean
model ) 3 1 AIEL AL R R 3l v o 20 Tl 36 5 UGR 2 T
b B2 S TR S BE Aty PR L, 445 5 g S UL 00 5 Al 2
YRR W) BRRE T4 A RO 485, A 805 T 1 SST i 25
ARG TN A S BV 5 FE A Shi A (2024) $2 1 Y
PANN (physics-guided attention-based neural network )
BERY 38 o Z B[R] S P BEHLE] < DL ConvLSTM
LEFHH P SST A 25 Zh A S, Rl & Bl IRl 16 7
FERSL AR T 1 3 g e A B R £ Bl
BIL A 5 A OG5 W B IX AR 5, e 4 A DU R il 22
SST L 1) T 5 6 vh . 2 PR AR R 25 . R4 R &
B, 3 S ) R R 5 B0 BIK 3 07 ¥R 4G 10 S RE
% 10 PR i A B2 Y (] I 5 75 SST 28 Ak Y 32 2 3K 5
71, AR 2 RS H A S I

SV, W35 80 3K 3l 1 45 G A AU — Fil
Ji v OO AR BB A AR B A L B R A DR K Sl A
“RAERA A RGRR . TR BT AW
A, WFTEN A REE TR R (R Hh 2 A, i — 2D A e
TN B0 BRATLAR , AT B s S Y i W B T {5
JEFIR A o
4.2 HIREEIHERBEENAERE

SHUE RS LG b IR B4 Wy 3 W
ANTR] Ktk X Sl 5 R 7 vty 2 T U e RHG 5 A A
2R MR AR BE ) 5 I s AR SR ICRE ) AR B )z R
Mo Hop Rl s w I m A GRgeR T 5 R Bl
1k 224 1 2T S A BRI 90% ) 118 TR AR 7Y | HC v fie g
PE XS B A S e ML) 2RO E AR TR AR
W28 2 Ah 52 2 MEBRBRAR A W] UL, RBOLB = AR
AR BRI T 7R R AR OCRE E I 5 BUR 3L
e AR I o I AER , WF 5T R S8 4 T AR 40 4K
BIRAY AT B 0 B AR, EEUT SRR AR R T
— e B A NTE T RS R RY s A5G
Ji AR T VR R AT S Y i 2 T U AL ) A
B 1) 73 o

1E N e AT M RE TR 45 A B3 J7 |, KAN
(Kolmogorov-Arnold network ) “A7 T & i ] 45 784 42 {1k

TR BISHESE . KAN I o K 22 7T ek 8000 il Ay B
A R BN, SE B TR TR R A K vl
Btk FEMTHIBFZE T, Shu % A (2025) 4% KAN 5] A
Z 7w i E]E S BONAL 55, R EOAIR G TR
(mixture-of-experts, MOE) % #J iy MMK (multi-layer
mixture-of-KAN)FEHY 24 a i+ [ 145 M 45 sh 2501
e AZ B 2 AN A KAN e 5, SEB T S5 Ah ] fifg B 5 il
IR BE A AT, 722> S BE AN SR 4 1R
PO S, ST v AR 45 0 3R 3k 5 AT ik A Y 4 2
FEAE

KA , Gao ¢ A (2025) 7 K BH i 5 Tt v 7
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