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Abstract: Sea surface temperature (SST) is one of the key elements in the study of marine environment and
climate change. The existing SST prediction algorithm based on deep learning has the problems of time-
consuming parameter adjustment and low prediction accuracy. Based on this, a SST prediction algorithm based
on improved whale optimization (IWOA) residual bidirectional gated recurrent neural network (Res-BiGRU) is
proposed. The two-dimensional monthly average SST spatial distribution and one-dimensional SST time series
data in the East China Sea are selected to verify the feasibility and effectiveness of the algorithm. For the two-

dimensional monthly average SST spatial distribution data, the Res-BiGRU neural network is used to extract
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the spatial and temporal features of the SST sequence signal, and the time and space attention mechanism is

introduced in the decoding stage to adjust the weight distribution of the extracted features. Secondly, the IWOA

algorithm is used to optimize the training parameters to improve the efficiency of training parameter adjustment

and the accuracy of Res-BiGRU model. Aiming at the one-dimensional daily average SST time series data, the

ensemble empirical mode decomposition (EEMD) method is introduced to preprocess the SST sequence signal,

and then the IWOA-Res-BiGRU is used for feature extraction and SST prediction. The experimental results

show that the proposed Res-BiGRU algorithm based on IWOA optimization can predict the mean square error

of two-dimensional monthly mean SST and one-dimensional daily mean SST by 0.35 °C and 0.09 C,

respectively. The prediction results are better than other models and can become one of the important tools for

SST prediction.

Key words: sea surface temperature; whale optimization; deep learning; timing signal; residual connection

Vi 2% 1R J3E R F 9 T R A A T K A Y
B, XRARAE AL TR AR S RGN
G EAEE W, MR, JL/REH . 1
T A5 G A KR A E BRI G R,
I, AFFY SST B 23 REAIE B4 T 00 34 32k A A=A i)
TR PRI 40 A R B | 10 3 A S T A S e AT
(AL =

Fe Rt A ny 22 5, A HRETAY SST Fitil
By BB B R IR SR A 2
R PE R AT 22 B g 20 /8, Jd ot B AW (e
A FEGOREEAT SN, BA R Y B X, (H
TR R RIE BT R s R A R R T AT
2075, DN SST il 42 i i 25 FRAIE, 38 2 137
B IR B R A e N AR e &R AR
FTALIEEIAS | L LightGBM
EHLARF B

AR, N TR REH AR TE 45 SUAR A )2 N
FH, Qi G2l | SRS W | 9 T A, 45 HA
SERMEBE TR BRSO 1 G HLR A >
RUAFAE AL PR A = Ty, HL Tk 1 4
SST &4l v iy Bof 25 43 AT AP AR A [, M1y, B2 T
TR B 2 2] 19 SST Fl il 5 ik A5 8] 1 7 2 5T .
Zhang % 2% &3] SST BHfi i i 1] S 1561k, 42 i
T —Fh I F K I HC A2 M 2% (long and short term
memory network, LSTM) ) SST il /7. Yang
U FE LSTM Wy JEGH |, itk — B fl & SST %K
P 0 25 (] R A1, B 48 B #2682 (convolutional
neural network, CNN) Fil LSTM #H 45 & FH T SST
P A 2 SR e BRD 4 e 28 T
(convolution gated neural unit, ConvGRU) SZ B T

XV AU A 3 43 35, SST ) T, ~F- 47 Tt i ks
ik 5] 97.31%. Zheng &5 "7 2 T — A0 T
SST il 0 1) I B 2% > B, BEF CNN @I & T
4 N HEZ W E A R WON R 4 BEEE Y SST &
8, JEAERTA S L0 3 i f 2248 IE R4 55 SST il
DPRGHERE o H R IF R % AT SST %4
TERT 23 R AE RIS MR, SST il i 45 2 vl fig 2
SRR REIE Y52  TE R, AN A< 2% SST TG
B K AT A IR DX S TR, T
H & S1 ML (attention mechanism, AM) 5| A% 7Y
() s A B B, RS HR BB ) SST B 23 FEAE A AL
3, (HHSR A AM ANBE SIS AR Z] L A
[) 2 [B) A8 SR SRR AE o PRI, DABAT 1) SST i iy
TR 24 2] kR, SST MR 8] 5 45 [a) R 1iF 12 7
ARG 3843, HLBA R BE 2 S BRI I 452
Bl fridl, SHN TS AR .

25 ERTIR, T A RAREL SST (1B 25 ik Fl
PE 1 SST BRI TG B, AP HR T T —Fh 2
TIREE 2= 2] 1 SST Wl 7 vk, Zor ik HE G &
YA IS i St SST B A5 S b7 FAb B, [
Ik SST @3 i) 22 RUBE &2 2 FE F g i SST J7 41 i
SEARNE, ARG TEFRRE BRI B, R — 4k 5k 2% ph
2 W 2% ( one-dimensional residual neural network,
1D ResNet) Fl1 8 [i] [7] 4% 4 25 51 5T ( bidirectional
gated recurrent unit, BIGRU) #H 45 & 1 % £ 45 #4)
(Res-BiGRU) HEAT RUH2 HL SST A9 25 8] 1 Bsf [8] 45
fE o FESRAS B B, 32 5 2 1 I 23 3 = L
(time and space attention mechanism, TSAM ) X #
By SST B 2 FRAE ETFEA TR R, LA OG T I 25 R
B i 2GS, e a Soad 4 B 2 s )



808 & * x o # #F

%43 %

) SST. [FAT, RIREUE L MBI 4S50, %
IWOA &38| N\ Res-BiGRU Y425k 4bHr, DA
HEFS BRI RS E

1 #¥575*%

1.1 BRI S i3
111 #dER R

SO EHE R B 5 A P 1 8 2R 1R B (optimum
interpolation sea surface temperature, OISST) %1 #i&
£, MR EEREFMREH R IR R EHR
SC 5 = W) BB 22 52 4 (https://www.estl.noaa.
gov/psd/) o ASSCIEE T H ) 19824F 1 A —
2022 4F 12 A W) 4 A ¥ SST 4% 1 2017 4¢
1H1H—20224F 12 A 31 HAg—4E H 13 SST
B

TE B R 1 0 AR R I S &, R W
SST HA B M Z1FHE, Rl AT E A 5ok 2w
GhH, B2 S A RHE AR B AR M . R
BAR 24 {H N 23°N—33°N, 117°E—130°E,
BIG 23 (8] 43 e K 0.25°%0.25°, — 4k F ¥ SST %)
N B 23 [RI K R 41x53, —4E H ¥ SST $4E 4
2RI AR A0 DX 32 S5 B4 R R) R 371, X8R 2 )
L FEVL A 28°N—29°N, 124°E—126°E,

WIS, —4E A ¥ SST 4445 4 480 1,
BL 304> A B s 3 35 SST 0 il {8 3t i il >R ke
6 ™A H Y SSTMH; —4E H ¥ SST ik K E
R 2190 d, LA 35 d B 7 52 H ¥ SST WA {8 > il
MRk 7d B9 H¥ SST 1A,
1.1.2 EEMD &%

EEMD /BB R ERGBES TS
Hr R R R 6,0, AR5 R & 56 B3 43 1
(empirical mode decomposition, EMD) 43 f# i A
AR AE R BE | QU8 U3 3 i B IR ) B I 40 1
s, A Sext SST i {5 5 34T EEMD 4>
i, BEART SST {55 MR A5 X IR B 2= S BE R ) 52
M, EAARTHELRRIT .

(1) [ JE LR SST e 5l x(o) i e,(0)J5 15 3
IS xi(8) = x(0) + €,(0);

(2) F F§ EMD B30 x,(0 #4172 R 418,
RE] k MEE DB (0 1 NRART R r0(0);

(3) B4R SST F5l x(HH EHT A B #Hi =

Wers, HEPIR(2), X ¢ (o BEAT I (EALAL 2,
153,

k
x(0) = ) cij(t) +rot)
j=1

N (1)
cjt)= % > i)
i=1

(DR BRI G K TS

k

x0)= ) e +r() (2)

j=1

A NRRE N KIS B,

W 1 BTN, 2022 4EHT 200 d B —4E H 3
SST %4 %33 EEMD FJ D43 A P AME A 2 i
M—NBRSE

20 40 60 80 100 120 140 160 180 200

20 40 60 80 100 120 140 160 180 200

30 20 40 60 80 100 120 140 160 180 200

20 40 60 80 100 120 140 160 180 200
Time

B 1 —#E¥ SST BFHHE EEMD SR
Fig.1 EEMD decomposition results of one-dimensional
SST time series data

1.2 Btk

WK SHEM B EATERERREE
(sparrow search algorithm, SSA )" Ffs 4t fk. 2
% ( whale optimization algorithm, WOA) " % |
WOA & Mirjalili 217 B4 £ 478 £ 45 1 T e 3
W—FSEA RS, BEAREFEEE R, 28
WESRADEMR A

DL SO 28 T B ST HOR ) R 2 > FE A
SHCGHEATORAL R 1), B4 28 538 W41 5% BB loss,
W20 H¥IESHUE, A FERE. &
HRI R A& P SR TT RO IR 22 > 2, R
— Rt RIaArE . it B b s
Y. B MBS R B EY 3 M.

F—BrE, mEEY R, TR a


https://www.esrl.noaa.gov/psd/
https://www.esrl.noaa.gov/psd/

%58

FEE, % £ F IWOA 4£4k Res-BiGRU i & 2 3 B A 64 i %08 £ N 7 ik 809

WS BArHEE, BIEH S5 loss. VA loss B
JINRR B 0 R ST 20 B B AR, LAt AR 3R
YRR A SO E ., T AR,
{ D =|CX*(k)- X (k)| (3)
X(k+1) = X*(k)—AD
A H: D FnFE—nfaME S YET A AER
B k R BB G X (0 F X (k) 535 T 24 /T
AR AL E (B Y TR S 5UE) R —65
AR E (R E—HSHE); 4 F1 C Il
i AN B RS E &, B e X
A=alri-1)
C=2r (4)
a=2(1-k/kpax)
HH: M rnRos [0,1] BIFEVLE; knax e
B REARIREL
BB, B M T B, A
523 BAnJE (BR loss Y/ ), Bk ik B8 e =K h 41
] N BB B B, BUEFARALAN T
X(k+1) = De® cos(2xl) + X* (k) (5)
A 124 [0,1] [RIRTBEHLEL b R E %L
BB, MREEY N B, BRI
TS EAIMER I EWT 2R R (A =DER
JAERIE R (Al < o BATERERET, KBS HEHLLE
— R MR (B — A S50E) B SRr L
FRAE Ry At f AL BT AR Y, LA I 3Rk S
JRE RSO, AT
D = |CXyana(k) — X (k)|
{ X(k+1) = Xyana(k) —AD
K X ORI kDAL SR ) 5
AR E
H ERSHATAL, S8 a #H T WOA Bk
H)FEHERR, (HS5 a £ WOA BiE R4 M
WY, T B AE T X 2 2% [a) 8 s 000 s ] 384
BBk R s L, RS | N IE 5% IR R 4%
Tl X S a ER SR HFT R, HHE a
BRITERXW T

a=2[1—sin(2:k )] (7)

WE 2 Frs, Bt 1 a R R N AE )
MR B RES R T, IS 2R REE; M
TEMR S W B B B BB B AR T R 28, #6177

(6)

R R E R RIEIRR

0 5‘0 l(I)O 1;0 200
EARIKEL (k)

2 Hi#tE o FER L

Fig. 2 The iterative curve of a after improvement

1.3 MLARLRY
13.1 —HKREER

CNN H (6 P28 ot B s B SR
T R RE S5 PR U 46 BRI TR Z L, %3
A AR R

Ci=f(Wi*x_1+by) (8)
K FO) R AELRAE B BOE BREG W b 435l
HE I ERZENEARE

s b, ONN R Z B £, HAEL
FIRBE TR, (Hit 2 1 M 48 = F S 3 s A 1|
SRrBh EETH R AR BE IR MR AU . TR, RIS
W 2% 15 R S8, AR SCR F — 4k 5% 22 6 TR BT
SST {55 #23 MR AE AT R, K5k in i 3
fiR, BEEBUZ (1D Conv) #4745 —14k (batch
normalization, BN) Zb B, & pR B0 1E PELR M2
PRI ReLU,

1D Conv/BN/ReLU

1D Conv/BN/ReLU
A
1D Conv/BN

VYV
ReLU
A

3 —HREERR

Fig. 3 One-dimensional residual convolution block

AR B, — 4R 22 IE 7 T
o, i o R R 1 BT B A N RS
—EEA T — MG, MR — R EBTIRE



810 & # x o M F

%43 %

BN x, Z5R2E TR % o F, R
— TR H(x) 7] 2R
H(x)=F(x)+x (9)
1.3.2 BiGRU
I 4% #4 22 B3 5T ( gated recurrent unit, GRU) &
— 7 BB A% e B ST ) S 5] K 5% R P A 2 T 4%
B, B LSTM WA AR ™", T EhEE I TME

BT IPIERILAL, 2 TT R B EE AN 4 BT7R o

B4 GRU R
Fig. 4 Internal structure of GRU

Horb, SRR G = (10) 5 X
2t = 0(xwy + he_1wy +by) (10)
FH: b by 53 ) FR7R 2T B 20 ARG — B
Z B BREOR A ; o () Fen Sigmoid RREX, F T
ZAEF [0,1] Z 18], 0 F1 1 435 3R 58 4 Fo AL
B hy—ys w, M b, S IR R B IR E R E
HE ATEMNS A EENRERE, B

TE X
r: = 6(xwy + hyi_ 1wy +by) (11)
Pl GRU F 24 i P 221 4 7T LASRIR
h; = tanh(xwy, + rehy_ 1w, + by)
- (12)
{ he = (1= z0)he-1 + zihy
PRUERT GRU M4 BAR BRIE 24 > BN R 155
R4 I A5 B, H TR XS a5 B T AU A,
Pt BiGRU 38 i3 ¥ GRU #E47 % [1] FFHR, BIVKE IE
i 4 £ o I 4 L BB 9 BIGRU H
FRBCIR A, B[R] B A8 2R B P55 i
JE T AT 2, Bt AR SOR F BiGRU X SST it
PG5 34T I ] AR SR B
133 HZEZANH
AR SST £ 48 5 58 4 77 I 25 R AIE 1 42
B, ASCHER T — et 23 R L% TSAM, H
w23 8] 1 & J1 ML (spatial attention mechanism,
SAM) RN 5 iR . B NFHEE Se &t Fy
AL AN AL, AR5 X PFEEAS B A AR I R4 T
A FE R BREAE B A0 3 M1 5), IR &t
ReLU R ECHEAT IR St WA, 38 5 46 [ AR i e 52
PURHERL &, I S22 RBEFHIE(S B $R L,
SAM M8 R A] RIK R
M(F) = 6{ReLul f3x3(PL)]®ReLul fsxs(PL)]} (13)
K PL R X0t A A B R AL )5 75 3
HIFHEED; faxa RSB/ a BBTRERAE;
RN IETTE,

HARHE

REhie
PHE
Lﬂ |

- oNiuld

HBR: 5
Conv//I;elu SAM
ﬁ 22 1;
ﬁ;ﬁ Sigmoid ;J;Ii?i
BEW: 3 BT e
Conv/Relu Conv

% SAM TAM

HARHIE

TSAM ¥
LIk ]
HRHE

B 5 SAM FEEE
Fig. 5 SAM block diagram

Bt 18] v3: 2 J1 #L % (time attention mechanism,
TSM) 5 SAM 25101, iy NHFRAE F 253 S 353 4k
Jo , T AR IB) 4 BF 48 R — 4ESH [ T e R©C, Hp

F YT R 4EBE RS § A TCR AL AT

C
Ti= 5 Y Fil) (14)
i=1



% 5 FER, % AT IWOA %4 Res-BiGRU % & 52 5] B A1 64 i £ 05 & TN 77 ik 811

SRIG, X T A7 B FRERVE R Sigmoid pRELH A% 4y (None, 35, 8), % 1 ] 5f (Output shape)

—fLAbEE, TSM (9T BT . (None, 7, 1)
My (F) = 6l f3x3(T)] (15) 135 Fxak
I, TSAM(HATHES)) i3 A =L F R4 RS, T IWOA {1k Res-BiGRU
{ Fy = Ms(F)OF (16)  MOMGPEFETGE BN SR A 7 R
Fy=M7p(F1)OF),

. Fy FE, A28 258 SAM Fl TSAM

AR .
1.3.4 Res-BiGRU SST Hfdfetyl
KSCH T — R T SST I SR BTN 19
VP 2T R4 B8 (Res-BIGRU), JEFI 4 i
&l 6 iz, Horh None 7R a8 i K/ o
EEMD 73+

Input shape= Resh Output shape=
(None, 30, 41, 53) eshape T (None, 6, 41, 53)

e T2 TWOA ik fbn
) Res-BiGRU YIZZ 40 % il

|

B5E SST HliITs 17 [ PR 4K Ax)

v

A e AR

AR

s

Reshape (None, 30, 2173)
Y

v
ConvlD
v

A

L BB SR 12 )

<
<

HATIERLE fik) . AR U2 R R At

l

SR AR

Bl 6 Res-BiGRU Hy#EEILE#Y
Fig. 6 The model structure of Res-BiGRU

HbRft L%

A B ARIERREL

X 4 A ¥ SST #uds, VI hEEREA 20 fay s

ANJZ#E N Res-BiGRU, il A X5 (Input shape) 24
(None, 30, 41, 53); il i —4E £ FL(Cov1D) A1

ey

2522 41 (Res_Conv1D) HEHL SST K Y45 7] BRI
FEF; SRJFHEN BIGRU J2, $EIL SST Hcdim i ] |
WA, F1 4003 23k 15 2 11 (Attention) |2 JH 3§ B Res-BiGRU |
HRFIE R, LAZE Y SST BRI ZURHIE; 5w,

S B )i °F- (Flatten) J&7 28 B #IL 2K 7 ( Dropout) 4k P LS

i 1 4 % $2 )2 (Full connection) i i 71 il (1
SST %4 , %y i =t (Output shape) A (None, 6,
41,53),

XF T —4E H ¥ SST £k, Kk 2190 (1) — (1) FIWr SST £ Hm4E s, —4E H ¥ SST %4z
Yk 1 34 SST B 45 EEMD 43 it Ja 6748 74 FTLAAIH] EEMD 43 fif, FEAIC SST &l v iy e /5
B 1 A5 4y 2 i, I Res-BiGRU X 438, Jf Al FH Min-Max X 4 A SST 4448 # 47
AT B, N2 LB A8 JE (Reshape) J§ - IH—fbAbHE,

7 HiftiRiE
Fig. 7 Algorithmic procedure



812 R

%43 %

(2) B IWOA 535 ik Res-BiGRU #H %Y
WS4, F35 BiGRU W ITEFIVIIR2= T & Lr,

(3) B4R 38 L JBE PRSI (x) 3977 AR 1R 22 (root
mean square error, RMSE) , T1E 0T

1 N M s
fG):RMSE = 31— Z=l(y;,n-y;,") (17)

n=1lm

K n BoRBMAEAL; m BmFEFEARE
m NFE; fOOMSERRAR, R SEUE R
B

(4) FF 4R H) F TWOA & 244k Res-BiGRU
R, 245K ) I R AR VR B8 B E (k) L 22K
ST, My B S5

(5) FlHHEMUN S50 % Res-BiGRU, If
PRAFYN GRAR R 8 o

2 GRS

2.1 THEESR

IV AN TR SST T3 A8 2 A4 P e, 366 F—
4E 7 3 45 X5 B 43 iR 22 ¥ {8 (one-dimensional
averaged mean absolute percentage error, 1 _
AMAPE) | 2_AMAPE 1 RMSE {E R iF 16 %5, 11
BRKATF:

N N .
| AMAPE = —— » b =3,

_ (18)
NXI oy ()
N I J i 7 1,7
1 |}’t(l,]) —}’p(l’])|
2 AMAPE = —
= N; I><J;Z1 [y, DI
= =1 Jj=
(19)

A i o B RN A (A s A s N 3R
INFEAREL y,(i, ) T, (i, ) 73 T 378 X I 2 (6] A%
R B 0 TR
22 SEEECESIIGSEL
221 ZBRERE

ST EHLUECE N Windows 10, CPU 4 Intel
Core i7-9700F, 24 I HEZR A TensorFlow2.10.0,
YIGRER . BiF ML R 3 LB R 8 1 11 1,
222 WHHHMmA

Res-BiGRU /¥ #8 2 ${ % & 41 T : Dropout %
# k1 0.3, Batch size iy 64, CovlD 1P JZ Res_
Conv1D BB RN K5, 3F13, K K
£4 loss 2 RMSE, LAk a% o FEHLAR BE T [ SGD,

VIR ER 200, BIGRU HIBITCHECH 256, ¥ Hh
32 Lr 4 0.002,

H A, BiGRU W S ITEMWI a2 > % Lr 43
FIXFH T TWOA, WOA F1 SSA X} BN 4:2 5L
B SRR . Res-BiGRU F| i 3 #hifb & et
— 4t H 3 SST ¥4 #1725, loss W Sk Hh £k 4n
El 8 Flizm o

25

201

1.5}F

loss

1.0

0.5

0 20 40 60 80 100 120 140 160 180 200
Epoch

B 8 AREMELEE loss B8l i Lk
Fig. 8 Different optimization algorithms Joss convergence

curves

1 &l 8 7] 41, Res-BiGRU I IWOA B ¥:4L
NGB BT Y4, B loss WCSHE /N, HH
BT SSA Fl WOA 43 B MK T 29 0.18 #1 0.1, i
TR T A TS A
23 JHRLSCL

KB IE Res-BiGRU H 45155 B Xof 455 BUKE BE 114
R, JFR T H B S %, Res-BiGRU Xl {4 —
4 H ¥ SST IR THR L4 R R 1 FiR,

F1 MWKEHMIRER
Tab.l Ablation test results in test set

RIS B EERBER loss/C
a / / 0.35
b / TSAM(H17) 0.40
c TSAM4T) TSAM(H4T) 0.36
d AM™ TSAM(H47) 0.38
e CovlD Res_CovlD 0.46
f GRU BiGRU 0.43

Hrp, A o AR, Hf TSAM R H
& 5 Frn B BRATHES, B loss WK (B F A5 127
b} Res-BiGRU Z B #2 TSAM JZ, H: loss i 84
i LT+ T 0.05, 28 TSAM 2 (BT BIAER S
T RERUKE B LAY ¢ o4 Res-BiGRU ¥ TSAM 2



%58

FEE, % £ F IWOA 4£4k Res-BiGRU i & 2 3 B A 64 i %08 £ N 7 ik 813

HHES 7 K B AT AR R IEAT, B loss 1 FHT 0.01;
B d  SCHR [13] 2% A 19 AM & #: TSAM 2
(B A7), H loss B F+ T 0.03; B A ¥ Res
ConvlD E##: 5 ConvlD, H: loss 53] 0.46; 1
# £ | GRU % # #5 BiGRU 2, H: loss i %
0.42, {&T% A BiGRU ZRIIZEE R,

RIBER a, b, e I fIELIWE REIET
TSAM, Res ConvlD #il BiGRU JZ 5| A i A %%
Mo WAL o Tl ¢ SLEREE WA, HR4T TSAM HE
1 B SST Tl I G B 5 =5 s MBEEL . ¢ BT d S5
25 L] 1, A 5T 4 A TSAM B BE A 2R &
Res-BiGRU HYPERE
24 SLZER ST
24.1 —% 8 ¥ SST #3&

R B UEAS SCHE H I SR AR —4E H 34 SST 1
W e (1 B (EEMD+IWOA-Res-BiGRU) , ¥4 &
5 SCHk 42 1 59 VMD-CNN-LSTM™ #1 VMD-
LSTM-BLS %% % " 3 47 b 4% . i FI 2022 4F
3A1H—20224-4 H4 HM20224E7 A1 H—
2022 4E 8 H 4 H Y H I SST £, WK K —
A~ B SST #i#E o

B B, & T % 4F EEMD 4> f# & ¥ N A T
SST B 3 %5 4% Tl Ak B M9 A 0t X e T LB
EEMD 43 fi# 38 %5 (IWOA-Res-BiGRU) X i ] 45
R, 4 FpAE BRI R AR Y 2R 4
HEAT YRR R A DA A T, S s WA
Fi True ®n, LW E5 R A 9 FE 10 Fiw o
20 4 FhEL TR AR — 4k H 3% SST % d
T AR T 34E

20.5
AR
20.0 r—-=-- VMD-CNN-LSTM

—=— VMD-LSTM-BLS
—&— Ture

SST/C
o
W

Day

B9 ARKEST2024£4A58BE4A 11 HSSTH
MR
Fig. 9 Prediction results of different models for SST in the
April 5-11, 2022
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Tab.2 Different algorithm evaluation index

BktRS KT RMSE/C 1_AMAPE/(%)
1 IWOA-Res-BiGRU 0.13 0.46
2 EEMD+IWOA-Res-BiGRU  0.09 0.22
3 VMD-LSTM-BLS 0.19 0.53
4 VMD-CNN-LSTM 0.13 0.31
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Fig. 11 Prediction results of different models for SST in the January to March 2022
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