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Generation of Daily High-resolution Sea Surface Temperature for the Seas around
the Korean Peninsula Using Multi-satellite Data and Artificial Intelligence

Sihun Jung ®" - Minki Choo ®" - Jungho Im®?" - Dongjin Cho ®"

Abstract: Although satellite-based sea surface temperature (SST) is advantageous for monitoring large
areas, spatiotemporal data gaps frequently occur due to various environmental or mechanical causes.
Thus, it is crucial to fill in the gaps to maximize its usability. In this study, daily SST composite fields
with a resolution of 4 km were produced through a two-step machine learning approach using polar-
orbiting and geostationary satellite SST data. The first step was SST reconstruction based on Data
Interpolate Convolutional AutoEncoder (DINCAE) using multi-satellite-derived SST data. The second
step improved the reconstructed SST targeting in situ measurements based on light gradient boosting
machine (LGBM) to finally produce daily SST composite fields. The DINCAE model was validated
using random masks for 50 days, whereas the LGBM model was evaluated using leave-one-year-out
cross-validation (LOYOCYV). The SST reconstruction accuracy was high, resulting in R* of 0.98, and a
root-mean-square-error (RMSE) of 0.97°C. The accuracy increase by the second step was also high
when compared to in situ measurements, resulting in an RMSE decrease of 0.21-0.29°C and an MAE
decrease of 0.17-0.24°C. The SST composite fields generated using all in situ data in this study were
comparable with the existing data assimilated SST composite fields. In addition, the LGBM model in
the second step greatly reduced the overfitting, which was reported as a limitation in the previous study
that used random forest. The spatial distribution of the corrected SST was similar to those of existing
high resolution SST composite fields, revealing that spatial details of oceanic phenomena such as fronts,
eddies and SST gradients were well simulated. This research demonstrated the potential to produce high
resolution seamless SST composite fields using multi-satellite data and artificial intelligence.
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4 {1t} (https://podaac.jpl.nasa.gov/dataset/1.3S_LEO_
PM-STAR-v2.80).
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Fig. 1. Map of the in situ measurements for the validation and correction. (a) location of two types of fixed (or two types of
mooring buoys) in situ monitoring sites. The Korea Meteorological Administration (KMA) buoys are shown in blue
stars, while the Korea Hydrographic and Oceanographic Agency (KHOA) buoys are shown in red circles with their
IDs as the labels. The bathymetry downloaded from General Bathymetry Chart of the Oceans (GEBCO)
(www.gebco.net) was used as the background image. (b) accumulated acquisition of IQUAM drifting buoys. The

density is aggregated into 0.25°.
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Supplementary Table 1. The location of Korea Meteorological Administration (KMA) and Korea Hydrographic and
Oceanographic Agency (KMOA) mooring buoys

Service Location . .
R Buoy name D - - Validation time period
administration Latitude (°N) | Longitude (°E)
Ulleungdo 21229 37.4554 131.1144 01 Jan 2012 to 31 Dec 2021
Donghae 22105 37.5442 130.0 06 Feb 2012 to 31 Dec 2021
Pohang 22106 36.35 129.7833 01 Jan 2012 to 31 Dec 2021
Ulsan 22189 35.3453 129.8414 22 Dec 2015 to 31 Dec 2021
Uljin 22190 36.9069 129.8744 09 Dec 2015 to 31 Dec 2021
Geomundo 22103 34.0014 127.5014 01 Jan 2012 to 31 Dec 2021
Geojeodo 22104 34.7667 1289 01 Jan 2012 to 31 Dec 2021
Marado 22107 33.0833 126.0333 01 Jan 2012 to 31 Dec 2021
Chujado 22184 33.7936 126.1411 15 Jan 2014 to 31 Dec 2021
KMA Seogwipo 22187 33.1281 127.0228 22 Dec 2015 to 31 Dec 2021
Tongyeong 22188 34.3917 128.225 22 Dec 2015 to 31 Dec 2021
Nambhae 239 22300 32.83 124.73 01 Dec 2015 to 31 Dec 2021
Oeyeondo 22108 36.25 125.75 01 Jan 2012 to 31 Dec 2021
Incheon 22185 37.0917 125.4289 22 Dec 2015 to 31 Dec 2021
Buan 22186 35.6586 125.8139 22 Dec 2015 to 31 Dec 2021
Seohae 170 22191 36.1333 124.0569 01 Jan 2020 to 31 Dec 2021
Seohae 206 22192 34.0 123.2625 01 Jan 2020 to 31 Dec 2021
Gageodo 22193 34.0275 125.2147 01 Jan 2020 to 19 Jan 2020
Hongdo 22194 34.7467 125.2456 01 Jan 2020 to 24 Feb 2020
Seohae 190 22299 35.0 124.13 01 Jan 2021 to 31 Dec 2021
Jeju nambu 1 32.0902 126.9658 01 Jan 2012 to 31 Dec 2021
KHOA Namhae dongbu 2 342222 128.4188 01 Jan 2012 to 31 Dec 2021
Ulleungdo bukseo 3 37.7425 130.6011 01 Jan 2012 to 31 Dec 2021
Ulleungdo bukdong 4 38.0072 131.5525 23 Apr 2012 to 28 Dec 2021
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Dependent variable

! |
i ! KMA iQuam 1
SST anomaly and error variance Auxiliary 1 2 s '
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| g P 4
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Validation with operational products and in situ data

Fig. 2. Overall process and structure of machine learning in this study. (a) flow diagram of the proposed reconstruction
and correction methods, (b) structure of the Data INterpolate Convolutional AutoEncoder (DINCAE) model,
and (c) structure of the Light Gradient Boosting Machine (LGBM) model.
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Table 1. Input variables used in the proposed two models: Data INterpolate Convolutional AutoEncoder (DINCAE) and

Light Gradient Boosting Machine (LGBM)

Model

Variable

Anomalies of SST scaled by the inverse of the error variance of the present day

Inverse of the error variance of the present day

Anomalies of SST scaled by the inverse of the error variance of the previous day

Inverse of error variance of the previous day

DINCAE

Anomalies of SST scaled by the inverse of the error variance of the next day

Inverse of error variance of the next day

Normalized longitude (from—1 to 1)

Normalized latitude (from —1 to 1)

Cosine of the day of the year divided by 365.25

Sine of the day of the year divided by 365.25

Reconstructed SST from DINCAE

LGBM

Normalized latitude (from —1 to 1)

Sine of the day of the year divided by 365.25
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(DINCAE)

Basth etal, (2020)7} A|QF3F DINCAE HE) &l H H o
FAARE Sl FetE A 9S LT Barth e al,
2020). DINCAE 2&-2 A|A| Y 2} 7 9] ople 2| & 3H
Aol YR 2 28513tk DINCAE &

e
o
2 A AT A 2 F A T (dimension

reduction) S F) % 8.8 57 (featur) & S5t &
T8 A58 Kol 9 E QIS (autoencoder) 25 Al
CHBarth ef al, 2020). 2 AL A= 242k 474 2] 3
AF AAY F 02 o] F )% Q13T (encoder) 2}
Y . (decoder), 12|31 &4 A S (fully connected) S
2 DINCAE 228 A3}t DINCAE 2 a& z¢
1) uin-barch)oh o} oere] QS ARO1N A3pE
A 75k A (reference) O =2 85101, 71 Z}o] & F9|

<]

ox oo o
of ot
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Fapo 2 st o Lol AAjA o) el
T2 FA7]7] §18) AT ohe o] A A AR
Z7b40l el R 2 28513tk Barth o al, 2020;
Jung et al., 2022). S A= (Table 1)E2 E3) DINCAE
REO A AZE L ATEL T2, R WAL oS
H oA #AR O4(Ty) 1T R A o T S
LARATOZ Ui T ol thA (1), @). A58 2
BAGHS A(1)9] AR B3 AHEE ], B B4
Hewe] JEEs Yehitt oS8 ohe e ()
Aol ufet AArE e, B E P ELEE o2 o
229} mean(SSTs)S A ATE7|7He] B4 L%
Z2.9| BFS tlsko] A&l

&,72 = 1 ( 1 )
maximum(exponential(minimum(T}, 7)), 0)

Mo o e
ot

2

A~
1.
.

—

Vy=Tp* &i/z' @
R;; = ; + mean(SST5) ©)

9] AoA] y=10, 712) 7.6=10 °C Po]ch. i j A= 2} )
A1) 9145 wolth

DINCAE Z&l& Geohydrodynamics and environment
research Github (https://github.com/gher-ulg/DINCAE)
ol A A& =™, Python3%1 12} tensorflow 7] 2| = -
A% o] Q1T (Barth et al, 2020). DINCAE X9 o] = t}oF
3t sfo|wsketul el 7} ZASHE Y] 8149 XM
2 8 B AAAH Akl GRS T Number of
convolution layers of the encoder and decoder TFe}HI| E] &
S SR HIAES 7P A2 AAAIEE Bl
e PAA o= AAEstRlt) o %, Y A| sfo]wufe}
olE of s ohdet 232 Aldsto] M et B

Table 2. Hyperparameters determined in the DINCAE

(2) Light Gradient Boosting Machine (LGBM)

71 FE A8 W Q1 oradient boosting decision tree
(GBDT) FReES 1Y ARl FR9} 71 274
W 4718 2 sequentia) A0 2 013 4 2.41710] Zo]
A, B8/ 7 2P/ o] ZFAxgitt. o] of H]S| LGBM &
12 Gradient-based One Side Sampling (GOSS) F- A8
T} Exclusive Feature Bundling (EFB)E 483101, 7]
255 e, GBDT) 410} 5843} SF o]
Foh(Ke ef al, 2017). LGBM X2 18-S 9|3 Python3
3t o A 757158 LGBMRegressore AH8-3} At}
LGBM Rl Tyt stolsiaf ool el A-gol e,

3491 210 2 maximum depth of tree, minimum data

a
d rE

4 N o

Of

in leaf, number of leaves, 12| 1L number of trees”} 1T}
Maximum depth of tree2} minimum data in leaf+= 2}2} 8}
= Eg159] 7 0]9} 3k 719 leafol] == Al

48 295} Thefol o], S 298 4 9]
2 Q5 ul2}u| E] o] th. Number of leaves= leaf-wise /.
o LGBMAA e St& 913 /1Y 20 e e

F5 ARG ob|ok e Eel2 WS A

ol

3T
=2

T o (< 7%

KOy

© i
F7] 918) g a1 o} 24 AAE W 7
QU Th(Park ef al, 2021). = 30| 1}2hu| E] = orid search
TS A3l 243 Th(Table 3). Grid searcht= Th=
o] sto|wjufetue] SE I} 2ol tigt At HF5S F
3| 221 9] sto]wjuleiu|EE =&t & Aol M=
DINCAES} LGBM %8 T-5-2 9]3] Intel (R) Xeon (R)
Silver 4215R CPU @ 3.20GHz2} NVidia Quadro RTX

8000 GPU (48 GB of memory) S A5},

d

[e)
=

il

T

model
Hyper-parameters Salsion Table 3. Hyperparameters determined in the LGBM model
Window of timeseries SST 3 days Hyper-parameters Selection
Epoch 600 Boosting type GOSS
Image resize method in the decoder layers | Nearest neighbor Maximum depth of tree 12
Pooling layer in the encoder layers Average Minimum data in leaf 100
Number of convolution layers of the 4/4 Number of trees 100
encoder and decoder Number of leaves 8
e | 6/31130/54
Activation function of convolutional layers |  Leaky ReLu 3) U3 4H
Optimizer Adam A8 @A) DINCAE 2ale] 291 433 H715

~714 -


https://github.com/gher-ulg/DINCAE

LS fIEXtESt ISXIS 7S 0133t shete £ S| Uoii e i-HRE Kia it

71919 AR 9 RES QAR AAT H ol gk AFS S AAR S BA: B B2 AR,
£ AZARZ ST SH 02 19105E 50 = BRIRNE A2 o2, Tl p dale 3
Ao ARoA F vpAT RES FESGk 22 oIk

it

g 50710) 15 0kASE 97712 F WA S0
A g0l 283}0] ET AFHLE gho] Qi FEE
A 73t 5], o] 2 DINCAE 280] 2.9 3z 7 7}of 4. A3 9 E9]

1o

EL

(S
=
Q
&
=
lo
X

ARESEGITE FRA Al A B B

= AEsH] flsl A waky
One-Year-Out-Cross-Validation (LOYOCV)S AR5} Fig. 3. 9] 9|2 A| A H 502 0] A% 2HHof 2
ATh LOYOCVE AA| A3L7)|7F & E4 o A7 E Hor Hol a2 4;45543 A} IR s 58
AeJstar v ] 3 o] Abr = sh<gsto] Al 9jE U 2} 3k 1ot} Fig 3ol WEH 2-9E Antel A% =}
BE HSote wA o). 94 7] 7to] 10\ d o] L& L =0 A (R=0.98, bias=0.27°C, RMSE=0.97°C,
LOYOCVE 103] RHEs A S=3)gtet. 7l a2 MAE=0.73°C)& H9lt}. & Avk= A 3|7} A7tA o]
= AwE B7lel7] Al ofef o] tHAl7HA] Hehe Al ™ FU SHE S AR S AR AT At

oN
o
Ol

I 9] Teave- 1) sieHRE S A

o

£ 5ol % AN A oR BEATAI@)-B).  R=094, RMSE=1.09°C) BT} AT 2 0 2 -2 291 3
” I = Z0] i Ho] AvlFio.
Rl DW0FF L Tw SR RCIRAN(ie 200 24 Aok 0
SOt A B 7E5°C o] 319l 7 e Sht oL,
5°C o]}l 7ol = Tl s T Aol Kol
Bias(°C Z (y i) 5 -
ias("C) = O R gokeh B Aol A AN O R BaF g
G FE Hole AT H g 2HE BT
RMSE oC — M 6 [
0= n ©) al, 2021; Jung et l, 2022). ©| 23k Zpo] = Y zpR ] o}
ala] E QA Q¢ mWIIAF
RMSEC _IOO*RMSE }-'_—EE] g ]—01—7] '[4‘6]’ OH—I—D:]\__E Oﬂ-oo] ﬁ:TL7]
PRMSECR =", M 2 A7 104, A AT 104 o]sho] et melol
a4 rof 9oks Ao 2 wohETh A& AlA 7
MABCC)= S | 51| ®) el IS EA ot eﬁﬂv j I
MRS AR A g AR 2SR A Fat
FA Y ne A ALt A E= AE e A A A S92 71 W2l dt7IRtel otdel ut
35 - (a) 100
Y = 1.02*X+(-0.68)
R"2 = 0.98
Bias =0.27°C -
s .RMSE=0.97°C 0 Basen
~ =" rRMSE =5.70 % B
@ MAE=073°C S G
o N=1754128 0 > ol
o £ w
z 15 1 3 35°N 72
3 o £ z
& £
54 " 832N
% i 15 25 = 120°E 123°E 126°E 129°E 132°E

Reconstructed SST

Fig. 3. Validation accuracy of the SST reconstructed through DINCAE. (a) scatterplot between the reconstructed and
reference SST data and (b) spatial distribution of validation RMSE.
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g} 2l o] Sk 7L ARSE = QTh(i e al, 2021; Jung ef
al., 2022; O’Carroll et al.,, 2019). Fig. 3(b)= B A= 5
RMSE®| F7hEzo|m, AbA| o] elsfx] S Ht 4
A0 2 =2 215 Holt) £3], H35}0] 3] (bohai sea)
ojote] B9l Al RMSE7} 1.2°C 0|40 & T2
3} Bl A 52 @S Helth AlA| 4 ofleH el &

%3] %951 DINCAE 812 47|17 943t B A
27V Ao et RO 58 & SAspAI, A3
/3o 2 Aold e B Aetert sk AdS
Hoj2th(Jung ez al, 2022). YHA, Y =7} 7HAgHo| uf
o 29 GuEE ST, o] = HHATO RARR
AdE Bt (ung ef al, 2022). AYPER LA+ 4
MeE S| B WEHol JAE R wo] 1
|oF Sh= ohle el o] W97} FastHA H i, o= o

Al gt gl daFe & Ao = HHE thBulgin o
al., 2020; Jung et al., 2022).

Fig 4= A2, 272, BeE o5
O}, 41 T £ i 400, ()% 2
EREREEEENEE EEEE
L5 7} 2T 40, @) A1 5
294 9l UR(Fig 42 oI AekE

B
flo
!
o
2
>

]

n=2
o
H

>

ﬁoéﬁ
jc%_‘ﬂu

2 o
kodo K o

sy

R
)
=
I
e
i)
:"é
P
}
o

2T (Reconstructed SST: R*=0.92,
bias=-0.53°C, RMSE=1.45°C, tRMSE=6.31%, MAE=1.14
°C)+= OSTIA, MUR SSTHE. T} AT 2] 0 2 thaA U-o 3}
=g EQth ol 7IE R A RES AT M S
0% A8 E T3 B/ o] ARES B3] thizo]
T} (Chin ¢t al,, 2017; Donlon e al., 2012; Stark e al., 2007).
LGBME 53l A H sl 2] HE= (Corrected
SST: R*=0.92, bias=0.10°C, RMSE=1.23°C, tRMSE=5.35%,
MAE=0.97°C)& &4 sl 2= H ot A RMSE=
A0.22°C, rRMSE=A0.93%, MAE=A0.17°C)¥] i T}. 7]&
TG ARG} FUI 2 OR BE AR WS ARS
&45F 2 El2 OSTIALF MUR SSTHR T A& 0 2 &=
2 S (R?=0.97, bias=0.00°C, RMSE=0.81°C, rRMSE=
3.52%, MAE=0.61°C)& R QIT}. E3F H o Lof A A&

SST (°C)

& . XA 0
120°E 123°E 126°E 129°E 132°E

SST (C)

120°E 123°E 126°E 129°E 132°E

120°E 123°E 126°E 129°E 132°E ]

120°E 123°E 126°E 129°E 132°E

Fig. 4. Spatial distribution of SSTs. (a) original SST, (b) original SST with the occlusion mask for validation, and (c) the
reconstructed SST on 5 May 2013. (d) original SST, (e) original SST with the occlusion mask for validation, and (f)

the reconstructed SST on 30 Oct. 2015.
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Table 4. Accuracy metrics of the operational SST products and SSTs produced in this study when compared to IQUAM

drifting buoy data

SSTs Coefﬁci?nt of Bias RMSE rRMSE MAE The number
determination (R?) °C) °C) (%) (°C) of data
OSTIA 0.94 0.00 1.07 4.69 0.81
MUR SST 0.94 0.08 1.13 493 0.86
Reconstructed SST (stepl) 0.92 -0.53 1.45 6.31 1.14 627,981
Corrected SST (step2) 0.92 0.10 1.23 5.35 0.97
C"”;Ct:i’fusdfa‘(‘;gﬁzﬁ;nm 097 0.00 031 352 061

Table 5. Accuracy metrics of the operational SST products and SSTs produced in this study when compared to KMA

mooring buoy data

SSTs Coefiﬁci@nt of Bias RMSE rRMSE MAE The number
determination (R?) (°C) (°C) (%) (°C) of data
OSTIA 0.98 -0.01 0.69 3.88 0.49
MUR SST 0.98 0.15 0.85 4.78 0.59
Reconstructed SST (step1) 0.97 -0.64 1.30 7.30 1.01 40,765
Corrected SST (step2) 0.96 0.05 1.09 6.11 0.84
Corri‘;cts‘fusdi?a‘z:gé‘;m‘m 097 0.06 0.99 556 0.76

Table 6. Accuracy metrics of the operational products and SSTs produced in this study when compared to KHOA buoy

data
SSTs Coefficient of Bias RMSE rRMSE MAE The number
determination (R?) °C) °C) (%) (°C) of data
OSTIA 0.97 -0.01 0.74 4.14 0.54
MUR SST 0.97 0.11 0.80 4.46 0.57
Reconstructed SST (stepl) 0.94 -0.79 1.49 8.33 1.16 11,493
Corrected SST of training
entire data (step2) 0.94 0.38 1.20 6.68 0.92

SF LGBM 2&-2 A3 AL (Jung e al., 2022) )| A A&
g W x| AE o] FA Q] WA 7] A = (RMSE=
A0.71°C, FRMSE=A3.89%, MAE=A0.53°C; = ¢1°L: RMSE
=A0.42°C, tRMSE=A1.83%, MAE=A0.36°C)Z A} 3]

ZaA e

Table 5= #|2H 2% 2} 2ES 7|4 9]

A
o] WS A Roh v We HBET HelF
7140 ARE ol AR HBEL 5
o] Az2oke] 4% Aot F A LGBM 2
E9517) FAH S molFoth, A o4

]E
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w
=/
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T
il
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¥0 ofh
o

==
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’i

A 9 BYE sluem ) Huck ke ot
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vehysich 24 seE e E @A 29 AT

1

714 ol AR RMSE=A0.21°C, rRMSE=A0.91%,

MAE=A0.17°C)¢} iQUAM 35 S71 H

o] Z}2 RMSE
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O AVEHA AFLakgIt) BE #AF 3=

2R AN
Z]— 722 5k

=2 1 -9

slo] B A H 4

2

A =)
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AR, 7|2 0] S|4 SR AL R K Tk oF7E

= e A ) ARE /7w

ek

-717 -

A g Bt ol elgt Ate] 705 ol §
0l A8 4855

A2 ujek FeA 71
2 | o] B | o] 2 global

telecommunications system)oﬂ :‘BF:}E] o] 7|& F4H

Ao & gt



Korean Journal of Remote Sensing, Vol.38, No.5-2, 2022

SHQUAMTY 71737 o] A W& AR E
E b‘]—}\'] Xl- x].g'__ /\g/\]—oﬂ 5] 9\]\4 x]
AR O] Fo| AR AREE A 2T :Lﬂi
AR Aol el e REs = s FRAL
%4 A 3 Amo] el AE5S T SHATh(Table
6). 2 s He w2 9] A3 E RMSE=1.49°C,
fRMSE=8.33%, MAE=1.16°C)= 9FA] %3} iQUAM
I 714 Amete] A H Uk 7 @3S
4:02-0.4 m)THHQUAM(TZ =4): 0.2 m) o] o] 13|
TS RAIL TS 4L 3 m) Fol= Al Ao 7
S48t} o)z, o3 Bl
—%%%f‘ﬁ%éﬁri’lxé l“‘ﬁh—"“’&ﬂ#
oo 2 7143} QUAM &
o] AAE Rk AR wiiZoll e FRARE Fo] &}
79 540l S5 HA] o2 Hol A= A U 8
Qo2 AL E . 7 THQUAMS| e AAr & 85

(@)

38°N 38°N

35°N

35°N

32°N

120°E 123°E 126°E 129°E 132°E

(c)

38°N

35°N

32°N

120°E 123°E 126°E 129°E 132°E

BAE Lo FF xpgole] AT e 2y
A ] - (Table 6)7} SFA] BB IQUAMY}
7127 3] AT (Table 4, 5)5.cF B4 RMSE=A0.29C,
fRMSE=-1.65%, MAE=A0.24°C)5} %t}

oL o

I Qleh B s 2= (Fig. 5(0)= 2L E
73781 MUR SST (Fig. 5(b)), - =2 = (Fig. 4(a))
o B]S2g FIHEE S HO|A|RE MUR SST} @1 o] H]
o kA 0 2 sl 2= wpA S shlTh HhE, 2
A s = (Fig Sd)e EBH—J OH5(eddy)3t A4l
SO YRS BHH S m T Felstal A
817 20131 0.0, MUR ssm A LERES B
o] 2=l ek v, 24 27k 7]He] OSTIA (Fig, 5(2)) A=

(b)

27.0
25.0

22.5

- 5 - 4
120°E 123°E 126°E 129°E 2

(d)

S5 8
(6)] o
(D.) 1SS

15.0

125

10.0

120°E 23°E 126°E 129°E 132°E
Fig. 5. Spatial distribution of SSTs on 5 May 2013. (a) OSTIA, (b) MUR SST, (c) reconstructed SST, and (d) corrected
SST. The spatial resolutions of the SSTs are 0.05°, 1, 4, and 4 km, respectively.
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o= w2 A Y O] Y-S0 BE S (smoothing) =
ol8)] =55} HLO] %] A] kT Donlon ez al, 2012; Woo
and Park, 2020). & A7-0] HATA LS AEA o2 5
A HFULE A7 SO AL ol
P EEREPREES

NI :L

al., 2002; Park et al., 2008).
U2 A Fig 5(d)> Fe= 3 %ii(Flg 5©)
oA 71E T AtE=oll vls) A5 E el et
A 5| FRAI L Sl F Fite v s 2O
SHAT. OW Fig collA 7 AE AA BAH sl
Hers 5YE s =g A4 ske] duty
25 Hon, 53] AlFE d&e o
AL 95 PO 5 3

o A BA AR 50| 38N

38°N 380N
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120°E 123°E 126°E 129°E 132°E

38°N
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32°N 32°N

i
120°E 123°E 126°E 129°E 132°E

IS 71812 0123 BT FH sficio] MIHNT s+HIRE At M
Aol FAsH7] wjzoll 27 Aol HAL
e A0 2 IAHFHT(Fig. 1). ESE HAof
ARgE A=zt Aof HAof ARgE LGBM HLH 9
e Eole dl AV S AL R BT Ke v a,
Y Aol A= $14d whol L2 T} AllA] 7|4t B
EB_%E AEES Y BpE FUtsto] B mElo) 4
53 Y AS FAMA A T (Jung ef al, 2022). AR, 1f
o|ZRu} AN 7Rt s 2 s FA R QIR o]
S A 8l AL =EH 100 km7kA] A= 7} 4k

2514 oot & AT AL ALEE 4 Gtk 23, 914

BT &I kS (retrieval) M 9 YAt A o4 B A
T} E4 WAS H8) AFHE-E+= Optimum Interpolated Sea
Surface Temperature (OISST) &
FEEp

AR gt

S PYAL 5 US R0 R neld,

24
22
20

(d) 1

16

(D.) 1SS

14

12

120°E 123°E 126°E 129°E 132°E

Fig. 6. Spatial distribution of SSTs on 30 Oct. 2015. (a) OSTIA, (b) MUR SST, (c) reconstructed SST, and (d) corrected
SST. The spatial resolutions of the SSTs are 0.05°, 1, 4, and 4 km, respectively.
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