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Estimation of High Resolution Sea Surface Salinity Using Multi
Satellite Data and Machine Learning

Taejun Sung ®" - Seongmun Sim" - Eunna Jang? - Jungho Im ®?

Abstract: Ocean salinity affects ocean circulation on a global scale and low salinity water around
coastal areas often has an impact on aquaculture and fisheries. Microwave satellite sensors (e.g., Soil
Moisture Active Passive [SMAP]) have provided sea surface salinity (SSS) based on the dielectric
characteristics of water associated with SSS and sea surface temperature (SST). In this study, a Light
Gradient Boosting Machine (LGBM)-based model for generating high resolution SSS from Geostationary
Ocean Color Imager (GOCI) data was proposed, having machine learning-based improved SMAP SSS
by Jang et al. (2022) as reference data (SMAP SSS (Jang)). Three schemes with different input variables
were tested, and scheme 3 with all variables including Multi-scale Ultra-high Resolution SST yielded
the best performance (coefficient of determination = 0.60, root mean square error = 0.91 psu). The
proposed LGBM-based GOCI SSS had a similar spatiotemporal pattern with SMAP SSS (Jang), with
much higher spatial resolution even in coastal areas, where SMAP SSS (Jang) was not available. In
addition, when tested for the great flood occurred in Southern China in August 2020, GOCI SSS well
simulated the spatial and temporal change of Changjiang Diluted Water. This research provided a
potential that optical satellite data can be used to generate high resolution SSS associated with the
improved microwave-based SSS especially in coastal areas.
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Fig. 1. Spatial distribution of two types of in-situ data (i.e., thermosalinograph and serial
oceanographic observation) measured in the study area from 2018 to 2019.
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Fig. 2. Scatterplots between SMAP SSS (original) and (a) entire in-situ, (b) thermosalinograph, and (c) serial oceanographic

observation data.

(@) 3BSMAP $8S(Jang) vs In-situ (b)

" SMAP SSS(Jang) vs TSG

(©) % SMAP SSS(Jang) vs SOO

536 536 536
3 [ [
e 2 ; e
=34 =34 =34
[=2 o . [=
[ [ 5 s
S . S Sa2:
2 50 V=001 + 3,041 2 40| Y= 0.96x+ 1.4085 2 5.V =000¢+3.
DTN 156w D IN:T77 NDTINT9 7
e gg R:087.7° - 4| RE:074, o jg R2:083.°
= °° RMSE<04326 = “°| RMSE < 0.2932 = “° RMSE=05345
@D [RMSE = 1.3% @D | RMSE =0.9% @D [RMSE = 1.6%

26003 %2086 262091

26 28 30 32 34 36 38 26 28 32 34 36 38 26 28 30 32 34 36 38

In-situ SSS (psu)

TSG SSS (psu)

SO0 SSS (psu)

Fig. 3. Scatterplots between SMAP SSS (Jang) and (a) entire in-situ, (b) thermosalinograph, and (c) serial oceanographic

observation data.
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Fig. 4. The process flow diagram of this study.
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7H} =0 A e 2 A o 2 tko gj|okg] AekA} Hof
of &-8-%| ) th(Jang et al.,, 2022; Werther et al., 2021; Taggio
et al., 2022). - A GL0] A= Python 3.82] LGBMRegressor
71 A7} A 210 H, A A} B (gridsearch) 71 &
5 50| 5ebu] B (hyperparameten & 2 28519
FAE A O & Gradient-based One-Side Sampling 7]
o] ARE-E e, EE] 4= 5007, FEAE ] (bootstrap)
SHNEZO AMET Y& 0.2, 815-E (learning-rate) 0.019]
LGBM HHS 5310tk 3 2 Aol A= 2’
of friroll e Hdlof s HakE #£4517] f8l, o
e E AP AN F2 AME ) 2o 2
o] el &1 A3Y5}S TH(Chen and Hu, 2017; Sun e
al,, 2019; Kim et al, 2020). 37} ¥4 282 o}
2t} GOCIY 671 Ris (R 412, Ris 443, Ris 490, Ry 555, R
660, Rys 680) 2 G-A) %l scheme 1, scheme 10 AR&-5 B>
2} 37 R H] Ry 412/555, Ry; 443/555, Ris 490/555) %2 -
A=l scheme 2, scheme 13} 20]] AR8-% <=2} MURSST
2 FAE scheme 32] & 37) scheme 0.2 LA 8}9iT)

LS PIgRt=et 714185 S 0188t Ualld: 25 E= 3

a5 3

249 H3Folle= =0k (holdou) 5] AHE-H A
o Bl 43S WA EUAR F UVE T
AFESHT LA ol §) 753 S qBhe o]}
SMAP $1/4] 31218 71 %2.2 5ft 1912 4
SE5S Aol Abgste, TH Y ASAR BFof Al
28] Thop o) Wl EE 2 Syoeh. wale] %7} A
E2E=APHIE 9] 7]1& 7] slope), A A A4 (coefficient of

determination; R, 3 A&
RMSE), 38wt A3 At 2 A (relative root mean squared
error, IRMSE) & AFE-3}41 00, Z} 2| 3% 9] A|AF B2
ot A (1)~ 2. ofF Ao A x= 7] AISHE 2
2 Z2A3% GOCI SSS, y= 227 2 AR5 SMAP
58 (ang) 2 B2 7|3k Ss52 OJ|3he.

L 2 Z}(root mean square etror,

slope = % (D

0 2 [ —X) i —p)]
ETH ) G @
RMSE =\ 2L, (); ») 3)
FRMSE = )

4) SHAP

SHAPE 8713t St eo] Qg5 welo
of| 415 93l 3LQHE eXplainable Artificial Intelligence %
W % SlLto] thShapley, 2016). SHAPLS 7|} 0] 22 1}
w02 ARIoIA 7} 27kRte) 7] ohie AbsHe w4l
o2 AEshn] 7H MZI EAHE HE o] 2o et

71 =5 A F3Hch(Lundberg and Lee, 2017). 0] 5 £-3
ZF e A A S8 B ohye), F 23t
o A& & WAL 2717k FAe 4= At

(Park o al, 2021), WA, Q240 28140 7
7h 2P Aol ALt BB A0l 790 Tt B4 = Gl
g A0z Bestel, & ATl A 7 Ago] wsh
of w2 53 24 g wiak B 9w A 913 At
gk
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1) LGBM 2 Hste &

ol

H Lo A= GOCI Level 2A R:2} R, H], 18] 31
MURSSTE YEAZZ 3111, Jang ef al. (2022)9)| 4] A| A
S} SMAP SSS (Jang) S EFIC. 2 3}= LGBM &S A
Alettt. el H7LE 9J5) HA SMAP SSS (Jang)2}2]
RERAG e, m shol 447 o2
ol ol % 1049770 8] WES ALgalsic. Qe
50| 292 7|22 Al 7]9] scheme & 2 T3}
LGBM 29& A & H5-S 3Y5F3AT) Scheme 39]
0.609] R% 0.91 psu®] RMSEZ 7} =2 A 5= K1,
Holo] scheme 27} 0.302] R% 1.20 psu®] RMSE, TFA] 2k
9 2 scheme 10] 0.299] R?, 1.22 psu®] RMSEE 2 St}
(Fig. 5). SMAP S5 (Jang S} 517 ® G272 0}e] %
7HSE p¥S st 371 A5 A Al scheme 30]
0.459] R% 0.79 psul] RMSER 7MY 52 A5 B 9L,
F o] o] scheme 10] 0.102] R% 1.18 psu®] RMSE, TpA] 2k
© 2 scheme 27} 0.099] R?, 1.19 psu®] RMSEE E $ith

LGBM - Scheme 1 (b) o

@ 4w

w
[5]

y = 0.31x + 22.7864

GOCI SSS (psu)
GOCI SSS (psu)
S

LGBM - Scheme 2

y = 0.33x + 22,1901

(Fig. 6).

Scheme 13} A} 2 2 Wl EH|ES 273} scheme 29]
B AsARE Aol 7E 0019 R} 0.01 psud]
RMSEZ 1} A -2-¢| "I}, MURSSTE 3713} scheme
39} scheme 29] Z}0]&= 0.39] R} 0.29 psul] RMSEZ
- SA el H ek o] F F8, sotrlor s A
Ao A Gt Al s Tt o 2 SSSE A Bh= Aol $HA
7F o, SST A 7F mdls G HA 0 7 | x5}
= & 4= Stk 53] $SS71 30 psuld tf W2
scheme 17} scheme 20| 4] Z}cj ;. 2] A 3Fo] Ql¢
MURSSTE YHp= 371t 24 o= )i} o
£ &3l LHETol ASE P = SSSE 2 std
Fof| A A ET FE e 2] T Hoote FH = #)
the As 58 4= Qlek Fhe1 A 2 2 sSsE
Sh= WS CDOMYY 8889] A o] 2t A d i
utet ol o & Zp A/ o] AletA]
7|7} 91tk (Kowalezuk o al, 2003). SST= S5} 2]
32 AT, H-2 Aol A sss =7

2 AREEGlOH, & AT G A=

pa)

2
o e
%

L

S
o

32 T

LGBM - Scheme 3

GOCI SSS (psu)
N
(&

20| N:10497 7 20 N:10497 20
R?:029 ~ R?:0.30." 60

15| RMSE = 1.2182 15 - RMSE=1.2036 15 40
rRMSE =3.7% rRMSE = 3.6% rRMSE =2.7% -
r=0.53 r=0.55 y=0.77

10 10“ 10

10 20 30 40 10 20 30 40 10 20 30 40
SMAP SSS(Jang) (psu) SMAP SSS(Jang) (psu) SMAP SSS(Jang) (psu)

Fig. 5. Validation results of GOCI SSS using SMAP SSS (Jang): (a) scheme 1, (b) scheme 2, and (c) scheme 3.

LGBM - Scheme 2

LGBM - Scheme 3

(9

(@) " LGBM - Scheme 1 (b) "
s | L%

o

¥

0 32
a o0 A » :
=2 311y =0.24x + 24.9677 | 1 2 317y =0.23x +25.3628
Saofn:asz . 830 N:3s2
@ _ [R%:0.10.~ . " ® R%:009

29| RMSE £1.1770 ‘ 29 RMSE = 1.1861

28 | rRMSE =3.5% ] 28 -IRMSE = 3.5%

5032 r=0.30
275 . | 27 :
28 30 32 34 36 28 30

In-situ entire (psu)

In-situ entire (psu)

29| RMSE < 0.7923
28 - IRMSE =2.4%
£ 0.67

32 34 36 28 30 32 34 36

In-situ entire (psu)

Fig. 6. Validation results of GOCI SSS using the entire in-situ data: (a) scheme 1, (b) scheme 2, and (c) scheme 3.
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a2 9] 5}
Kim ez al., 2020).

H4 2 28519 T} (Chen and Hu, 2017,

2) Aol e S0

sz =y

FAIOF B2l SSS AlS7HA

SMAP $SS (Jang)@} GOCI SSSE 2Hg-5}0] 2|1t 20194
FotAlobe] AEE ot SSS B 54& 248
GOCI 8889] 7 & Atofl A AAIRE 37] 9] scheme
% 7P 34 /d50] =9k scheme 3 HE-S E8-519)
O SMAP SSS (Jang)@+ GOCI SSS H5F S 2 o] AL2-&|
A 942 AR ARE-8FSI T

SMAP SSS (Jang)@} GOCI SSS= 50} A| o} 3 & of A]
v 53t A8 A B EAS BT 7, 8). ©429]

= o=
e vl A = oot SAEE g B A%

VG DGESE FH B A0 ety yh
CDWS| JFL AP 02 W SFT Ym0

125% 130°e.

SMAP SSS(Jang) 201904

135% 0% 125%

d) -

125° 130° 135% 140°E 125%

(9) 4. . SMAP SSS(Jang) 201907 (h)

125% 130°E.

SMAP $8S(Jang) 201910

135 140%F 125

(S

0 Nove

125°€ € 135% 140°€

130°€

SMAP SSS(Jang) 201905

i
130°E

SMAP SSS(Jang) 201908

130°E

SMAP SSS(Jang) 201911

130°E

{u:
3
fu
A
Coo
lo ;;;

AF7HA] w2 = A
SMAP SSS (Jang)=

CDW A AHESE
AYA| 8 SSS 27w &l

¢t al., 2008; Beardsley ez al., 1985; Kim ez al., 2020; Fig. 7).
HHH GOCI SSS+= SMAP SSS (Jang)ol| B3] =2 &5-7Fal
AFIE (500 m) H0], SMAP SSS (Jang) ol A &= 2] & %]
b ok AP B4 6 LRRAThFig. §). T,
SMAP SSS (Jang)7} RFIS}F L.C 52 o] -2 Q3] A+
o)A o] HEE AF5HA] ¢hi= B, GOCI 88S+=
ok shel o] AbrhHel AL wolahalc). kA,
GOCI SSS+= SMAP SSS (Jang)©f| H] 3l CDW #] <] 9] SSS

(C) N

ot

SMAP SSS(Jang) 201903

sn gl

seon b

130°€

138% 140°E

125%.

138% 140

) .. SMAP SSS(Jang) 201906

140° 125% 130°E 135% 140°E

0) __SMAP $85(Jang) 201909

13°E.

135° 140°E 125% 130°E

SMAP $8S(Jang) 201912

135% 140%

135°€ 140° 130°€ 135% 140°E

Fig. 7. Spatial distribution of monthly averaged SMAP SSS (Jang) in 2019: (a) January, (b) February, (c) March, (d) April,
(e) May, (f) June, (g) July, (h) August, (i) September, (j) October, (k) November, and () December.
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___ GOCISSS 201909

135% 160% o 1308 135% 140%
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Fig. 8. Spatial distribution of monthly averaged GOCI SSS in 2019: (a) January, (b) February, (c) March, (d) April, (e) May,
(f) June, (g) July, (h) August, (i) September, (j) October, (k) November, and () December.

R e CER DL C A
@47k 22 Sk o 8o GOCI 4R FEO
2 Q13 o] 245 917] -0 2 1 elekFig )

g ogE dide= SSS—J /\14—7}”
A 4208 3} w7 FA] &2 scheme
s gslelom, T80l G Y 2 Y

o=
el 4902 Hsto] AP AR ATl B A3}

20204 152 %5 | o]
500, 6920 B9 H s}
CDW7} 553 Hi = et 2020 7
© 2 CDWY
01 12 ol A1 7|0 O,

20202). ©] 3t EAL 8Y 19 2] GOCI SsSof| 2 L}
Wth(Fig. 10). o1, #7132 $A8 A Az o)
84 139 9] GOCI $S89l|+= CDW O] G H¢17}F B
Hold A& 2T 4= ok 3hA T 8 204 o] ¥ 8%
% ool aysabgah 95 B v B 7} 555

ok T QelE BTSN £ Aeg 4
229} 33519 31, 0| & Q13| WA A AELT} &
3t 210 2 HE 5 Q] thMarineCom, 2020b). 8 249]
GOCI SSS+= o] Y=o} vlalsto] CDWe ggFo] oF
S1.001, 31 ol 7o) mso] QfA7t 2] A
Jelollel 947t Holols AL Sele 4 otk 9]
o] Bl AR, GOCI $887}F CDW] A| 27+ 752

aAo 2 wosh= 710 &2 Holth

ug ofw
:C.>L_A‘

o

(3

4) SHAP 2

A|ABE schemes £ Ad50] 7H =& scheme 39 T
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=

o » »

3 o% 125°% 140

30 Yo% 125% 130% 135°% 140°% 30 g% 125% 130% 135°% 140%

(d)

Number of pixels used on 201904 (¢)  Number of pixels used on 201905 (f)  Number of pixels used on 201906
2°N = g a2°N B o 42°N e =SS : 40

ot

35
€ :
S5 25
20
| 15
10

H

0

30 g% 125% 30 g% 130% 135% 140%

=
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Fig. 9. Number of pixels used to produce monthly averaged GOCI SSS in 2019: (a) January, (b) February, (c) March,
(d) April, (e) May, (f) June, (g) July, (h) August, (i) September, (j) October, (k) November, and (I) December.
Note that the number of pixels for a month can reach up to 248 (31 x 8) with no cloud contamination.
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Fig. 10. Daily distribution of averaged GOCI SSS proposed in this study: August (a) 01, (b) 13, (c) 24, (d) 31in 2019.
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Fig. 11. Summary plot of SHapley Additive exPlanation analysis of the LGBM model to generate high

resolution GOCI SSS.

3| SHAP 2412 =245k QlTt. 9FA] 4-1) 8 ol A] Scheme 2
9] 9l <ol MURSSTE 713t 3 R? 0.3, RMSE 0.29
pru] A5 aArol ASE AOIH §3e 4 A0,
scheme 39] 4] MURSST7} 7} =& 7|0 & H Y
th(Fig. 11). T3, W& MURSST ZHe 7}A] = 79 S8
1% 418 F7A171 HREO.R, & MURSST 442 7}
A= 735 8SS oS B A7) e HFe s 7] o8t
%I}, MURSSTo] Slueh, Lo Ssso 4 e gk 717
L R, 490/5559} R, 412/5557} $82F2] o] 22 AFEA
= t2n FHA QA 2 52 7|5 SH T (Park
al,, 2014; Chen et al,, 2017). Ry 555+ F2 SPM&] 5 =9}
T FTHAIE 7HA AL Q= M=, CDOMIHE of =
] 4FH4o] 3lof S350} §9] A4S BTk Chen
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B0l EeS & 4 Utk thAl R 555+ WHAHEH S 5
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Fig. 12. Correlation plots between Multi-scale Ultra-high Resolution Sea Surface Temperature
and SMAP SSS (Jang) in four different regions of 2°x 2° window centered on 32°N
124°E (East China Sea), 35°N 125°E (Yellow Sea), 38°N 134°E (East Sea), 32°N

140°E (Northwestern Pacific).
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