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Fig. 1 Overview of the study area
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The black curve is for the 100 m isobath; areas with water depths greater than 100 m are shaded in light blue; the curve with black arrow is for circulation; the

ring is for the eddy current caused by circulation expansion
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Table 1 The source and voyage information of field sea surface salinity

IRV &N AEA A TR] WL 5 A%
EQ17 M/V Celebrity Equinox 20184E1 7 1-6H 2179
AS17 M/V Allure of the Seas 201841 H4-7H 1198

GUI801_Legl R/V Gordon Gunter 20184F1 A 14-22H 4178
GU1801 Leg2 R/V Gordon Gunter 20184F1H26H E=2H9H 7421
GUI1801_Leg3 R/V Gordon Gunter 20184F2 12-27H 5428
GUI801_Leg4 R/V Gordon Gunter 201843/ 1-16H 7941
GU1802 R/V Gordon Gunter 201846 H24H ETHH 7 609
GU1803—transit R/V Gordon Gunter 20184F7H 11-14H 1340
GU1803 Legl R/V Gordon Gunter 20184F7H20H 28 H3H 7196
GUI1803 Leg2 R/V Gordon Gunter 20184-816-19H 4727
GU1804 R/V Gordon Gunter 2018478 H23-31H 4445
GU1805 Legl R/V Gordon Gunter 20184F9H2-9H 3563
GUI1805 Leg2 R/V Gordon Gunter 20184F9 1 11-30H 9656

EQI8 M/V Celebrity Equinox 20184F6 1 H 2 12H22H 872

GUI1806 R/V Gordon Gunter 20184E11H10H E1H4H 10 127
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Fig. 2 Spatial distribution of field sea surface salinity
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Table 2 Statistics of measured data and satellite data

ARG SCMER R WEFRIREE/C Rrs412/sr! Rrs443 /st Rrs488/sr ' Rrs555/st! Rrs667/sr"
SN[ 36.587 32.525 0.030 18 0.036 44 0.045 42 0.031 41 0.010 12
/ME 22328 18.270 -0.001 74 —0.000 42 0.000 85 -0.000 11 -0.000 65
RV IR 36.147 26.475 0.008 00 0.007 00 0.005 41 0.001 46 0.000 15
FHIE 35.554 26.514 0.007 51 0.006 71 0.005 35 0.001 68 0.000 21
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Fig. 3 Flow chart of sea surface salinity retrieval model based on random forest algorithm
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Fig. 4 Performance comparison of random forest model
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Fig. 5 Random forest model performance comparison in estuary region and circulation region
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Fig. 8 Monthly mean sea surface salinity generated by the random forest model in the Gulf of Mexio in 2018

a. IncMSEJj
RISSS5 | D
RES667 |-+ - - -mnsmsesamnnsmsacs e
RrS412 [semeeesssnnGhimsnmmnnnmnrnnansnnnens
Rrsdd3 f-oeeeaiemmeem e
Rrs488 [Q-rxxxrarerssamnrssamnenananan s

20 60 100
BT REE 5 bl %

b. IncNodePurity Jj
SSTf o o
Resdd3|
ResA12 |--ommeemmnmen s Qe
RISGET | =mnreenmsemennssnnnnnnennns Lo R
RISSSS |-omvemrmmsnmmnnenmesaQrnmnnmennennans
Rrsd88 |-+ o ERCICICNIEIEEIA A
I I I I

0 1000 3000
R A

K9 sem R T E B

Fig. 9 Importance ranking of influence factors

Sk LA R A 55 VY AR X i TR 1 5 v R A R TR Y
AN SEATRIE, 45 52 W0 A 115 1 2 R B iy A OGP
B 10 7 o BFFE 3R B, AT 1 DX BURTER 3L X 0k, 75 3%
VS 45 1 e R A OGP B R, TG T8 25 Y AR
T3, Rrs667 513 30 AUAH e e K o

R T[] DX 3 28 S S S5 256, T 0 R X o 3

JEE 9 52 M A TR 0 DX R PR O X R R, ok R T
JKC UL TR A I B B R Y o T T DR AR R TR
IR AR KR A%, BRRE ol L 55 64 8 L v K ik
AP RHE, BRI IR 22 5 B0 ™ AR JR AR 5
(ELXS T4 B PG R T, TR B X VA 2 1 A 5
M 5270, PR DA R T AR 7 e DX BBt P B O AR, AT



MHEEdy 4345

134
SST  Rrs412 Rrs443  Rrsd88 RrsSS5  Rrs667
0K 0374 | 0423 0.354
P sk . 0073 0068 0061  0.088  0.074
X eq 0348 | 0434 | 0378 0.437

0.1 0.2 0.3 0.4 0.5
TR

T 10 AN [ b 2R 23 DX 9 2 4 B8 53 v B 19 ST k2
Fig. 10 Contribution of each factor to sea surface salinity in

different geographical regions

S5E T UL A SEE o XA ] B 3t B X, TR i
FET DX 0T 2 3 J8E B 5 e i K, A B IAT DX Y 2
Wi fi /0N o AR RO, TR SR VYRR B, R KO 1
PR SR U PR SN A, 5 R AR
LA BRIIR 7K 5 T DX A R K Y R 2 IR RE 22 AH AR
T LK 5 X TR R

(Ew B UURR ) AT DX, 4% D B ) 8 U B S o
XA 2% 8 B 2 WA, Lt PR O 18 S R A R R AR 4
MR B Rl R I T A PR IR X, [R] S K i A2
R ESURTES NP T NI Y AT
BERIRLIR o A 4RI, 2% U B 10 188 S S S R T R
B BOR, 3B A 2 XA A AL 35 3 e
TROK S MR ARAAT 0 DI, I 4% A B9 3 0L DX O, i
1 [RVRE 5 i PR T Y R i S5 2 i P R A
8 B R DI, DR, 0T R A S DY R e SRS A R X
T8 3 3 B T )5 e A A W

5 4hip
A% S U 2 UL AR R T B i AR ik —
BB

FHBEDL AR AR LA B HE Y | AR i B DL, e 1
T % U B R VA 3R AR B 2 ) B B A R OGPk, R
UE T 4% 5% 1) PR 5 165 38 h B ) AH SC PR A7 78 25 ] 5% o
P T 2018 43 Jak 55 S T e 1Y 8 J8% R 5 AR s
iR 2 U B RSO A 1 B AT AR AR AR, % 5 DY R
(TG 2 30 BE HEAT BT, 256 RO O AR DL
4518

(1) Bl ATL AR MRS TR 1y i J80KG 3 85 T 2 oo £t Il
A SR ) HL DA RN T 48 I 25 455780, RMISE oy
0.335, R*>h 0.931, B RS fff b iz 38 1 58 PY BF V8 Vg R 8
JE 5 (2) 58 Y AF 85 Vi 3% 16 B A 25 43 A1 R AR 25 SR 3R A,
DX PN % R B 1 23 ) 43 A 22 00 R T AR B R
PR 1] N B A # T R R B A R 43 A R A3 B
FE, VDX P I 2 AR B 1) A Ak 5 TR T A AR 2 T
M) 7, E XU ER G0 05 0 I, AV VAT 18 3R 7K B 2% 2%
B 5 e A DX R R FE I A AR s (3) X AR
RUR 20 R AT HE T, R BT R AR VG B
Vi Sl S Y U e B Y I R (4) XS TR Y X
T 2% 1 P85 R 8 JR I S 4 5 Vi 2k B T R OC AT R
B, Stk 1 5 e P 5 1A e R 32 T A A SC PR AA AE 25 ()
S JTHE, L AT DX R B AN Res667 5 R
AR RE B AH DG 5 o

ABIESE K BT i U 5 v R R A AR AR Y
AHICE, £ 52 M R 5 9 3% 38 B AF AR 25 (8] S o e, 7T
Shy T 7K S8R B T AR AR 4 I AR e i IO SR
P o ST R R R T 6 R R ST AR AL T S ] T L
b FR A 00 DX, BE— 25 4 R 0 3 5 AT AR N 1R
Sl K AN [ ] B A SCHRR 14 4 AT R 36

B : R NOAA E X ¥ 3% 5 & % (NCEI) (ht-
tps://www.ncei.noaa.gov/access/ocean-carbon-data-sys-

tem/) 42 i 6 2018 45 £ V9 2 72 5L 3 E B A .

[1] Devlin M J, Petus C, Da Silva, et al. Water quality and river plume monitoring in the Great Barrier Reef: an overview of methods based
on ocean colour satellite data[J]. Remote Sensing, 2015, 7(10): 12909—-12941.
[2]  Horner-Devine A R, Hetland R D, MacDonald D G. Mixing and transport in coastal river plumes[J]. Annual Review of Fluid Mechanics,

2015, 47: 569-594.

(31 IR, XA, XU, AR A F-7E BV i A i ok B rh AU FE D). V82741, 2019, 41(8): 97-105.
Bai Yu, Zhao Liang, Liu Jingzhou. The role of ecological factors in the progress of the green tide in the Yellow Sea[J]. Haiyang Xuebao,

2019, 41(8): 97-105.

(4] FRME, TOF, BREESY, 45, KV AN X AE W i R LA A B A [T]. T EIR)2: HBREE, 2015, 58(4): 628-648.
Wei Qinsheng, Wang Baodong, Chen Jianfang, et al. Recognition on the forming-vanishing process and underlying mechanisms of the
hypoxia off the Yangtze River estuary[J]. Science China: Earth Sciences, 2015, 58(4): 628—648.

[5] CannizzaroJ P, Carlson Jr P R, Yarbro L A, et al. Optical variability along a river plume gradient: implications for management and re-
mote sensing[J]. Estuarine, Coastal and Shelf Science, 2013, 131: 149—-161.


http://dx.doi.org/10.3390/rs71012909
http://dx.doi.org/10.1146/annurev&#8722;fluid&#8722;010313&#8722;141408
http://dx.doi.org/10.1007/s11430&#8722;014&#8722;5007&#8722;0
http://dx.doi.org/10.1007/s11430&#8722;014&#8722;5007&#8722;0
http://dx.doi.org/10.1007/s11430&#8722;014&#8722;5007&#8722;0
http://dx.doi.org/10.1007/s11430&#8722;014&#8722;5007&#8722;0
http://dx.doi.org/10.1007/s11430&#8722;014&#8722;5007&#8722;0
http://dx.doi.org/10.1016/j.ecss.2013.07.012

9 1

R 05 4 ST BEMLAR MR T7 T i S VY RF I I R 135

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]
[20]

[21]

[22]

23]

[24]

[25]

[26]

271

(28]

[29]

[30]

[31]

SRR 36 Tk B 22 IR S IR S s T iR 9Y (D). bt ih RIS K= dEa), 2013.

Zhou Botian. The study of sea surface salinity model based on multi-source remote sensing coordinated retrieval[D]. Beijing: China Uni-
versity of Geosciences (Beijing), 2013.

Vandermeulen R A, Arnone R, Ladner S, et al. Estimating sea surface salinity in coastal waters of the Gulf of Mexico using visible chan-
nels on SNPP-VIIRS[C]//Proceedings of SPIE 9111, Ocean Sensing and Monitoring VI. Baltimore, Maryland, United States: SPIE, 2014:
911109.

Liu Rongjie, Zhang Jie, Yao Haiyan, et al. Hourly changes in sea surface salinity in coastal waters recorded by Geostationary Ocean Col-
or Imager[J]. Estuarine, Coastal and Shelf Science, 2017, 196: 227-236.

Geiger E F, Grossi M D, Trembanis A C, et al. Satellite-derived coastal ocean and estuarine salinity in the Mid-Atlantic[J]. Continental
Shelf Research, 2013, 63(S1): S235-S242.

Kim D W, Park Y J, Jeong J Y, et al. Estimation of hourly sea surface salinity in the East China sea using geostationary ocean color im-
ager measurements[J]. Remote Sensing, 2020, 12(5): 755.

Ahn Y H, Shanmugam P, Moon J E, et al. Satellite remote sensing of a low-salinity water plume in the East China Sea[J]. Annales Geo-
physicae, 2008, 26(7): 2019-2035.

Qing Song, Zhang Jie, Cui Tingwei, et al. Retrieval of sea surface salinity with MERIS and MODIS data in the Bohai Sea[J]. Remote
Sensing of Environment, 2013, 136: 117-125.

TR0 TR REIT R A K IR TR 18 R S A 58— LAV I[D). bt BBk B ot A B, 2012.

Zhang Wen. Remote sensing retrieval of suspended matters based on intelligent calculation—a case study of middle Yangtze River[D].
Beijing: University of Chinese Academy of Sciences, 2012.

Chen Shuangling, Hu Chuanmin. Estimating sea surface salinity in the northern Gulf of Mexico from satellite ocean color
measurements[J]. Remote Sensing of Environment, 2017, 201: 115—132.

FIERR, B SR ) Z VIR LR ). [ BIBEHOR, 2018, 12(1): 49-55.

Wang Yisen, Xia Shutao. A survey of random forests algorithms[J]. Information and Communications Technologies, 2018, 12(1): 49—-55.

Rabalais N N, Turner R E, Wiseman Jr W J. Gulf of Mexico Hypoxia, A. K. A. “The dead zone”[J]. Annual Review of Ecology and Sys-
tematics, 2002, 33(1): 235-263.

Otis D B, Le Hénaff M, Kourafalou V H, et al. Mississippi River and Campeche bank (Gulf of Mexico) episodes of cross-shelf export of
coastal waters observed with satellites[J]. Remote Sensing, 2019, 11(6): 723.

Fu Zhiyi, Hu Linshu, Chen Zhende, et al. Estimating spatial and temporal variation in ocean surface pCQO, in the Gulf of Mexico using re-
mote sensing and machine learning techniques[J]. Science of the Total Environment, 2020, 745: 140965.

Breiman L. Random forests[J]. Machine Learning, 2001, 45(1): 5-32.

Ho T K. The random subspace method for constructing decision forests[J]. IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 1998, 20(8): 832—844.

Breiman L. Bagging predictors[J]. Machine Learning, 1996, 24(2): 123—140.

JrEEES, IR TE, MRS e, 55, BEDLARAR M IR R PR PR Vb e B IR A D). TR, 2019, 23(4): 756-772.

Fang Xinrui, Wen Zhaofei, Chen Jilong, et al. Remote sensing estimation of suspended sediment concentration based on Random Forest
Regression Model[J]. Journal of Remote Sensing, 2019, 23(4): 756—772.

Vazquez J, Gierach M M, Leben R R, et al. Initial results on the variability of sea surface salinity from Aquarius/SAC-D in the Gulf of
Mexico[C]//American Geophysical Union, Fall Meeting 2012. San Francisco, CA: AGU, 2012.

Wiseman W J, Rabalais N N, Turner R E, et al. Seasonal and interannual variability within the Louisiana coastal current: stratification
and hypoxia[J]. Journal of Marine Systems, 1997, 12(1/4): 237-248.

Fournier S, Lee T, Gierach M M. Seasonal and interannual variations of sea surface salinity associated with the Mississippi River plume
observed by SMOS and Aquarius[J]. Remote Sensing of Environment, 2016, 180: 431-439.

Fu Zhiyi, Wu Fangfang, Zhang Zhengliang, et al. Sea surface salinity estimation and spatial-temporal heterogeneity analysis in the gulf of
Mexico[J]. Remote Sensing, 2021, 13(5): 881.

Binding C E, Bowers D G. Measuring the salinity of the Clyde Sea from remotely sensed ocean colour[J]. Estuarine, Coastal and Shelf
Science, 2003, 57(4): 605-611.

Wouthuyzen S, Tarigan S, Kusmanto E, et al. Measuring sea surface salinity of the Jakarta bay using remotely sensed of ocean color data
acquired by modis sensor[J]. Marine Research in Indonesia, 2011, 36(2): 51-70.

Darecki M, Stramski D. An evaluation of MODIS and SeaWiFS bio-optical algorithms in the Baltic Sea[J]. Remote Sensing of Environ-
ment, 2004, 89(3): 326—350.

FAR A, i, S5 RTEITI DR IR DL G2 AR M BRI S AR ]. W PEA4L, 2011, 33(1): 45-51.

Wang Lin, Zhao Dongzhi, Yang Jianhong, et al. The optical properties and remote sensing retrieval model of chromophoric dissolved or-
ganic matter in the Dayang Estuary[J]. Haiyang Xuebao, 2011, 33(1): 45-51.

Johannessen S C, Miller W L, Cullen J J. Calculation of UV attenuation and colored dissolved organic matter absorption spectra from
measurements of ocean color[J]. Journal of Geophysical Research: Oceans, 2003, 108(C9): 3301.


http://dx.doi.org/10.1016/j.ecss.2017.07.004
http://dx.doi.org/10.3390/rs12050755
http://dx.doi.org/10.5194/angeo&#8722;26&#8722;2019&#8722;2008
http://dx.doi.org/10.5194/angeo&#8722;26&#8722;2019&#8722;2008
http://dx.doi.org/10.5194/angeo&#8722;26&#8722;2019&#8722;2008
http://dx.doi.org/10.1016/j.rse.2013.04.016
http://dx.doi.org/10.1016/j.rse.2013.04.016
http://dx.doi.org/10.1016/j.rse.2017.09.004
http://dx.doi.org/10.3969/j.issn.1674&#8722;1285.2018.01.009
http://dx.doi.org/10.3969/j.issn.1674&#8722;1285.2018.01.009
http://dx.doi.org/10.3969/j.issn.1674&#8722;1285.2018.01.009
http://dx.doi.org/10.1146/annurev.ecolsys.33.010802.150513
http://dx.doi.org/10.1146/annurev.ecolsys.33.010802.150513
http://dx.doi.org/10.1146/annurev.ecolsys.33.010802.150513
http://dx.doi.org/10.3390/rs11060723
http://dx.doi.org/10.1016/j.scitotenv.2020.140965
http://dx.doi.org/10.1023/A:1010933404324
http://dx.doi.org/10.1109/34.709601
http://dx.doi.org/10.1109/34.709601
http://dx.doi.org/10.1109/34.709601
http://dx.doi.org/10.1016/j.rse.2016.02.050
http://dx.doi.org/10.3390/rs13050881
http://dx.doi.org/10.1016/S0272&#8722;7714(02)00399&#8722;2
http://dx.doi.org/10.1016/S0272&#8722;7714(02)00399&#8722;2
http://dx.doi.org/10.1016/j.rse.2003.10.012
http://dx.doi.org/10.1016/j.rse.2003.10.012
http://dx.doi.org/10.1016/j.rse.2003.10.012
http://dx.doi.org/10.1029/2000JC000514

136 WPE2ER 4346

Retrieval of sea surface salinity in the Gulf of Mexico based
on random forest method

Wu Fangfang ', Fu Zhiyi'?, Hu Linshu'?, Zhang Feng'?, Du Zhenhong'?, Liu Renyi'?

(1. Zhejiang Provincial Key Laboratory of Geographic Information Science, Zhejiang University, Hangzhou 310028, China; 2. School of
Earth Sciences, Zhejiang University, Hangzhou 310027, China)

Abstract: Salinity is an important parameter to characterize physical and biogeo-chemical processes. Optical satel-
lite images with high resolution can avoid radio frequency interference, and provide a feasible way to monitor sea
surface salinity (SSS) in coastal regions. Using an extensive dataset of ship-based SSS and MODIS estimated re-
mote sensing reflectance (Rrs) at 412 nm, 443 nm, 488 nm, 555 nm and 667 nm and sea surface temperature (SST) a
random forest (RF) model has been utilized to retrieve the SSS. Based on the predicted SSS, we analyze the spati-
otemporal heterogeneity of SSS in the Gulf of Mexico and contribution of each factor with correlations coefficient.
The results show that: (1) the RF model can accurately estimate the SSS in the Gulf of Mexico (RMSE=0.335,
R’=0.931); (2) the spatial distribution pattern of SSS shows a ring-shaped inward value increase, which is affected
by river discharge, wind forcing and circulation; (3) there is a strong correlation between SSS and SST, and SST

significantly impact in retrieving SSS; (4) the correlation between SST, Rrs and SSS appears spatial heterogeneity.

Key words: sea surface salinity; random forest; spatial-temporal heterogeneity; Gulf of Mexico
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