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Abstract — In this study, we developed machine learning-based models for the spatiotemporal high-resolution es-
timation of coastal bottom dissolved oxygen (DO) concentration using ocean color data and marine environmental
monitoring system data. Gaussian process regression was selected as the optimal model for bottom DO concentra-
tion estimation, and the optimal predictor variables were chosen as six types of remote sensing reflectance, chlo-
rophyll-a, particulate organic carbon concentration, diffuse attenuation coefficient, and sea surface temperature.
Utilizing the optimal predictor variables and model, we estimated the bottom DO concentration in the South Sea
of Korea, which is prone to frequent hypoxia events. The coefficient of determination (R”) and mean squared error
(MSE) between the estimated and observed values were 0.69 and 1.23, respectively. Subsequently, after a process
of model accuracy improvement, the R* and MSE of the final model were enhanced to 0.83 and 0.47, indicating a
20.3% and 61.8% improvement, respectively, compared to the accuracy before improvement. Given the recurring
hypoxia events causing damage to fisheries, the current technology could be employed as a fundamental tool for
real-time detection of hypoxia water mass, offering a promising solution.
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Table 1. Mean, standard deviation(Std), min, max, and median of the features for DO prediction.

Rrs (sr)
Chl.a DAC POC SST DO
Feature Wavelength wel) @) (gL) (O) (mgL))
412 nm 443 nm 490 nm 555 nm 660 nm 680 nm
Mean 0.0018 0.0033 0.0050 0.0061 0.0014 0.0010 5.33 0.52 654.26 17.75 8.14
Std 0.0037 0.0036 0.0040 0.0046 0.0027 0.0024 11.57 0.76 986.17 7.17 1.65
Min -0.0121 -0.0083 -0.0063 -0.0027 -0.0032 -0.0031 0.11 0.03 46.13 1.59 1.13
Max 0.0148 0.0165 0.0193 0.0222 0.0188 0.0182 22297 6.40 12953.40  34.50 16.92
Median 0.0019 0.0032 0.0044 0.0052 0.0005 0.0003 2.73 0.26 380.37 17.02 8.15
(Rrs 6°&, Chl.a, POC, DAC, SST)°] A}&ﬂ O*u} wdl 8k A4 and Abdulazeez[2021]). Support vector machineS 413 3} 1)
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Data
* Predictors: Ocean Color Data from satellites
* Response: Bottom DO concentration
»  Period: Feb 2012~Feb 2021

v

Data pre-processing
*  Spatio-temporal mapping
*  Excluding the outlier and missing data
+ Standardization of data

¥

Predictor evaluation
*  t-test p-value from linear regression
+  Feature importance from random forest

. Optimal mgdel selection Optimal predictor selection (Model-UP1)
*  Optimal model candidates: . di e
(@} Dedision tree th'"&a prellct.or candi ates.I 600
@ Support vector machine —p- @ i sat!sfy!ng Licskp wluesd i =
= @ Variables satisfying feature importance>1.5
@ Neural network : St i 0o
= . . (@ Variables satisfying the criteria 1) and 2) a
@ Gaussian process regression @ Al vorbles o
+  Objective functions: R2, RMSE, MSE, MAE e
[
v 2
: 5 . —
Separation by ecological zones (Model UP3) Predictor generation (Model-UD?) o
1) Separate the data by the ecological zones : 3 Q.
z : 1) Estimate the surface DO concentration )
2) Train the models for each ecological zone ] s : .
S . o = 2) [Estimated surface DO and Optimal predictors]
ecological zones: South sea(SS), East sea(ES), West- S it DO ot
south sea(WSS), West-middle sea(WMS), JJ{Jeju) Sla = e D0 oI concentaion
Fig. 1. Model development flowchart for real-time estimation of bottom dissolved oxygen (DO) concentration.
e S AA HE LS JEste] Model-UP3E A 2lat  WIMkAG 3= B Kl el kel A] g akqich
ok AETE B oS e ARE SN AUFEE o5 Ao FUHom B e WAL WY EE
s, ol e, Mel g, AR e 242 REs o5d AT WA =2 o9 Fek, e Al WAl A
s<rateint. G474 S0 1@ Ao w gy o8 B 7L ol
A 914 AR TASGS BER AN AF DO FE Al da) BUH AT AF oL §E Ak THE
A% mEo) A A R Fig. 10] UrER ST A Aanke] WA SH0R g e a5 nHew
A3l FAZFE FUE FF A7l AT H A E o
3. 41} g2l pEt A AR A FA 4] 2012~2021d Bk A
A3 5 2H7F 1455.6,1691.8 mm= A= F X T} 13.8, 32.3%
3.1 a4 o*?_ SEY HH9 2YI1E Hintasn| Y oY =gkom, xanke] 54 71 0.4 F-shake] A 0w ek
2012 29 7E 2021 2€7HA] 2718 HS5E A GEAES S A0 R o FETHKMAR2023).
e Xi% DO 55 vt o2 g A+ WAty Mgk Aol A= 10d B35 2w F @ 3709wl
Y e R0 S Y WEE Fig 20 YERRTE BE Abagals) B glen, Baleh ATl 1AE B8
gl 18070 4 38709 Aol WAkaFIZE A ekghth o= B AR FAF AR W A S E
o, 115 267K g ik el 1Ak itk Aol = Qe AAR DA ALY S B5EHH] £ 0w ¢
M= 5670 A T 270 AR el WAk ARl Gt Rk o) Ojgh e o8-S felM s = AlE gt
H, el siol = 8671 A 5 1709 el BAskY A SR A% DO §E AbE 7)%o] A asttt
afl 7770 A AT 2670 Aol = B 7IRE &t HAk
2 7F BEE A % 32 M5 DO sk LES flet 7AHIEE Y UL 2t
B 7170 5k F 090 WAL S L HASSITh 2905 320 A2
ol WAk AF 7 #S5E A okon], 59ef= 47, 8¢ | S =2] A& 3]9] p-value 2} random forest 7] 2] feature
of &= 9579 WAkAS 7 #EESTh 8¢ #S5F 95712 importance S Table 20 VEFUI 1T} Rrs412, Rrs443, Rrs490,
ARG F 92702 Oital g oA #5E e, 0] T Rrs355, 28] 3 SSTE] p-value:= 0.05 0] 32 oA SHF2A] §-9)
7972 A ut o dA s Th ek, 5P WAIS 419 3}tk Feature importanceZ} 1.5 ©]4+¢1 M= Rrsd90, Rrs555,



71t a4 91 AARE ol &% AARY AT EEAaE R AAETE I AT 75

(a)

38°N

36°N

Latitude

34°N

Esri, HERE, Garmin, USGS

Jinhae
Bay % o
.. -
° . .
. L ]
. . :
7 [ ]
.- . .
Sas e L]
e o -~ L] . ® L]
g 0F ¢ i s
Lt . [ N
- .
L ] A . ~
[ i L=
. .
°. s ’
B [ Esfi, HERE, Garmin, USGS

126°E 128°E

Longitude

100

| BN
VSS
80  mmwns

60 Occurred 79 times
in Jinhae Bay
40

o0 | Occurred only
in Jinhae Bay

Total number of Hypoxia occurrence

Feb May Aug Nov
Month

Fig. 2. (a) Location of stations where hypoxia water mass occurred in five ecological zones(SS: South sea, ES: East sea, WSS: West-south sea,
WMS: West-middle sea, JJ: Jeju) and (b) total number of hypoxia occurrence by quarter from Feb 2012 to Feb 2021.

Table 2. Results of predictor evaluation based on the t-test p-value of linear regression and feature importance of random forest

Rrs (sr')
Chla DAC  POC SST
Feature Wavelength o
£ @gl) @) (ugl) (0
412 nm 443 nm 490 nm 555 nm 660 nm 680 nm
-test p-value - <005 <005 <005 <005 098 0.78 032 052 011 <005
from linear regression
Feature importance from —, 1.47 1.65 1.61 1.78 1.67 2.68 1.71 1.63 10.84

random forest

Rrs660, Rrs680, Chl.a, DAC, POC, SSTZ YE}%tt). SSTS} Chl.
a®] feature importancet= 217} 10.84, 2.68 2 T HIEof H| &)
AU Ao ® EA UEbgth 15 T2 AT A oFs)
FAE AAshE 58 29 F 5}‘/}0]‘1‘ T2 T Ak
S =9} 59 43S Bt Wilson[2010]). Chlat:= 2l &2
FAEY AAFS Y= AxE, AEEFIE] 434
2 3ok 12} BAake] 95% o] S A S Edward er al.[2021]).
0] 9} 7+ o] SSTE} Chla®] feature importance”} T} W42
Sof n)3) ALEH;H o7 IA Vet Ao 2 FtETh

of| SWF F 7t @J/}E o= vl Ao oS =TS

& &t ﬂﬁ A S 23S eItk WA, 1) p-value
7} 0.05 o] 3}l Rrs412, Rrs443, Rrs490, Rrs555, SST, 2) feature
importance”} 1.5 ©]%}91 Rrs490, Rrs555, Rrs660, Rrs680, Chl.a,
DAC, POC, SST, 3) p-value”} 0.05 ©]3}o] 1A feature importance

M

7} 1.5 017441 Rrs490, RrsS55, SST, 4) ~18] 11
g 9ol A = 3l

BE WSS A

232 A 7nd A4

o] x]et HA3l2 HA3lE B2 F K &2 hyperparameter
9} 52 3k ZH5-2 Table 3¢ LFEFYIQILE GPR= A}Esy RES

T AEF I R 0.692 BE 2dl F /g

AxE ®olth =3 GPRS RMSE, MSE, MAE:= 7}
092,0.65% Tl = 7bg e 02 oty nE 2y
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Table 3. Optimal hyperparameters and objective function values(R2, RMSE, MSE, and MAE) for Decision tree, Support vector machine, Neural
network, and Gaussian process regression

Models
Decision tree Support vector machine Neural network Gaussian process regression
Hyperpa Values Hyperpa Values Hyperpa Values Hyperpa Values
rameters rameters rameters rameters
Optimal Min leafs 23 | Kernel function Quadratic polynomial | Layer depth 2 Basis function Linear
hyperparame- 1 (first Tayen)
rst layer
ters for cach Box constraint 0.001 Number of 77 U ¥eD Kernel function Exponential
model hidden node 9 (second layer)
Kernel scale 0.563 Actlvgﬂon Tanh Kernel scale 13.264
function
Regularization .
strength 0.002 sigma 16.249
R’ 0.60 0.54 0.65 0.69
RMSE 1.09 1.16 1.02 0.96
MSE 1.19 1.36 1.03 0.92
MAE 0.77 0.83 0.72 0.65
matern52 & A AY F57F HA A R AAFHAT BE AFESHE 212 vl ok dgte] AF DO AMES
A AL T v 2k elA = Trakst ME7h L Eojok e, 1 AnE RE W
. ,  TEAERASNE AT0l Y e AUEE v Aow
_ _ 2 _ I
K= k(x, x)) = oyexp(—5) ©) gere cPark and Kim[2022]).
r=Jo—x) (6—x) (©6) Model-UP13} ol S 1= 40”7 o] 2]-8-¥ Model-UP2, 71

o AE g 2E B VS 23k e Ui 71

A71A, Ki= A &, 6,8 o= 77} signal standard deviation  ©] 2]-§-¥ Model-UP3 2] 52| 3t gh55 Table 5 VRIS

¥} length scale s ©] W] gHr}, th I B4 e A A Ahms Ol d 45 A=
2 FEste] eIt AA JA AE = 3 7HSE Model-UP2
233 29 Jge hAl 9] R’ 0.76. 2. & Model-UP1 th¥] 10.1% N E A7E 13
oS 23 A3 kS Table 40 UERQItE 25 th Model-UP32] R*:= 0.84% Model-UP1 thH] 21.7% 7} 41 5 <)
AEE o SHEE ARSPS o R 0692 718 =7 Yelst on, T3 RMSE, MSE, MAE:= 717} 28.3, 46.3, 32.3% 74
t}. =3k RMSE, MSE, 18] 31 MAEX= 2121 0.96,0.92, 0.652 5 © A3E Bt} 53], Wit hma7) 25 2P d o dhs)
€ dA5HT 2% F /M 9 24E Bl ol upEt BE YA ARE 7S Model-UP3 2] MSE+= 0.473% Model-UP1
HEE A3 o S5 28-S HA SR Adsigle U] 61.8% MAE = A9E Rtk BE /14 7o) 285
v, 8F59 298 Model-UP1 . & % ¢] &3]t} Model-UP3&= B= Bd & 7P & A LE Bl o, o=
kel DO w2 B84 o)F- 2t AE 55, 7718 & AT DO v% #5¢a AhEgk 312 11 2bg vla el el A
e} 122 AsE A S Qe njdg A ow ALk 5 = glE 4= I3l THFig. 3).
3], gt a & SHEFE O 2§ st} vbH A A 54 o HF 2do] AF DO TR AEHE A5 =2 AdE
ot B2 AFAZ 5 2 A A 5407 AF DO s F HAth SHAIRE HlAkAS Y] A 2kE ] FHow E B

Table 4. Objective function values (R2, RMSE, MSE, and MAE) for each combination of predictors

Predictor selection criteria

t-test p-value<0.05 and

Obicc t-test p-value<0.05 Feature importance > 1.5 Feature importance 1.5
jective : All variables
functions Rrs412, Rrs443, Rrs490, Rrs490, Rrs555, Rrs660, Rrs680, Rrs490. RrsS55. SST
Rrs555, SST Chl.a, DAC, POC, SST ? ’
R’ 0.62 0.64 0.62 0.69
RMSE 1.03 0.96 1.02 0.96
MSE 1.06 0.92 1.04 0.92

MAE 0.70 0.65 0.71 0.65
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Table 5. Objective function values (R2, RMSE, MSE, and MAE) for each model with applied improvement techniques. Model-UP1: model with
applied ‘Optimal model selection’ and ‘Optimal predictor selection’, Model-UP2: Model-UP1 with applied ‘Predictor generation’, Model-UP3:

Model-UP2 with applied ‘Separation by ecological zones’

Model-UP1 Model-UP2 Model-UP3
Objective functions All data South Sea All data South Sea All data South Sea
R2 0.69 0.69 0.76 0.74 0.84 0.83
RMSE 0.96 1.11 0.78 0.88 0.65 0.69
MSE 0.92 123 0.61 0.78 0.42 0.47
MAE 0.65 0.79 0.50 0.55 0.44 0.48
115 Model-UP1 15 Model-UP2 i Ty 15 Model-UP3
(=] (=] (=]
E .. E E
@) g - @) @)
A 10 fors Q10 O 10 e
= . 23 = = S, ¢
o K e o o AL
b5 ; aviae b5 - s .3 "
= D eR%=0.69 2 R?=0.76 2 S R%=084
89 RMSE=0.96 87 RMSE=0.78 33 RMSE=0.65
= MSE=0.92 = MSE=0.61 = MSE=0.42
= MAE=0.65 = MAE=0.5 = MAE=0.44
Qo O O 9
0 5 10 15 0 5 10 15 0 5 10 15

Observed bottom DO (mg L‘1)

Observed bottom DO (mg L‘T)

Observed bottom DO (mg L‘1)

Fig. 3. Validation results of the improved models for estimating bottom dissolved oxygen(DO) concentration. Model-UP1: model with applied
‘Optimal model selection” and ‘Optimal predictor selection’, Model-UP2: Model-UP1 with applied ‘Predictor generation’, Model-UP3: Mod-

el-UP2 with applied ‘Separation by ecological zones’.
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He] 7b5 e Zolch. viehe] Wbt §o] uls] vl t)7]
w4 A A o2 e B S5kl A 4 9l
o B Aol g5AE 50 $EOZ AAMALES 55
e AAR 2 AL O, ol S-S AATA
AR FowA Lo A5 ANT 5 S Rolth
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2 =2 AEAAE 1Yl 2 Ve Aleikd aEidee] A
QF A5 DO 528 AT 5 & Ao, o yolrt A7k
WA AT il E2 2 98k 72 7|2 g8d 98 A
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O =t 2023 2 R (w ) Ador gl
kel A9 wob =3l 7] 2 A5 AR 9 (Grant 2021R 11
1A30603741361782064340103).
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