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ABSTRACT

S GARN gL dupd Rt At 850 Qg IUH 7 5O2 Bl SR FRe 5| A o] 22 Hlo =z g A
QAT o] Fjd o] HE W mof T3t AL A|gHA o]}
et 71 AISks RS Agtste] Alatt AT 8 7HA, 4 kmQl B3t o] 5 S AL A A A2 5 A 71A 29
of| 3} A= 0] Bt Al FT A= 6 mmol O, m™ d' 2 =) Bt 9] 15%0]] St S-S EA] S o] &t
mmol O, m™ d'2 7P #9411, 647 78] 18 mmol O, m™ d' 2 7P Wofth. o] 2 A1 ¥ish="He 7| A 0. 3-& 2 73t A4l
& FFEOIYHTh H|E IR 0 2 243 AR e A HHEET -GALSI L Bk of 50] LA 0 2 SHH o] A
RS 71T AL 2 S5l YA ol B4 HE EY] IHE 0,/Ar £ HAYATS] @ A5 HAsH=s Ay} H asitt

The southwestern part of the East Sea is known to have a high primary productivity compared to those in the northern and eastern parts,
which is attributed to nutrients supplies either by Tsushima Warm Current or by coastal upwelling. However, research on the biological
pump in this area is limited. We developed machine learning models to estimate net community production (NCP), a measure of
biological pump, with high spatial and time scales of 4 km and 8 days, respectively. The models were fed with the input parameters of
sea surface temperature, chlorophyll-a, mixed layer depths, and photosynthetically active radiation and trained with observed NCP
derived from high resolution measurements of surface O,/Ar. The root mean square error between the predicted values by the best
performing machine model and the observed NCP was 6 mmol O, m? d”', corresponding to 15% of the average of observed NCP. The
NCP in the central part of the Ulleung Basin was highest in March at 49 mmol O, m? d and lowest in June and July at 18 mmol O, m™
d”. These seasonal variations were similar to the vertical nitrate flux based on the *He gas exchange rate and to the particulate organic
carbon flux estimated by the ***Th disequilibrium method. To expand this method, which produces NCP estimate for spring and summer,
to autumn and winter, it is necessary to devise a way to correct bias in NCP by the entrainment of subsurface waters during the seasons.

oy
ox
2

i r‘ o
MWERUS)
e
=
N

O

Keywords: Net community production, Biological pump, Machine learning, East sea, Ulleung basin

LM E

o

S2RA2 Felola Q= Fol AR 0] A7 ARPAAFE 220 — 260 ¢ C i yr! 2 Bo] i B} FZo] of
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S g o5 W HEsiehS wet WAk Agh -850l o't FU4 A F-E(Hyun e al., 2009; Yoo and Park, 2009;
Hahm et al., 2019a), S=~22F50) A% 4850 ot FFH o] 2] FF(Kim et al., 2012), WPFFE B2 FFA 35
(Onitsuka et al., 2007) 5-°| A= Tt
S BFoA dapIite & ThEolRl f7E0] Y= ASo & Jste] Ao AEelA ol|AIE 35 Bk ofugt
7] oA SFEHAE 4 dollA| 48 |3 F2t Alsljo]l A=l AIZIT. A= I(biological pump; Volk and Hoffert, 1985)’2f
E= o] o] 71 2o Fa’t AT sk 7R, A= Axrt He A4Hnew production), HEAAH
(export production), =-3A 4 (net community production, NCP) 5= Z4517| 93t Tt A& WH5o] AlotEo]
FellA T5o] o] FoI2 1 Qit. SRR =& YApPLE o = FET Q= SFRA e HES Ve 4 Yle
17 Ak oS AgA ot Kwak ef al.(2013b)2 1€ AAEE BC-BN vk A3S A2 A7 AlgAto] Axpgate]
54%°] 9oh= 146 g C m” yr'lgi ﬂﬁ]"‘ﬂr)r H}‘?ﬂoﬂ 3Heg] ﬁﬂ‘*—ﬂb 17 ﬂ—f’—%:%ﬂr 2015 1] *He T NO5 A3

QARG 72} Egia—g— 59 ¢ Cm? yr'(Kim er al., 2011) 2, B5 527 542 F79 B5 2AY %EJ 74%34 04

2 Z}o| 2 AR XA 66 ¢ Cm? yr'(Joo et al., 2018)2} -G-AT5HAT HHOFH*OH O3t &84 AV T8 (Kwak et al
2013b)}F S22} 719k A5 HA 37 AvKHahm and Kim, 2001; Kim et al., 2011) 7H] Zjolo]] tigh A4 1 A2 o2

olo12]4] 21k

o ARl A2 I 34 Fakse] o] 47 Aolst 2e 3] ARkAel B4 Ewho|S Heke Bl ABHE 5
%) o] FAYs] whRolck, W71 )4 Wapka of 142 o] UHo] B X177
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Qsslo] B 0,9} ArE THE510] 22 IS 70/ ArNCP)S R 70 2 7
oI5y Th W3R 52| djeto] H 4 QI olof Bla] 2 el P20 2 Aol WalPHE O./Ar-NCPS} o]]

R G 5 G BE 2

a4
T RAAR] 3] AJA|E S2740] 7RsSITH(Li and Cassar, 2016; Park e al., 2019).

B Ao e 2013ERE 2021714 75]0] E3E BAE Ea5) 57 0/A-NCP Aue} F8 AR 7Y
(Random Forest, Extra Trees, Extreme Gradient Boosting)-2 23}l 55l ‘BAH6l S o] e -AAES F=45Ht. 714
Sy 9] E Az 2= AT ST 8¢, 4 kmQl 4~2(sea surface temperature, SST), G=4x(chlorophyll-a, CHL),

5915 94(mixed layer depth, MLD), 331 3= (photosynthetically active radiation, PAR)& ©]- 85t} &F A 4719k
BN sl (Kwak ef al., 2013b)1} 28U->*Th B]E & (Kim ef al., 2011)°]] 2ot 2582 1= Avle] 2|31 AJ7FAE7}
77t G AR Aol Qs vl 2 714k R RS ol 85 3 Aake el An U 82, 4kmol
2 AT WIS 2 ik ST 27 7102 B Slo] WA dolA BEkE Ak el S BAE 5 9l
£ 3UE SR STk £ A7 O B o oo] 4 20] T OJALNCP 241 RAsHs 78S s

of 7 RO QI SIS 2oh] e A ol e

2, % A0 2j= FH|

ol tof| o] 8 A Foll ST A0 BH71FUA A2 7 (equilibrator inlet mass spectrometer,

EIMS) S o}85}e] AH419] o]5 ol 914; a7t B3 514:0] Oy/ArE] APIEISIck Cassar ef al,, 2009). 730] St
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Alelli= Lt ti71-sh 3 047](SKU-C900732/900733 General Oceanics) 2} AFS=AFAEA 7] (QMG 220, Pfeiffer) 2
A= EIMSE o851 0,/Ar2 #5131t Hahm and Lee, 2018; Hahm et al., 2019a).
HIZ/I71AIQ) Ard 2ol W2 Bl ot EAHAI o] 0,9} il FAFste] 23tk o] Wel, 7|4l weth 5 =234
of ThE Ata 5 HSFE TR Oy/Are] HiSh= FeAdolu 83 -2 AEoh] f/fol mhe 4t HskE E
L2 853 QI Craig and Hayward, 1987).
AE5H d4tof| w2 TSI (biological O, saturation anomaly) 2 &2]= 40y/Ar2 T2} o] A oj=ct,

ﬂl

_ (OQ/Ar)sample
AOQ/AI'— (OQ/AI‘)S’“S ——1 (1)

714 (0o Ar)sample 2F (Oo/Ar)guei= Sl Al 22} 7 ]0f] 223 Sli4=2] Oy/ArBlE 22 YERHTKKaiser ef al., 2005). 58
o] 7ot 2] sgto] FAIG whE 2k oA AE8FA T} 44 0] 74| wehg-2- 4HA0] 88 A FAITN(1 - 2 59 2] 4= Hfjof]
sjgdol= 1 9] Wt Q1 L HAIAHNCP)S thEH R Teeter et al., 2018):

NCP= kw * [OZ]sut * AOQ/AI' (2)
AZIA p,= ol B, [0, ], 71A ZePdEf o] AbA ot k= Y 7SR 83 A0 TAlolsE s,
T A)719) At 57t 3k 71| wgke] A Anle utedaly] 1kt Aolth Teeter e al., 2018). 5,

b= Etgglktwt 3

"=, )
t=1W

wy=lw, =w, (1—f; 1) “)
k, - lday

P10 /A on )= 1017, B4 7|8 ol 8718 % 1le()o] 2 4% A 71EA7} WA gasick
U 7)Aol 55k (k) Ak 9IRF B550l= ERAS HF(https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5
(ECMWF, 2023))2, E%0llA 7|AlolsE g Aol | $1sliAli= Wanninkhof (2014)7F AR TAIALS o855t 7}
A L9 koA k, B AFESk=T] B39 2385 -2 ‘Ocean Productivity’ -ZH|0]Z](https:/sites.science.oregonstate.edu/
ocean.productivity/index.php(Ocean Productivity, 2023))°14 F-2 8 km, 8 s E] AR E AHZE Wilsto] AR851%
t}. o] Z52] TF 42 HYCOM B ZHHE o]-8519] 10 mofl H]s] Wk7}0.03 kg m™ SR 4410 2 A=t
AR k,, AFE WA 8 Teeter ef al.(2018) = F15}7| vt

20135 202180] Alo] B} o} 2(3YRE 8D71A])o] 55T AL AF2 2850070 7] Alsk5]] o] 86Tt
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Table 1. Counts of the NCP data in each grid with a temporal and spatial resolutions of 8 days and 4 km

Month Date Data count
3 2018-03-06 84
2018-03-14 85
2021-05-25 50
6 2016-06-25 85
2017-06-26 120
2019-06-02 205
2019-06-10 18
7 2013-07-12 128
2013-07-20 435
2017-07-20 115

38°N

° Ulleung Basin
37°N T g

T ]

[ Bl

36°N

129°E 130°E 131°E 132°E 133°E

Fig. 1. Numbers of observed data in each grid with a temporal and spatial resolutions of 8 days and 4 km, respectively. The
orange rectangle (36.5 —37.5 °N, 130.5 — 131.5 °E) represents the center of the Ulleung Basin, which roughly follows 2000 m
contour line.
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Table 2. List of input data used in this study

Data Website Resolution Transformation
SST (Aqua MODIS) -
CHL (Aqua MODIS) NASA Ocean Color 4 km, 8-day logoCHL
PAR (Aqua MODIS) -
MLD (HYCOM) Ocean Productivity 8 km, 8-day interpolated to 4 km
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Fig. 2. Time series of the 8-day averages of the input data in the study area (a-d) and spring and summer net community
production predicted by the Extra Trees model (e).

(https://oceancolor.gsfc.nasa.gov/13/(NASA, 2023))°14] 4 km, 8¢ sl MODIS SST, CHLY} PAR Z&E Lt
MLD%: ‘Ocean Productivity’ ZH|0|Z|of| 4] &L 8 km, 8 ST 0] AFF-S 4 km 7+ 0 2 Ulste] AR5 thhttps:/
sites.science.oregonstate.edu/ocean.productivity/index.php(Ocean Productivity, 2023.)). CHL A}=+= A-82 1 Hgto 2

H| 2 = (skewness) S STt U2 21m 2] AIZHHQE A T=0] AAHE 20135 E npz|
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QoA et 918 2 AR Aol Hsf B (LON)LF 15(LAT) ] $1%] 4 H o AR RS 912 Apmof] A ZAH.
Sl GRS ] LGRS ST 8 Q0107 T1ERE 1o 8458 glslo], FQ 12 QIZKSST, CHL,
PAR, MLD)& 5-25| dSHX] %= 845 Hetsl] sl Y2] HHE ZAZITHNakaoka er al., 2013; Zeng et al.,
2014). &, 2k=9] Ad |3l Adst7| Yol @7 <=4 (day of year; 1% DOY) 2] ARIE=9F FARI 9FE 7 42
-85t Gregor ef al., 2017; Hahm et al., 2019b).

AZFRRRt e AL TS At AlgTteo] Yol A E AkmE Addste] 71 Alsks e Aol Bagt ]’iﬂ wH[s}
gt AZRR A AFeA= 132570 A9, CHL AF=.0] Aljte 2 Qle) 28 23 7o o8 71 YEiAtasd =
FAA b A 5 83370 AL o] AHE 2] 80%, 10%, 10%S R0 T3, A%, A So] A5l E‘r.

ol EAEANG Y o AAIAERS 7R & Aol 7] AIeks a9 ©4Hof TPOT (Tree-based Pipeline Optimization
Tool)2 A&} TPOT-2 Python .2 A0{ % 257 AI515( Automated Machine Learning) =72 74 dal2]|E-E ©]
-&oto], thlRl 7|AISks Ryt By W Xoks a4 o r HAlIsto] X[A9] 7|Alsky B THEoWt(Le ef al,
2020). TPOT 2] 7] &4 tiA} R Fofl= scikit-learn 7] A5 27| X](https://scikit-learn.org(Scikit Learn, 2023))o]] 223}
¥ 9 T (Extra Trees, Support Vector Machine, Random Forest -5)2} xgboost (https://xgboost.readthedocs.io(XGBoost,
2023)) 347]2] 2] Extreme Gradient Boosting =& 5°| It} TPOTS] 1Y A5 A 7|5=2 o] ol&3 gt S4=
AIHAE A=) o] F| A HotARE-2 2K root mean square error, RMSE)Z 5}t

TPOT©| |3}t 71 A8 3d<] Extra Trees (ET)®l Blol] sllF2] fCO, 23 F-50] &85 9Ji=Random Forest (RF)
2} Extreme Gradient Boosting (XGB) (Gregor et al., 2017, 2019) 28-S thA4h0 2 TPOT-S o]-85}o] Zt o™ X2 s
= EP5IAITE RF -2 Decision Tree (DT) 7301 2 Q3 8 g T2} 1 M (feature) S T2 2 AEisto] A
2 o2 o] DTE WA ke 24 DTO] kS &1tk Breiman, 2001). ET+= RFSF-GAH tF=2] DT& &
01 BotATE, DT AR T2 = Aisto] Rodo F2H91d& ST =M, By o] wpAgla o] £ W

ol tiet SEEE Y 4= Utk E, RFLF 22 DT 24 ZARE B4 A7k £H 0 24 RFO] H]sf| 4ta-ao] #ot
(Geurts et al., 2006).

XGBIE §FollA] ?1g3RF, ET2H5 U t-0] DTS Ad6to] 2&ots Hde 150k 3-5d°] YA, 95 54

o] HoZ]i= DT (weak learner)®] Q2F5 Eoli= M2-2 DTE WHEofo] Ao =2x] 733t o

= o
- =
Boosting)'ﬁ}h Ztoldo] AUtt. XGB= A48l regularization 7|2 018510 R 2] MpAjela Fo)al AIekE Aot
Z 1

[l

rO

TPOT= 83 27| By A5 B 718 97t 5= 221 Extra Trees (ET) 2%} ofef AR 5= HA
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Random Forest (RF), Extreme Gradient Boosting (XGB) %.&-2 th© 2 712 TPOT= o5l 7IE e & ¥ 2|4
S XIggsIInh XEA 0 & Fof FAR a9 o] et ATl 289 R AL S x| e @ S AT A AF
2)E B]w5}o] Table 39} Fig. 39 YERATE ET 2% 2] RMSE”} 6.1 mmol O, m? d”' & RFUXGB2] 8 mmol O, m? d o]
I3 WA, R*=0.96. 02 7F =30t

ALt Fatt A Sk Y HgE melstr] fall 7HY SRt s HAE ET HofA] E=lshe A4
%95 (feature importance) & AT H U THFig. 4(a)). ZF §1472] 52 = 03} 1 Afo] Q] Zh& 7HAH, E S8 o] 9h2- |
ojch. et Hr o] T AR MY SR w7 EUAL AR R 7P S 7SI Y o= Mo AT S ke

Table 3. Parameters of the models developed for the prediction of NCP. RMSE stands for root mean square errors between
predicted values and observed data reserved for testing (n=80)

Model Parameter RMSE
n_estimators=300, max_features=1.0, min_samples leaf=1, min samples_split=2
Extra Trees - et > MIN_samples_ , min_samples_split=2, 6.1
bootstrap=False
n_estimators=100, max features=0.2, min samples leaf=1, min samples split=2,
Random Forest - - _Samples_ _Samples_sp 8.1
bootstrap=False
Extreme Gradient Boosting n_estimators=300, learning_rate=0.1, max_depth=7, min_child weight=3, subsample=0.7 8.0
200 200 200
- {a) ~ (b} e {c}
| |
2 1501 2 150 ¥ 150
|
1= £ E
& 100 & 100 Q 100 -
5 I ]
E £ E
E 50+ E 504 £ 504
& RMSE=6.1| & § RMSE = 8.1 g , RMSE = 8.0
o ol A& R =0.96 o ol A" R?=0.03 & ol & R?=0.93
=z NCPer = 0.94 - NCPoys + 3.22 = NCPgr = 0.84 - NCPps + 6.46 = NCFysa = 0.96 - NCPoys + 3.08
0 100 200 a 100 200 1] 100 200
NCP e (mmol 0 m=2 d=1) NCP s (mmol Oz m™2 d=1) NCP g, (mmol O; m™2 d™1)

Fig. 3. Comparison between observed and predicted net community production by (a) Extra Trees (ET), (b) Random Forest
(RF), and (c) Extreme Gradient Boosting (XGB) models.

(a) (b)

log10_CHL All parameters
HYGOM MLD w/o PAR
s MODIS SST wio MLD
T MODIS PAR w/o time
g sin_t w/a log10_CHL
o cos t wio 85T
Latitude w/a lacation
Longitude Addition of log10_NPP

0.0 0.1 0.2 0 5 10 15

Importance RMSE (mmol 0z m~2 d~1

Fig. 4. (a) Relative importance of the parameter for the best performing ET model. (b) Root mean square errors (RMSE) of ET
models with different sets of input parameters. ‘All parameters’ indicates the parameters in (a). The bar at the bottom shows
RMSE when net primary production is added to ‘all parameters’ for the ET model.
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W= Z3te] whet Eebd 4 ol7]0ll, 9 W5 _F 7ER A Al eJetglE ol ET= 3 0] RMSE H3kE 7= A B QIth(Fig.
4(b)). ET T gollx] Alget g8 ok &3t At o] 973w W45 Al JoHA| = RMSEZ} 15 mmol O, m™ d'2
7V ZA S7FolSint. ol A %] B E It F 801 A A8t 7S tiu R, o5 &4t A At T doflu= 4
Q-85 To= <ol Folf At LJae] F it Ifol S AddR-E $1A] FEIT AolTr] Wiz o &2 o AXIthHahm e
al.,2019a, 2019b). SST2}CHL-Z A 2Jgt - RMSE7} 22} 9.8 mmol O, m™ d' 7} 8.4 mmol O, m™ d' 2 PARLFMLD®]|
H]ofl A4 S0l A o = Fajt S ok 2 o= YEPt Y Hg-0] I/ EA] 7 AISkS By o) s
S Z7IAZIAIE QodEL. ol S B0, Fig. 4(a)2] B8 Z3I9H L 9] RMSEZ6.1 mmol O, m™ d' 0] 2-2of| Hhs]] AapAg4t
2(Vertically Generalized Production Model for net primary production, VGPM-NPP)& F7 |5+ it & of| A= RMSE~} 8.5
mmol O, m™" d' 2 23]3 Z75IthFig. 4(b)).

71AISkE B AlEZt A5 A5 S ATE Y] 9ol 78 T TR ALt -850l TS EUE 2013d ] AE A4t
TS ET 25 0 2 AFEs5HIth(Fig. 5). 2013 o AR 2554 545436.5 —37.5°N, 130.5 — 131.5 °E)E 7|
2 3,490 50 mmol 0, m? d"! Q|2 7P =9k, o Fo= 15 mmol 0, m™ d”! A= Y| of|SE| et 7ol ok &
%0 2 Q5] At A Aol S AATo] 100 mmol O, m? d! oA 2 =9k 71 8531 §l47t 58] Z.0 & o5t
of okt YA E 85 S| BEE 02 Frlok= A0 =2 dIE3ck. 14720139 79 F<=olli=30 mmol O, m” d! 7}
0 2 S5 A3410] 20 mmol O, m™ d! H|FHO|H 6Y 8 G T} =94t o] T2 Aih= ALt -85l <l LAYt o]

F7H8 15kl Q= 71E A= YA]sh= Ao th(Hyun ef al., 2009; Hahm et al., 2019a).

o,

(o]

l

38°N
100
37°N
36°N

35°N

129°E 131°E 133°E 129°E 131°E 133°E  129°E 131°E 133°E

38°N 38°N

8
NCP (mmol O, m™2 d™1)

37°N 37°N

36°N 36°N

35°N 35°N

129°E 131°E 133°E 129°E 131°E 133°E 129°E 131°E 133°E

Fig. 5. Monthly net community production in 2013 predicted by the Extra Trees model.
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—2mmol N m™ d")Z Yepstth. =3 5 o] JolA] ol 5.0 2 74 2} 7h4-6H= &2 Hahm and Kim (2001)©] *He
O] 7| A wehg} 4= 20F5-0] *He o} it o] TAA O 2 749t WAt 4=2] FUE} FAKISITE PPU-ThH[E g o
2 273 QA 67 e AAEE 49(1059) 7 892279l 22 2.7 mmol N m? d' 2.3 mmol Nm™ d'(Kim et al.,
20112 AR -FARSHIT.

Yang(1997, 1998)0] "Nufjel] © 2 431 AATE Bof| ] od2.0 2 71 2.4 mmol N m? d'ell4] 0.2 — 0.7 mmol N m?
d' 2 7401 FARE AP HstE B o) Aoigk ewt A ato] ARkl vis) tha -2 A 0 2 U k=], o= 28t 5=
22471 4i= 0o/ AryE o183t @i situ) 573 o] ofg E9tol] oJgt JUH Fa= 2etohe X1 AR Ee 571
ArrE S Rl ] whzell, Bl -8719] Ful= BT AR o] QT 4= AU @] 9] B2 Al E <L o Fo A= Hlelo
H]5|| A =7 Hr IRt A9l d9tet Ax|sk= Zlo|thLipschultz ef al., 2002; Stanley et al., 2015). SHARF = A4EH T
40| & AR S Tl 54120 o]Foly &FFAY] B4 Bk AR eke AT = oAt Kwak er
al.(2013b)-2> 8 PN vl 0 2 S AMIARS AR AT AKYAES 12 + 5 mmol Nm™ d' 2 B3I o= $FA] AN
QHAS ALt ATolA Fdeh o o84 2.5 mmol Nm™ d'of] Blsl] 45| 2 glolch

Hahm and Kim(2001)°]14] - 2] B350 §l= 7 o2 7o 7-89(180-240Y) ol = 7| AlS5 0 2 4
ST AR A EE2 B F 2 mmol N m” d' 71 EAsk= 202 el o= Hahm and
Kim(2001)°] 73t A4ty 2] g0 TFF 4ol S7Fetell mhe 24t & (entrainment) 0] F&Fo] Z[Hi2]Q1 A
ZrorshH, Aot 845 di42] -A-U(Hyun er al., 2009; Hahm ef al., 2019a)0]u} Tint WHm-0] Ak ok=o] QFofA]
(Kim et al., 2013; Kwak et al., 2013a)°]| T =4 o]7e] ot ot /84 e = A T, 5ol Ei-aol| o o] Bt At
S5 - 9% 77 A& FEA Sl 7] A E o5E Al 710 A 0 2 of AXI T (Onitsuka ef al.,
2009; Lee and Yoo, 2016).

;

juy)
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>
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Fig. 6. Time series of net community production in the Ulleung Basin (36.5 — 37.5 °N, 130.5 — 131.5 °E) estimated by the
machine learning algorithms. The circles and error bars indicate the averages and standard deviations of the values predicted
for the years between 2013 and 2021. Previous estimates of the biological pump are shown for comparison. NP and POC
stand for new production and particulate organic carbon.
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