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Abstract — Recently, climate change, the increase in land-based sources of pollution, and various biogeochemical
and physical factors have led to a decrease in the concentration of dissolved oxygen (DO) in seawater, resulting in
the formation of hypoxic water masses. The occurrence of hypoxic water masses can drastically alter marine eco-
systems and lead to significant socio-economic damage. For the effective management of marine water quality and
ecosystems, it is essential to predict changes in DO concentrations and identify the factors influencing the occur-
rence of hypoxic water masses. This study aims to predict the bottom DO concentrations in the coastal waters near
Masan Bay, where the occurrence of hypoxic water masses has recently become a concern. Marine environmental
data, hydroclimatic data, ocean current data, and land-based pollution source data were collected for model train-
ing. All collected data were combined, missing values were removed, and the data were augmented using a neural
network model-based data synthesis method. To mitigate the non-stationarity of the data, the empirical wavelet
transform (EWT) was used for data decomposition, and cross wavelet transform (CWT) was normalized to obtain
wavelet coherence. These wavelet coherences were compared to select the model input variables. The output vari-
able of the model was set to the bottom DO concentration. The model was trained using random forest regression,
seasonal autoregressive integrated moving average (SARIMA), and long short-term memory (LSTM) neural net-
work algorithms. To evaluate the performance of the model, root mean squared error (RMSE), mean absolute per-
centage error (MAPE), adjusted coefficient of determination (adjusted R?), and correlation coefficient were used.
The evaluation results showed that the predictive performance of the models varied; however, the performance was
lower in regions with abrupt changes in bottom DO concentrations, and the models only approximated the sea-
sonal variability. In conclusion, this study identified the factors influencing changes in bottom DO concentrations
in semi-enclosed coastal bays. Future improvements could enable real-time prediction of hypoxic water mass
occurrences, providing early warnings and supporting marine environmental restoration and regulation policies, as
well as evaluating the reduction of pollution loads in coastal total maximum daily load (TMDL) management. Fur-
thermore, when integrated with existing numerical models, precise theoretical interpretation of the prediction
results is possible. If the data processing methods and the quantity and quality of data are improved, accurate pre-
diction of changes in bottom DO concentrations will be achievable.
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gl Aol v F gk Aol F ] FEALE FEE &
(physical), 8 (mechanical), 2§48} (biogeochemical), 57173
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fauna)©] ©|&5}al, 0.5 mg L' ol8ol|M= tiFEe] ddlEel |
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sHAlell -2yt thEA Q1 Wl Ulvk(semi-closed bay) S &
e S A Aoie] iRk (Masan bay)oll A = 4
5m oJ3te] AZFolA RIAkA: 7} WAk QI THPark[2020]).
w2 Uit A= sllradt B, -dxtel] st AEAS
(density stratification) /3¢l &J3ll Aol Ak F50] Xt
AAZ vPRE YS2 sHAle)] 1kxs) 9h22] DO 24} 2=
o} 2] YERETH(Yoo and Kim[2019]).

Sl = A&7b et aldehd el 2lEl Bl
<402 FUE Y (monitoring)dtal Tt SPAIRE, &gt BUH

9 FAVE B, st v]8 9 wsE HE 5o QlE dlegst
7 wzle] Qs sloto] ofHrk. I HR H EA R Q1EA]
T BEl g5S Fl SHEE dSshe 7o) ARk A Qe
Coopersmith et al[2011]2 A ZHGulf of Mexico) 21+ Corpus
Christi Bay°ll4] A% DO A48 x5.2] A% 7 f3}(sequential
normalization)= 3} =4 #7 (detrending)= ¥+ 5 19 $ % DO,
AR, T2, T, T AR At K2 0] (K-nearest
neighbor, KNN) &85 0% sl53l8lth A% DO 555 <53}
3 F3F Hk(spatial interpolation)s 3l W1AkA: WA 55 ¥
HE 07 oSato] F7F B E|go] a3t A3 QA& Alktsiint.
Muller and Muller[2015]%= 715 Chesapeake Bay°lA 7]38H4
(climatological) AF&-(Oceanic Nino Index, Susquehanna River index,
Cross-Bay wind data)5 ©]-8-5}] WAk~ 82 %4~ (hypoxic volume
index)& £]8W5 843 217]3]7 417 (nonlinear autoregressive
neural network with exogenous inputs, NARX) F @2 o] Z3}5] 11,
A& o] 53 WSk continuous wavelet transform, CWT), 32} O]
S35 W3k (cross-wavelet transform, XWT), 20|53 1™ % (wavelet
coherence, WCOYE &3l A15.2] 571/ (periodicity), WA &
A& Fgste] Hlakh el YRS niX= 715EH] HigE F

3FAt). Ross and Stock[2019]-> Chesapeake Bay©ol|4] 12 W =2}
(vertical density), T~Z, =4, F3l15H (mean sea level), 55, T4
2, AAE, Fsk 75 ARE olg3te] L 5 #H4 DO
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555 model tree I1EEE ©]8-310] oS3t 2452 AEA
(seasonality)y= WiAISE7] $18te] o] (anomalies)® W Ak =
shgrof] AL 3, /N AR 7]t (individual conditional
expectation, ICE), 2<% (partial dependence, PDP)E 53] B2
©] T (sensitivity) 29 }041:} Yu et al [2020F> FSAF F-
SHnutrient loading), 2] -5, 71, YAl (solar radiation), &5,
T A8 E AIZF A A (time- lag)JJ- %2 (accumulation)S 1185}
W 315131 DO X}E—E— AT
EOF)Z Al &34 Q A (spatial-temporal component)® 3]
(decomposition)s}*] X+ =~ (dimension reduction)et DO AF5E- ]
f3to] Al DO HgkE AW BElR oS3t Valera et
al[202012 A7, 2, A8, 4, 45 vl 58 (upwelling wind
stress) A5 WHEZHAE 3]7 (random forest regression, RFR), 4]
X E ¥ 3|7 (support vector regression, SVR) G E|F 07 &5
3] u]=; San Luis Obispo Bay2] 9%t (nearshore)lX & AF=2] 4=
9} “g3ell W& DO F= el gt 2 viztes 451810, ¢
3 (offshore) N A= =410l W2 DO 525 A58t Lui et
al [2021F stefe] &%) g 7dellx
T L, P, B (turbidity), S355-4x(chlorophyll), A~ 2315
(oxygen saturation) A Al &}l 3 o] L3 W EHempirical
wavelet transform, EWT)S 443t 28 & ©]£3}°] Broyden-
Fletcher-Goldfarb-Shanno(BFGS), elman neural network(ENN), general
regression neural network(GRNN), outlier-robust extreme learning
machine(ORELM) 2.2 2] Az}E 23} (combination)dt th =& &
& (multi-model ensemble) W S Z DOE o533t Park et
al [2022] AN e AATE EjokEhd o R BAI~E 2] g
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frEo] el §7 719 el figlol Wol RikA: =7t
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Fig. 1. A map showing the monitoring stations (red: marine environment, blue: stream environment, yellow: hydrodynamic, orange: climate, and

lime: effluent) in Masan Bay.
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2738k BElE 218 2007A-E oLoL X ESS U ET
WA vlal] SAelA FrdEE 2
52 eA=49 AFAlTte] ~7Po}01 il~£ﬁ¥ =2 FE4]
o2 327} A Qslth(Park et al.[2018)).

2.2 8 sk& K=
22.1 Z}E *él ql Zﬁm

ot o
XA : ok 160 m)2] o)A FUE
ga3i3ict. slgfe2 sk A8l 24 (t1dal level), &
S (flow velocity), 72 (flow direction) A% E-8-3151T}. 717 Hs]o]]
o5t kS sk S8l S<r(wind speed), $-&F(wind direction),
71 (air temp), 71t (air pressure), T, ARE AR S 36191
th S 7149 2999 JEs aEs] A8l fdskEs €
ARz} skrAgAE A BT FEAEE S8l 7
b5 %4 H= Fig. 13} Table S1ell YERASITH HEHox2 35
Abgoll A s dAts SHARNY U AR ARRkE F5
stod A AtE oF Ajtel AAY (time-series) AHRE AY/J315]
ot iRk AFAIRES ElEte] 60 A4S AHEEl A
S 719 2955k i AR A (time-lag) EHE sk S18k
48K (freshwater, FW)} 3= ]2] A1 ®7-r(sewage disposal
plant effluent, SDE) & 2t5+= 30, 604 % X5 (FW_COD 30,
FW TN 30, FW TP 30, FW_COD 60, FW TN 60, FW TP 60,
SDE_COD 30, SDE TN 30, SDE_ TP 30, SDE_COD 60, SDE TN 60,

SDE TP 60)% Z7}513t}.

A3Vt Ak5= W 8 A5 (missing value) T8 dfelste] 2
2% TR Agte) AR AIIo] 4 AR £E A
A3l WA o R ASAE 1'"743}13% W= (variable)E A B15}o]

6A1E (set)®] W% %} (combination)
Fig. 2:= ©] 179 Ao}

i (sampleye A8kl

222 ;(].E 7-/\1
o] Al et Am= AR 0 &2 AHAE 7] ko
3| 4/3E 7HA7] wlitell AFRe] M (bias)E F 3] Sd EE &
Zol] F4-31 ko] 34 A} (synthetic data)S A E10] A58 £
%) (augmentation)A| ZAT}. Patki ef al.[2016] ¥+ (original) Z}
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Fig. 2. A schematic flowchart showing outline of this study.

Result Analysis &
Visualization

A

& shEeto] SAR R fAkE ARE HEE Sl A
A QFEIA T}, Zhang et al [20221 )5 AA]
T2} AL & (sequential data)E S o = 2708 & (conditional
probablhstlc) 2718 A 5 FFIATE o= & 11 9
E/ (inter-row dependency)S A5 AlE~(sequence) Wl The
S A S8l Q3 B (parameter)ys-2] T3 (distribution)
£ Yt I el AR § AR Bis FET ol
= &3l Sk ASHE AAT e/l AALG ARAES Lt
Al 130070(3)] ARE FAANR G A7 S A, Wzl
w2 AR 0 FA Hgs HERE3(81.13) > WEEREH2(78.32)
> W33H4(74.82) > H5Z5H6(74.70) > WFF315(73.59) > ¥
Z§1(71.59) ol ith. F4 Hg= AAxts s A4S +
S AR (similarity) B 3 AEAAIE SEE Aol #
FTHoR A Awl 54E& Adst ArEd3 ARG
W A yE 2dll 5ol ARE-3I3TH(Table 1).

(generative) &2

O ot

el 4
==

=

22.3 YJolE3 Wigk 2l g e
o] Aol A= Al 5 (signal)e] o18] B (mode) 32 Fof] A

HE=] (Fourier spectrum)s F=310] -5 (adaptive) Slo1E53 S

Table 1. Information on selected variables after data preprocessing and augmentation

Combination No. Water quality variables

Hydroclimatic variables

Land source variables

Date, depth, SD, temp_sur, temp_bot, salinity sur,

salinity bot, pH_sur, pH_bot, DO _sur, DO _bot,

COD_sur, COD_bot, NH,-N_sur, NH,-N_bot,

3 NO,-N_sur, NO,-N bot, NO;-N_sur, NO;-N_bot,
DIN_sur, DIN bot, TN_sur, TN_bot, DIP_sur,

DIP_bot, TP_sur, TP_bot, SiO,-Si_sur, SiO,-

Si_bot, SS sur, SS_bot, Chl-a_sur, Chl-a_bot

Wind speed, wind direction,

FW_COD 0,FW TN 0,FW TP 0,
FW_COD 30, FW_TN 30, FW_TP_30,
FW_COD 60, FW_TN_60, FW_TP 60,
SDE_COD 0, SDE_TN 0, SDE TP 0,

SDE_COD_30,SDE_TN_30,SDE_TP_30,
SDE_COD 60, SDE_TN_60, SDE_TP_60

air temp, air pressure,
60d cumulative rainfall
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il
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e 748 dlolE3 WSk (empirical wavelet transform, EWT)S
ARSI AIAIE AFRE 73l (decomposition)SHA T A15 DO Al
Ald 272} 2] B]724d (non-stationarity )y H7-3F A5+ o5
37 ofe9] P9 o= vE7] 98l Ealiste] SRR E AMSS
SH(Lui ef al[2021]). 7152 23l 212 23)15-(decomposition layer)
& stk gLont, EWTellM = QA Als A ER ) 2y
ARE 1sle] L35 5 APt EWTE Huang er al[1998]
o] Aekst A3 B 3l (empirical mode decomposition, EMD)
Lug]ES 7Hko 2 e WA (filter bank)E Z-&3lo] Fajof] &
HAEHS Ha)stt}y. Fglo] A X E(Fourier support)s= 7}
(segment)O.F AHH 07 FaH 1 A FolEH /M 22t
tfjgt E3}rl o (passband) FEI = A 2] FT). o] Aol A= Littlewood-
Paley and Meyer®] o183 7 ®218 AREBISITHGilles[2013]).
w3l E /I AFe] ol B3 A mE T4 (principal
component analysis, PCAYE &3l X} Z4>(dimension reduction)
sto] =AY folE=l o2 WMEkslgltt. 18]a A% DO HlolE
B2} 7 W] dfs) lelEsle] WAt felESl W8k (cross-wavelet
transform, XWT)& 5 ZTH(Eq. 1). 91714 W= o1&, X, Y=
AAE, *= A HAF(complex conjugation)s 2J7| g},

W =ww"” )

XWTE &3] 7 AAE A0 36 E958 2t AR
FRFA =& AdaATE Qold fo]l&8l 71 E(wavelet
coherence, WO 7liks10] 8l5ol] A8-3F Q1WA (input variable)
= A e 383 TH(Grinsted er al.[2004])(Eq. 2). 91714 s&= A7
(scale), n(=1,...Ny> A3t St 88 A%4EAK(smoothing operator)®]
t}. o] Adtel= WC7L 0.65 T 2 IS Yl =i
FHkE Adeste] B9 gk AkRE AT

: sl

RX(s) =
7 s6 P -se el

@

23 BY YRS

2.3.1 Seasonal autoregressive integrated moving average(SARIMA)

A}713) 972} 0] 53 7 (autoregressive integrated moving average,
ARIMA)Z Eq. 39 A17123]# (autoregressive, AR)?} Eq. 49] ©]%F
7 (moving average, MAYS 418 Z3h(linear combination)3t ©]
£ 0 3 "7’ (non-stationarity)= A\ Al AL (time-series) A}5-2]
o= Helo) Agkst Ade)Z (algorithm)°|tHBox et al.[2015]). &
714 1= AIRY, za= AAID (time-series), ¢= AR X 9=(parameter),
6% MA 57, p= AR B8] 2 (order), gi= MA B2 A<
o|t}, gi= WA 1S (white noise)o ]2t F-2= wh9] F2RQ] A

B2} (unit random normal deviates)E 2|v] ST},
3)
4)

z, = iz Tz Tt ¢zzl—p+a1

z=at glat—l + 5’2“;72 teeet ant—q

H

gl

“_,
o
B
2
rﬁ
2
of\

Of
N

Ak 5 7] jist o5
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S o] 5 AAbRK(backward shift or lag operator)E ©]-8-5}¢
(Bz,=z,.,, Ba,= a,,) *}713]7] tF&2] (polynomial)?} ©]5-H+ th
F2le Wyshd 217} Eq. 5-67 2tk o714 BE 9 o] Ak
2}, §(BY= A713]7] ikl autoregressive operator), (BT ©1%

Het A4 moving average operator)S 2|3t}

a = (1-¢;B~-~,8"z = ¢,(B)z ®)

z,=(1-6,B—...—0,8"a, = 0,(B)a, (6)

2171879} o)'EB S AFsE ARIMAE Eq. 7-89 o] L}
Witk 01714 d= AIAID 28] 2HE X (differencing order)S 2]7]
i},

2 =Pz TGzt +¢pZt—p+at+ O\a,_1+0a, ,+-F Hrat—q
@)

¢,(B)(1-B)‘z, = §,(B)a, (8)

2Rt AR (V=1-B)E #-&3to] Eq. 98+ o] v, 2
w,=VzE tIdskd Eq. 9-107 £t} viE 2RE 4EAK(differencing
operator), wi= AAIG 28] dAA 2 (difference)y> 2Jv]sHc}.

4,(B)\V'z, = 6,(B)a, ©)

$,(Byw, = 6,(B)a, (10)

SIA]RF, ARIMA: AlAIE S XHi(trend difference)Rt 1124514
Z17.2] A4 (seasonality) B! =71 (periodicity)y= HF3 & 4= ¢lo]
AEA BAS A A% DO 52 W] 'l (pattern)y> EH5317]
o]t} o] ATl olF 1t AlEA 2713 HFA ol s R
(seasonal ARIMA, SARIMA) L1 2|&S ARSIt Ald A 27
3|9 W o] gdt ArR= 247 Eq. 11-129) #o] vERATE 1714
P= AP 271 2] (seasonal AR, SAR) B9 27, 0= A1 o)
1t (seasonal MA, SMA) B<=2] 2=, S&= A& x<=o|t},

@B’y = 1-®B—- — DB (11)

Oy(B’) = 1-0,B— .-~ @,B° (12)

AEZX 07 SARIMAS Eq. 138} o] Yehd 5= Qlt}, o174
D= A3 A2 (seasonal difference)®] 20|t}

@p(B*),(B)(1-B)'(1-B% =, = O,(B")0,(B)a, (13)

o] rollX= Box-Jenkins 2] *5 (Durbin and Koopman[2012])
S AAIE AR v W AR S FRlsto] A4
3l| (season-trend decomposition)E- -3l AF5] PSS SHskal &
1 o] 2]H (identification), 57 (estimation), X! Th(diagnostic checking)

S NSl 2% e PR oS (forecasting)= 313U

g Moo

2.3.2 Random forest regression(RFR)
WH Z 2| ~E (random forest, RF)i= Breiman[2001]°] #|QFsH <]
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AFEAZJ U (decision tree, DT) 715t %“d5-(ensemble) 7] A5 &
JEjFolct. 7122 HE W vl (bagging)t HE AMH AT
0]~ (random subspace)s 53l F®A}E (training datasets) & 72+
=2 AelE v i (sample)S Shedt 7 AP H U]
=9 (output)S Htsl] @ THARE 53 XA K
o} L5 7F9] A (correlation)ys 0] a1 FRo] sH 3K (bias) 2

Ak (variance)s AR 4 Qlok

2.3.3 Long short-term memory(LSTM)
7] R 2] (long short-term memory, LSTM)= 715& AlZF 21
&3 % AK(back-propagation through time, BPTT) ¥2]¢] =34l
W(recurrent neural network)] 715-%] %7 (update) Al 7]&7]
2] 9l #==(gradient vanishing and exploding)s SAIAIZ 4= )
TAAE B8] A8 Hochreiter and Schmidhuber[1997]¢1]
3 IA=ACE Eq. 14-150014 1= AIRE, yi= B33} (activation),
= v]7 s Sh(differentiable) 433} €<= (activation function), j
= H]EE 7Y (non-output unit), ner= R A T(net) A-F
= Uit} in= A A9 Alo] E(input gate) -, outi= j
A Z2 Alo]E (output gate) 7, ci= - AlP|EZHE
=

ot b oot o

7
W= A v =] A (memory cell) 7, vz €22 F0]

. wiE 5 7+ A (connection)ol] thet 71| (weight)o] T}

M e o

kv

V) = Fou (1t () (14)
Y1) = £, (net, (1) (15)
where 7et,,, (1) = ¥ Wou " (1= 1)
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2] Ao gHdsh= Eq. 169 2] AXRRET 9714 s, (b W

- 74l (internal state), g= W=l §512 A4 &= =S A
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sh& ARk, vsel el Heska visel el 8] wa
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=
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LSTMS A% D02} 122 714 ol&dS 7KHe AAE

A72] malge) kst o] dAtellM gRlE AAIES
oAukek AR S B 1 Eh= ek bidirectional) LSTMO.
NS EP4-5191 31 Multi-head Attention 22 S7}sto] A1A

20 T3 Rl 71 S5s HeS siSith(Fig. SI).

¥ =y (Oh(s (1) (16)
where s, =0, scj(t) = sc/(t— 1) +ym/(t)g( =1, (#)) for >0

24 2H S5

o] &7 A= ARIMA 2 SARIMA 7|4+ Fele] qledzlg= ¢
S8 AAG A57F L HER A4S DO e AmelA 22

=

i

=
=

ZFo] FHE2 HA 3O E WA (replacement)dlal A= Axje
H #o.Z Al (imputation)sto] At 255 A3t}

Feo] Jahte Zhas) 4 Bl IRk A ekEe| fels
5 Loesse A3 AlESA-3] (Seasonal trend decomposition using
Loess, STL) 7172 &3l 2F.8] AEA)-2- vl (deseaonalization)s} i
53T AR STL 71WE thasd] e uldd AdAS
7HE ARl APIREE k8] AlASHA ke SAIE 7
o& Elsly| §J3l A Fell A Te] o RE A

Sk =¥ (autocorrelation function plot)?} Ljung-Box Tests &3l

oy flo r
o w

o
-

213k A3k, A do] kst AR i8] wjAlEA] xate] Al
g+ A3 SARIMAE BH Sh5o]] ARgsigivt. BRIARRS] A]
=D

N o

0 E% AAIE Lt AR SkEato] Hrilae] tigt <
S Tt o] F dSghel AT AL AT
RFR, LSTM K2 HF2 0= deie qleue] disir= 49
glol e8] A F4 AFRE 1) A5 DO & AF5.9} 2) DO §%
AALE] AF lolER Akme}t 247 Aol W (uni-variate)
9 thHE (multi-variate) 22 558 7PEA 0= S8} A
2] (preprocessing)e AF5.2] 58 F3l 10, 30, 60, 90 A]F (time
step)?] A5 DO EEE cI53o] A5 H7ketitt. LSTMS] 4
$- A A2] Zo](sequence lengthyE 10°2.F 33Tt 3l =}
B 3= A3} (standard scaling)E E38)| /i W==e] FHEo] 4
22 (normal distribution)s 2+ =5 HESISITE 7 AAIE A=
70%= TR} H (train dataset), 2] 3 7FA} & (test dataset) =
2] (splityate] 22 gh5oll ARE-3I3ITE. SARIMA, RFR, LSTM
7 8F58 747} Python(Ver. 3.10.4) & 72 ¢1o]3H7 9
statsmodels(Ver. 0.13.2), scikit-learn(Ver. 1.2.2), TensorFlow(Ver.
2.8.0) 25 (module) ¥ 2lo]|B2ig](library)E ©]&3}lo] =a85}ic}.

d

0 ML oofy =

2.5 wxHE H slolHuiZin|E F

o] A= RFR, LSTME] afo| s gl el S ehslr] 9)s)
RandomizedSearchCVER= W35 (cross validation, CV) 7|1} 8F
ol# gzt 73 (tuning) *AE AHGSISITE 7 B HE o]
Hgen|e] AxK(gridys T/d8ta IS Al AR 28] F(fold)=
30 27sISltt. SARIMA F51€] slo]#ulehn|e] - D= Osborn,
Chui, Smith, and Birchenhall(OCSB) TestZ 53l 273131 P, 0=
214 2] (stepwise approachyS 3] Akaike information criterion
(AIO)E FHA3kslk= T e (E45)E 417 (Hyndman and Khandakar,
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2008)3t51. 2.1 25.2] APd/del whet A7 (seasonal period, SyE
A4 A5tk RFR 2o A= n_estimators(U-F-2] <),
max_depth(WH+-2] Ftll Zlo]), min_samples_split(F ==& &
2I5}7] $13F A4 EE-2] 47), mean_samples_leaf(% =5 -2
3H7] 98t 4 2L ), bootstrap(Fr TS| HAFE)0 =
T2 =5 IS LSTM 2el2] 78] = activation(@d 3} €1<7),
optimizer@ & 3PUH), dropout rate(JZ-H T2 B, leaning rate
(Bl55%8), epochs(:1A| A}5oll thgt &5 5), batch_size(1 epochsel] AF
S & 22 )2 TSI

o] Aol 9P WCE Hlmale] Meleh woolx RFR %
2 sk 71k A7) T A A A (recursive feature elimination, RFE)
1A 0 2 WaE 37 A2 (screening) SIATH ABslE = A
ol 42 AL AT WSS L e A 2 sheg
WHElo] W] FQ (Rl Aol vA o] 2
W5RE S AZdslo] WS FEe oI e
TE 4o/l W9IE Aol e Hexde] AEE RFR 29
hsroll ARESIATE. LSTM K210 - 4-67) A=RTE 7=

o] AR S5t BHe oS54 S vlaste] Wt

==
T - =
HZF oS5 (predictor)= 23S
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avh)

2.7 BY Hs Hot

o] AFtelM = Fr kR | tist 229 J5d5S HUB] $
8l A7 (adjusted coefficient of determination, R} ;,yeq ) 2>
ojwt A A} A <=(Spearman’s rank correlation coefficient, SRCC),
3 A 35 2 XH(root mean square error, RMSE), 33 w4 tf] 2 2}
(mean absolute error, MAE)E 7} X] ¥ (evaluation metrics)@ A}
31Tk A H7E A Fo) i AR Eq. 17-208) 2t} 1714
N& H7EERS] 7, ya= AR (true value), §, = 153k (predicted
value), y & B (target) 7] A, P 1S53k Ht, die AA)
I} elEgke] A A, ks A5 5, RE AR A5
A7 Aol T,

gl

Fepibeh A §54ks F e 7] W oS 159
> . (=-RHWN-1)
Ridjustea = I*W (17
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SRCC=1-———1— (18)

NV -1)
(19)
(20)
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HE Aee Wexd 7N YRR 7)1 2 T A B(statistics) T
AYAT= A DOL| AT (CC)= Table 29} At
WCE HW3ISS o, 71 Hern) 224 W7t 45 Dost 4
o] E8ka1 53], CODE A5 DOS vk Wt +2 wat
CH(Table 2). o= A1(10, 30, 60, 90) 3 RFE 2]
s B3l F71E AEE M 4-671)E Table 37}
e 2k Aol 60 A1F T oA5S AlLlslal B
H,-N)YE F52 02 AASAT) T3t
= AlRto] AoAGE 9 M (FW_TP_60)°] T2 =7 Ut
% ¢l copxr} £ 719 CoDSl F£
okch. thiEk Akg MM EolM s A7) oS Al SR
A B54= COD(SDE_COD _0)2} 6027 TP(SDE_TP_60)= Al
AsISiek. @7 o5 Al S 719 QAP FeEisl o, A7) ¢S Al
o= sk 719 AAPF F2Eelth LSTM 2dle] -4, Alazhe.
H(trial and error)S F3l AP WF(FW_TP_60), s>zl
W54 COD ¥ 6044 TP, A% NH,-N FFZFA o] 7}
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Table 2. The statistics and correlation coefficients(CC) with bottom DO for synthetic datasets

Statistics FW TP 60 SDE COD 0  SDE TP 60 COD _sur NH, N bot  SiO,-Si sur DO _bot

[mg-L"] [mg-L"] [mg-L"] [mg-L"] [ng'L'] [ng'L'] [mg-L"]
Mean 0.150 13.43 0.866 2.85 61.02 530.91 7.87
Std 0.049 2.30 0.260 0.69 34.07 23248 1.59
Min 0.031 6.40 0.142 1.08 0.25 9.00 1.40
25% 0.123 12.51 0.776 2.49 4136 409.96 7.09
50% (median) 0.154 13.78 0.888 2.87 60.80 522.11 7.70
75% 0.178 14.36 0.990 3.17 75.92 644.90 8.58
Max 0.346 28.80 2.503 6.08 228.45 1432.85 12.42
cc -0.039 -0.115 -0.128 0.105 -0.060 -0.086 1.000
wee 0.633 0.726 0.667 0.686 0.665 0.606 1.000

“WC indicates the coherence(cross-correlation) between each wavelet of the selected input variable and the bottom DO wavelet.



160 2=

Table 3. The input variable combinations selected by using RFE

Variate \}:ﬁég{e ”l;rer;e Eliminated variables
10 SDE_COD_0, COD_sur, NH,-N_bot
4 30 FW_TP_60, NH,-N_bot, SiO,-Si_sur
60 SDE_TP_60, SiO,-Si_sur, DO_bot
90 SDE _COD 0, COD_sur, NH,-N_bot
10 SDE COD 0, NH,-N_bot
. 30 NH,-N_bot, SiO,-Si_sur
Uni- 5
60 SDE_TP_60, DO_bot
90 COD_sur, NH,-N_bot
10 NH,-N_bot
6 30 NH,-N_bot
60 SDE TP 60
90 COD_sur
10 NH,-N_bot, SiO,-Si_sur
4 30 COD _sur, SiO,-Si_sur
60 SDE COD 0, SDE TP 60
. 90 SDE _COD 0, SDE TP 60
Multi- = = -
10 NH,-N_bot
5 30 SiO,-Si_sur
60 SDE_TP 60
90 SDE_COD 0

7 mdle] Fextg, stolv vzt
£ Table 40 JERASITE. o] AFolA=
= éﬂr-ﬂ ‘?é-?%—% iﬂa}ﬂ Qlate] o158 o] thHw o
kol F#AkE AR 7INF o §A] TR 27 (scalingye 7
Bk 5 AAgY vl aste] Bkt

SARIMA Edel|x 2&l 8k A7t 71t £90t}. A% DO &
T7F wAsHAl SR %‘ 28k 7 (peak) TRIIAE 2
5 A= ®SItHFig. 3). AAAIF(SRCC)E A% D02 A=A
E4E ek s ZLJE e 4= 9lem, SARIMA 222
A5 Am2) ABAE AAsk shEsle] ARdAr) o md
Uh £S5 Tk (Table 4). T35+ A detule] 5 AE o] 813H(0)°]
0% T3l ol A AS DO AEE oS a7t dA)
AAD gk olSoll FaE #HA ¢ ou]git}. o= 257t Al
ARE 7Y HA L AR oAk 1EEA] g Flo] BE A

WUE

o o felete] A olERF o] weEsict. 23le] /)
A ANAABEPIN ALGE Este] 1] Aglol A A
A gk 5ol AFH JFE T,

RFR 52818 ghlsy ac} o o5 o gatsiglon g

2] B, o5 AR 60 AN 7V sl St o
BISRS) F7} BEE o5 o] Srakginh, thi oS
60 AN 71 5ol Sasklon, Zusel 47t ) )
w) 7bg S S meinh AuA o Al e

o S AR YA G0 B TR Sl

A o

o] gl
-2

4+ COD, ¥Z COD, A% NH,-N, %% Si0,-Si3l1l, 604 % 3}
FAYAE e TP AL = AT
LSTM FE % whiak uo) thisk 215 9] o Sof 2333t

ASHT2] 7} s7lloJHA] o AlZte] 60 A w) HE2] Ao
7H 9<reisict. b 2l fARHA 415 DO E57F 3 mgL!

o3Il FzIolx= oS AT} SITHFig. 3). F2] 02 szl

AREE M4 RFR BEo Adeie w=xsta) 5dsisitt

_4

3.2 &t

RFR, LSTM &.glo]| 4 2 60 A A WR
_/r: TP7]' UE“ zsl)\oﬂ 60 = x] ]_oﬂx]u]. OHO}“I‘X]X]'JJ- % hva
% COD, A% NH,-N, %% Si0,-Si, 84 719 Qlxk= 60 A 3}
Z TP, A A4 %‘fr COD7} e 8ol T Q5 WgGlt),
siEEA AN 5= e 7191 TP Bohs skdollA] £+
O‘H—“— HIA9He 7191 TP7} 3ll212] A5 DO oSl o & &

S T A0E Bl 0]2] DO &l IS = 2, &

1
ww FOEx Zﬂz DO flolel3} it eHgo] vio} o] &

.
T30
O

ol

2k Sl @ 2FR.] R} o] EAEGITh A=
-3l AF=2] 4734 (stationarity)> 7FA L} w3l o] AT

]?%kﬂ 1 (amplitude) H$17| &8l (attenuation)=] %} 0™ -5
17—_7} 207 Wil Al elAE oSl olelwo] gl o=

Hﬂ >(

Table 4. Performance metrics and learning requirements for the best predictive models in testing phase

Model  No. of variable Training dataset Time step Hyperparameter R’ usted SRCC RMSE MAE
SARIMA 1 Monthly deseasonalized 1 P=2, D=0, Q=0, S=7 -0.375 0.233 1945 1416
DO _bot series
n_estimators=400, max_depth=30,
RFR 5 Multi-variate series 60 min_samples_split=15, 1209 -0078 2362 1715
min_sampled_leaf=16,
bootstrap=True
activation="‘tanh’,
optimizer="RMSprop’,
LSTM 5 Multi-variate series 60 dropout_rate=0.3, -0.829 0.106 2.147 1.592

learning_rate=0.001, epochs=100,

batch_size=256
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Fig. 3. Plots((a) time series, (b) scatter) for the best fitting results in model performance during testing phase.
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L}, AL, o] ATt AAD A 7|7k Balsla (e &=
2% 5 o) ARgslo] S-S Tjetsly] o2 sint.
SARIMA R El& 8k 2187} A4 sk =49} ADAS 7143
ek 7HgakaL Q1o AAD Are] FAe Wate) 4 ol
A (outlier)ell Y17HeF 549 71431 9tk HEdh SARIMA K9

o Wl S5 0)1A] gt v 34 (non-linearityye 7HAE &
23 A5 9 st = 2 st} Coopersmith ef al[2011]2

ARMAY} Z+& 217137 2Ee] 7A-¢ 1-247F B} 711 A|7E2] =}
A5 = A Am e} AR A=2] AT A3 okelA
ko A5-S Holtal H gt} Ross and Stock[2019}> DOE= #F
7V8BBA Y A kot Ap7)3]H el F-Agtshe SAbA A
i 7N BEks SR =, DO ARl whE Al

248k W2 g o] A ollA SARIMA B
sdlof] vlsl) $9kou, A5 DO o]g]e] W

EE

EZ o7 skl o &3 AYES Agsl] HFE
7] JZ d (dependency)yS 1123t thiek oS RulS 4517
U thAE oS R (e.g, WHOARYE RS AHESt] Hes

H*dskc S 183 5 ok

RFR 2219 of|&712 1528k DO WiglellM= ¢ AR H=
W)= (lagged) AES Hol=d| ol o] A (Park et al[2022])
oA fAkst A5 BT o= DO s=9] v H348S
2elo g x&%t v} Qlth(Fig. 3). viabet UiS53} 22 a4 &
9] 4 5= 9Jslet thEA A nAPAEE Bo] HHE &
&5817] o] th(Valera et al.[2020]). F=3F RFR 22> SARIMA,
LSTM 27} g] 7274 AlZe)EA)E 7 E 215l diaia =}
7] RE v 5o RskA] xeh= dAIE 7T
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o] & A5 A5, o5 Alt(lead nme)ol HojdFE LSTM &
o) o] oﬂx M_‘:o] 7L/\o}oﬂ 51—/\/\1:7} HH}-— 74]0] —i—ﬁ*rr‘ﬁ\(gate
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Appendix

Table S1. Details on the collected data in this study

Sort Source Variable Station Year Interval Transformation
Marine Environment Date, time, depth, SD, .
Monitoring temp., salinity, pH, DO, Masan Bay1 1997-2022 él Ill:rltzsr/g/r)
Marine Network COD, NH,-N, NO,-N, NO;-N,
environment  Fishery Environment ~ DIN, TN, DIP, TP, SiO-Si, .
. SS. Chl- 2013, 6 times/yr
Information > a Masan Bay6 2015-2018 bi hl
System (at surface and bottom layers) - (bimonthly)
. . Averaging
Frqshwater Water EI‘.IVITOHant Date, COD, TN, TP Naedong, 2005-2022 12 times/ values from both
environment  Information System Changwon (monthly)
streams
‘ Tidal level Masan 20122022 523,800 times/yr
. Ocean Data in (minutely)
Hydrodynamic .
Grid Framework . 17,520 times/yr
Flow rate, flow direction =~ Masan Harbor ~ 2015-2022 y .
(every 30 minutes)
O.cean Data in Wmfi speed, wmd direction, Masan 2011-2022 525,6(?0 times/yr
Grid Framework air temp., air pressure (minutely)
. . Cumulative
. Automat.ed Synoptic Daily rainfall Changwon 2011-2022 363 tlrpes/yr rainfalls during
Climate Observing System (daily)
60 days
Marine Water Quality .
Automated Monitoring Solar radiation Masan 2013-2022 105,120 tn}aes/yr
Network Bongam (every 5 minutes)
Effluent Water Emission Date, COD, TN, TP Masan- 2012-2022 365 tupes/yr
Management System Changwon (daily)
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mput:
InputLayer Ld [(None. 10, 4)] | [(None, 10, 4)]
output:
e . input:
Bidirectional(LSTM) (None, 10, 4) | (None, 10, 256)
output:
input:
Dropout (None, 10, 256) | (None, 10, 256)
output:
input:
Layer (None, 10, 256) | (None, 10, 256)
output:
) X input:
MultiHead Attenti (None, 10, 256) | (None, 10, 256)
output:
) mput:
Layer 1 (None, 10, 256) | (None, 10, 256)
output:
. . input:
Bidirectional(LSTM) (None, 10, 256) | (None, 10, 256)
output:
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Dropout (None, 10, 256) | (None, 10, 256)
output:
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output:
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Dropout (None, 10, 128) (None, 10, 128)
output:
. input:
LayerN 1 (None, 10, 128) | (None, 10, 128)
output:
mput:
Bidirectional(LSTM) (None, 10, 128) | (None, 10, 64)
output:
input:
Dropout (None, 10, 64) | (None, 10, 64)
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. nput:
LayerN 1 (None, 10, 32) | (None, 10, 32)
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output:
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Dropout (None, 16) (None, 16)
output:
nput:
Dense (None, 16) (None, 1)
output:

Fig. S1. Graphical description of LSTM model architecture.
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Table S2. Signal-to-noise ratio (SNR) of selected variables as learned data to raw data

Variable FW_TP 60 SDE COD 0 SDE TP 60 COD_sur NH,-N_bot SiO,-Si_sur DO _bot
SNR 0.236 0.017 0.121 0.063 0.141 0.287 0.039
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Fig. S2. Plots for signals and noises of bottom dissolved oxygen data before and after wavelet transform and dimension reduction.
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