Journal of the Korean Society of Marine Environment & Safety Research Paper

Vol. 28, No. 2, pp. 193-200, April 30, 2022, ISSN 1229-3431(Print) / ISSN 2287-3341(Online) https://doi.org/10.7837/kosomes.2022.28.2.193

d8d 2y 76 AEnk S50 E AES 9 v x2dS

* =1 %%t
9Ly A" - 23
* RS AFT oA heA, = A AFF} W

Preliminary Study on the Reproduction of Dissolved Oxygen Concentration
in Jinhae Bay Based on Deep Learning Model
Seongsik Park” - Kyunghoi Kim™"

* QGraduate Student, Department of Ocean Engineering Pukyong National University Busan 608-737, Korea
** Professor, Department of Ocean Engineering Pukyong National University Busan 608-737, Korea

[e]
I~
N

TE AFAAE FE T DO v APES SRR LSTM BE O HA wiAds 203 A SAFE AHE 7] A3 Case studys
23 w7 S Case study @3’/} 7} A2 Hidden node9} Epoch?] Hidden node=10, Epoch=100°14 7} @& A& R
J/}i 9 §H(Underfitting) 819 21 ©2 eHE T} Hidden node=80, Epoch=1200°14 R* &2 0.992 714 & JS g B3t o
study 23}, 17119 FAHHFNS SHFE ARG Step 1914 22 dSHFZ S 9 AF DO % A R? 8
AIEE BT} o] 2l FAHWMFE /\]-*‘3-{5L Step 291 M= FL3} SIS ASHFE PL v R* 72 0922 =21 A}
=7} 3743 27819t ol = A% DO B %9} Si0, FEke] =S ATA(|R[=0.70)0 71918 Ao geEc) 4
o] DO ¥ Adol A7 LSTM 4—094 A F} ASHFE S AN

BT o
ol
s - ;o: )

Q o
%_,

N
o3l
2its
rlo

sH &

mioop R o X

oo
£
o
2 Jl
O_u
J!%

o
I
i)
=
=)

e g
|

18
0>
oo

O : Long short-term memory, 7| A&, Held, A&vl, &&4k4, A4

Abstract @ We conducted a case study to determine the optimal model parameters and predictors of Long Short-Term Memory (LSTM) for the
reproduction of dissolved oxygen (DO) concentration in Jinhae Bay. The model parameter case study indicated the lowest accuracy when the Hidden
node=10, Epoch=100. This was caused by underfitting of machine learning. The accuracy increased as the Hidden node and Epoch increased. The
accuracy was the highest when the Hidden node=80 and Epoch=100 with R°=0.99. In the bottom DO reproduction of Step 1 of the predictors case study,
accuracy was highest when the water temperature was used as a predictor with R’*=0.81. In Step 2, The R’ value increased up to 0.92 when the water
temperature and SiO, were used as a predictor. This was caused by a high correlation between the bottom DO and SiO, concentrations. Consequently,

we determined the optimal model parameters and predictors of LSTM for the reproduction of DO concentration in Jinhae Bay.
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2.2 LSTM structure

LSTM Recurrent Neuron Network(RNN) A& o] Hzd =
92 hidden cell 7Fe] £FTRE o] F3L QUM (Rumelhart et
al., 1986; Fig. 2). ©] =&TZ= Q13| LSTM2 A AIE A 52}
-2 sequence data *] 2]ol 23} S}C(Tealab, 2018). LT+ o}
Y2} Park and Kim(2021)9] 7oA+ DO w52 ©@7] 45

-~ B Obs. Station

Fig. 1. Observation station in Jinhae Bay.

- 194 -



Table 1. The mean, standard deviation, min, max, median of

features before pre-processing

Held mY ) Qe §EALEE A

Rus

R

Feature Mean Std. Max Min | Median
Transparency 5.69 244 17.00 | 0.00 5.20
Sur. Temperature | 16.69 7.23 30.53 3.51 18.64
Bot. Temperature | 14.57 5.63 27.05 | 3.57 14.82
Sur. Salinity 31.94 1.84 3421 | 11.88 | 32.44
Bot. Salinity 32.80 0.84 3525 | 28.03 | 32.95
Sur. pH 8.05 0.19 9.97 7.25 8.06
Bot. pH 7.88 0.26 8.49 6.59 791
Sur. COD 1.67 0.90 10.19 | 0.05 1.48
Bot. COD 1.38 0.58 6.74 0.04 1.29
Sur. NH, 0.02 0.03 0.70 0.00 0.01
Bot. NH,4 0.04 0.05 0.48 0.00 0.03
Sur. NO, 0.01 0.01 0.15 0.00 0.00
Bot. NO, 0.01 0.02 0.29 0.00 0.00
Sur. NO; 0.03 0.06 1.11 0.00 0.01
Bot. NO; 0.03 0.04 0.23 0.00 0.01
Sur. DIN 0.06 0.08 1.36 0.00 0.02
Bot. DIN 0.08 0.08 0.51 0.00 0.06
Sur. TN 0.25 0.17 3.18 0.00 0.21
Bot. TN 0.25 0.14 1.55 0.00 0.23
Sur. DIP 0.01 0.01 0.07 0.00 0.01
Bot. DIP 0.02 0.02 0.13 0.00 0.01
Sur. TP 0.02 0.02 0.42 0.00 0.02
Bot. TP 0.03 0.02 0.15 0.00 0.03
Sur. SiO, 0.31 0.37 6.54 0.00 0.21
Bot. SiO, 0.53 0.45 3.79 0.00 0.46
Sur. SS 5.86 590 | 110.00 | 0.00 4.45
Bot. SS 6.46 5.64 70.40 | 0.00 5.00
Sur. Chla 4.50 9.26 | 235.05 | 0.01 2.47
Bot. Chla 3.46 3.92 56.95 | 0.01 2.34
Sur. DO 8.71 1.57 2143 | 3.05 8.65
Bot. DO 6.58 2.99 14.96 | 020 7.15
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lengthi= §} E A} 9] Aol& ¢ gt} Epochell wet o5 As
o] 748t ¥4 A §(Underfitting) %=+ 2Hof] 4 $H(Overfitting)
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Fig. 2. LSTM structure (Park and Kim, 2021).
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Fig. 3. R? values between observed and reproduced DO concentration as parameter (left) and 1:1 scatter plot (right).
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