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Abstract — In recent years, the scale and frequency of hypoxia events have continued to increase, causing serious
economic damage to the fishery industry, including mass mortality of aquaculture organisms. In order to minimize
the damage caused by hypoxia in aquaculture, it is necessary to build a prediction model that can predict the timing
of hypoxia in advance and respond to it early. In this study, recurrent neural network models specialized in time series
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prediction, Long Short-Term Memory(LSTM), Gate Recurrent Unit(GRU), and 1-Dimensional Convolution Neural
Network(1D-CNN), a convolutional neural network, were used to predict the variation of bottom dissolved oxygen,
and the performance of each model was evaluated. The input data for the deep learning models were layer by layer ma-
rine environmental data continuously observed in the Dangdong bay from 2019 to 2022. The 2019 to 2021 data were
used as training and validation data for the model, and the 2022 data were predicted and compared and validated with
the observed data. Pearson correlation and mutual information(MI) analyses, trial and error methods were performed
to select the optimal inputs and parameters that affect the prediction accuracy of the model. The results showed that
the GRU model and 1D-CNN model outperformed the LSTM model. The reproducibility of the short-term variation
pattern of the LSTM model decreased as the forecast lead time increased, which was attributed to the structure of each
model. This study shows that when applying deep learning models to time series forecasting, it is necessary to use
models that reflect data characteristics. In the future, if the prediction error of the model is reduced by securing reliable
and high-quality inputs and adjusting the parameters, it is expected that improved prediction accuracy and a prediction

time of more than 48 hours can be secured.
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Fig. 1. The location of study area and real-time monitoring station in Jinhae Bay.
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Fig. 2. Temporal variations marine environmental datasets at Dangdong station.
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Table 1. Descriptive statistics of monitoring datasets at Dangdong station
. Missing Max missing
Layer Feature Min Max Mean SD (6)% values (%) hour (hr)
Temp (C) 14.59 32.06 23.04 3.56 15.43% 1.13 16
Surface Sal (PSU) 15.01 36.99 30.71 2.62 8.52% 3.03 54
DO (mg/L) 0.00 20.00 8.06 2.07 25.67% 1.95 101
Temp (C) 13.59 27.77 20.82 2.97 14.26% 0.97 13
Middle Sal (PSU) 25.00 36.90 31.91 1.71 5.37% 3.39 49
DO (mg/L) 0.00 11.52 541 231 42.29% 1.22 28
Temp (C) 11.96 26.49 19.51 2.74 14.02% 1.19 16
Bottom Sal (PSU) 25.03 36.99 32.80 1.09 3.34% 4.44 264
DO (mg/L) 0.00 9.42 1.99 1.84 92.39% 1.82 35
22 QS MY T 5 YR THE g AP S wolFeh wwat: HYL
57 Al 9 (Feature selection)> | SR G847 Feticoll  wiato] nd o] F AT FEAAALE Fshe RES AT
QGE v ZF AN B F shbolth R W 4 Qs AAARE FASUY
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= detshr] flal voj %}%%Q(Pearson correlation analysis)  scaling)2 &3t xé?ﬁﬂ(Normahzatmn)i dlolg dAe 5 53
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2 A= A EEAL AAE Hess A58 9
&l LSTM, GRU, 1D-CNN ¥ 2% 2839t} Long Short-
Term Memory(LSTM)<> RNN F 2l o A kA &}= #}7] o] &
J(Long-term dependency) {45 sl 4 3}7] ¢l &4 =l
A 2FEf(Cell state, C) 125 F7}3F B 2lo]th(Hochreiter and
Schmidhuber[1997]). LSTM X2 ¢] -3+ Fig. 49} #o] 42}

AAlo] E(Forget gate, ft), ¢ ] 7o) E(Input gate, i), 12| 1L
Ale] E(Output gate, o) T4 F o] Atk G2 A o] E(f)= o]
ol ARE v AAsk= o= 2 (2)¢) 2ol o] hidden
state(h, )2+ EA gk x & AAbstaL 03 14Fo] 2] 4h& &8t

C T T T T [

=5 A48 = sigmoid 4E g3} 00l NPT E o) ARE A%
FEMLT A5 s QArks gvjola, 1o] /eSS o)) RS nES
Sequence length Prediction
Sequence length Prediction Sequence length Prediction
f ; Y '7/}\\*“‘ : \ e '_“
x(t-n), x(t-n-1), -+, x(t) x(t+1) x(t-n), x(t-n-1), -*-, x(t) x(t+3)

(a) Lead time=1h
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Fig. 3. The schematic diagram of the sliding window and prediction method.
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Ao ARE Aot REJ A Aiteitt. ALk s Ul

HAY A2 A28 cell state(C) S Y H|o] EFHA Hrt.
C=/xC,+ixC ®)
vpAl RO 2 ZY A0 E o= A (6)F} o] AlTLEol = g
£ o] &34 AA cell state(C)E Artt EH3stat sk=A 4

skl 21 (13 2ol stol#EE] §AlE $h<F(tanh) & ©]-&-3f
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#o% FEsiA dnt
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h = o, X tanh(C) @)

Gate Recurrent Unit(GRU)= LSTMO] W& dag]F o7
(Cho et al.[2014]), LSTM 2] -2} Al o] E(forget gate), 3 & A 9]
E(input gate)®} FAFEF G &S 3l ¢ H|o] E Alo] E(Update
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Fig. 4. Structure of LSTM model.
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Fig. 5. Structure of GRU model.

gate, z) 2} 2 Al Al©] E(Reset gate, 1) 2 -4 ¥ o] I TtHFig. 5). &=
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Ol E(r)E 3ol ¥ B2 YAl E <= (tanh) 2} ¢14HS %3 hidden
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gate 7]5S 51, zi= AA JHe| WHY v]&-S A5 input
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A1 E(z)E &3l @A A2 dRE dult WhdeA] Alakst
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Hrt o714, x= @A 4 H 3k has AR E95k = A A

OlE, 7= LHIO|E A0 E, Wi 7154, o1 sigmoid $HE ¢
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T AN S5 Wi Ao} b X 7 Ao Sy Sev) whE
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=06 [h., x]) ©
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Held B2 ez el vEo] Rl ato] ¥ shetv]H
(Hyper-parameter) 2] Z=gtell whe} of 5 Ad-s-0] ZehA]7] wiZel
gt A HA 9wy g 9g o] A Q8. sho] 3 ghety]
Bl gho] 95 w0 534S shgated frEfskAw, o
2 2 (Overfitting) F-A1 71 LAY S = Q7] wjiell A4 & A
gsk= 2ol vig- Fasitt # 29 stol ¥ E & 7] 9
g2 EhA Rl ARt T2 AR Aol Al A
9 (Trial and errors)e]l o]&ato] A ¥ aL Gtk & AtellA] A
Aot H A o] stolo stebrlEl = AP A S B3l AL
™, 0] Table 28} Table 30| A|A|8tlet. Held L2 o] 245
< 1709] Layer® 748k oM, F312 242} 642 A 53l

Table 2. Optimal hyper-parameters for the applied deep learning models

Model LSTM, GRU
Hidden layer 1
Hidden unit 64
Dropout rate 0.2

Activation tanh
Optimizer Adam
Learning rate 0.0001
Loss function MSE
Batch size 64
Sequence length 24 hr
Output length 1 hr

Lead time 1,3, 6, 12, 24, 36, 42, 48, 60, 66, 72h
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Table 3. Optimal hyper-parameters for the applied deep learning models

Model 1D-CNN
Hidden layer 1
Filter 32
Kernel size 3
Activation tanh
Optimizer Adam
Learning rate 0.0001
Loss function MSE
Batch size 64
Sequence length 24 hr
Output length 1 hr

Lead time 1,3, 6, 12, 24, 36, 42, 48, 60, 66, 72h
A3 S nAgEA S 18T 4 9 E tanh FFE ANS
3k o, ¢4 1A Z(Fully connected)®] #4J 3} F<=1= linear
2 Aot H At st == H Al 2 *XH(Mean

Squared Error, MSE)E- A}4-3}91 21, % A 3} =2 = Adam©.
2 43} 31 learning rateS 0.0001 2 A A t) ¥4 gH-S
WAsk7] 9138 dropouts A-8-aFl ow, 1 k2 025 A7 st
&It} Batch sizet= 64, epochi= 10020 2 A7 5}%1 31 8F<59] 3%
$+S WA 517] 913l Barly Stopping 71H S 4 -8-31o] A5 Hlo]
E]7} 1538] o] 7A] sh& X aeqlE w exb7t A=A ¢k
£ A% AEOR S FRans APan:

25 RH MSTHIIKE

2 AT = e A vl w37 93l Al
(Correlation Coefficient, CC), Z 7 A]<=(Coefficient of determination,
R?), ¥+ 4 o) @ xH(Mean Absolute Error, MAE), & v+ A @ %}
(Mean Square Error, MSE), A3 -3 7 Al 3 2 %H(Root Mean
Square Error, RMSE)S 1.8 H7}A| =2 AH4 3191 01, o] &= 4]
(12)~(16)3} 2t} FHAG(CO= #5345 dolEl o] &2
AbS 2 ol E Ak Ao R v AR -15E 1 HEYY
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s st gtolth MAEE Adlabs F3t7] el 23ke]
2715 I 2 [k sty MSE+ A5t A5k 2ol o] Al
ek gk Has ulste, Solgto] EAEHH X7 wol
soldth= S3S AY L Qivk o] & K8tk MSEe] Al
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Fig. 7. The result of feature importance scores. (a) Pearson correlation. (b) Mutual information.
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Fig. 8. Comparison of the evaluation indexes LSTM, GRU, and 1D-CNN model under different prediction time(1-72 hours).
Table 4. Evaluation results of predictive performance using five error indicators for 1 to 72 h of prediction time.
Prediction time 1h 3h 6h 12h 18h 24h 30h 36h 42h 48h 54h 60h 66h 72h
CcC 097 0091 088 0.86 085 083 078 076 075 074 0.68 064 0.62 0.62
R’ 094 083 077 074 072 069 0.61 058 056 054 046 041 039 038
LSTM MSE 019 058 079 090 0.99 1.07 1.38 1.46 1.52 1.61 1.87 204 213 215
RMSE 044 076 089 095 0.99 1.03 1.17 1.21 1.23 1.27 1.37 1.43 146 147
MAE 029 053 063 070 073 078 091 095 097 1.00 1.1 1.16 1.19  1.20
CcC 097 092 08 08 085 084 080 078 077 076 073 0.72 071  0.70
R’ 095 084 078 074 0.71 070 0.64 060 057 055 051 048 046 045
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MAE 028 050 062 069 073 076 0.84 089 092 094 099 1.02 1.05 1.06
CC 097 092 08 087 085 084 080 079 077 076 073 0.72 071 0.70
R’ 095 085 078 075 072 070 0.64 060 0.58 056 0.1 049 047 045
ID-CNN  MSE 019 052 075 087 099 1.06 1.28 1.38 1.47 154 1.71 1.77 1.84 190
RMSE 043 072 087 093 1.00  1.03 1.13 1.17 1.21 1.24 1.31 1.33 1.36 138
MAE 028 049 061 068 073 077 085 089 092 094 099 1.02 1.04  1.06
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Fig. 9. Result of LSTM to predict bottom dissolved oxygen in Dangdong bay by training with 3 years data(2019 to 2021). (a) Timeseries of 6 to
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Fig. 10. Result of GRU to predict bottom dissolved oxygen in Dangdong bay by training with 3 years data(2019 to 2021). (a) Timeseries of 6 to
72 h prediction. (b) Scatterplot of 6 to 72 h prediction.
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