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Prediction of Salinity of Nakdong River Estuary Using Deep
Learning Algorithm (LSTM) for Time Series Analysis
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Abstract : Nakdong river estuary is being operated with the goal of expanding the period of seawater inflow from
this year to 2022 every month and creating a brackish water area within 15 km of the upstream of the river bank.
In this study, the deep learning algorithm Long Short-Term Memory (LSTM) was applied to predict the salinity of
the Nakdong Bridge (about 5 km upstream of the river bank) for the purpose of rapid decision making for the tar-
get brackish water zone and prevention of salt water damage. Input data were constructed to reflect the temporal
and spatial characteristics of the Nakdong River estuary, such as the amount of discharge from Changnyeong and
Hamanbo, and an optimal model was constructed in consideration of the hydraulic characteristics of the Nakdong
River Estuary by changing the degree according to the sequence length. For prediction accuracy, statistical analy-
sis was performed using the coefficient of determination (R-squred) and RMSE (root mean square error). When
the sequence length was 12, the R-squred 0.997 and RMSE 0.122 were the highest, and the prior prediction time
showed a high degree of R-squred 0.93 or more until the 12-hour interval.

Keywords : salinity prediction, deep learning, LSTM (long short-term memory), Nakdong river, time series prediction
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o1 Al(Artificial Intelligence)s &3t 58S A7}
k5] 218= a1 Ql=d, o= =R de] vlsl] AIE] Al
27} 2hdkstar Wjsh HiolHE avbd o ® AEd o gl
7] wji-o]th(Melesse et al., 2020; Yang et al., 2020; Kim
and Lee, 2022).

Chen et al.(2017) 2154173 Y (Artificial Neural Network,
ANN) 223} 33} =24 2dl vl A5 Fasiels
], @713 Gt oS vl Ao 1Al o] 3xke
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= 918 CNN-LSTM 23R @} #E]2}7] 5] 7] K E(Vector
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&3 87 FARjAL T 70 Q1AL thigh fojwst o= A=
B38r° 1 (Seo and Yun, 2016), 41 #]d (Machine Learning)
7ML Ba3le] YE) 28 oo Sz} W GEke o]
Hoo|e] 2 AFES 223 a(Chl-a) oIS Eel7do] tist &
T= ZFfigOl'oﬂ‘:]'(Leﬁ et al., 2020). S| FFAAESE Hlo|
E1 £ A8-31°] hidden node, epch, “ISAIt] W& Al 7
L HuE T HA3k 29 e 53 vh(Park and
Klm, 2021). AT HAlEd W Ped-g E3t sl A <]
PS5 A= 55 Aol
2 ATolAE LSTM Ee ARgate] Yaid shtole] Al

-

Sequence lengthll Wt Ad AE=E vlwslda, o= A
Azbell W2 A FEw vas E8 LSTMEE O] gt
ASA = Bkt

2. A Y

2.1 Long Short-Term Memory (LSTM)

RNN(Recurrent Neural network)> 83 &35S A7
Oﬂig tlolg] T9l® Agjsh= Eolth LSTM B +
ShA7dv) B ol whAleR= 7] 7] 42 (gradient vanishing)
TAE 55 Al0lE &3 22 dldsta A4l Ak
9] &4 (long-term dependencies)s UFF=t] &3} o]t}

ojell A|AIGAZ, Mo, SAR/NAERE ofu e} glof] g st
CNN-LSTM# o] th Al gte] AgS Gl kst
Fole] #8511 Qlth(Hochreiter and Schmidhuber, 1997;
Barzegar et al., 2020).
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Fig. 1914 B2o], LSTMOA:= 71| Wk |l 23} &
T RS Foto] ekl EEgke R vk TS &
‘l XNE
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Fig. 1. Structure of LSTM.
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A7NA fi= 0, 19] $k& 7H= FAARIE gk, w87t
AOVE 7HEA, b= WAAIE B, o= Al1Re|= F
o]tk

WA M= EARIEG)E S8kl 2w R
) A ARE A 2ol AAsh, i 0 T 19 §
< 7HIE EARIE &, Wiz IEAICIE 7HEA, b Y
A1 E HgFgtolt.

iy =o(Wlh 1, x]+b) @

Al HA A= A EL} E=-AI0|EL] ke o]
sto] Al AHO|EZ 2(3), 21(4)8} o] Julo]E st} of
714, €, tanhZ FAE 0] 9= A AH|O|E F1hgho|H,
Cio AHolER A1A tol|A 9] Al AH[O|EE YT

C,=tanh(W [h,_y, x]+b,) ©)
C,=fCy +iC 4)

e @Al S AIESL A AEPIES o] gsl] EF
= v AG), A6y 2ol ARttt

0= O-(Wo[hx—l’ xt] + bu) (5)

Table 1. Experiment cases condition

h, = o,tanh(C)) (6)

A7, o= 0 o= 18] #he 7HA= E9AI01E #h w,
© ZYAPIE 7EA], b= Y AICIE Aot A
o= 2 (5)9k #ol A aR|E g ofgaliA A e
= S EYstaat sheA| AAskar, v etz A
(6)7F %] tanh $5 o]&-ste] EAdstd A AHI(C)eH
= B3 B ALY Al (h)E dulelEsHA FchHochreiter
and Schmidhuber. 1997).

22 MERY 75 U HSHI} wy

o A7l LSTM B8s 75810 Y7t sheelr
9 2 A Eekn R mE 9 5SSt
Sequence length¥} X3 A]7H(time lead)ol] W o5 =
B3 AE BH 07 S} 7 case 2712 Table 13}
th. o= 1417kl st &5 Sequence length= 14111, 3
ZF, 6A1ZE, OAIZE, 12A13E, 24X3F 0.2 8taL, 11 T TP =
< AL 5 7FA+= Sequence lengh 12A]7+S- ARE-3Fe] A8
A ZE 3AZHE + 3), 6XIZHE+ 6), 9AZHE+9), 1243 H(t + 12),
24X 7Kt + 24)0ll st Al Y EE ¥ 33T, epoch 31
+ 100, optimizerv= Adam, learning ratex= 0.001, Dropout
H]-E-2 20%= 4373tk RMSE(Root mean square error)

=

1

2> mY

iy

Case 1
Sequence length Optimizer Epoch Learning rate Dropout Time lead
1,3, 6,9, 12, 24 (hours) Adam 100 0.001 02 1 hour
Case 2
Time lead Optimizer Epoch Learning rate Dropout Sequence length
3,6,9, 12, 24 (hours) Adam 100 0.001 02 12 hour

! S
Changnyeong-Haman Weir =

Fig. 2. Study area.
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Table 2. The mean, max, min of features before data pre-processing
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Feature Mean Max Min
Bottom Salinity (psu) 0.80 12.10 0.07
Nakdong River Bridge Bottom EC (ps) 1,487.03 20,258.00 145.00
Bottom Temperature (°C) 16.23 30.30 240
Discharge (m’/s) 182.49 999.64 0.00
Changnyeong-Haman Weir Water level (m) 435 11.38 2.03
Rainfall (mm) 0.13 12.80 0.00
Gupo Bridge Water level (m) 2.39 4.87 1.59
Upstream Water level (m) 0.85 1.76 -0.17
Nakdong River Estuary Downstream Water level (m) 0.13 1.47 -1.06
Rainfall (mm) 0.13 14.8 0.00
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3.1 Sequence lengthoﬂ e g2 sk =gt

Sequence length®]|

Table 3. Model Performance Comparison about Sequence Length

Case 1 RMSE R-Squared
Casel-SL-1 0.140 0.996
Casel-SL-3 0.132 0.997
Casel-SL-6 0.150 0.995
Casel-SL-9 0.135 0.996
Casel-SL-12 0.122 0.997
Casel-SL-24 0.143 0.996

HeRfgler, 1ol wE A lolE 119202050l
HEFEE Fig. 39 YERNA. Sequence lengthell wh
24 o & Jxo Aol A9 s AoE Vel
o]~ 2] % == R-Squared #k°] 0.995~0.997, RMSE
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Fig. 3. Predicted and observed values of Case 1 (Sequence length).
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Fig. 4. Predicted and observed values of Case 2 (Time lead).

Table 4. Model Performance Comparison about Time Lead

Case 2 RMSE R-Squared
Case2-TL-3 0.296 0.98
Case2-TL-6 0.481 0.96
Case2-TL-9 0.486 0.95
Case2-TL-12 0.592 0.93
Case2-TL-24 1.012 0.71

e m, o] = o ] Sequence length ¥ ¢ =& t|o]
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