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Prediction of DO Concentration in Nakdong River Estuary through
Case Study Based on Long Short Term Memory Model
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Abstract : In this study, we carried out case study to predict dissolved oxygen (DO) concentration of Nakdong
river estuary with LSTM model. we aimed to figure out a optimal model condition and appropriate predictor for
prediction in dissolved oxygen concentration with model parameter and predictor as cases. Model parameter case
study results showed that Epoch = 300 and Sequence length = 1 showed higher accuracy than other conditions. In
predictor case study, it was highest accuracy where DO and Temperature were used as a predictor, it was caused
by high correlation between DO concentration and Temperature. From above results, we figured out an appropri-
ate model condition and predictor for prediction in DO concentration of Nakdong river estuary.
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2.1 Study Area and Analysis of Data

B Aol = g S el s SAEE s
P2 A7 E AHESFITHFig. 1; KOEM, 2020). AHS
= ok 5137H2015.01.01.~2019.11.30.)] 5% 712 AAIE =}
B2 7AE] vk AR e 5 Hat, F5894), A5 )

Fig. 1. Observation station in Nakdong river estuary.

Table 1. The mean, standard deviation and missing rate of features

&2 Table 10 YERAQILE ad AHEE 1417), 1Y Hts)
o 247k A7t o5, A oSl ARSI oW, ASH| = A3
=

43,07871, 1,7937§0]c}. Ak5.2] 70%+= 71 A g5l A

om U] 30%E B9 Asel ARSIt dSHaE
<, 9%, pH, COD, NH,;, NO;, TN, PO,, TP, Chla, DO
117 o]™, REG RIS DO°lt. =, A ASHF AaE
dYARE ko] vPe] DO & oS53k 2e i
St oASHPe} WSS B Uy 21S ARSe] Hat =0,
¥} = 12 EF3(Standardization)slo] 7] 7A|8k50l ALE-
skl

x =X=4 (1
O
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2.2 LSTM Structure

LSTM> RNN Al 2] Rdlo|t}, RNN2> Rumelhart et al.
(1986)2] Aol 7tsto] 7= itk RNN 22 hidden
cellFe] =825 o] Fal Qli= Flo] 54o|tt, o]t +
ZE A ol o] state FRE AT 5= A 8l
FHF sequence datas UEYAEZ SR (Dupond, 2019;
Tealab, 2018). WA RNNS #4F9, 24 Q14 18] a1 A
AL 279} 2ol AA A4S AY= Aks Aol A3

@ : Observation st.

Feature Temp. gty pn COD NH; NO;, TN PO, TP Chla DO
(© (mgl) (mgl) (mgl) (mgh) (mgl) (mgl) (ugl) (mglh)
Mean 1788 17.84 795 535 020 0.85 1.73 0.04 007 1311 765
Std. 6.83 805 044 237 014 0.51 1.05 0.02 004 5662 254
Missing rate (%) 5.11 509 729 1002 954 9.24 9.50 6.83 9.42 654 612
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Fig. 2. Structure of LSTM (C: Cell state, h: hidden state, f: forget gate, i: input gate, o: output gate).
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C, = tanh (W zx, + W, :h,_, + b;) ®)
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A7, ek b= 2t 7] (weight) 2} 3H @ (bias)©] o,

2.3 Experiment Condition
B ATtof M= el vy HSE(Case 1)} 1S9 (Case 2)
& 0] 83} case studyE AY3IATE 2} case F712 Table
g ek IS ARE A2 1,6, 12, 2441311, 3, 5, 109
2 A7) DO FEE A5t 3 WA case study= W
Al w7 S TReFsHAl AdAske] oS A E vl
o]& &3l DO v& 529 ¥4 Bl x5 3zt 54l
o} 5+ WA case studyrs EE W71 4-E hidden node =

10, Epoch =300, Sequence length = 12 1173}l o S H =

[\

)

Jo=oWpx, + Wyh,_y + by) @ = YHIE= W5/DO/DO + ) Hr3lek 91714 DO +a
i = oW+ Wk 4 b) 3) = DO E5=9 VM tj"‘i%“—% 7_1%01 /\_}%ﬂ—% = oJu|gitt. o]
£ &3 DO F& 5] AFsE FA/AL 1A HE
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Table 2. Experiment cases condition
Case 1
Time step Parameter
hidden node Epoch Sequence length
1, 6, 12, 24 (hours) 10, 20 300, 600, 900 1, 6, 12, 24, 48
1, 3, 5, 10 (days) 10, 20 300, 600, 900 1, 3,5, 10, 15, 30
Case 2
Predictor
(Temp., Salﬁllilt;:e;tllfeCOD, NH,, DO bo+a

NO,, TN, PO,, TP, Chl.a, DO)

(e.g. DO + Temp.)
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Fig. 3. DO prediction result R* values as model parameter.
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Fig. 4. Hourly (left) and daily (right) DO prediction results by prediction time step.
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Fig. 6. DO prediction result R* values by predictor (x-axis: predictor DO + a, e.g. Temp. =DO + Temp.).
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Table 3. |R| value between DO concentration and Features
Feature Temp. Salinity pH COD NH, NO, TN PO, TP Chl.a
Hourly 0.78 0.36 035 0.22 0.3 0.06 0.02 0.71 0.65 0.19
Daily 0.84 0.44 0.34 0.26 0.33 0.1 0.01 0.76 0.72 0.2

Hidel] ARE el Soll M= 2403 TN A5 ot et

7hH= A3E Bk 12417F) 24413 R? 362 2442 071,
0.77% R* gko] S7hlom, 364179} 48417 R gk 247

0.66, 0.71% R gto] F7kske s Wit olzie A
= Lim et al.(2020)2] Aol = g1 5= it}
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length = 1, Hidden node = 102] DO 5% 5%3 #5749
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2k o5l 1 o5 AIZE 7HA0] B 1AIRE Sk A
S & dA ek BES Btk oS AR 7HA o] 6, 12
AlREO R Ao ArS RHlo] HE e "ol o Sgto] #
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Al AEEr) S A9E 19t o= A AE DO
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14 59 4% 1d 52 DO F& WskE 2 &3k
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){1

.
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] 2} DO &% (Only past DO)RHS AFE-31S w] R® gkS 7+
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