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Prediction in Dissolved Oxygen Concentration and Occurrence of Hypoxia
Water Mass in Jinhae Bay Based on Machine Learning Model
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Abstract : We carried out studies on prediction in concentration of dissolved oxygen (DO) with LSTM model and
prediction in occurrence of hypoxia water mass (HWM) with decision tree. As results of study on prediction in
DO concentration, a large number of Hidden node caused high complexity of model and required enough Epoch.
And it was high accuracy in long Sequence length as prediction time step increased. The results of prediction in
occurrence of HWM showed that the accuracy of nonHWM case was 66.1% in 30 day prediction, it was higher
than 37.5% of HWM case. The reason is that the decision tree might overestimate DO concentration.

Keywords : machine learning, LSTM(long short-term memory), decision tree, dissolved oxygen, hypoxia water

mass, Jinhae Bay
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2018.12.31.) 1X7F 7+ 02 A5 Q)th. A5 (missing)2h
o] (outliery= A& K 71610 247.2] oF 70%S 7| A|gs5ol
o]g-3HaL YA 30%E B8 el ARt 7 I
o] F4t, EEAzAk, A, A&, TS Table 10 A|AISE
Atk AS DO FEF FHHUS, 1 9 FEES SHUSF
2 3t g 9 1 (ttestyE F3Yste] 1 AYE
Table 20 JERAS o™, DO HE9} 7z =0 AbiA

Fig. 1. Location of observation station in Jinhae Bay.

@ : Observation station

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

Temp. (°C) Salinity (psu) Turbidity (FTU) Chla (ug/L) DO-S (%) DO (mg/L)
Sur. Bot. Sur. Bot. Sur. Bot. Sur. Bot. Sur. Bot. Sur. Bot.
Mean 15.1 13.7 321 32.6 0.8 1.0 4.1 7.5 109.8 89.4 9.2 7.8
Std. 72 6.4 1.0 0.8 0.4 0.4 33 6.3 10.1 18.9 1.3 22
Max 30.5 275 33.6 33.8 4.8 4.0 27.0 1443 176.1 120.7 12.4 11.9
Min 3.8 32 243 29.4 0.2 0.3 0.1 0.6 61.1 14.0 4.7 1.1
Median 14.7 13.0 323 32.7 0.6 1.0 32 5.8 108.7 96.9 9.3 82
Table 2. The t-test results of linear regression between features and bottom DO concentration
Estimate Std. error t-stat p-value

Intercept 5.237 0.25 21.29 0.000 < 0.05

Sur. temperature —-0.037 0.00 -9.79 0.000 <0.05

Bot. temperature —-0.128 0.00 -31.66 0.000 < 0.05

Sur. salinity —-0.052 0.01 -7.41 0.000 < 0.05

Bot. salinity —-0.017 0.01 -2.07 0.039 <0.05

Sur. turbidity —-0.051 0.01 -3.81 0.000 < 0.05

Bot. turbidity 0.053 0.01 3.83 0.000 < 0.05

Sur. Chl.a —0.008 0.00 —4.58 0.000 <0.05

Bot. Chla —-0.004 0.00 -3.90 0.000 <0.05

Sur. DO-S 0.002 0.00 5.11 0.000 < 0.05

Bot. DO-S 0.077 0.00 218.37 0.000 <0.05
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Table 3. The |R| values between DO concentration and features
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Temp. Salinity Turbidity Chla DO-S
|R| between
Sur. Bot. Sur. Bot. Sur. Bot. Sur. Bot. Sur. Bot.
Sur. DO 0.80 0.82 0.20 0.33 0.12 0.21 0.21 0.04 0.32 0.55
Bot. DO 0.87 0.81 0.27 0.26 0.12 0.05 0.11 0.02 0.16 0.91
(correlation analysis) X183te] 1 Z7}E Table 30l YHE} tlolg & AX|AZ. HolE 2 8 of| SH S (predictor)
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Fig. 2. The inner and external structure of LSTM.
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0,= o(Wx,+ Wy,hy +b,) 3)
C, = tanh( Wex, + Wyeh,_ +bg) )
C,=C_i-f+i,-C, ®)
h,= o, tanh(C,) (6)

o17|A, fi= forget gate, ii= input gate, o= output gate,
Ci= Cell state, = hidden state, W= 7} =] (weight), b
¥ (bias)o] .
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2.4 Experiment model condition
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Fig. 3. The structure of decision tree.
Table 4. Experiment model condition
LSTM - prediction in DO concentration
) Hyperparameter
Time step -
Sequence length Epoch Hidden node
1, 6, 12, 24, 36, 48 1, 6, 12, 24, 36, 300, 600,
(hours) 48 900, 10, 20’530’ 40,
1, 3, 6, 10, 15, 30 (days) 1, 3,5, 10, 15, 30 1200, 1500

Decision tree - prediction in hypoxia water mass

Time step

Split criterion

Response variable

1,3, 6, 10, 15, 30 (days)

Gini's diversity index

HWM or nonHWM
(categorical)
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Prediction in DO concentration

s te BT Y oS 51

Prediction in hypoxia water mass(HWM)

Data
Period: 2017.01.01.~2018.07.01.(Thour-step)
Features: [depth, temperature, salinity, turbidity, chl-a, DO-S, DO]

Data
Period: 2015.07.01.~2018.12.31.(Thour-step)
Features: [depth, temperature, salinity, turbidity, chl-a, DO-S, DO]

v

Data pre-processing
Linear interpolation of outlier and missing data
Daily mean for ‘daily prediction’
Normalization of data
Divide data into training(70%) and test(30%)

00 o =

Training data Test data

LSTM with case condition
Prediction in DO concentration with various case condition :
1. Hyperparameters (Number of hidden node, Epoch,
Sequence length)
2. Prediction time step

Trair:h

LST™M )

Test

v

Data pre-processing
Linear interpolation of outlier and missing data
Daily mean (1day-step)
Change data type of DO to categorical(HWM or nonHWM)
based on 3 mg L'’
4. Divide data into training(70%) and test(30%)
|

wn =

Training data Test data

Data augmentation
Adding noise, which have range from -0.1 to 0.1, to features
except response variable(DO)

v

Augmented
Training data

Decision tree
Prediction in occurrence of hypoxia water mass with various
prediction time step

Trained
Decision tree

Test

Fig. 4. The flowchart of prediction in DO concentration and hypoxia water mass.

3.1 Prediction in DO concentration based on LSTM
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Fig. 6. DO prediction R’ values with respect to Epoch and Sequence length in hourly prediction.
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Fig. 7. DO prediction R? values with respect to Epoch and Sequence length in daily prediction.
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