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Abstract — Masan Bay, a specially managed sea area in South Korea, is vulnerable to eutrophication due to its
semi-enclosed topography and the influx of land-based pollutants. In this study, we constructed a Long Short-Term
Memory (LSTM) deep learning model based on high-resolution time-series data from an automatic water quality
monitoring network (2014-2024) to predict coastal Total Nitrogen (TN) concentration. The initial model demon-
strated high accuracy with a coefficient of determination (R?) of 0.94. However, its performance degraded as the
lead time increased and during TN spike intervals caused by extreme rainfall. After implementing data preprocess-
ing to enhance model accuracy, the R? improved to a maximum of 0.99. This research identified TN fluctuations
based on high-resolution time-series data. Furthermore, we found that non-linear TN variations following extreme
rainfall events degraded the deep learning model's performance, prompting an investigation into optimal improve-
ment strategies. These findings are expected to provide a highly reliable scientific basis for establishing coastal
water quality management systems and responding to climate change in the future.
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Fig. 1. Location of the Masan Bay and monitoring stations: the Tidal gauge, the ASOS (Automated Synoptic Observing System), the MEM
(Marine Environment Monitoring), and the AWQM (Automatic Water Quality Monitoring) station.

Table 1. Data sources, observation feature and Frequency
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KOEM AWQM NO3-N, PO4-P, COD Hourly
MEM TN, TP, Temp., Sal. 2,6,8,11 Month
KMA ASOS Rainfall Hourly
KHOA Tidal gauge Tide level Hourly
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Fig. 2. Time-series observation data during the study period (2014-2024): (a) Temporal variations of TN (Total Nitrogen) concentration
observed at the Masan-Yangdeok automatic water quality monitoring station and (b) Hourly rainfall observed at the ASOS station.
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Fig. 3. Scatter plot between MEM(Marine Environment Monitoring) and AWQM (Automatic Water Quality Monitoring) stations: (a) Total
Nitrogen (mg/L), (b) Total Phosphorus (mg/L), (c) Temperature (°C) and (d) Salinity (psu).
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Fig. 4. The result of feature importance scores Pearson correlation matrix.

Table 2. Optimal hyperparameters for the applied deep learning model

Hyperparameters Values
hidden layers 2
number of hidden units first layer: 32, second layer: 100
dropout rate 0.3
epochs 50
activation tanh
optimizer Adam
learning_rate 0.001
loss function MSE
batch size 64
sequence length 72h
output length 1h
lead time 1,6,12,24
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Table 3. Performance evaluation metrics of the Persistence, GRU and LSTM model for different lead times (1, 6, 12, and 24 hours)

Lead Time
Model Th 6h 12h 24h
R? 0.94 0.64 0.49 0.21
Persist MAE 0.08 0.23 0.25 0.30
ersistence MSE 0.03 0.17 0.23 0.36
RMSE 0.16 0.41 0.48 0.60
R? 0.94 0.64 0.46 0.18
MAE 0.08 0.21 0.24 0.29
GRU
MSE 0.03 0.16 0.25 0.37
RMSE 0.17 0.40 0.50 0.61
R? 0.94 0.67 0.52 0.29
MAE 0.09 0.2 0.24 0.29
LSTM
MSE 0.03 0.15 0.22 0.32
RMSE 0.17 0.39 0.47 0.57
(a) (b)
7 = 7
MAE: 0.09 MAE: 0.21
MSE: 0.03 MSE: 0.15
61RMSE: 0.17 61RMSE: 0.39
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Fig. 5. Regression analysis results between the LSTM model’s predicted and observed TN (Total Nitrogen) values for different lead times
((a): 1, (b): 6, (c): 12, and (d): 24 hours).
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Table 4. Total Nitrogen prediction performance of the LSTM model according to the moving average window (0-168 hours).

oh

A

87

Time Window Oh 6h 12h 24h 72h 120h 168h
R? 0.67 0.77 0.89 0.95 0.98 0.99 0.99
MAE 0.21 0.17 0.10 0.06 0.04 0.02 0.02
MSE 0.15 0.1 0.05 0.02 0.01 0.002 0.001
RMSE 0.39 0.32 0.22 0.14 0.08 0.04 0.04
Tt dEstaA) hs AEE Avo|3E FEsehs S5AAS 7 AAEe] B st dukst Felo] glo|EE ghGeil ok
o} wpebA o]t AlRte] dojdars REle 543 Higdo]  F, Table 49 v Bl Ase] o] ofd, o5 thd HlolE
(@ (b)
R2=0.77 R?=0.89
6 * 6
5 '-‘ °-$ 5
3,

IS

Pred. TN (mg/L)
w

5 6 7 0 1 2 3 4 5 6 7
(e) Obs. TN (mg/L) () Obs. TN (mg/L)
7 7
R2=0.99 R?=0.99
6 6
5 5
= g
2, 2. A
=z -
[= ! [ ~
3 /2’ 3
o ) <4 H
o o ‘/
2 > 2 A
// N
oo 11—
P %
0 # 0 ﬁ
0 1 2 3 4 5 6 7 0 1 2 3 4 5 7
Obs. TN (mg/L) Obs. TN (mg/L)
T T T T T T !
0 5 10 15 20 25 30

Salinity (psu)

35

Fig. 6. Relationship between model prediction errors and observed TN (Total Nitrogen) and Salinity for each moving average times ((a):

6, (b): 12, (¢): 24, (d): 72, (e): 120, and (f): 168 hours).
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Table 5. Range, Bias, and RMSE for quartile(Q1 ~ Q4) of Salinity

Quartile Range Bias RMSE
QlLow 4.26 0.13 0.26
.. Q2 1.37 0.05 0.08
Salinity
Q3 1.63 0.04 0.06
Q4 s1ign) 1.80 0.03 0.06
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